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HVL-SLAM: Hybrid Vision and LiDAR
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Abstract— In the field of simultaneous localization and map-
ping (SLAM), map-based localization has been widely used in
autonomous driving, particularly for all-speed and all-road adap-
tive cruise, automatic parking, and other high-level functions.
As a result, LiDAR sensors are frequently used in visual-based
SLAM to improve the overall accuracy of ego-motion estimation
and environment reconstruction. In this article, a novel tightly
coupled monocular hybrid visual LiDAR SLAM (HVL-SLAM),
which utilizes both visual and LiDAR measurements in tracking
and mapping. First, the proposed method reduces the 3-D
uncertainty of features by employing object segmentation and
Delaunay triangulation. The motion between adjacent frames is
then estimated using a hybrid tracking module that minimizes
photometric and reprojection error. Finally, a joint optimization
method for refining the pose is proposed, which incorporates
visual and LiDAR measurements into optimization with dynamic
weights, resulting in higher positioning accuracy and robustness.
The experiments on the public KITTI odometry benchmark and
real-world outdoor datasets demonstrate that HVL-SLAM out-
performs state-of-the-art approaches in terms of pose estimation
and mapping performance. The code is released to the commu-
nity. Code available at https://github.com/kinggreat24/hvl_slam.

Index Terms— Feature depth extraction, hybrid pose esti-
mation, joint visual LiDAR pose optimization, visual LiDAR
simultaneous localization and mapping (SLAM).

I. INTRODUCTION

DUE to its wide applications in areas such as autonomous
driving, intelligent robotics, and virtual reality, simulta-

neous localization and mapping (SLAM) has been an active
research topic. State-of-the-art SLAM systems can be divided
into three categories based on the sensors, they contain:
visual SLAM, LiDAR SLAM, and multisensor fusion SLAM.
The fusion of multiple sensors in SLAM, such as LiDAR
and vision fused SLAM, can compensate for the inherent
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shortcomings of a single sensor. This article focuses on the
integration of visual and LiDAR measurements in SLAM
systems.

The standard visual LiDAR SLAM methods, which are
broadly classified as depth-enhanced visual approaches and
LiDAR registration-based approaches, combine complemen-
tary information from another sensor to improve the single-
sensor VO/SLAM system. Depth-enhanced visual methods
use accurate depth information from LiDAR to augment the
visual odometry pipeline, resulting in improved ego-motion
estimation accuracy and less reliance on light illumination.
Visual feature-based methods, such as DEMO [1], LIMO [2],
CamVox [3], and RGB-L [4], assign LiDAR-determined depth
values to corresponding visual feature points. Unlike visual
feature-based methods, direct-based visual methods, such as
DVL-SLAM [5] and the method proposed in [6], use depth
value from LiDAR in direct camera motion tracking. LiDAR
registration-based approaches [7], [8] compensate LiDAR
SLAM using image information in specific dimensions, which
can improve robustness in failure-prone scenarios like LiDAR-
degenerate, sharp turns, and aggressive motions.

These visual-LiDAR SLAM methods primarily provide
additional information to a single LiDAR or visual SLAM
framework in order to improve its performance, but they
do not fully utilize all sensor measurements. For example,
visual-enhanced approaches select only LiDAR point clouds
corresponding to visual features, discarding the majority
of LiDAR information, whereas LiDAR registration-based
approaches either do not include visual measurements in loop
closing or do not use LiDAR measurements in visual SLAM.

To maximize the benefits of multisensor information fusion,
tightly coupled fusion methods are proposed to improve the
overall SLAM’s accuracy and robustness. TVLO [9] creates
maps from two different sensors independently, calculates
the residuals of LiDAR geometric and stereo reprojection
separately, and then combines them to estimate ego-motion.
Some researches [10], [11] combine visual and LiDAR mea-
surements in motion estimation and loop closing, yielding
impressive pose estimation results. However, stereo cameras in
these stereo-based fusion methods, such as TVL-SLAM [11],
require a long baseline for accurate long-depth estimation,
which is frequently limited in real-world scenarios. Further-
more, the calibration between the two cameras is susceptible
to mechanical variations, which can reduce depth estimation
accuracy. As a result, we intend to perform ego-motion esti-
mation by tightly integrating a monocular camera and a 3-D
LiDAR.
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As a crucial element in tightly coupled methodologies,
numerous depth completion techniques [2], [4], [10], [12] have
been developed to accurately determine the depth values of
visual features. In these methods, the depth prior for each
feature point is estimated separately using a neighboring patch.
Specifically, LiDAR points within a patch are first segmented
into foreground and background points. The foreground points
are then used to fit a plane, and the depth of the feature point is
obtained by intersecting the point ray with the plane. However,
such methods are constrained by the patch size. Furthermore,
the density of the laser point cloud has a significant impact on
the depth fitting results. If the point cloud is sparse, the results
of foreground and background segmentation and spatial plane
fitting will be highly uncertain.

Beyond the mapping issues, the positioning based on the
generated map is a critical component of the SLAM system,
particularly in GPS-denied environments or situations where
GPS cannot provide precise localization results. Most local-
izations [13], [14], [15] using only LiDAR maps are easily
diverged in repeated structural scenes, such as urban canyons,
tunnels, underground parking lots, and so on. Furthermore,
those methods require initial global localization, which is still
difficult to obtain due to the lack of salient features in LiDAR
range data.

In contrast, the vision-based approaches show better effi-
ciency and performance in initial global localization because
of the rich angular resolution and informative color informa-
tion, such as NetVlad [16], DBoW [17], and HF-Net [18].
Furthermore, even in the most difficult conditions, HF-Net [18]
achieves incomparably fast yet robust and accurate localization
performance with the help of a global visual map. The visual
map, on the other hand, is generated offline, which takes
time, and its scale may not be referenced to an absolute scale
because an absolute depth scale is unknown to a monocular
camera.

To that end, we propose in this article a fusion mapping
system that tightly integrates visual and LiDAR sensors for
accurate pose estimation and efficient robot localization with-
out the need for GPS or a geotagged database. The following
are the proposed system’s main contributions.

1) An efficient and robust depth extraction method for
feature points (see Section III-B) is performed based
on the point cloud object segmentation and Delaunay
triangles. It does not necessitate complex parameter
settings and can function well even when the LiDAR
range data is limited.

2) A hybrid visual LiDAR fusion tracking module (see
Section III-C) is proposed to improve the robustness of
ego-motion estimation, particularly in degenerate scenes.

3) A visual LiDAR joint optimization approach (see
Section III-D) is devised with dynamic weights derived
from both visual and LiDAR measurements. Nonlinear
least-square error is used to maintain local accuracy
while dynamically adjusting the weights of residuals
from different factors.

4) We devise a method for rapidly generating a
visual-LiDAR fusion map with feature points from both
sensors, and we validate its superior performance with

Fig. 1. Mapping results on large outdoor environment. (a) Fusion map.
(b) LiDAR feature map, where colors are rendered by the altitude of
points. (c) Map aligned with Google map. More details can be seen in
https://youtu.be/hWXjsMqWPy4.

relocalization tasks. Fig. 1 depicts an example of fusion
map construction using hybrid visual LiDAR SLAM
(HVL-SLAM).

II. RELATED WORK

The state-of-the-art works of visual LiDAR odometry
can be divided into three categories: depth-enhanced visual
approaches, LiDAR registration-based approaches, and tightly
coupled fusion methods.

A. Depth-Enhanced Visual Approaches

The visual-enhanced method tries to use a visual odometry
pipeline with known feature depth data from laser scans.
The DEMO [1], for example, was proposed to improve
visual odometry by assigning depth measurements from
a LiDAR to visual features. Following works, such as
LIMO [2], CamVox [3], and PLVL-SLAM [12], use bundle
adjustment techniques to achieve significantly higher motion
estimation accuracy. In contrast to these methods, which
combine feature-based visual SLAM with camera tracking,
DVL-SLAM [5] employs direct visual SLAM. They use pro-
jected laser points as feature points instead of salient gradient
points extracted from images. Then, using the feature points’
known depth values, a multiframe photometric optimization
similar to the DSO [19] is performed to estimate the poses of
the keyframes. The method in [6] proposed a direct laser-visual
odometry approach based on the photometric image align-
ment method. This method forecasts occlusions using planar
information and uses two-stage registration to obtain precise
frame-by-frame self-motion estimates. However, one common
problem with depth-enhanced visual approaches is that they do
not account for laser spots that are outside the camera’s field
of view. Most range readings will be ignored with sensors
like Velodyne LiDAR, which can provide a 360◦ sweep.
In this case, it may make the system less accurate and more
susceptible to the effects of texture-less situations.

B. LiDAR Registration Based Approaches

In contrast to depth-enhanced visual methods, LiDAR
registration-based approaches attempt to align the entire point
cloud in various aspects using image information. For exam-
ple, Zhang et al. proposed V-LOAM [7], which simply uses
the visual odometry result as an initial guess to the iterative
closest point (ICP) process, reducing the likelihood of the
ICP being trapped in local minima. Recent research indicates
that redundant odometry can significantly improve the robust-
ness of ego-motion estimation. Reinke et al. [8] proposed
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an integrated visual-LiDAR odometry system that employs
multiple odometry algorithms in parallel. Sanity checks and
a Chamfer distance-based score are used to choose the most
promising estimation. Besides, images can be used for loop
closure detection as well as assisting the laser in initial
motion calculations. For example, Park et al. [20] presented
a novel framework, named ElasticLiDAR++, for multimodal
map-centric SLAM. The loop closure detection module keeps
generating 2-D features from the visual sensor and compares
them to the previously generated keyframes.

C. Tightly Coupled Fusion Methods

Vision-driven approaches use only a small percentage of
LiDAR point clouds to enhance visual features, ignoring the
majority of LiDAR measurements. To investigate the ben-
efits of each sensor and compensate for the disadvantages
of the other, TVLO [9] collected both visual and LiDAR
measurements, stacking and minimizing the residuals of both
modalities during the pose optimization phase, and avoiding
the potential problems of assigning LiDAR depths to noncor-
responding visual features. Following that, TVL-SLAM [11]
extends this method to a SLAM system that incorporates
visual and LiDAR measurements in motion estimation, loop
detection, loop closing, and extrinsic calibration, resulting in
impressive pose estimation results. TVL-SLAM is a stereo-
based approach, whereas ours is monocular. The visual and
LiDAR sensors are run independently in the frontend, while
all of the visual and LiDAR measurements are incorporated
in the backend optimizations. The above systems usually have
high accuracy when estimating the sensor poses. However, the
real-time performance of these systems in real-world mobile
robot applications is not satisfactory, especially when mobile
robot computation resources are limited.

He et al. [10] proposed a collaborative mapping system
that combined visual LiDAR odometry for robust and accu-
rate pose estimation with a pose graph-based collaborative
SLAM pipeline to produce high-quality mapping results.
More recently, Wang et al. [21] proposed DV-LOAM, which
is a direct Visual-LiDAR fusion framework. The system
begins with a two-staged direct visual odometry module
for efficient coarse state estimation, then refines the coarse
pose with the LiDAR mapping module, and finally uses the
loop-closure module to correct the accumulated drift. Yuan
et al. [22] proposed SDV-LOAM, a system that integrates
semi-direct LiDAR-assisted depth-enhanced visual odometry
with LiDAR odometry for precise and robust pose estimation
and mapping. In addition to point features, some tightly
coupled fusion methods [23], [24] improve accuracy by fusing
multiple types of features. However, most existing tightly
coupled fusion methods use LiDAR point cloud projection to
establish point or surface correspondences to assign LiDAR
depth to visual feature points. Due to the sparsity of point
clouds, fitting errors, and significant depth differences between
foreground and background, the effectiveness and efficiency
of depth-enhanced visual features in current methods are
limited. Furthermore, in the backend optimization process,
most existing methods apply the fixed weights for visual and

LiDAR points in a least-squares optimization. They do not
consider adaptively adjusting the weights of these observations
during computation to dynamically adapt to different scenes,
thereby achieving better performance. Considering the above
issues, we propose a depth fitting method based on object
segmentation and Delaunay triangles to achieve fast and robust
depth extraction of feature points. Additionally, during joint
optimization, an adaptive weighting module is introduced to
adjust the weights of visual and LiDAR joint optimization,
which not only improves pose accuracy but also optimizes the
visual feature map.

III. METHOD

A. Overview

Each frame Fk is composed of its corresponding image
Ik , LiDAR point cloud Pk , and visual point features Fk .
We assume that the image and the LiDAR point cloud are time
synchronized, and the external parameters TCam

LiDAR between
them are known. Therefore, we can use (1) to project the
LiDAR points into the image space coordinate system

PC
k = TCam

LiDARPL
k . (1)

In addition, for a point Pi ∈ PC
k , we can use the camera

projection function π(·) to project it into image plane

pi =

[
ui

vi

]
= π(Pi ) =

1
Z i

× K × Pi

=
1
Z i

 f x 0 cx
0 f y cy
0 0 1

 X i

Yi

Z i

 (2)

where { fx , fy, cx , cy} are the intrinsic parameters of the
camera.

The pose of each frame F is represented by a matrix
Tc(amera)w(orld) ∈ SE(3). We set the local coordinate of the
camera as the body coordinate, and the world coordinate as
the beginning of the body coordinate. Thus, the relative pose
transformation between Fm and Fn can be denoted as

Tn
m = Tn

cwTm
cw

−1 (3)

and it also can be used for coordinate transformation of points
between the coordinates as follows:

Pn = Tn
m Pm = exp

(
ξ̂
)

Pm

=

[
Rn

m tn
m

0T 1

]
Pm (4)

where Pm and Pn are points in each frame, Rn
m ∈ SO(3)

and tn
m ∈ R3 are a rotation matrix and translation vector,

respectively. Lie algebra ξ =

[
φ

ρ

]
∈ R6, φ and ρ are angular

and linear velocity vectors after dividing by the time interval,
respectively.

Fig. 2 shows the framework of our approach, which is
developed based on the ORB-SLAM2. Our system con-
tains three running threads: a frame-to-frame tracking thread,
a visual-LiDAR jointly optimization thread, and a loop closure
detection thread. The tracking module first extracts the visual
point features every frame. Then, a hybrid visual LiDAR
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Fig. 2. Overview of the proposed HVL-SLAM method. The components highlighted in green are our main contributions in this work.

Fig. 3. Illustration of point feature depth extraction. (a) Extracted ORB features. (c) Is LiDAR segmentation result, each color represents an object cluster,
while (b) shows the image projection result of object clusters. (d) Object Delaunay triangles generated by our method. Note that ground laser points are not
drawn for better visualization.

tracking approach (Section III-C) is used to estimate the
ego-motion between adjacent frames. Once a new keyframe is
generated, the feature’s depth prior is obtained using the pro-
posed LSDT depth fitting algorithm (Section III-B), then the
pose is refined via a visual LiDAR joint optimization method
(Section III-D). After that, a bag-of-word (BoW)-based loop
closure detection is performed to detect loop closure. Finally,
a pose graph optimization process is performed to maintain
global consistency of the global map.

B. LSDT Depth Fitting

In this section, we describe the depth fitting method to
extract the point depth from the LiDAR data based on object
segmentation and Delaunay triangulation, as shown in Fig. 3.

The extraction of oriented FAST and rotated BRIEF (ORB)
features is initially performed, following the methodology
delineated in ORB-SLAM2 [25]. Subsequently, a ground
extraction method [26] segments the original LiDAR point
cloud into ground and nonground components. The nonground
point cloud is further processed through a range-image-based
segmentation approach [27], resulting in the formation of dis-
tinct object point clusters. Postelimination of smaller clusters,
points within the same cluster are assigned a unique object
label. The final stage involves the construction of Delaunay
triangulation for the points corresponding to each object label
as well as for the ground point cloud, as illustrated in Fig. 3(d).
The triangulation results are integral in fitting the depth to
the feature points, wherein the depth is determined at the
intersection of the point ray and the respective triangle plane.
Algorithm 1 summarizes the entire depth fitting algorithm.

In contrast to the above methods [2], [12], we assume
that the depth on the same object is continuous. We build a
Delaunay triangulation of each object based on this assumption
to fit the depth value of feature points located on the object.
Since no foreground and background segmentation or plane

Algorithm 1 LSDT Feature Depth Extraction Algorithm
Require: LiDAR point cloud P; ORB feature points set

F = {p1, p2, . . . , pn}; Camera intrinsic parameters K; The
external parameters TCam

Li D AR between camera and LiDAR.
Ensure: The depth {d1, d2, . . . , dn} of ORB features.

// (1) LiDAR segmentation
P is segmented into ground point cloud and nonground
point cloud using [28].
The nonground point cloud is segmented into clusters

{S1, S2, . . . , Sm} using [27].
// (2) Generate objects based 2.5D Delaunay triangles
(2.5D refers to pixel coordinates (u, v) and depth value
d).
for i = 1 to m do

For each LiDAR point Pk ∈ Si , project Pk into image
plane using (1) and (2);

Construct Delaunay triangle vertexes vk =

{uk, vk, dk, label = i}, and insert into vertex set V ;
end for
Generate Delaunay triangles DT using vertexes V

// (3) Extract the depth via the generated DT.
for each ORB feature point pi ∈ PV do

if locate(DT, pi ) then
Interpolate the depth di of feature pi using the

triangle via (5).
end if

end for

fitting is required, our proposed feature depth fitting is very
efficient. The typical running time is 10 ms. In addition, range-
image-based point cloud segmentation takes into account the
continuity of objects in space, making it more robust than local
foreground and background segmentation. Thus, even when
using sparse laser sensors like the VLP-16, our depth fitting
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Fig. 4. Illustration of feature depth fitting process.

method can provide more accurate depth values, especially at
the edges of objects.

The depth di of the corresponding feature point pi =

[ ui vi ]
T can be calculated via the following equation:

di =
n1 X1 + n2Y1 + n3 Z1

n1(ui − cx )/ fx + n2
(
vi − cy

)
/ fy + n3

(5)

where n = [ n1 n2 n3 ]
T is the normal vector of the space plane

and calculated using the three vertices of the spatial triangle
that the feature point ray intersects. P1 = [ X1 Y1 Z1 ]

T is the
vertex of the spatial triangle as shown in Fig. 4.

C. Hybrid Visual LiDAR Frame-to-Frame Tracking

We created a hybrid visual LiDAR frame-to-frame tracking
module to ensure accurate and fast ego-motion estimation.
It combines important LiDAR points with visual feature points
to reduce photometric and reprojection errors. It hybridizes
salient LiDAR points and visual feature points to optimize
both photometric error and reprojection error. Visual features
are affected by textures, and LiDAR points are affected by
degraded scenes. The combination of these two types of sensor
points can mitigate their respective drawbacks and achieve
a robust tracking effect. Meanwhile, our method benefits
from the advantages of both direct and feature-based methods
due to the combination of photometric error and geometric
reprojection error. The specifics of two types of cost residuals,
photometric residual and geometric residual are detailed in the
following.

1) Photometric Residual: We minimize the photometric
errors only for those pixels with depth which are composed
of two types: the selected salient LiDAR points, and the ORB
feature points. Note that in this step, LiDAR points outside
the camera’s field of view are discarded. However, during the
subsequent visual-LiDAR joint optimization, all laser points
from the current frame are employed to optimize the pose.
Every point in a patch is assigned the same depth of the feature
in the center of this patch. Examples of two types of pixels are
shown by the brown triangle and red/blue circle, respectively,
in Fig. 5(a). For a point pk with depth dk in frame Fm−1, the
photometric error is defined as follows:

r(pk) = Im−1(pk) − aIm
(
π

(
Tm

m−1π
−1(pk, dk)

))
+ b (6)

where a and b are the gain and brightness of the current
image. Finally, our photometric objective function for tracking

Fig. 5. (a) Illustration of the hybrid frame-to-frame tracking process, red
points, blue points, and green points represent visual feature points, and brown
triangle points are salient laser points. (b) Patch pattern that is used to calculate
photometric residual. (c) Geometric reprojection residual.

is defined as follows:

Epho
def
=

N∑
i=1

∑
p j ∈�(pi )

w
(
r
(

p j
))(

r
(

p j
))2 (7)

where �(·) is the patch of the sparse pattern shown in
Fig. 5(b), and the t-distribution-based weight function w(·)

is defined as follows:

w(r)
def
=

ν + 1

ν +
( r

δr

)2 . (8)

Here, the degree of freedom ν is set to 5, and the variance of
residual δr is obtained in each iteration while performing the
Gauss–Newton optimization.

2) Geometric Residual: For each incoming frame Fm , the
image features are first associated with the last frame Fm−1.
Denote pi and p j one of the matched corresponding features
within the last frame and the current frame, respectively. Thus,
the reprojection error can be defined as follows:

r(pi ) = p j − π
(
Tm

m−1π
−1(pi , di )

)
(9)

where di is the depth of pi , and will be optimized in bundle
adjustment module. Finally, our feature-based reprojection
geometric error objective function for tracking is defined as
follows:

Egeo
def
=

N∑
i=1

w(r(pi ))(r(pi ))
2. (10)

The weight function w(·) we use is Huber kernel which is
used in ORB_SLAM2 [29]

w(r)
def
=

 1, if r < d
d
r
, else.

(11)

Combing (7) and (10), we obtain a minimization problem of
the form

{ξ ∗, a∗, b∗
}

def
= arg min

ξ

1
δ2
pho

N∑
i=1

Epho,i +
1

δ2
geo

M∑
i=1

Egeo,i

(12)

where δ2
pho and δ2

geo are the standard deviations of the residuals
of (6) and (9), respectively.
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Fig. 6. Graph structure for visual-LiDAR joint optimization.

After solving the nonlinear optimization problem 12, the
camera pose Tm of the current frame is updated immediately.
Then, the 3-D map points are reprojected to the current frame
to check whether the 3-D–2-D matching is an outlier or not.
Outliers will be removed once detected.

D. Visual-LiDAR Jointly Local Mapping

Since scan-to-map-based pose refinement is an important
method to reduce cumulative error and provide a more accurate
estimated pose, it has been widely used in state-of-art LiDAR
systems [30], [31], [32], [33]. However, in degeneration
environments with less visible structures such as tunnels or
hallways, these methods are still prone to failure. In compari-
son to the previously mentioned LiDAR-based methods [2],
[3], [12], depth enhanced visual feature-based approaches
show advantages, particularly in rotation estimation when
relatively high-definition range data are available. The reasons
can be divided into the following categories. To begin, the
depth of a visual feature is generated directly from the precise
LiDAR scan rather than being triangulated using previously
estimated motion, reducing the uncertainty of depth estima-
tion. The positions of the visual map points are then refined
using bundle adjustment techniques. Finally, because of the
rich texture information provided by the image sensor, feature
extraction can reach subpixel levels, and feature matching is
more accurate and robust than LiDAR feature association.

Therefore, our key idea is to fuse the visual reprojection
factors and LiDAR scan-to-map factors to refine the pose
of the current keyframe and local visual map points. For
each incoming keyframe K F k , the image features Fk of
the current keyframe are matched with the local visual map.
Let Xk denote all matched features at time k. In addition,
the edge points Ek , planar points Pk , and ground points Gk

are extracted according to the computed local curvature at the
same time, and the details of feature extraction can be found
in [34]. Note that, the LiDAR feature points {Ek, Pk, Gk} have
been undistorted using the relative transform T m

m−1 obtained
in the last section. We linearly interpolate points within one
scan and correct distortion. The details about distortion can be
found in [33].

An illustration of the joint visual LiDAR optimization is
given in Fig. 6. Finally, the pose of the current keyframe can
be estimated by solving the following nonlinear least-square
problem:

min
R,t

1
δ2
v

∑
X i

k∈Fk

ρ
(
∥dR

(
X i

k

)
∥

2)︸ ︷︷ ︸
visual constraints

+
1
δ2

e

∑
E j

k ∈Ek

ρ
(
∥w j · dE

(
E j

k

)
∥

2
)

︸ ︷︷ ︸
lidar edge constraints

Fig. 7. Illustration of visual-LiDAR joint optimization error terms.
(a) Visual constraints. (b) LiDAR edge constraints. (c) LiDAR plan con-
straints. (d) LiDAR ground constraints.

+
1
δ2

p

∑
Pm

k ∈Pk

ρ
(
∥wm · dP

(
Pm

k

)
∥

2)︸ ︷︷ ︸
lidar planar constraints

+
1
δ2

g

∑
Gn

k ∈Gk

ρ
(
∥wn · dP

(
Gn

k

)
∥

2)︸ ︷︷ ︸
lidar ground constraints

where ρ(·) is the Huber norm, dR(·) represents the visual
reprojection error, dE (·) and dP(·) are point-to-line error and
point-to-plane error, respectively.

1) Visual Constraint: For each feature point X i
k ∈ Fk of

current KeyFrame, the visual constraint is defined as (13),
illustrated in Fig. 7(a)

dR

(
X i

k

)
= X i

k − π
(
Tk

W × Pj
)

(13)

where Pj ∈ R3 is a 3-D feature map point belonging to
local visual map, and Tk

W is the initial pose obtained from
Section III-C.

2) Lidar Edge Constraints: For each lidar edge point E j
k ∈

Ek , we find five nearest points from Em as illustrated in
Fig. 7(b). Noticing that the point E j

k is in the local LiDAR
frame while local LiDAR map points of Em are registered in
the global coordinates, to find the nearest points of E j

k in Em ,
E j

k is projected into global coordinates using pw = Tk
W × E j

k .
Then, the residual of LiDAR edge constraint can be defined
as follows:

dE

(
E j

k

)
=

|(pw − p5) × (pw − p1)|

|p5 − p1|
. (14)

3) Lidar Planar Constraints: For each planar LiDAR point
Pm

k ∈ Pk of current keyFrame, we also find five nearest
points in the local planar LiDAR map Pm as illustrated in
Fig. 7(c). The LiDAR planar constraint is defined as the
following equation:

dP

(
Pm

k

)
=

(pw − p1)
T ((p3 − p5) × (p3 − p1))

|(p3 − p5) × (p3 − p1)|
(15)

where pw = Tk
W × Pm

k
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TABLE I
RELATIVE TRANSLATION (%)/ROTATION (DEG/100M) ERROR COMPARISON OF THE PROPOSED HVL-SLAM WITH EXISTING METHODS ON SEQUENCES

00–10 OF THE KITTI DATASET

4) Lidar Ground Constraints: Similar to planar constraints,
the LiDAR ground constraint is illustrated as Fig. 7(d), and is
defined as follows:

dP

(
Gn

k

)
=

(pw − p1)
T ((p3 − p5) × (p3 − p1))

|(p3 − p5) × (p3 − p1)|
(16)

where pw = Tk
W × Gn

k
Moreover, unlike LOAM [33] which directly uses the dis-

tance function as residuals, the line/plane fitting quality w is
also taken into account to weight the residual block, which
can be evaluated as the following equation:

w =

√(
λ2

3 − λ2
f

)
/λ2

3 (17)

where λ are eigenvalues in ascending order (λ3 ≥ λ2 ≥

λ1 ≥ 0), and can be obtained based on the local geometry
distribution of LiDAR features. λ f is λ2 in the line fitting
case, and becomes λ1 in the plane fitting case.

In addition, to let the visual point residual have the same
metric with the LiDAR edge, planar and ground constraints,
we use the inverse covariance {(1/δ2

v), (1/δ2
e ), (1/δ2

p), (1/δ2
g)}

to adjust their weights. To keep efficiency while obtain-
ing accurate ego-motion estimation, only those map points
observed by more than n keyframes are involved to
(Section III-D). In this letter, n is set to 3. The max number of
edge, planar, and ground feature factors are set to 1000, 1000,
and 200, respectively. The nonlinear problem (Section III-D)
is solved by Ceres Solver [35], and the covariance is updated
only in the first iteration.

E. Loop Closure Detection and Pose-Graph Optimization
Our system is developed based on ORB-SLAM2, with the

keyframe generation strategy remaining consistent with that
of ORB-SLAM2. The only modification is the introduction of
a condition that permits the addition of a keyframe at most
every five frames to prevent the local point cloud map from
becoming overly sparse. Loop closure detection is performed
whenever a new keyframe is generated. In our framework, the
loop closure module depends on the DBoW proposed by [17]

and pretrained visual vocabulary from ORB-SLAM2. When-
ever a new keyframe is generated, the frame is represented as
BoWs vector, which will be used to detect loop candidates as
done in ORB-SLAM2. After detecting the loop between two
keyframes, the relative pose between the two base frames is
calculated by calculating the relative transformation between
two submap point clouds using the voxelized generalized-
iterative-closest point (V-GICP) [36] algorithm. The relative
pose is then added as a constraint edge to the pose graph.

IV. EXPERIMENTS

A. Validation on the KITTI Odometry Dataset

The precision of HVL-SLAM is primarily evaluated on the
KITTI training odometry benchmark [37]. The comparison
includes the following state-of-the-art LiDAR-based odom-
etry frameworks, such as A-LOAM [30], F-LOAM [31],
T-LOAM [38], and visual LiDAR fusion methods, such
as DEMO [1], LIMO [2], CamVox [3], RGB-L [4],
GAC-Mapping [10], DVL-SLAM [5], DV-LOAM [21], SDV-
LOAM [22], and PLVL-SLAM [12]. We directly take the
results provided in the papers of PLVL-SLAM, LIMO, DEMO,
and DVL-SLAM for comparison. The results of other methods
are obtained through running their open source code. The
evaluation results of all sequences are presented in Table I,
and Fig. 8 shows sample trajectories of the proposed method.

In the whole KITTI training dataset, we achieved an average
translation error of 0.75% and a rotation error of 0.0029 deg/m,
which outperforms those state-of-the-art visual LiDAR fusion
odometry approaches. While LIMO produces better average
rotation estimates than ours, it frequently requires additional
semantic label information to identify moving objects and
adjust the weights of various types of landmarks. Obtaining
such semantic information typically requires the use of GPU
devices and takes time, making it unsuitable for deployment
on mobile robots with limited computational resources and
power. Besides, compared with those LiDAR-based methods,
our approach also shows better performance than F-LOAM
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Fig. 8. Trajectory diagram concerning the training set.

Fig. 9. LiDAR map generated by HVL-SLAM from the KITTI 02 sequence.

and T-LOAM. Figs. 9 and 10 show the mapping results of
the LiDAR point clouds for the KITTI 02 and 08 sequences
using the method proposed in this paper. Fig. 11 illustrates the
visual-LiDAR fusion map.

Furthermore, we also perform the error analysis according to
the path length and vehicle speed, and the comparison curves
are shown in Fig. 12. When the car moves faster, our system
leads to a decrease in accuracy partially because of the poor
feature association. This explains why our method performs
relatively poorly on sequence 01, a very challenging case with
very fast moving speed. The position and orientation changes
of the proposed method on the KITTI odometry sequence
00 are shown in Fig. 13. Our approach has significantly
reduced the localization error of translation and orientation.

B. Validation on Our Dataset

To verify our algorithm’s accuracy in the real world, the
proposed HVL-SLAM system is further tested in the Wuhan

University parking-lot, library, and Jiangxia scenario with
numerous trees, vehicles, roads, buildings, and sidewalks,
which can be seen in Fig. 14. The parking-lot test scene has
two loop closures, while the library dataset does not include
any loop closures. In contrast, the Jiangxia dataset, depicted
in Fig. 1, contains three loop closures.

1) Experiment I: The primary experiment is designed to
demonstrate that HVL-SLAM can accomplish low-drift ego-
motion and the reestablished map with global consistency.
The comparisons of the trajectory from HVL-SLAM, with
two mainstream SLAM frameworks and the ground truth are
evaluated on our Whu-parking-lot dataset shown in Fig. 15(a),
and the result is evaluated using evo tools [39], shown in
Table II. To verify the accuracy of poses estimated by our
system, we compared it with DV-LOAM [21], which is a
direct visual-LiDAR SLAM approach, and LeGO-LOAM [34],
which improves feature extraction with segmentation and clus-
tering for efficiency improvement while adding loop detection
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Fig. 10. LiDAR map generated by HVL-SLAM from the KITTI 08 sequence.

Fig. 11. Rotation and translation error analysis. Since LIMO only provided error curves according to vehicle speed, so we only draw DEMO, DVL-SLAM,
DV-LOAM, PLVL-SLAM [12] and ours error curves in the path length analysis.

Fig. 12. Visual-LiDAR fusion map generated by HVL-SLAM. (a)–(f) Correspond to KITTI sequence 00, 05, 07, 09, 06, 08, respectively.

for long-run drift reduction. As we can see from Table II, ours
method (1.73 m) shows better root mean-square error (RMSE)
than LeGO-LOAM (2.48 m) and DV-LOAM (2.24 m).

2) Experiment II: The following experiment is designed
to validate the proposed scheme’s stability in more com-
plex, deteriorating scenarios. The library scene is a highly
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Fig. 13. Change of position and orientation contrasted with ground truth on the KITTI sequence 00 odometry benchmark. Note that the coordinate of the
result has been converted from xyz → zxy through calibration.

Fig. 14. Experimental scenes and robot platform. (a) and (b) Are parking lot
and library experiment scenes, respectively. (c) Robot experimental platform
mainly equipped with VLP-16 and ZED2. (d) Sample data, the LiDAR points
are projected to the image plane, and color-coded by their depth.

TABLE II
ABSOLUTE POSE ERROR (APE) (UNIT:M)

dynamic dataset with many moving vehicles and pedestri-
ans, thereby intensifying the challenges of visual odometry.
DV-LOAM [21] and SDV-LOAM [22] fails in this scene
due to the influence of dynamic obstacles and the lack of
relocalization capabilities provided by visual feature maps.
In addition, since a large number of laser points are located on
the ground, and the surrounding trees are sparsely distributed,
F-LOAM that directly uses edge features and planar features
for scan-to-map pose estimation has a large error, especially
in elevation, as shown in Fig. 15(a). By introducing a two-step
optimization for pose estimation, LeGO-LOAM shows better
performance in ego-motion estimation.

TABLE III
RELATIVE TRANSLATION (%)/ROTATION (DEG/100 M) ERROR ON THE

WHOLE KITTI TRAINING DATASET WITH DIFFERENT FEATURE DEPTH
EXTRACTION METHODS

Our method combines the advantages of F-LOAM and
LeGO-LOAM and adds visual features for joint optimization,
which greatly improves the accuracy of pose estimation and
effectively suppresses the accumulation of errors in elevation.
Although the scene contains many dynamic vehicles and
pedestrians, our method can rely on the relocalization capabili-
ties based on the visual-LiDAR fusion feature map to maintain
a good localization effect, even if it fails temporarily due to
the influence of dynamic objects. Due to the efficient feature
depth implementation and visual-LiDAR joint optimization,
our system achieves the smallest RMSE compared to state-of-
the-art laser odometry methods, and the mapping results are
shown in Fig. 16.

3) Experiment III: To further prove the performance of the
proposed system in a larger environment. We conducted a
real-world experiment using a test vehicle. The mapping result
is shown in Fig. 1, and the details of LiDAR map is shown as
Fig. 18. Fig. 19 displays the mapping results of other methods
on this dataset. Compared to these methods, our proposed
HVL-SLAM achieves superior global consistency results with
the assistance of the loop closure detection module. Fig. 20
illustrates the first two loops observed in the experiment, and
more detailed results can be seen in the video attachment.

C. Ablation Study

We also perform an evaluation of each module in our
system.
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Fig. 15. Results of experiment I, where (a) 3-D trajectories and (b) point cloud map color-encoded with images. (c) 3-D LiDAR map.

Fig. 16. Ours results on experiment II. (a) 3-D trajectories of different methods. (b) Visual LiDAR fusion map, where white represents corner laser points
and green represents visual feature points. (c) LiDAR mapping result, which shows a good alignment with Google Map.

Fig. 17. Mapping results on experiment II. (a) GAC-Mapping results. (b) LeGO-LOAM mapping results. (c) Ours mapping result.
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TABLE IV
FEATURE DEPTH EXTRACTION EFFICIENCY

Fig. 18. LiDAR map generated by HVL-SLAM from Urban sequence with
zoomed-in views. (a)–(f) Highlighting detailed sections of the left area.

Fig. 19. Mapping results. (a)–(c) Correspond to LeGO-LOAM,
GAC-Mapping, and MULLS, respectively.

1) Experiment of Depth Fitting: To validate the effective-
ness of the feature depth fitting algorithm proposed in this
article, we replaced the feature depth extraction modules of
LIMO [2], CamVox [3], Gac-Mapping [10], and our proposed
LSDT method in the RGB-L [4] system. Experiments were
conducted on the KITTI odometry dataset, and the results
are shown in Table III. Meanwhile, to demonstrate efficiency
advantages over other methods, we present the time efficiency
comparison with other methods in Table VI.

2) Experiment of Hybrid Tracking and Joint Local Map-
ping: As shown in Table V, we build three kinds of systems,
they are feature depth extraction module with hybrid tracking
module (Ours(1)), feature depth extraction module with hybrid
tracking module and LiDAR scan-to-map optimization module
(Ours(2)), and feature depth extraction module with hybrid
tracking module and visual-LiDAR jointly local optimization
module(Ours(3)), respectively.

TABLE V
RELATIVE TRANSLATION (%)/ROTATION (DEG/100 M) ERROR ON THE

WHOLE KITTI TRAINING DATASET

The loop detection modules in these methods are disabled
for odometry-only comparison. Since the scale is unknown
in the monocular version of ORB-SLAM2, the trajectory
coordinate, as well as the scale are aligned before trajectory
evaluation. The comparison results show that the feature depth
extraction module reduces the translation error to a great extent
compared with monocular ORB-SLAM2 (from 4.96% down to
1.41%). Furthermore, compared to CamVox which requires a
dense point cloud to provide depth, our proposed depth fitting
method also shows better ego-motion estimation performance.
In addition, the hybrid tracking module also plays an important
role in improving the robustness of pose estimation, especially
for degraded scenes, such as the highway. The scan-to-map
matching method is used widely in LiDAR-based SLAM
systems to maintain the accuracy of ego-motion estimation.
In Ours(2), one can see from Table V, the scan-to-map module
dramatically reduced the pose error, and the average relative
translation error reduced from 1.41% to 0.93% while the
average relative rotation error reduced from 0.48◦ /100 m to
0.37◦/100 m. The translation accuracy and orientation accuracy
are significantly improved compared to the LeGO-LOAM
that also uses scan-to-map optimization. Furthermore, when
visual measurements are added to the objective function with
dynamic weights, the translation and rotation error drop by
about 20%, thus we can conclude that the joint optimization
can largely improve the pose estimation accuracy in our
system.
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Fig. 20. Loop-closure detection and pose graph optimization results of HVL-SLAM in experiment III. Ground LiDAR points omitted for better visualization.
(a) Before the first loop closure. (b) After the first loop closure. (c) Before the second loop closure. (b) After the second loop closure.

TABLE VI
TIME COST(MS)

Fig. 21. Time efficiency of GAC-mapping and ours system in KITTI-00
dataset.

D. Timing Analysis

All the computations are conducted by a computer (Intel
Core i7-7700 CPU, 32-GB RAM) in a Linux operation system.
The software is implemented in C++ with robot operating
system (ROS) communication interface. The time cost of the
key operations is presented by Table VI. Although the visual
LiDAR joint optimization (local mapping) is time-consuming,

it only performs when a keyframe is generated, and with
the help of OpenMP, our algorithm operates at an average
frequency of 8Hz in KITTI dataset. Fig. 21 visualizes the
comparison of time efficiency between the proposed method
and the GAC-Mapping [10] method across various modules.

V. CONCLUSION

This article presents HVL-SLAM, an accurate and efficient
LiDAR monocular SLAM approach. It comprises of three
main parts: a simple but effective feature depth extraction mod-
ule that based on LiDAR segmentation and Delaunay triangles
is used to furnish depth information even with sparse LiDAR
sensor; a hybrid visual-LiDAR tracking module that uses both
photometric error and reprojection error to provide robust and
accurate ego-motion estimation; a visual and LiDAR joint
optimization module is applied to further improve the pose
estimation accuracy each time a new keyframe is generated
while keeping efficiency. Experiments on the KITTI odometry
benchmark and our collected data in various environments
have shown that our proposed HVL-SLAM is effective and
robust, and can provide high-quality fusion mapping results
over the state-of-the-art visual LiDAR odometry frameworks,
especially in the feature degraded scenarios.

In future work, the system will be further optimized by
incorporating a dynamic objects culling module to improve
the accuracy and robustness of ego-motion estimation, and
mapping tasks in dynamic environments.
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