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Abstract— In this paper, we propose a tightly coupled LiDAR-
inertial-visual (LIV) state estimator termed LIVER, which
achieves robust and accurate localization and mapping in
underground environments. LIVER starts with an effective
strategy for LIV synchronization. A robust initialization pro-
cess that integrates LiDAR, vision, and IMU is realized. A
tightly coupled, nonlinear optimization-based method achieves
highly accurate LiDAR-inertial-visual odometry (LIVO) by
fusing LiDAR, visual, and IMU information. We consider
scenarios in underground environments that are unfriendly to
LiDAR and cameras. A visual-IMU-assisted method enables
the evaluation and handling of LiDAR degeneracy. A deep
neural network is introduced to eliminate the impact of poor
lighting conditions on images. We verify the performance of
the proposed method by comparing it with the state-of-the-
art methods through public datasets and real-world experi-
ments, including underground mines (see our attached video
at https://youtu.be/0wjXEz3K3ng). In underground mines test,
tightly coupled methods without degeneracy handling lead
to failure due to self-similar areas (affecting LiDAR) and
poor lighting conditions (affecting vision). In these conditions,
our degeneracy handling approach successfully eliminates the
impact of disturbances on the system.

I. INTRODUCTION

SLAM, as one of the most fundamental modules, re-
mains undoubtedly at the center of robotics research. After
more than thirty years of development, SLAM has become
a relatively mature research field with a wide range of
applications. However, existing results have focused more
on urban and indoor office scenes. Related research is still
very challenging in extreme conditions, such as underground
environments [1], [2]. The underground environments have
some unfriendly characteristics for SLAM. First, the lighting
conditions in the underground environments are poor, which
brings significant challenges to the visual SLAM. Secondly,
there are self-similar areas in underground environments, in
which LiDAR SLAM is degenerate normally. Fortunately,
despite these challenges, there has been some progress
in recent years. The recent DARPA Subterranean (SubT)
Challenge has promoted the development of underground
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SLAM [3]. A series of loosely coupled multi-robot SLAM
algorithms has been developed based on LiDAR and IMU,
supplemented by visual and thermal vision. It indicates that
multi-sensor fusion is a feasible solution for underground
space detection. However, most works are loosely coupled
methods. In contrast, tightly coupled methods have higher
robustness due to the fusion of more aspects of sensor
information [4].

Unfortunately, several issues exist in current tightly cou-
pled LIV SLAM methods. Specifically, The first one is that
the current tight coupled algorithms do not consider the
initialization process [4]–[10]. Due to the lack of distance
measurements, it is difficult to directly fuse the monocular
visual structure with LiDAR and IMU measurements. Hence,
the performance of the entire LIV system is limited. Another
issue is sensor degeneracy. Existing works ignore camera
degeneracy in poor lighting conditions or use thermal vision
instead [11], [12]. The former reduces the system’s perfor-
mance, while the latter significantly increases the cost of
the system. Regarding the degeneracy of LiDAR in the self-
similar area, existing works only use LiDAR information to
evaluate degeneracy. Visual-IMU-assisted LiDAR degenera-
cy processing is necessary.

To address the above problems, this paper proposes LIV-
ER, a tightly coupled LiDAR-inertial-visual state estimator
with high robustness for underground environments. The
main contributions of the method are as follows:

1. An online procedure fusing LiDAR, visual, and IMU
information initializes IMU intrinsic parameters and
visual metric scale, which improves the accuracy of
pose estimation.

2. A visual-IMU-assisted LiDAR degeneracy handling ap-
proach and an image-enhanced deep network improve
the robustness of the system, which is able to provide
pose estimation in extreme underground environments.

3. An extensive evaluation of the proposed method
across both public datasets and real-world environments
demonstrates superior robustness when compared with
state-of-the-art methods.

II. RELATED WORK

Early scholarly works on underground environments es-
timation/odometry/SLAM focus on LiDAR mapping. Ebadi
et al. [11] develop a multi-robot SLAM system LAMP. The
local front-end includes a LiDAR front-end that computes
odometry estimates, and a vision front-end for artifact detec-
tion and localization. Furthermore, Chang et al. [13] propose
the scalable closed-loop detection module, making LAMP
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Fig. 1. Diagram above shows the full pipeline of the proposed LIVER. The system receives input from a 3D LiDAR, a monocular camera, and an IMU.
The system first enhances the quality of the image in poor lighting conditions. Then, planar features and edge features of LiDAR point cloud are extracted as
in LOAM [20]. Visual features are detected by the FAST corner detector and tracked by the KLT sparse optical flow algorithm. Then, the system evaluates
the degeneracy of the LiDAR to decide whether to adopt LIV initialization or visual-IMU initialization. Furthermore, the visual-IMU-assisted LiDAR
degeneracy handling approach processes the degeneracy of the LiDAR. Lastly, the tightly coupled LIVO is obtained by jointly optimizing the residuals
of all sensors. We utilize DBoW2 [21] for visual loop detection and ScanContext++ [22] for LiDAR loop detection. A global pose graph optimization
is executed by jointly adding the tightly coupled LIVO constraints, visual loop closure constraints, and LiDAR loop closure constraints to a factor graph
using iSAM2 [23].

2.0 more robust in large-scale mapping. To improve the
robustness of the system, visual sensors and IMU are adopted
to assist LiDAR in positioning. Khattak et al. [12] introduce
a thermal camera and utilize visual-thermal odometry as the
initial estimate of the LiDAR SLAM of a single robot. Most
of the existing algorithms for underground environments are
LiDAR-IMU coupled SLAM, and some works are loosely
coupled LIV SLAM, tightly coupled LIV methods are more
desirable because of their superior robustness [4]. On the
other hand, few works consider the degeneracy of LiDAR
and cameras in underground environments, resulting in less
robust systems.

Early efforts on LIV SLAM are loosely coupled algorithm-
s [14]. However, researchers have discovered the limitations
of loosely coupled algorithms. Some scholars have tried to
use the Multi-State Constraint Kalman Filter (MSCKF) [15]
to achieve tightly coupled LIV SLAM, such as LIC-Fusion
[5] and LIC-Fusion 2.0 [6]. Recently, LIV tightly coupled
systems FAST-LVIO [7] and R3LVIE [8] are proposed based
on the error-state iterated Kalman filter. On the other hand,
some algorithms based on nonlinear optimization emerge.
Shan et al. [9] introduce LVI-SAM, where the visual-inertial
system (VIS) is integrated with the LiDAR-inertial system
(LIS) based on a factor graph. However, the VIS only
leverages LIS estimation to facilitate initialization. Wisth et
al. [4] use factor graphs to jointly optimize LIV information
to achieve a more compact LIV system and propose a new
method for LiDAR line and surface extraction. They test
the performance of the algorithm in underground mines.
However, sensor degeneracy is not specifically addressed.
Lang et al. [10] propose a continuous-time LiDAR-Inertial-
Camera Odometry, utilizing non-uniform B-splines to fuse
measurements.

For the degeneracy of LiDAR, Zhang et al. [16] propose
an online method to mitigate degeneracy in optimization-
based problems, through analysis of the geometric structure
of the problem constraints. Tuna et al. [17] propose a
geometry-based localizability-awareness framework, X-ICP,
which enables fine-grained localizability detection. In order
to eliminate the dependence of the LiDAR SLAM algorithm
on geometry, a neural network-based estimation approach is

proposed [18], which enables early detection of failure. To
make full use of the advantages of a multi-sensor system,
Han et al. [19] propose a lightweight iEKF-based LiDAR-
inertial odometry with a degeneration-aware and modular
sensor-fusion pipeline.

III. OVERVIEW AND NOTATION

An overview of the proposed LIVER, which receives input
from a 3D LiDAR, a monocular camera, and an IMU, is
shown in Fig. 1. The system first enhances the quality of
the image in poor lighting conditions. Then, measurements
are preprocessed, in which visual features are extracted and
tracked, LiDAR features are extracted, and IMU measure-
ments between two consecutive frames are pre-integrated.
After the LiDAR features are extracted, the system detects
the degeneracy of the LiDAR. It adopts the two-stage LIV
initialization strategy when the LiDAR is not degenerate.
Otherwise, the system executes the visual-IMU initialization
process. Lastly, the tightly coupled LIVO is obtained by
jointly optimizing visual reprojection residuals, IMU pre-
integration residuals, and LiDAR feature residuals. The pose
and loop detection results are fed to the pose graph, which
performs global optimization to eliminate the drift.

We now define the notations utilized throughout this paper.
Denote (·)w as the world frame and (·)l as the LiDAR frame.
(·)c is the camera frame. We use (·)b to represent the body
frame, which is the same as the IMU frame. lk is the LiDAR
frame when the k-th LiDAR scan is received. bk and ck are
the body frame and the camera frame while receiving the k-th
LiDAR scan, respectively. We use both rotation matrices R
and Hamilton quaternions q to represent rotation. t denotes
translation vector.

IV. SYSTEM INITIALIZATION

An accurate initial guess is necessary for tightly cou-
pled LIVO, which is a highly nonlinear system. Hence,
we propose a coarse-to-fine LIV Initialization process. In
Section IV.A, we first get a coarse value by loosely aligning
IMU pre-integration with the LiDAR odometry. In Section
IV.B, an accurate initial value is obtained by tightly aligning
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Fig. 2. Illustration of the LiDAR-inertial-visual alignment process of initialization. The process starts with LiDAR-inertial (LI) initialization to adjust the
intrinsic parameters of the IMU so that the result of IMU pre-integration matches the LiDAR odometry. Then, the process is finished by LIV initialization,
the basic idea of which is to match up-to-scale visual structure with LiDAR odometry and IMU pre-integration.

LiDAR odometry with IMU pre-integration and the vision-
only structure.

A. LiDAR-Inertial Alignment

The left of Fig. 2 illustrates the LiDAR-inertial alignment
process. The basic idea is to match the IMU pre-integration
with the LiDAR odometry.

1) Acceleration Bias and Gyroscope Bias Calibration:
For the lk frame and lk+1 frame LiDAR point cloud, we use
LOAM [20] to obtain the poses (ql0lk , t

l0
lk

) and (ql0lk+1
, tl0bk+1

).
Based on the extrinsic parameter Tb

l between the LiDAR and
IMU, the pose is rotated to the IMU frame:

ql0bk = ql0lk ⊗ (qbl )
−1
, tl0bk = tl0lk −Rl0

bk
tbl (1)

According to [24], we can obtain the translation, velocity, and
rotation constraints αbkbk+1

, βbkbk+1
, γbkbk+1

between two time
consecutive frames by IMU pre-integration. Store the above
results in a sliding window S , the optimal gyroscope bias
bw and acceleration bias ba can be obtained by minimizing
the following cost function:

min
δbw,δba

∑
k∈S

{
‖ql0bk+1

−1
⊗ ql0bk ⊗ γ

bk
bk+1
‖2 + ‖tbkbk+1

−αbkbk+1
‖2
}

(2)
where ⊗ represents the multiplication operation between two
quaternions, tbkbk+1

= tl0bk+1
−Rbk

bk+1
tl0bk .

2) Velocity and Gravity Vector Initialization: The vari-
ables requiring calibration are the velocity vbkbk in the body
frame when receiving the k-th LiDAR scan and the Gravity
vector gl0 in the l0 frame. Consider two consecutive frames
bk and bk+1 in the window, we can obtain linear measure-
ment model:[

δαbkbk+1

δβbkbk+1

]
=

[
α̂bkbk+1

−αbkbk+1

β̂bkbk+1
− βbkbk+1

]
= Abk

bk+1
−Bbk

bk+1
xI (3)

where

Abk
bk+1

=

[
α̂bkbk+1

+ (Rbk
l0
Rl0
lk+1
− 1)tbl −Rbk

l0

(
tl0lk+1

− tl0lk
)

β̂bkbk+1

]

Bbk
bk+1

=

[
−I∆Tk 0 1

2R
bk
l0

∆T 2
k

−I Rbk
l0
Rl0
bk+1

Rbk
l0

∆Tk

]
(4)

xI =
[
vb0b0 ,v

b1
b1
, . . .v

bk+1

bk+1
,gl0

]
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Fig. 3. LiDAR-inertial-visual timestamp synchronization. When receiving
the k-th frame of LiDAR scan lk , we select the first IMU measurement bk
and image ck before lk . The first IMU measurement after ck is defined as
bk�∆k , ∆tk is the time difference between bk and ck .

Finally, we can obtain the optimal vbkbk and gl0 by solving
the following linear least squares problem:

min
xI

∑
k∈S

∥∥∥Abk
bk+1
−Bbk

bk+1
xI

∥∥∥2

(5)

B. LiDAR-Inertial-Visual Alignment

The right of Fig. 2 illustrates the LIV alignment process.
The basic idea is to match up-to-scale visual structure with
LiDAR odometry and IMU pre-integration.

1) LiDAR-Inertial-Visual Timestamp Synchronization:
One of the difficulties in LIV fusion is synchronizing three
different sensor data. As shown in Fig. 3, when receiving the
k-th frame of LiDAR scan lk, we select the first IMU mea-
surement bk and image ck before lk. Since the frequency of
the LiDAR does not match the camera’s frequency, the time
difference between ck and bk cannot be ignored, as shown in
Fig. 3. In this case, we use the IMU measurements between
the image ck and the IMU measurement bk to obtain the
pose of ck. Specifically, the first IMU measurement after ck
is defined as bk−∆k, and ∆tk is the time difference between
the IMU measurement bk and the image ck. The relative
transform relationship between bk−∆k and ck is obtained
through extrinsic parameter rotation, as tck = Tc

bt
bk−∆k .

Finally, the pose (Rl0bk−∆k
, tl0bk−∆k

) of the body frame bk in
the l0 frame is expressed as:

Rl0bk−∆k
= Rl0

lk
Rl
b(γ

bk−∆k

bk
)−1

tl0bk−∆k
= −Rl0

lk
Rl
b

(
(γ
bk−∆k

bk
)−1α

bk−∆k

bk
+ tlb

)
+ tl0lk

(6)

where γ
bk−∆k

bk
and α

bk−∆k

bk
are the IMU pre-integration

results between bk−∆k and bk.



2) Metric Scale Initialization: The graph of up-to-scale
camera poses (qc0ck , t

c0
ck

) can be estimated by a vision-only
structure-from-motion (SfM) in [24], as shown in the right
of Fig. 2. Given the extrinsic parameter (Rb

c, t
b
c) between

the camera and the IMU, the camera poses can be translated
from the camera frame to body frame as

Rl0
bk−∆k

= Rl0
c0R

c0
ck

(qbc)
−1

λt̄l0bk−∆k
= Rl0

c0

(
λt̄c0ck −Rc0

bk−∆k
tbc

)
+ tl0c0

(7)

where Rl0
c0 = Rl

b(γ
b0
b0−∆0

)−1Rb
c, λ is the metric scale

of the translation to be initialized. Rl0bk−∆k
and Rl0

bk−∆k

represent the same relative rotation. Rl0bk−∆k
is solved by

the LiDAR odometry and IMU pre-integration results in
(6), while Rl0

bk−∆k
is obtained by vision-only SfM and the

extrinsic parameters Rb
c in (7). Furthermore, to match the

relative camera rotations Rl0bk−∆k
and Rl0

bk−∆k
, we calibrate

the gyroscope bias bw by solving the following optimization
problem:

min
δbw

∑
k∈I

∥∥∥Rl0bk−∆k

−1
Rl0
bk−∆k

∥∥∥2

(8)

where I indexes all frames in a sliding window, in which
we maintain several frames to ensure accuracy. The variable
to be calibrated is defined as

xc = [v
b0−∆0

b0−∆0
,vb0b0 ,v

b1−∆1

b1−∆1
,vb1b1 , . . .v

bk−∆k

bk−∆k
,vbkbk ,g

l0 , λ] (9)

Based on the results in (6)-(7), the IMU pre-integration terms
for the two frames bk−∆k and bk are derived as follows:

α
bk−∆k

bk
=Rbk−∆k

l0
(tl0bk − λt̄

l0
bk−∆k

+
1

2
gl0∆t2k

−Rl0bk−∆k
v
bk−∆k

bk−∆k
∆tk) (10)

β
bk−∆k

bk
=Rbk−∆k

l0
(Rl0bkv

bk
bk

+ gl0∆tk −Rl0
bk−∆k

v
bk−∆k

bk−∆k
)

Furthermore, by combining (6)-(7) with (10), the error of
IMU pre-integration can be calculated as follows:[
δα

bk−∆k

bk

δβ
bk−∆k

bk

]
=

[
α̂
bk−∆k

bk
−αbk−∆k

bk

β̂
bk−∆k

bk
− βbk−∆k

bk

]
= Abk−∆k

bk
− Bbk−∆k

bk
xc

(11)
where

Abk−∆k

bk
=

[
α̂
bk−∆k

bk
+Rbk−∆k

l0
(tl0c0 − t

l0
bk

)− tbc
β̂
bk−∆k

bk

]
, Bbk−∆k

bk
=[

−I∆tk 0 1
2R

bk−∆k

l0
∆t2k −R

bk−∆k

l0
Rl0
c0 t̄

c0
ck

−Rbk−∆k

l0
Rl0
bk−∆k

γ
bk−∆k

bk
Rbk−∆k

l0
∆tk 0

]
(12)

Combining (9)-(11) and (12), the optimal xc is obtained by
solving the following linear least squares problem:1

min
xc

∑
k∈I

∥∥∥Abk−∆k

bk
− Bbk−∆k

bk
xc

∥∥∥2

(13)

Finally, the up-to-scale visual structure matches the LiDAR
odometry and IMU pre-integration, as shown in the Fig. 2.

1We utilize the gravity vector optimization method in the paper [24] to
convert the pose and velocity estimated in LiDAR frame (·)l0 to the world
frame (·)w .
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Fig. 4. Factor graph representation of the tightly coupled optimization in
our system.

V. TIGHTLY COUPLED LIDAR-INERTIAL-VISUAL
ODOMETRY

After initialization, a tightly coupled LIVO is proposed
by jointly optimizing visual, LiDAR, and inertial residuals,
which fits with the factor graph representation as shown in
Fig. 4.

The system state to be estimated is defined as:

xk ,
[
twbk ,v

w
bk
,qwbk ,ba,bg, s1, s2, · · · , sn

]
(14)

where sn is the inverse distance of the nth feature from its
first observation. We define the optimal system state x?k as
one that maximizes the likelihood of the measurements ẑk:

x?k =arg max
xk

p(xk | ẑk) ∝ arg max
xk

p(x0)p(ẑk,I | xk)·

p(ẑk,C | xk)p(ẑk,E | xk)p(ẑk,H | xk) (15)

where C is a set of current visual feature points observed at
least twice, E and H are the sets of current LiDAR planar
features and edge features, respectively. All measurements
are assumed to be conditionally independent and the noise
is zero-mean Gaussian distributed. Therefore, the Maximum-
a-Posteriori Estimation of state xk is obtained by formulating
(15) as the following least squares minimization problem:

min
xk

{∥∥∥rI(ẑ
bk−1

bk
,xk)

∥∥∥2

P
bk−1
bk

+
∑
`∈C

ρ(‖rC (ẑck` ,xk)‖2
P

ck
`

)+

∑
m∈E

∥∥rE (ẑlkm,xk)∥∥2

P
lk
m

+
∑
n∈H

∥∥rH (ẑlkn ,xk)∥∥2

P
lk
n

+ ‖r0‖2
}

(16)
where rI(ẑ

bk−1

bk
,xk), rC (ẑck` ,xk), rE

(
ẑlkm,xk

)
,

rH
(
ẑlkn ,xk

)
, and r0 are residuals for IMU, visual

measurements, LiDAR edge features and planar features,
and state prior, respectively. ‖·‖P is the Mahalanobis norm,
and ρ is the Huber norm.

We utilize a sliding window to store image keyframes.
The features in C are observed in the current image and the
sliding window. For the the `-th feature that is first observed
in the i-th image and then seen again in the k-th image, the
residual is defined as

rC (X ) = P̂
ck

` −
Pck`
‖Pck` ‖

Pck` = Rc
b(γ

bk−∆k

bk
Rbk
w (Rw

bi(γ
bi−∆i

bi
)−1(Rb

c

1

λ`
P̂
ci

`

+ tbc −α
bi−∆i

bi
) + twbi − t

w
bk

) +α
bk−∆k

bk
− tbc)

(17)



where P̂
ci

` = πc
−1([ûci` v̂ci` 1]

T
) is the first observation of

the `-th in the i-th image, and P̂
ck

` = πc
−1([ûck` v̂ck` 1]

T
)

is the observation of the same feature in the k-th image. πc
represents the camera projection function. (Rw

bi
, twbi) is the

output of the tightly coupled LIVO at frame i, and (Rw
bk

,
twbk) is the pose to be estimated at frame k.

VI. SENSOR DEGRADATION

In extreme underground environments, LiDAR and cam-
eras will degenerate differently. In this section, we analyze
the degenerate cases of LiDAR and cameras and illustrate
our solutions to improve the system’s robustness.

A. Self-similar Structure

1) State Definition: We define the system state xk as a
linear combination of degenerate degrees of freedom (DOF)
xdk and non-degenerate DOF xuk :

xk ,xdk + xuk =
[
twbk ,v

w
bk
,qwbk ,ba,bg, s1, s2, · · · , sn

]
xuk =xk − xdk =

[
tw,ubk

,vwbk ,q
w,u
bk

,ba,bg, s1, s2, · · · , sn
]

(18)
where xdk and xuk are two independent variables. Define the
degenerate state variable Sk as follows:

Sk = [sktx , s
k
ty , s

k
tz ,01×3, s

k
qw , s

k
qx , s

k
qy , s

k
qz ,01×3,01×3,01×n]

(19)
where sktx , s

k
ty , s

k
tz , s

k
qw , s

k
qx , s

k
qy , s

k
qz are all binary numbers.

For the degenerate DOF, the correspondence degenerate state
variable sk is 1, otherwise it is 0. Hence, the degenerate DOF
xdk can be obtained by the following formula:

xdk = xk ◦ Sk (20)

where ◦ represents the Hadamard Product (i.e., the element-
wise product) between two vectors. The pose transform
x
bk−1

bk
between bk frame and bk−1 frame is defined as

x
bk−1

bk
= [t

bk−1

bk
,01×3,q

bk−1

bk
,01×3,01×3,01×n], which is

obtained by xk and xk−1 as

q
bk−1

bk
= (qwbk−1

)
−1⊗qwbk , t

bk−1

bk
= Rbk−1

w (twbk−t
w
bk−1

) (21)

2) Analysis: For a point i in the k-th LiDAR measure-
ments, its coordinate is denoted as X lkk,i. The point i is
projected to the lk−1 frame as follows:

X lk−1

k,i =Rl
b(R

bk−1
w (Rw

bk
X bkk,i + twbk − t

w
bk−1

)− tbl ) (22)

where X bkk,i = Rb
lX

lk
k,i + tbl . (Rw

bk−1
, twbk−1

) is the output
of LIVER at bk−1 frame, and (Rw

bk
, twbk) is the pose to be

estimated at bk frame. Furthermore, the residuals for LiDAR
features represent point to line distance and point to plane
distance, which are expressed as follows:

rH
(
ẑlkn ,xk

)
=
∣∣∣(X lk−1

k,i −X
lk−1

k−1,j) ·
Xjl ×Xjm
‖Xjl ×Xjm‖

∣∣∣
rE
(
ẑlkm,xk

)
=

∣∣∣(X lk−1

k,i −X
lk−1

k−1,j

)
×
(
X lk−1

k,i −X
lk−1

k−1,l

)∣∣∣
|Xjl|

Xjl = X lk−1

k−1,j −X
lk−1

k−1,l,Xjm = X lk−1

k−1,j −X
lk−1

k−1,m (23)
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Fig. 5. Illustration of LiDAR degeneracy in the long tunnel of underground
environments. (a) The long tunnel is the presence of self-similar structures,
in which the LiDAR odometry system is degenerate. (b) Hence, there is
a mismatch between the LiDAR odometry and visual-inertial odometry.
(c) The LiDAR measurement residuals participating in the tightly coupled
optimization do not contain degenerate DOF xd

k .

where X lk−1

k−1,j , X
lk−1

k−1,l, and X lk−1

k−1,m are the coordinates of
points j, l, and m, respectively. As shown in Fig. 5(a), for
planar residual, i is a point in planar points sets Hk at lk
frame. j, l, m are all planar points in Hk−1 at lk−1 frame.
For edge residual, i is a point in edge points sets Ek at lk
frame. j and l are edge points in Ek−1 at lk−1 frame. For
LiDAR slam, (Rw

bk
, twbk) is obtained by solving the following

nonlinear optimization problem:

min
xk

{∑
m∈E

∥∥rE (ẑlkm,xk)∥∥2

P
lk
m

+
∑
n∈H

∥∥rH (ẑlkn ,xk)∥∥2

P
lk
n

}
(24)

However, as shown in Fig. 5(a), when a robot moves in a
long tunnel, the projected point i and the points j, l, m
are on the same long plane, which leads to rH(ẑlkn ,xk),
rE(ẑ

lk
m,xk) → 0. Hence, for the optimization problem of

(24), it is impossible to obtain the optimal solution for the
degenerate DOF xdk

∗, which leads to the unstable estimation
of degenerate DOF as shown in Fig. 5(b). The constraints of
the degenerate DOF do not exist. Finally, the residuals for
LiDAR features with respect to xdk destroy the optimization
results of (16). Hence, we introduce visual-IMU information
to solve this problem.

3) Solution: The solution is Visual-IMU-assisted L-
iDAR degeneracy handling method. Specifically, when
|rH(ẑlkn ,xk)| + |rE(ẑlkm,xk)| is less than the threshold
rth, we consider that there are self-similar areas in the
current environment, which may lead to LiDAR degeneracy.
Hence, visual IMU information is introduced to determine
whether LiDAR is degenerate, the LiDAR odometry (LO)
xLk and visual-inertial odometry (VIO) xV Ik are solved in
two threads. The pose transforms xbk−1,L

bk
and xbk−1,V I

bk
of

LO and VIO are obtained by (21). We identify the DOF
whose difference |xbk−1,L

bk
(i)−xbk−1,V I

bk
(i)| between LO and

VIO exceeds the threshold xth as the degenerate DOF, the
corresponding degenerate state variable Sk(i) is set to 1,
which is the mismatch between LO and VIO as shown in Fig.
5(b). Hence, the degenerate state variable Sk is determined.
Finally, xdk and xuk can be derived by (18)-(20).

To eliminate the effect of LiDAR degeneracy, we project



point i to lk−1 frame only by non-degenerate DOF xk,u:

X lk−1

k,i =Rl
b(R

bk−1
w,u (Rw,u

bk
X bkk,i + tw,ubk

− tw,ubk−1
)− tbl ) (25)

Substituting (25) into (23), we convert the residuals (23)
for LiDAR features into terms independent of the degen-
erate DOF xdk. Therefore, the residuals for LiDAR features
participating in the tightly coupled optimization (16) will
not contain degenerate DOF xdk, as shown in Fig. 5(c).
Finally, xdk is estimated through visual measurements and
IMU residuals.

B. Poor Lighting Conditions

Li et al. [25] propose a novel and lightweight deep learning
method, which achieves 1000/11 (GPU/CPU) FPS high-
frequency image processing and lighting enhancement under
a wide range of lighting conditions. Visual SLAM generally
uses grayscale images as input to improve efficiency. Hence,
to make it more efficient, we modify the input and output
of the deep neural network as grayscale images. Finally,
the deep neural network is successfully introduced into our
system. After image enhancement of the input images as
shown on the right of Fig. 6, the impact of poor lighting
conditions on the algorithm is ultimately eliminated.

VII. EXPERIMENTAL RESULTS

We evaluate the proposed LIVER through public datasets
and real-world experiments. In the first experiment, we
compare the proposed algorithm with the various methods
on public datasets. The performance of the method is further
shown through numerical analysis in detail. Then, a series
of experiments is conducted in the real world to evaluate
the performance of the algorithm, including dark indoor long
corridors and underground mines. In both public datasets and
real-world experiments, we compare the proposed LIVER
with LVI-SAM [9] (LiDAR+Monocular+IMU), LIO-SAM
[27] (LiDAR+IMU), FAST-LIO2 [28] (LiDAR+IMU), and
VINS-Mono [24] (Monocular+IMU). The experiments in this
section are conducted on a laptop with an Intel i7-11700K
CPU and NVIDIA GeForce GTX 3070 GPU in Ubuntu
Linux.

A. Dataset Comparison

We evaluate the proposed LIVER using M2DGR datasets
[26]. The datasets are collected on a GAEA ground mobile
robot, which contains a Velodyne VLP-32C LiDAR, a Re-
alsense d435i camera, a Handsfree A9 IMU, and a Ublox
M8T GPS (for ground truth).

Most sequences are in poor lighting conditions, and the
results are recorded in Table I. In sequences of poor lighting
conditions, after running for a while, the visual-inertial mod-
ule of LVI-SAM fails, and the degenerate LVI-SAM turns
into a LINS. Since LIVER adopts the image enhancement
algorithm, visual information can normally participate in
tight coupling optimization in these sequences. The root-
mean-square error (RMSE) of all sequences in M2DGR
datasets is shown in Table I, which is evaluated by the

Fig. 6. Left: Dark indoor long corridors - challenges include illumination
changes and straight long corridors. Middle, Right: Underground mine -
challenges include poor lighting conditions, straight long tunnels, self-
similar areas, and low texture. The Middle is the original gray image, and
the Right is the enhanced image.

TABLE I
RMSE OF ATE IN M2DGR DATASETS IN METERS.

Sequence VINS-Mono FAST-LIO2 LIO-SAM LVI-SAM LIVER

gate 01 1.426 0.384 0.146 0.148 0.142
gate 02 fail 0.475 0.327 0.327 0.310
gate 03 7.381 0.333 0.112 0.112 0.117

street 01 fail 0.530 0.843 0.851 0.257
street 02 fail 2.858 3.844 3.844 2.835
street 03 7.470 0.380 0.140 0.138 0.136
street 04 fail 3.866 1.038 1.039 0.591
street 05 fail 0.379 0.405 0.412 0.444
street 06 fail 0.591 0.420 0.423 0.453
street 08 4.762 0.387 0.188 0.191 0.166

The best results are marked in bold. fail means the RMSE of ATE is larger
than 10 meters. Since we find that the ground truth of sequence street 07 is
unreliable, no results for this sequence are given.

absolute trajectory error (ATE)2. LIVER achieves the lowest
average RMSE in most sequences with respect to the GPS
measurements, which are treated as ground truth. The above
results verify that the proposed LIVER is more accurate and
robust.

B. Real-World Experiments

As shown in Fig. 6, the data of the real-world experiments
is collected on an unmanned ground vehicle SCOUT 2.0,
which contains a Velodyne VLP-16 LiDAR, a Realsense
d455 camera, an Xsens MTi-300 IMU, and an Intel NUC
PC.

1) Dark indoor long corridors experiments: The long
indoor corridor is in the Laboratory building of the Nankai
University campus. The datasets are recorded at 10 o’clock in
the evening. There are no lights in some areas of the corridor
and the lighting conditions are very poor, as shown on the
left of Fig. 6. The scenario is similar to the underground
mine, which is the presence of long corridors.

We start and end the data-gathering process at the same
position to validate end-to-end translation and rotation errors,
as provided in Table II. The trajectories of all methods
are shown in Fig. 8. The lowest end-to-end translation and
rotation errors are achieved by LIVER. Note that the loop

2https://github.com/MichaelGrupp/evo
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Fig. 7. Point cloud map of LIVER, LIO-SAM, LVI-SAM, and FAST-LIO2 from underground mine experiment. The map of VINS-Mono is not shown
due to its failure to generate meaningful results. The map of LIVER is the most regular and the most accurate in length.
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Fig. 8. Trajectories of LIVER, LIO-SAM, LVI-SAM, FAST-LIO2, and
VINS-Mono in the dark indoor long corridors experiment.

TABLE II
END-TO-END TRANSLATION AND ROTATION ERRORS

Error type VINS-Mono FAST-LIO2 LIO-SAM LVI-SAM LIVER

Translation (m) fail 41.894 3.147 2.949 2.683
Rotation (degree) fail 7.580 4.227 7.493 3.784

The best results are marked in bold.

closure detection is disabled for all methods in this test to
validate the system in a pure odometry mode.

2) Underground mine experiment: We test the robustness
of the proposed algorithm in the underground tunnel shown
in the middle and right of Fig. 6, which is challenging due
to the presence of self-similar tunnels and extremely dark
environments. The lack of illumination is compensated by
handheld light sources, which can only provide poor lighting
conditions. In this experiment, the robot first moves along
the direction of the tunnel to its endpoint and then returns to
the starting point. Note that the robot keeps moving forward,
without moving backward, in this experiment.

In this experiment, we set rth = 100, xth = 0.05. Fig.
7 shows the mapping results of four methods with LiDAR.
There is apparent LiDAR degeneracy in the map of LIO-
SAM, which is much shorter than the actual tunnel length
and is severely disorderly. On the other hand, LVI-SAM fails
to position and map. FAST-LIO2 is completely degenerate
and its mapping result is invalid. The map built by LIVER
is the most regular and the most accurate in length.

The position results of all methods are shown in Fig. 9.
The estimated position of LIVER is that the robot keeps
moving forward. The marked parts in the estimation of x
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Fig. 9. Position results of all methods in underground mine experiment.
Top, Mid: The results of LIO-SAM are degenerate in the marked part.
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Fig. 10. Trajectories of all methods in the underground mine experiment.
The trajectory of LIO-SAM is much shorter than LIVER because of degen-
eracy. LVI-SAM and FAST-LIO2 fail to obtain effective pose estimation.

and y DOF show that LIO-SAM is degenerate, the estimated
pose moves back and forth. The trajectories of all methods
are provided in Fig. 10. The trajectory length of LIVER is
the most consistent with the actual length. However, the
trajectory length of LIO-SAM is much shorter than the
actual length because of degeneracy. LVI-SAM and VINS-
Mono receive low-quality images without processing, hence
VINS-Mono and the subsystem VIS of LVI-SAM fail to
complete positioning. Moreover, LVI-SAM cannot handle
the degeneracy of LiDAR. Hence, LVI-SAM fails to obtain
effective pose estimation. Similarly, FAST-LIO2 obtains poor
results without considering LiDAR degeneracy.



TABLE III
RATES OF INLIER VISUAL FEATURES - AVERAGE [%] (VARIANCE [%])

Sequence gate 01 gate 02 gate 03∗ street 01 street 02∗ corridor

LVI-SAM 95.52(29.7) 93.56(60.5) 97.69(4.4) 86.13(245.3) 95.63(8.2) 95.77(110.5)

LIVER 95.54(15.0) 95.22(14.6) 96.72(6.0) 91.70(20.9) 94.30(13.5) 96.40(12.7)

Sequence street 03 street 04 street 05 street 06 street 08 mine

LVI-SAM 76.24(403.7) 89.50(122.6) 90.45(127.3) 94.40(43.4) 80.94(374.7) 91.49(82.9)

LIVER 90.49(24.6) 92.64(9.1) 91.96(10.1) 94.06(8.4) 91.14(23.1) 95.84(16.1)

The best result are marked in bold, indicating more stable feature extraction and tracking.
∗ are sequences in good lighting conditions, corridor denotes the dark indoor long
corridors experiments, mine represents underground mine experiment.

C. Analysis

The key benefit of using the lighting enhancement deep
network is increased inlier visual features. Table III shows
the rates of inlier visual features for LVI-SAM and LIV-
ER. The VIS of LVI-SAM is adopted from VINS-Mono,
hence the results of VINS-Mono are not given. On most
poor lighting conditions datasets, LIVER with illumination
enhancement can extract more inlier visual features. Hence,
optical flow tracking is more stable.

In the underground mine experiment, the angle between
the x-axis of the robot and the direction of the tunnel is
−2.67◦, as shown in Fig. 10. Hence, the degenerate direction
of LIO-SAM is a vector consisting of x and y DOF. As
shown in Fig. 9, the estimation results of LIO-SAM in the
y-axis are degenerate.

VIII. CONCLUSIONS

In this paper, we propose a tightly coupled LiDAR-inertial-
visual state estimator with high robustness for underground
environments. Our approach presents novel solutions to LIV
fusion initialization and robust sensor degeneracy handling.
These features allow for robust estimation in extreme under-
ground environments. We show comparable performance to
state-of-the-art open-source LIVO systems in typical condi-
tions and superior performance in extreme conditions, such
as underground mines. In future research, we are interested
in multi-robot mapping in underground environments and
deep learning-based visual feature detection in poor light-
ing conditions. Moreover, we will study threshold adaptive
adjustment strategies for the degeneracy handling approach
to improve the versatility of the algorithm.
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