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LVIO-Fusion:Tightly-Coupled
LiDAR-Visual-Inertial Odometry and Mapping in
Degenerate Environments
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and Shugen Ma

Abstract—In this letter, we present an innovative, tightly-
coupled LiDAR-Visual-Inertial Odometry and Mapping frame-
work, termed LVIO-Fusion, which achives robust and precise state
estimation and map construction in environments characterized
by LiDAR-degenerated and texture-less. The LVIO-Fusion is com-
prised of two subsystems: a LiDAR-inertial odometry (LIO) and
visual-inertial odometry (VIO). The LIO subsystem employs a dy-
namic voxel mapping method by utilizing a Hash table and octrees
for building and updating point cloud map directly and efficiently.
The map points are directly projected to images to build the optical
flow matching, which couples LiDAR and camera measurements in
a deeper level. Then, the VIO subsystem proposes a coarse-to-fine
state estimation that minimizes the frame-to-frame reprojection er-
rors and photometric errors to align images. Furthermore, the VIO
subsystem leverages online photometric calibration to acquire the
true radiometric information from the environment, consequently
refining the precision of the system. We extensively evaluate our
method in challenge environments. The results validate the high
accuracy and robustness of our method when compared to other
state-of-the-art methods in LiDAR-degenerated and texture-less
scenarios.

Index Terms—LiDAR-degenerated, mapping, SLAM, state
estimation, texture-less.

1. INTRODUCTION

IMULTANEOUS localization and mapping (SLAM) is a
S fundamental capability of mobile robots. Due to its real-
time capacity to estimate six degrees of freedom (DoF) egomo-
tion, SLAM is indispensable in various application, which in-
cludes robotic navigation, autonomous driving cars, Unmanned
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Aerial Vehicles, etc. Existing SLAM methods have been demon-
strated satisfactory performance in environments that have abun-
dant textures or geometric features by employing single sensors
such as camera [1], [2], [3] or light detection and ranging
(LiDAR) sensor [4], [5], [6]. Visual SLAM is the technology
that minimizes reprojection errors of tracked feature points or
photometric errors of pixels to estimate camera motion. Cur-
rently, visual SLAM can attain satisfactory localization accuracy
in scenarios with ample texture variation and stable, abundant
lighting. By triangulating disparities from multi-view images,
visual SLAM can recover depth information of pixels points,
and reconstruct environmental maps. However, because of the
calibration errors in camera parameters and the baseline of multi-
view images, it is easy to cause errors in the depth estimation of
map points. Additionally, because of the observation noise, field
of view occlusion and exposure effects of the camera, visual
SLAM is less effective in constructing precise outdoor maps.
Furthermore, the performance of visual SLAM is susceptible to
be affected in low-texture, high-speed motion, and fluctuating
lighting conditions.

Compared to visual sensors, LiDAR sensors provide accurate
and lighting-invariant perception of the environment, which
make LiDAR SLAM achieve higher accuracy and robustness in
state estimation and map construction. However, LIDAR SLAM
easily degenerates in those scenes with less geometric features,
such as tunnels, pipelines and corridors.

Above all, the SLAM method based on a single sensor (Li-
DAR or camera) is difficult to achieve high robustness of local-
ization and mapping in degenerate scenarios. Therefore, fusing
the observations of the LiDAR and camera can fully utilize their
respective advantages and compensate for their shortcomings,
which can solve the degeneracy problem. Inspired by this, we
proposed LVIO-Fusion and its contributions are summarized as
follows:

® We propose a LiDAR-visual-inertial odometry and map-
ping framework that consists of a direct LiDAR-inertial
odometry (LIO) and a direct visual-inertial odometry
(VIO). The proposed system can capture subtle geometric
and radiometric changes to overcome sensor-degenerated
issues in geometry-less and texture-less environments.

e To lower the computation load caused by a large number
of LiDAR points, the LIO subsystem employs a dynamic
voxel mapping technique for point registration and map-
ping efficiently.

e To achieve precise and robust state estimation in geomet-
rically sparse and texture-less environments, we directly
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project map points to images to build optical flow matching,
which integrates LiDAR and camera measurements at a
deeper level. Besides, the VIO subsystem leverages online
photometric calibration to get true radiometric informa-
tion, further enhancing robustness in scenes with changing
illumination.

II. RELATED WORK

In this section, we review previous works closely related to
our system, including LIDAR SLAM, visual SLAM and LiDAR-
visual SLAM.

A. LiDAR SLAM

LiDAR SLAM is performed by using scan-matching methods
such as Iterative Closest Point (ICP) [7] to find the translation
between two consecutive frames. To promote the performance
of scan-matching, the LiDAR sensor is commonly incorporated
with other sensors (IMU, encoder) to provide localization and
mapping. In LOAM [4], the IMU is used to deskew the scan
and provide a prior translation for scan-matching. However,
the LOAM system is classified as a loosely-coupled framework
since the IMU measurement and LiDAR odometry are not fused
in ajoint optimization. Compared to loosely-coupled system, the
tightly-coupled system typically has higher accuracy and gets
a growing attention. Based on graph optimization, LIOM [8]
jointly optimizes measurements from IMU and LiDAR in a
sliding window to obtain state estimation. LIO-SAM [5] presents
a tightly-coupled smooth and mapping framework, which fuses
IMU pre-integration, LIDAR odometry, loop closure factor and
GPS odometry in a graph factor, to achieve higher accurate
trajectory. Compared to the tightly coupled SLAM framework
based on the factor graph optimization method, the filter-based
framework is typically more efficient. LINS [9] presents a tightly
coupled framework based on an iterated Kalman filter method to
obtain 6 DoF ego-motion. To reduce the computation complexity
caused by the dimension of the measurements, FAST-LIO [10]
proposes a new formula that uses dimension of the state to com-
pute the Kalman gain. However, the above LIDAR SLAM meth-
ods are based on feature points which neglect subtle geometric
change. FAST-LIO2 [6] proposes an incremental k-dimensional
Tree (ikd-Tree) that performs efficient nearest neighbor search
to further reduce the computation load, and directly uses raw
LiDAR points to perform scan-matching.

B. Visual SLAM

The previous works of visual SLAM can be categorized into
feature-based methods and direct methods. The feature-based
visual SLAM detects features, builds feature correspondences
across frames, and minimizes reprojection errors to estimate
relative camera motion. MonoSLAM [11] is the first system
that using an Extended Kalman Filter (EKF) to solve monoc-
ular SLAM problem. By using Shi Tomasi feature points, the
system establishes data association to estimate camera state
and create spare map. However, the system only optimizes the
current state and landmark points while marginalizes previous
camera states, which results in accumulation of linearization
errors. In contrast, keyframe-based systems estimate the camera
state by using selected frames which performs more costly but
accurate Bundle Adjustment (BA) optimization. Following this
idea, PTAM [12] is the most representative system that splits
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state tracking and mapping in parallel threads and performs
in real-time successfully in small environments. Building on
these ideas, ORB-SLAM proposed in [2] is more complete, and
achieves short-term, mid-term and long-term data association
by extracting ORB features. Based on ORB-SLAM, Mur-Artal
presents ORB-SLAM?2 [13] that utilizes scale information pro-
vided by stereo or RGB-D cameras. In RGB-D or stereo mode,
the system can direct obtain depth information and achieves
more robust in state tracking. Its further work ORB-SLAM3 [3],
atightly-coupled visual-inertial SLAM system jointly optimizes
camera and IMU measurements in a sliding window that per-
forms higher accuracy in localization. Unlike the ORB series
methods, VINS-Mono [1] establishes data associations for cor-
ner points by using the optical flow tracking method instead of
visual descriptors. Then, VINS-Mono employs BA optimization
method to minimize the reprojection errors.

The direct visual SLAM skips feature extraction process, and
minimizes photometric errors between successive frames to esti-
mate camera state. The early direct VO method like DTAM [14],
estimates camera states by aligning the whole image with the
dense depth map. However, creating a dense depth map from
monocular images requires much computation, and is typically
based on GPU to run in real-time. LSD-SLAM proposed in [15]
presents a large-scale direct monocular SLAM method which
tracks camera pose by minimizing photometric errors directly,
and performs graph optimization to correct accumulate errors. It
should be noted that LSD-SLLAM requires strong assumption of
photometric invariance for stale operation. The direct and spare
formulation for monocular visual odometry proposed in [16]
further takes full advantage of photometric camera calibration,
which includes known exposure times, gamma correction and
lens attenuation. Compared to previous direct visual SLAM
systems, the system improves the accuracy and robustness based
on the photometric camera calibration.

Previous LiDAR and visual SLAM works have presented
advantages and characteristics of both feature-based and direct
methods. The direct LIDAR SLAM method like FAST-LIO2 can
capture subtle geometric change in geometry-less environments,
and the direct visual SLAM typically presents higher accuracy
and robustness than feature-based visual SLAM in low-texture
environments [17], [18], [19]. Therefore, to overcome diffi-
culties on state estimation in low-texture scenes, LVIO-Fusion
directly uses the LiDAR and camera measurements for state
estimation.

C. LiDAR-Visual SLAM

Compared to LIO system and VIO system, LVIO system [20],
[21], [22] typically has higher accuracy and robustness by
coupling LiDAR, camera and IMU measurements in sensor-
degenerated tasks. A LiDAR-visual-inertial odometry and map-
ping proposed in [23] employs a loosely coupled framework
to estimate state from coarse to fine. Combining the IMU pre-
diction, the system performs VO to obtain a coarse ego-motion
estimation. The LO system further refines state estimation and
registers the current scan to the global map. Compared to the
loosely coupled system, the tightly-coupled LVIO framework
typically performs better which has been demonstrated in re-
cent works. LIC-Fusion [24] presents a tightly-coupled system
that fuses LiDAR, inertial, and camera measurements based
on MSCKF framework [25]. The system tracks sparse LiDAR
feature points and visual features to provide the accurate motion
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Fig. 1. (a) Process of projecting map points onto the image. The LIO sub-
system uses point-to-plane matching method to register the current scan to the
global map, and projects map points to the current image. The VIO subsystem
utilizes the projected points and Lucas Kanade (LK) optical flow algorithm to
establish associations between two consecutive images, aligning them to refine
the state estimation. (b) Green points are the projected points. (c) Based on this
key innovation, Our LVIO-Fusion is able to reconstruct a dense, clear 3D map
of the challenging scenarios that contain illumination change, altitude change,
and scale change. The blue path is the travelling trajectory, and the details of the
3D map is shown in (d).

tracking in different environments. Its further work LIC-Fusion
2.0 [26] introduces a novel planar feature tracking method and
a new outlier rejection method for high quality data association.
LVI-SAM proposed in [27] shows a LVIO framework that com-
bines a visual-inertial system (VIS) and LiDAR-inertial system
(LIS). The LIS provides depth information for VIS to facilitate
initialization. The LIS uses the state of the VIS as initial guesses
for scan-matching. Similar to LVI-SAM, mVIL-Fusion [21] pro-
posed a novel double-sliding-window-based optimization that
contains scan-to-scan translation and scan-to-map rotation to
enhance the accuracy of the state estimation. R2ZLIVE proposed
in [28] fuses the multi-measurements in an error state iterated
Kalman filter method. The LIO and VIO subsystems of R2LIVE
can run independently when one of them is failed. However, the
above LVIO frameworks use features to estimate state while
lose many subtle features, which are not suitable for degenerate
environments, such as geometry-less or texture-less scenarios.

III. SYSTEM OVERVIEW

Unlike the above feature-based LVIO systems, the proposed
LVIO-Fusion is built by a LIO subsystem and a VIO subsystem
which are both based on direct method. An overview of our
system is shown in Fig. 2. The LIO subsystem utilizes IMU
pre-integration to deskew point clouds, and employs a dynamic
voxel mapping method to reconstruct the dense map. The LVIO-
Fusion utilizes the state output by LIO subsystem as the initial
values for VIO subsystem, and leverage online photometric
calibration to obtain true radiance information. Then, the local
map is projected to the current image to obtain tracked points
directly, as shown in Fig. 1(a). The VIO subsystem utilizes the
LK method to track projected points for data association, and
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Fig. 2. System overview of LVIO-Fusion.

obtains the rough state estimation by minimizing the frame-
to-frame reprojection errors. Furthermore, the two consecutive
image frames are aligned by minimizing frame-to-frame pho-
tometric errors to obtain a fine state estimation, and update the
global point cloud map. Then, the LVIO constraints are added to
sliding window factor-graph optimization to correct IMU bias.
To reduce computation load, the resolution of projected map
points is set to 0.05m. Additionally, to improve the quality of
tracking points, map points are not projected within the edge
region of the image, as shown in Fig. 1(b).

IV. PRELIMINARIES

A. Notations

In this section, we define frames and notations of this letter.
We denote "V (-) as the world frame, £(-) as the LiDAR frame,
©(-) as the camera frame, x;, as the state x at the end time
of k-th LiDAR scan, b, and b, as the bias of gyroscope and
accelerometer.

B. State Vector

In our system, we define the state x as:

x = [WRT WpT WVT bg bZ;] (1)
where R, Wp, "v denote the rotation, position and velocity
of the state in the world frame, b,, b, are the accelerometer
bias and gyroscope bias. We denote the IMU frame as the body
frame and the first IMU frame as the world frame. Here, we
calibrated the extrinsic and intrinsic parameters of the LiDAR,
camera, and IMU, and performed time synchronization in an
offline manner [29].

C. Camera Photometric Calibration

The camera records the intensity of reflected light through the
CMOS sensor and presents the radiance of the world in the form
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of image pixels. The total amount of power received at CMOS
sensor location q is called the irradiance C;(q). Direct method
estimates the camera pose by using the translation of image
pixels intensity. The direct method relies on the assumption
of photometric invariance, that is, the intensity of the pixels
representing the same spatial point in two images does not
change. Typically, the intensity reflected in the pixel values of
images recorded at different spatial positions within the same
scene point is consistent. However, for most cameras, there will
be a vignetting effect when the pixel intensity is towards the
image edges. This so-called vignetting effect may be due to
partial blocking of light rays by the lens barrel or induced by
the geometry of the lens. Moreover, the received irradiance is
accumulated over exposure time. To overcome the vignetting
effect, the irradiance value C;(q) at location q in frame k can
be obtained by multiplying the radiance c; of the scene point with
a vignetting factor V(q): V(q) € [0, 1]. The vignetting facor is
depends on the location of the lens region.

Ci(a) =V(a)a. 2

The pixel intensity I;(q) is then computed by the camera re-
sponse function O;:

Ii(q) = O;(0sV(q)c), I; € [0,255], 3)

where the o is the exposure time. If the exposure time is un-
known, it is estimated based on [18]. Otherwise, it is obtained
from the camera’s API. With the photometric calibration model,
the observed pixel radiance can be computed as:

IR P C
" oiV(q)

After photometric calibration, the pixel radiance value c¢; is used
for frame-to-frame optical flow tracking and minimizing the
photometric residuals, which are elaborated detailed in V. C'
and V. D.

“

V. STATE ESTIMATION

A. IMU Integration

To overcome the problem of trajectory drift during intense
motion, The system utilizes IMU-integration referring from [20]
between two consecutive frames (LiDAR frames or visual
frames), to obtain high-frequency state output. Here, we assume
that the IMU bias remains constant during the time interval
of two consecutive frames. Denote j as the index of the IMU
measurement, the state update can be computed as:

X; =X5-1 H Atfj (5)
where H is the operator on the manifold [20]. The IMU-
integration function f; is denoted as follows:

w; —bg —ng
1
Wy + i(WRj(ar —ba—n,) +Vg)At
WR,(a, — by —na) + Vg ©)
by
by,
where w, and a, denote the raw IMU angular velocity and

acceleration velocity, bg and by, are the IMU bias, ng and n,
are the measurement noise of w, and a,., and the At denotes the
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Fig. 3. (a) Illustration of the incident angle, hidden point, denoted as «, and
P 4. (b) Illumination of the point-to-plane association.

IMU sample period. The above data are the measurements of
the IMU index j. bg and b, are jointly optimized alongside the
LiDAR odometry constraints and visual odometry constraints in
the factor graph, to obtain the update bais by and by,.

B. LiDAR Point-to-Plane Residual

Considering the measuring mechanism of LiDAR (reflection
angle, reflection energy), we employs a selection strategy to
extract reliable LiDAR points. The incident angle is the angle
between LiDAR ray and the local plane which is computed as

(PO—P2)~P1)

(7
|Po — Py |Py]

a(Py) = cos™! <
To improve the accuracy of scan matching and provide reliable
depth values for VIO subsystem, the following LiDAR points
are removed: 1). The intensity values of LiDAR points are too
large or too small. Since the excessive intensity typically causes
signal distortion, while insufficient intensity causes decrease
signal-to-noise ratio, both of which can reduce the ranging
accuracy of LiDAR points. 2). The incident angle value is
near to 7 or 0. Because the laser spot of this LiDAR point is
larger, the measured range of the LiDAR point is the average
distance of all ranges within the spot, rather than the distance
of a specific point. This phenomenon can reduce the ranging
accuracy of LiDAR points. 3). The LiDAR points are hidden
behind an object. Because the occluded LiDAR points can cause
incorrect depth projection, which affects the accuracy of visual
odometry. The LiDAR point P, in Fig. 3(a) is a hidden point if
|D(P4) — D(P3)| > 0.1D(Py), and D(P4) >D(Ps3), where
the D denotes the distance of the LiDAR point.

To eliminate point cloud distortion caused by motion, we
utilize a linear interpotation methed based on IMU-integration.
Denote (R, Ty) as the state at the end time of the current
LiDAR frame k, (Ry_1, Tj_1) as the state at the end time of the
previous frame, and (R’g_l, Tﬁ_l) as the relative rotation and
translation between the previous and the current frame which
is computed by IMU-integration, Ax = Ziiy Atf,. The Atis
the IMU sample period, s = j represents the IMU index at the
end time of the previous LiDAR frame, and s = j + nrepresents
the IMU index at the end time of the current LiDAR frame.

R,=R, \RF! T, =R, TV 4+T, 1 (8
The linearly interpolated pose at point ¢ is then computed as:

RE1 =14 @;sin(s0) + @7 (1 — cos(s0)), TH ! = sThF!
©)
where @; is the skew symmetric matrix of w;, which is the unit
vector of the rotation axis of Rf’l, 6 is the angular change
between the previous and the current frame, s is computed as
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s=(t —tg—1)/(tx — tr—1), and t is the timestamp of Py, ¢ €
[tk—1,tk]. Therefore, we can obtain the rotation and translation
of Py, at the time ¢:

Ry, = Ry RFY Ty, =R, TV 4Ty (10)

With Ry, and T}, estimated by IMU integration, the LIDAR
point is removed skewness, and can be projected to the global
map before minimizing the point-to-plane residual.

VP, = Ry, Py, + T, (11)

To capture subtle geometric features during motion, the feature
extraction module is omitted and all LiDAR points are involved
in scan matching. The LiDAR subsystem utilizing point-to-plane
association registers points in a new frame to the local map (last
50 LiDAR frames) to performs state estimation. For a point
WP,., of the current frame, 10 nearest points that composed as
a planar are associated in the local map, as shown in Fig. 3(b).
Referring to [6], if the minimum eigenvalue of the covariance
matrix formed by 10 nearest points is less than 0.01, then the
set of these 10 points constitutes a plane. To boost the searching
speed, we apply a dynamic voxel map for point-to-map data
association, which is elaborated detailed in Section VI-A. The
point-to-plane residual is then computed as

er, =n; ("Py, —ai,) (12)
where n,{i is the normal vector of the corresponding plane, and
dy, is a point lying on the plane. Therefore, the cost function of
point-to-plane errors can be computed as

1
f; = argmm§ Z Heii (13)

=0

Then the Levenberg-Marquardt (L-M) method is applied to
minimize the point-to-plane residuals, and the computed state
transformation Ax;, can be added to xj,_1 as below:

X = Xk—1 H AXL (14)
C. Frame-to-Frame Visual Reprojection Residual
Assuming that LIDAR map points M, = {Py,,...,Py }in

the current local map are projected to the previous image frame,
denoted as v, 1 = {¥x_1,- -+ V1, }- We utilize the Lucas-
Kanade optical flow to extract corresponding pixels of v;,_; in
the current image frame, denoted as v, = {~vy,,---, Vs, }- For
each map point, it needs to be projected onto the current camera
frame. We take the i-th point P}, as example:

Py, =("R;-'Re)" - "Pi, — ("R 'Re)T P,

—IRL . TP, (15)
where “Py, is the projected map point on the current camera
frame, 'R and / P ¢ are the extrinsic params between IMU and
camera.

During the iteration, the pixel position of the projected map
point “P},, needs to continually approach the pixel point Y, -
Then, the reprojection error can be calculated as:

e(Vi,» Xk, “Pr,) = vi, — C(“ Py, xi), (16)

where xy, is the state estimated by the IMU integration or the
LIO system (when the timestamps of the camera is aligned with
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the timestamps of the LiDAR) at the current time, and ¢ is the
projection function.

Pz, ;
Cm(CPkm Xk) - |:f777«7Uka + Cm,u, fm7’U

Zk,i

pyk,i

2

+ Cm,v:| )

A7)
where (fpus frn,o) and (Cmu, Cm,v) are the local length and
principle point associated with the camera. The cost function of
reprojection error is then computed as

1 n
f, :argminQZ;He(*yk“xk’cpkifH (18)

After minimizing the frame-to-frame reprojection errors, the
state transformation AAx, can be added to the x;, as below:

(19)

Here, we remove the projected points if their reprojection errors
are too large.

ﬁk = Xk BE‘AXT

D. Frame-to-Frame Visual Radiance Residual

The rough state estimation has been obtained by minimizing
frame-to-frame reprojection errors. With the rough state Xy, the
current LIDAR points M, of the local map can be projected
to the current image within the image FoV to locate their
pixels. Here, each image has been photometrically corrected by
computing the observed pixel radiance, noted as Section IV-C.
Take the projected point M, of the current image as an example,
its frame-to-frame radiance errors is computed as:

where py, is the average radiance of the current image’s pixel
patch, @y, is the average radiance of the previous image’s pixel
patch. To fully utilize image information, we use the photometric
information of image patches instead of individual pixels. Here,
we set 9 pixel points as a pixel patch, as shown in Fig. 1(a). The
center position of the pixel patch is located by the projection
point of M.

By minimizing the radiance errors, the state transformation
Ax, can be added to X, as follow:

n

1 2
f, = argmm§ ; ||F(pkﬁ”xk’ Mlk)QH

21

X = §k H AXP (22)

The f, is the cost function that minimizes photometric errors.
This optimization problem can be solved by the L-M optimiza-
tion method. The computed state is used to register the current
scan into the global map.

VI. MAP UPDATE AND OPTIMIZATION

A. Map Update

Inspired by FASTER-LIO [30] that using incremental voxels
as point cloud spatial data structure, we apply a dynamic voxel
structure for point-to-map inquiring, inserting and updating.
The dynamic voxel map is organized by a Hash table and an
octree. Specifically, the space of local map is first cut into
coarse voxels in the world frame. Then, voxels that contain map
points are indexed into a Hash table. If the map points within a
voxel form a plane, the plane parameters of these map points
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Fig. 4. Datasets are collected on two platforms. (a) A handheld device. (b) A
mobile vehicle.

are stored which are used for point-to-plane scan matching.
Otherwise, the current voxel is still further divided into eight
sub-voxels based on the octree, and the plane parameters are
computed in each sub-voxel until the maximun level is reached.
Additionally, the voxels that not contain map points are labeled
as inactive voxels, otherwise are labeled as active voxels. The
inactive voxels do not participate in the point-to-plane matching
process.

When a new LiDAR scan is registered into the global map,
the plane parameters of voxels need to be updated dynamically.
However, as new points are continuously received, the process-
ing time for updating plane parameters is also growing. To solve
this issue, we have recorded the changes in the plane normal
vectors of the current voxel as new points are added. Fortunately,
the plane normal vector tends to be stable when the number of
new points reaches 20, and the current plane normal vector is
stored. Considering the efficiency, the latest 10 points are used to
compute new plane normal vector when new points are received.
If the latest plane vector has large difference with the previous
stored normal vector, the voxel map need to be reconstructed
following the above steps.

B. Factor Graph Optimization

As mentioned in Section V-A, the accuracy of IMU-
integration is affected by IMU bias which are corrected by other
constraints. To further improve the robustness and accuracy of
the IMU-integration, we leverage a factor graph optimization
for optimizing the IMU bias within a sliding window of image
keyframes. Our factor graph optimization framework is similar
to LVI-SAM, but incorporates LiDAR-visual odometry con-
straints which is fused in the measurement level. We use the
1SAM?2 [31] algorithm for building sliding window factor graph
to optimize IMU bias.

VII. EXPERIMENT AND RESULT

In this section, we validate the advantages of our proposed
system against other state-of-art systems in extensive challenge
scenarios. Our handheld data collection device is shown in
Fig. 4(a), includes a HIKROBOT MV-CA016-10UC camera, a
LIVOX AVIA LiDAR, a Xsens MIT-600 Inertial Measurement
Unit (IMU), and a computation platform (equipped with Intel
15-10210U CPU, 64G RAM). The mobile vehicle is additionally
equipped with an real time kinematic (RTK) device. To evaluate
the precision of LVIO-Fusion, we use the real-time kinematic
(RTK) to obtain the ground-truth trajectory. For the GPS denied
environment, we employ relocalization techniques to assess the
precision of LVIO-Fusion.
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Fig. 5. Experiments in LiDAR-degenerated and low-texture environments.
(a) Without loop closure detection, LVIO-Fusion can loop by itself. (b) The
point cloud is clear and free from any overlapping. (c) The white wall that is
both LiDAR-degenerated and low texture.

15 —LVIO-Fusion
Fast-LVIO
1 —R2LIVE
LVI-SAM

Fig. 6. Comparison of the estimated trajectorites in Experiment-1.

A. Experiment-1: Evaluation of Accuracy and Robustness in
Degenerate Environments

In this experiment, we test the robustness and precision of
LVIO-Fusion in both geometry-less and texture-less scenarios.
We choose a white wall, which is a single plane with very limited
geometric and texture features, as the validation scene for our
algorithm, as shown in Fig. 5(c). We displace the handle platform
adistance while orienting it towards the white wall, subsequently
returning it to its initial position. We present a performance
comparison between our system and the current state-of-the-art
LiDAR-Visual-Inertial (LVI) SLAM methods. The estimated
trajectories of our system, FAST-LVIO [20], R2LIVE [28], LVI-
SAM [27] are shown in Fig. 6. Since the white wall only contains
a single plane and has no obvious texture features, the R2LIVE
and LVI-SAM systems that are based on geometric and visual
features both exhibit noticeable trajectory drift. The FAST-LVIO
system directly employs LiDAR points and radiance information
for state estimation. However, FAST-LVIO only capitalizes on
the photometric information of the sparse point cloud map (low
density) in alignment with the image, discarding a substantial
amount of image information. Moreover, FAST-LVIO lacks a
photometric calibration process that results in divergence in
image photometric aligning and trajectory drift.

Our proposed system first minimizes the frame-to-frame re-
projection errors to obtain a coarse state estimation, then refines
this estimation by minimizing the photometric errors of image
blocks from frame to frame. In such degenerate environments,
employing the coarse-to-fine state estimation can suppress the
divergence of photometric alignment. Moreover, utilizing image
blocks, rather than individual points, to minimize photometric
errors enables the plentiful exploitation of image information,
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Fig. 7. Estimated results (position and attitude) of all tests in Experiment-1.
We test our system ten times using the collected data from Experiment-1. We
compute the mean, the maximum, and minimum values of the estimated position
and attitude from ten tests. Solid line: mean value. Shaded part: the range between
the maximum and minimum values.

Fig. 8. Reconstructed 3D maps in Experiment-2. (a) shows LVIO can return
back to the origin without loop closure detection. Some details of the map are
shown in (b) and (c).

thus returns to the origin point successfully, as shown in Fig. 5(a).
The estimated results of all tests in Experiment-1 is shown in
Fig. 7. The shaded parts are nearly aligned with the mean value,
which reveals that our system operates with stability under such
degenerative conditions. Our proposed system performs well in
the degenerate environment and returns to the origin point with
drift 0.0514m in translation and 2.75 degrees in rotation.

B. Experiment-2: Evaluation of Accuracy in Outdoor and
Indoor Environments

In this experiment, we challenge our proposed system with
an extremely complex environment that includes illumination
change from outdoor to indoor and indoor to outdoor, altitude
change from ground to roof, and scale change from open to nar-
row. We collect data around the buildings of Shanghai University
for four times. The data collection paths are slightly different,
but they all started and ended at the same location. The bird-view
of the reconstructd 3D map is shown in Fig. 8. The point cloud
3D map is distinctly perceptible and devoid of any repetition
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Fig. 9. Four traveling end-to-end trajectories in Experiment-2. The length of

four traveling trajectories are 1465 m, 1531 m, 1892 m, and 1963 m respectively.

TABLE I
COMPARISON OF END-TO-END TRANSLATION ERRORS IN EXPERIMENT-2

End-to-End Translation Errors [m]
Algorithm Type Seq.0 Seq.1 Seq.2 Seq.3
1465m | 153Im | 1892m | 1963m
LIO-SAM([5] LIO 3.473 4.398 5.560 4.357
FAST-LIO2[6] LIO 0.155 0.129 0.996 1.229
VINS-Mono[1] VIO 5.821 18.798 | 21.003 14.421
LVI-SAM[27] LVIO 1.080 2.317 3.457 3.526
R2LIVE[28] LVIO 0.159 0.131 1.005 1.159
FAST-LIVO[20] | LVIO 0.123 0.141 0.865 0.904
Ours LVIO 0.082 0.098 0.420 0.217
TABLE I
RELATIVE TRANSLATION ERRORS IN EXPERIMENT-3
Relative translation errors (m) w.r.t RTK in Experiment-3
Algorithm 200 s | 400 s 600 s 800 s 1000 s
Ours 0.295 | 0.274 0.264 0.367 0.385
LIO-SAM[5] 1.049 | 2913 2.253 3.1188 5.197
FAST-LIO2[6] 0.221 | 0.352 1.039 1.565 1.393
VINS-Mono[1] 0.453 | 3.766 | 19.385 | 24.871 15.069
LVI-SAM[27] 1.334 | 1.515 2.037 2.655 3.129
R2LIVE[28] 0.351 | 0.873 0.984 1.211 1.189
FAST-LIVOI[20] | 0.201 | 0.488 0.859 1.147 0.826

or ghosting. The four traveling trajectores are shown in Fig. 9.
In the absence of loop closure detection technology, these four
trajectories can form closed loops with minimal drift which
demonstrates that the proposed algorithm has high robustness
and precision in such complicated environments. Furthermore,
the end-to-end translation errors of four trajectories are shown
in Table I. LVIO-Fusion demonstrates superior performance
compared to existing LIO, VIO, and LVIO methods.

C. Experiment-3: Evaluation of Accuracy by Using RTK

In this experiment, we collect a sequence outdoors which
includes a RTK measurements as the ground-truth. We compare
the traveling trajectories estimated by LVIO-Fusion, LIO-SAM,
FAST-LIO2, VINS-Mono, LVI-SAM, R2LIVE, FAST-LVIO to
the ground-truth trajectory, as shown in Fig. 10. The result
shows that the trajectory generated by LVIO-Fusion is nearest
to the ground-truth trajectory. Moreover, we provide the relative
translation errors with respect to RTK measurements at the
sampling time, as shown in Table II. The results indicate that
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Fig. 10. Comparison of estimated trajectories with RTK ground-truth in
Experiment-3.

LVIO-Fusion maintained high accuracy throughout the entire
traveling time, with the least relative translation errors.

VIII. CONCLUSION

This letter presented a tightly-coupled LiDAR-inertial-visual
framework, which couples the LiDAR and camera at the mea-
surement level. The proposed system directly projects map
points to image to establish data association, and employs
a coarse-to-fine state estimation by minimizing the frame-to-
frame reprojection errors and photometric errors. In all tests, our
system achieves high localization accuracy and robustness in ex-
tremely challenging scenarios, even with sensor degenerations.
We also provide various comparisons with other state-of-the-art
LIO, VIO, LVIO SLAM works, and the results show that our
system achive better accuracy and robustness. In our future work,
we will further explore the mapping relationship between point
clouds and images to fully utilize the high-resolution image
information.
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