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Point-Line LIVO Using Patch-Based Gradient
Optimization for Degenerate Scenes

Tong Shi , Kun Qian , Member, IEEE, Yixin Fang , Yun Zhang , and Hai Yu

Abstract—Simultaneous localization and mapping based on 3-
D light detection and ranging (LiDAR) tends to degenerate in
structural-less environments, leading to a distinct reduction in
localization accuracy and mapping precision. This article proposes
a point-line LiDAR-visual-inertial odometry (PL-LIVO) based on
the system implementation of FAST-LIVO for robust localization
in LiDAR-degenerate scenes. The key idea is integrating both
points and lines into the proposed direct visual odometry subsys-
tem (PL-DVO). By minimizing the patch-based gradient residuals
for state optimization, PL-DVO provides additional constraints
complementary to LiDAR. Furthermore, a LiDAR map assisted
visual features depth extraction (LM-VDE) method is proposed
to recover 3-D positions of visual features by mapping them onto
the 3-D planes of the LiDAR map. This method is independent
of the single scan’s density and notable for superior generalization
across various LiDAR sensors. Extensive experiments on both pub-
lic datasets and our datasets demonstrate that PL-LIVO ensures
robust localization and outperforms other state-of-the-art systems
in LiDAR degenerate scenes.

Index Terms—SLAM, localization, mapping, lidar-inertial-
visual odometry, patch-based gradient optimization.

I. INTRODUCTION

S IMULTANEOUS localization and mapping (SLAM) stands
as a crucial technique for real-time localization and 3-D

reconstruction in unknown environments. 3-D light detection
and ranging (LiDAR) based SLAM [1], [2], [3] systems have
been widely employed in automatic robots, due to their ability
to provide accurate state estimation and dense 3-D map. How-
ever, for some real-world applications such as inspection robots
working on construction sites [4] and automatic vehicles driving
through tunnels [5], LiDAR-based SLAM tends to degenerate
in unconstrained directions (e.g., the direction of the tunnel
extension). Consequently, the significant drop in localization
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Fig. 1. localization and mapping result of PL-LIVO under the stairs_02
sequence. In this sequence, there was a significant exposure change when
the operator entered indoors from outside. Moreover, challenging degeneration
occurred when the operator was moving upstairs and downstairs, attributed to
the limited FoV of the LiDAR scan.

accuracy disqualifies the system from practical application. This
problem becomes more serious when the LiDAR has a small
field of view (FoV) [6].

To improve the system performance in challenging scenes,
many studies [7], [8] fuse the additional Inertial Measurement
Unit (IMU) measurements which provide high-frequency mo-
tion data. Furthermore, by integrating visual point features of
the image, several LiDAR-inertial-visual odometry (LIVO) sys-
tems [9], [10], [11] demonstrate their robust pose estimation
capabilities in LiDAR-degenerate scenes. However, there are
still challenges for current LIVO systems to handle degenerate
environments: (1) the visual subsystems of previous methods
rely heavily on the brightness invariance assumption, which is
prone to be disrupted by significant exposure change and camera
lens flare; (2) abundant line features in man-made environments
can provide effective constraints, but remain underutilized; (3)
most existing LiDAR-assisted visual feature depth extraction
methods require the high density of LiDAR scans. These meth-
ods adapt poorly to relatively sparse scans from multi-line
spinning LiDAR sensors.

To overcome the aforementioned limitations, we propose
PL-LIVO, a point-line LIVO modified from FAST-LIVO [11],
using patch-based gradient optimization for degenerate scenes.
The key idea is integrating points and lines in the direct visual
odometry subsystem to enhance pose estimation. Specifically,
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a novel patch-based gradient residual is conducted to overcome
the frequent exposure change, and a novel LiDAR-assisted depth
extraction method for visual features is proposed to improve
the generalization across various LiDAR sensors. The detailed
contributions are listed below:

1) We propose a Direct Visual Odometry subsystem integrat-
ing both Points and Lines (PL-DVO) by minimizing the
patch-based gradient residual. This residual holds higher
adaptability to illumination changes based on the gradi-
ent invariance assumption. A rectangular patch pattern
aligned with line direction is designed for line features,
enabling searching more informative pixels and establish-
ing more accurate patch associations between different
images.

2) We propose a novel LiDAR Map assisted Visual features
Depth Extraction (LM-VDE) method by mapping 2-D
visual features onto the 3-D planes of the LiDAR map,
rather than directly fitting 3-D positions with the LiDAR
scan points. Thus LM-VDE is independent of the scan’s
density and generalizes better across different LiDAR
sensors.

3) Extensive experiments are conducted on general datasets
(e.g., NTU VIRAL [12] Dataset) and degenerate datasets
(collected in degenerate scenes by R3LIVE [10], FAST-
LIVO [11], and our platform as Fig. 5 shows). Results
show that our system achieves competitive performance
in general scenes and outperforms other state-of-the-art
(SOTA) methods in LiDAR-degraded scenes.

II. RELATED WORKS

A. LiDAR-Visual-Inertial Odometry

The integration of multiple sensors in LiDAR-visual-inertial
SLAM systems mitigates individual sensor’ degradation. LVI-
SAM [9] incorporates depth information from LiDAR measure-
ments to visual points and utilizes the pose estimated from the
visual-inertial subsystem to initialize LiDAR scan matching.
R2LIVE [13] integrates data from LiDAR, IMU, and camera
within a filter-based framework. These two systems employ KLT
optical flow to track feature points and conduct re-projection
errors for the visual constraints. R3LIVE [10] enhances the
system’s state estimation by minimizing the photometric error
between tracked points and the map. FAST-LIVO [11] reuses
LiDAR points as visual features to enhance real-time perfor-
mance.

Since line features are less sensitive to large viewpoint
changes [14] and can provide more geometric constraints [15],
many studies focus on integrating line features into the visual
subsystem to introduce additional information. Huang et al. [16]
utilized line features in LiDAR-visual odometry by constructing
point-to-line re-projection residual on the image. They proposed
a method for line depth extraction by minimizing 3-D point-
to-line distance and 2-D re-projection distance. Cao et al. [17]
built a spherical coordinate system to associate the geometric
features from the visual and LiDAR subsystems, thus enabling
the reconstruction of line segment depths. However, these depth
extraction methods rely on the high density of LiDAR scans. In
contrast, our proposed LM-VDE employs the 3-D planes stored
in the LiDAR maps, requiring limited steps, and performing bet-
ter adaptation to relatively sparse LiDAR sensors (e.g., 16-line
spinning LiDAR).

Fig. 2. System overview of the proposed PL-LIVO. This system comprises 4
basic modules: Proprocessing, Data Association, Feature Generation, and Map
Manager. The measurements are fused based on an iterated error-state Kalman
filter.

B. Direct Visual Odometry

Direct methods [18], [19], [20] are among the most widely
used approaches for estimating pose in visual odometry. Unlike
feature-based methods that require extracting salient feature
points and generating robust feature descriptors, direct methods
select the gradient pixels and construct photometric errors, per-
forming more robustly in low-texture scenes. DVL-SLAM [21]
projects LiDAR scan onto the image and selects those with
high-gradient to construct photometric residuals between image
frames. PL-SVO [22] extends the direct method to line features
by distributing points uniformly along each line segment, thus
obtaining additional constraints in the structured scenes. Fang
et al. [23] utilized depth measurements from the LiDAR scan
to recover the positions of visual points and visual lines. Dif-
ferent from these visual-like systems, FAST-LIVO [11] tightly
incorporates image-to-map alignment, LiDAR scan registration,
and IMU measurements, improving the system’s robustness in
challenging environments.

These methods rely on the strict assumption of brightness
invariance, which will be compromised by frequent exposure
changes and camera lens flare (e.g., indoor-outdoor scenes).
Some studies mitigate this issue by online photometric calibra-
tion [24], [25], but these methods introduce additional compu-
tation costs. Differently, we design a patch-based gradient opti-
mization method that is established on a less strict assumption
of gradient invariance, thereby enhancing the robustness of the
method in environments with varying illumination. Moreover,
a rectangular patch is designed for the visual line and aligned
with the line direction, hence the corresponding patches between
frames can be associated along the line.

III. SYSTEM OVERVIEW

Fig. 2 depicts the system overview of our proposed PL-LIVO.
This system comprises a backbone LiDAR-inertial odometry
(blue and gray components) and a direct visual odometry subsys-
tem PL-DVO (red component). Our proposed LM-VDE (green
component) method is employed to extract all visual features’
depth. We illustrated the details of PL-DVO and LM-VDE in
Fig. 4. The data of IMU, LiDAR, and camera are tightly coupled
at the observation level.
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Fig. 3. Image-based Data Alignment. As (a) shows, the LiDAR scan is treated
as a points stream (green and blue points from different scans). Points within
the interval of two consecutive images (the red dotted box) are gathered as a
new scan. As (b) shows, an aligned unit is generated with the new scan and the
current image.

Initially, the input data from LiDAR and camera are fed
into the Preprocessing module for data alignment and feature
extraction, resulting in an aligned unit for the following steps.
Concurrently, the IMU data is gathered for state propagation.
Then, the aligned unit is utilized to construct observation resid-
uals in the Data Association module. In detail, the point-to-plane
residual is calculated for each LiDAR scan point, while the
patch-based gradient residual is computed for each visual feature
within the camera’s FoV. In particular, the lines’ patch pattern
is shaped as a rectangle aligned with the line direction. All
residuals are weighted by different factors and subsequently
employed to update the state in an error-state Kalman filter
framework. Furthermore, the Feature Generation module recov-
ers 3-D coordinates of all extracted 2-D visual features by our
proposed LM-VDE method. Additionally, the current LiDAR
scan points are transformed into the world frame. These new
features are then registered to the Visual Map and the LiDAR
map respectively for further feature association and residual
computation. Old features will be removed to limit memory
usage.

IV. METHODOLOGY

A. Preprocessing

The Preprocessing module operates on the input data and
generates aligned units for subsequent modules. Unlike most
current methods [11], [13] that update state when receiving each
data from LiDAR or camera, we conduct an image-based data
alignment that supports joint optimization simultaneously. As
Fig. 3(a) shows, the LiDAR scan is treated as a stream of points
(green points from the last scan and blue points from the current
scan). Points within the interval of two consecutive images (in
the red dotted box) are collected as a new LiDAR scan, and then
down-sampled and undistorted to the time of the current image.
The new LiDAR scan and current image are packed as an aligned
unit as Fig. 3(b) shows. Besides, point and line features on the
image are detected by [26], [27] and the gradient magnitude of
the pixels on the image is extracted by the Sobel operator for
further computing gradient residuals.
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The IMU data corresponding to the aligned unit (within the red
dotted box in Fig. 3(a)) is gathered for state propagation. Here
we define the system ground truth state x, error state δx, IMU
input u, and noise w as (1). W and b are the world frame and the
IMU (body) frame, respectively. Wqb, Wvb, and Wpb denote the
body rotation, velocity, and position, while ba and bg represent
the IMU biases. Wg signifies the gravity in the world frame. The
terms in δx are error states relative to those in x. w consists of
measurement noises of IMU input u and random walk noises of
IMU biases.

Using the IMU measurements as input, the nominal state
x̂, the error state δx, and the corresponding covariance matrix
P̂ is propagated using a discrete-time kinematic model as (2).
f(x̂k,uk), F k, Ck, and Qk are detailed in [28]. This propaga-
tion imposes a prior normal distribution of xk as (3).

x̂k+1 = f (x̂k,uk)

δxk+1 = (I + F kΔt) δxk + (CkΔt)w

P̂ k+1 = (I + F kΔt) P̂ k (I + F kΔt)T

+ (CkΔt)Qk (CkΔt)T (2)

xk − x̂k = δxk ∼ N
(
0, P̂ k

)
(3)

B. Patch-Based Gradient Residuals for Visual Features

For each visual feature within the image FoV, its 3-D position
is projected from the visual map onto the current image to es-
tablish a 2-D feature association with the corresponding feature
on the reference image. Subsequently, the patch association
around the 2-D feature is performed by extracting a patch P
on the current image and calculating the aligned patch Q on
the reference image. The pixel-wise differences between the
associated patches are computed as the visual residual. Unlike
conventional methods that gather the pixels on the grayscale
image and calculate photometric residuals, we collect the pixels
on the gradient image as Fig. 4(b) shows, which implies that
PL-DVO operates under the gradient invariance assumption.
This choice is motivated by the fact that exposure changes alter
the brightness of the entire image, but have little effect on the
relative brightness between the adjacent pixels. Therefore, the
gradient of pixels is more stable when illumination changes.

Fig. 4(b) depicts the image patch patterns of visual points and
lines. The point patch is a common 2a× 2a square shape while
the line patch is shaped as an a× 4a rectangle whose 4a side is
aligned with the line direction. This line patch enables selecting
more pixels with informative gradients and helps to associate
the corresponding pixels between frames.

Given the ground truth state xk, the visual map MV and the
current gradient image Ik, the patch-based gradient residuals
for visual features can be calculated as Algorithm 1 outlines.

For each visual point P i (lines 2–8) within the FoV of Ik, we
can get its pixel coordinate on Ik and extract its patch Pi (line
4). As Fig. 4(a) shows, the associated patch Qi on the reference
image is calculated through an affine transformation Ai to align
with Pi (line 5). The pixel-wise difference between the aligned
patches is defined as the visual point residual rP which should
be zero and can be calculated as (4):

rP (xk,Pi) = Pi −AiQi = Dp
(
π
(
CTWPi

))−AiQi

(4)
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Fig. 4. Overview of the proposed PL-DVO. The proposed patch-based gradient residual for points and lines is constructed as (a). The utilized patch pattern is
designed as (b). (c-f) depict the proposed LM-VDE method for extracting the depth of visual features.

Algorithm 1: Patch-Based Gradient Residuals.

where π(•) is the camera projection model and Dp denotes
the operation to extract the neighbor pixels within the 2a× 2a
square on the gradient image. CTW represents the transforma-
tion from the world to the camera frame, which is computed
from the extrinsic CT b and the rotation and position state.

For each visual line Li (lines 10-19) within the camera FoV,
n points {lm} has been sampled on Li when it was extracted
(see Section. IV-D). We extract the neighbor pixels of each lm

within an a× 4a rectangle on the gradient image (this operation
is denoted as Dl) to form a line patch Pm (line 13). As Fig. 4(b)
shows, the long side of the rectangle is aligned with the line direc-
tion to cover more pixels with distinct gradients. As depicted in
Fig. 4(a), this also enables calculating the associated reference
patch Qm by orienting it along the line direction without an
affine transformation (line 14). To further improve the patch
alignment, a scaling factor sm that describes the depth ratio of
lm between the current frame and the reference frame should be
employed to scale the Qm. We define the pixel-wise difference
between each pair of Pm and Qm as rl which will then be
accumulated as the line patch residual rL (line 16). rl, rL should
be zero and can be calculated as (5), (6):

0 = rl (xk, lm) = Dl
(
π
(
CTW lm

))− smQm (5)

0 = rL (xk,Li) =
n∑

m=1

rl (xk, lm) (6)

Both residuals will be optimized on a three-level gradient image
pyramid to update the state as detailed in Section. IV-C.

C. LiDAR Observation and State Updates

Our LiDAR map employs VoxelMap [29] that stores a collec-
tion of plane features in voxels. Given the ground truth state xk,
the LiDAR local map ML, and the down-sampled LiDAR scan
{pi}, we search for valid point-to-plane matches and calculate
the LiDAR observation residual rL(xk,pi) following [29]. rL
is subject to a normal distribution N (0,ΣL).

By combining the prior state distribution (3) with observation
distributions of LiDAR points and visual features (4) (6), we
derive the maximum a posteriori estimation for xk as (7):

min
xk∈M

(
‖xk − x̂k‖2P̂ k

+

mL∑
i=1

‖rL (xk,pi)‖2ΣL

+

mp∑
i=1

‖rP (xk,Pi)‖2ΣP +

ml∑
i=1

‖rL (xk,Li)‖2ΣL

)
(7)

where ‖x‖2
Σ̂
= xTΣ−1x. ΣP and ΣL are two pre-defined fac-

tors to weigh rP and rL during the optimization. mL LiDAR
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Algorithm 2: LM-VDE: LiDAR Map Assisted Visual Fea-
tures Depth Extraction.

points, mp visual points, and ml visual lines are fused to opti-
mize the state xk.

This optimization is solved by an iterated error-state Kalman
filter, starting from the top pyramid level with the lowest resolu-
tion and progressing to subsequent levels. Since the propagated
state provides the initial pose for visual patch alignment, all
levels undergo only a single iteration, except for the bottom
level, which undergoes two iterations using the high-resolution
image. During each iteration, residuals from LiDAR and visual
observations are computed using the progressively optimized
state to perform the current optimization.

D. LM-VDE and Map Update

A local visual map MV is dynamically updated by inserting
new visual features that enter the image and removing the
features that exit the image. The depth of the new detected visual
features is extracted by our proposed LM-VDE method. This
method leverages the down-sampled LiDAR scan Lk to index
3-D planes from the local LiDAR map ML, then maps the
2-D visual features on the 3-D planes. The visual points and
lines that lie on the 3-D planes feature stable backgrounds and
maintain relatively stable gradient distribution across different
viewpoints, making them suitable for constructing residuals. We

discuss LM-VDE in Algorithm 2 and detail it in the following
paragraphs.

For each detected point p (lines 4-11), as Fig. 4(f) shows, its
3-D coordinate PC in the camera frame can be calculated along
the projective line using (8). The depthz is ambiguous and needs
to be solved. Initially, we project Lk onto the image and perform
the nearest neighbor search to get the nearest scan point pL as
Fig. 4(c)–(d). pL is then employed to index the leaf voxel from
the LiDAR map ML as Fig. 4(e) (lines 5–6). Subsequently,
if the minimum eigenvalue of all contained points in the leaf
voxel is larger than a threshold, indicating a satisfactory plane
πP stored in it, we can formulate the relation that P lies on πP
as (9) to solve z (Fig. 4(f) and line 7). At last, PC is recovered
by (8) and transformed to the world frame P using xk (lines
8–10).

PC =

⎡⎣z (px − cx) /fx

z
(
py − cy

)
/fy

z

⎤⎦ (8)

(
WTCPC − c

) · nT = 0 (9)

The term fx, fy , cx, and cy denote camera intrinsic. c and n
represent the center point and the normal of πP .

The methodology for point depth extraction is extended to
recover line depths (13–23). For each detected line e1e2 on the
image, its 3-D position L is parametrized with the endpoints E1

and E2 in the world frame. As Fig. 4(c-d) shows, we uniformly
sample n 2-D points {em} on e1e2 and search their nearest
LiDAR points. These points are utilized to indexn related planes
{πLm

} from ML (Fig. 4(e) and lines 14–18). Subsequently, a
RANSAC is performed on {πLm

} to fit a new plane πL on
which L is expected to lie (Fig. 4(f) and line 19). Similar to the
last paragraph, we can solve the depth of two endpoints e1 and
e2 by (9) and recover their 3-D coordinates in the camera from
by (8). At last, we transform the endpoints to the world frame
using xk to parameterize L (lines 20–22). Moreover, n 3-D
points {lm} with the maximum Shi-Tomas score are sampled
on L, and these points will be utilized to construct patch-based
line residuals as Section. IV-B.

Using the updated state xk, we re-transform the down-
sampled LiDAR scan Lk to the world frame and compute their
covariances following [29]. Then, these points are inserted into
the LiDAR map ML while those oldest voxels are removed.

V. EXPERIMENTS

In this section, we compared our proposed PL-LIVO with
SOTA odometry systems in general scenes and challenging
degenerate scenes. The generalization of our proposed LM-VDE
was also verified on a relatively sparse 16-line spinning LiDAR
sensor. All experiments were conducted on a computer equipped
with an Intel i5-1135G7 CUP and a 16GB RAM. Moreover, we
collected a dataset in degenerate scenes using the platform as
Fig. 5 shows, which comprised a Livox Avia LiDAR sensor
(with a built-in IMU) and an industrial camera. All sensors
were hard-synchronized following FAST-LIVO2 [30]. We em-
pirically set the parametera of the visual patch pattern to 4 pixels
to adequately cover the gradient distribution near the visual
features. Both factors rP and rL that weight the patch-based
visual residuals during state optimization were pre-defined as
100. We employed a 3-level gradient image pyramid, performing
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Fig. 5. Our platform with two usage configurations: (a) handheld and (b) robot-
mounted. The LiDAR and the camera are hard synchronized with homogenous
PWM signals.

TABLE I
ABSOLUTE TRAJECTORY ERRORS (ATE, METERS) ON

NTU-VIRAL SEQUENCES

pose optimization for each aligned unit over 4 iterations to ensure
convergence.

A. Accuracy Evaluation on the NTU VIRAL Datasets

Quantitative experiments were conducted on the 9 sequences
of the public dataset NTU-VIRAL [12], which provided the
ground truth of the trajectory captured by the Leica laser tracker.
We compared our proposed PL-LIVO with several open-sourced
SOTA odometry methods, including two LiDAR-inertial odom-
etry, FAST-LIO [8] and VoxelMap [29], and two LiDAR-inertial-
visual odometry, R3LIVE [10] and FAST-LIVO [11]. For a fair
comparison, we unified the voxel size of the downsampling filter
as 0.2 m for indoor scenes (nya_xx) and 0.5 m for outdoor
scenes (eee_xx and sbs_xx). The grid sizes of the LiDAR map
were unified as 0.4 m and 1.0 m for indoor and outdoor scenes,
respectively. Other parameters in each system were set as the
default values.

We recorded the trajectories of the IMU frame and calculated
the absolute trajectory error using the official evaluation tools
provided by NTU-VIRAL [12]. The results are depicted in
Table I. The LiDAR subsystem of PL-LIVO is the same as Vox-
elMap [29], which achieved higher accuracy than FAST-LIO [8]
on 6 of 9 sequences owing to its adaptive and coarse-to-fine voxel
construction. Unexpectedly, the performance of two LiDAR-
inertial systems surpassed the two LiDAR-inertial-visual sys-
tems. The reason is that R3LIVE [10] and FAST-LIVO [11]
updated the state with each received measurement (LiDAR
scan or image), so the image blur would significantly influence
the pose estimation without the constraints from LiDAR. In

contrast, beneficial from the image-based data alignment, PL-
LIVO jointly updated the state with tightly coupled constraints
from both LiDAR and image. Moreover, the proposed PL-DVO
enhanced the system’s accuracy because visual line features
introduced more effective constraints. Consequently, PL-LIVO
achieved the highest accuracy on 8 out of 9 sequences.

B. Robustness Evaluation on the Degenerate Datasets

We evaluated the robustness of PL-LIVO on several degen-
erate datasets including 5 public sequences and 6 our collected
sequences. For all the testing sequences, the start point and the
end point were the same. Thus we used the start-to-end drift
error (distance between the first and the last pose) to evaluate all
the candidate methods. The results are listed in Table II.

FAST-LIO [8] and VoxelMap [29] exhibited noticeable drift
errors on all sequences because LiDAR provided insufficient
constraints in degenerate directions. While FAST-LIVO [11] and
R3LIVE [10] mitigated degradation and reduced drifts in several
sequences by incorporating constraints from visual points, they
still encountered significant drifts in certain sequences. For
instance, R3LIVE [10] performed poorly in LiDAR_Degenerate
where the Livox Avia LiDAR sensor faced a tiled wall with
repetitive texture. This is due to the low image sampling fre-
quency (10 Hz) resulting in the significant disparity between
consecutive frames. Consequently, the optical flow tracking fell
into local minima, imposing erroneous visual constraints on pose
estimation. FAST-LIVO [11] yielded unsatisfactory results in
degenerate_00 where the LiDAR sensor faced the ground and
moved aggressively. This issue arises from the LiDAR sensor’s
proximity to the ground, leading to a restricted field of view
and insufficient LiDAR-projected points to complement the
visual features. Another factor resulting in FAST-LIVO’s limited
performance in degenerate_xx is the lack of hardware syn-
chronization in these sequences. On our collected challenging
dataset, both FAST-LIVO [11] and R3LIVE [10] exhibited sub-
optimal performance due to the low camera sampling frequency
(10 Hz), along with aggressive motion and significant exposure
variations. Compared to these methods, our proposed PL-LIVO
extracts sufficient visual features (points and lines) and recovers
their 3-D positions through LM-VDE. Additionally, it constructs
more robust visual constraints by leveraging the gradient image
pyramid. As a result, it achieved the highest accuracy in 10
out of 11 sequences. Notably, its start-to-end drift errors across
all testing sequences were less than 0.1m, while other meth-
ods showcased fluctuating levels of drifts throughout different
sequences. This demonstrates the robustness of PL-LIVO in
handling degenerate environments.

We conducted an ablation study to verify the beneficial effect
of the proposed patch-based gradient residuals and visual line
features. As shown in Table II, two variants of PL-LIVO were
tested: P-LIVO (only visual points) and L-LIVO (only visual
lines). We employed the illumination residuals (brightness in-
variation) and the proposed gradient residuals (gradient invari-
ation) for each variant. The result shows that those adopting
gradient residuals achieved lower drifts on 9, 10, and 11 out of 11
sequences. Using the same visual residual, P-LIVO performed
higher accuracy than L-LIVO on 6, 7 out of 11 sequences
because the points were more common than lines and provided
more visual constraints. PL-LIVO outperformed both variants
on all sequences due to the complementary constraints from
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TABLE II
START-TO-END DRIFT ERRORS (METERS) ON DEGENERATE SEQUENCES

Fig. 6. Localization and mapping result of PL-LIVO under the degenerate_00
sequence. In this sequence, the LiDAR experienced degradation while oriented
towards the ground. Due to the constraints provided by the gradient residuals
of visual points and lines, PL-LIVO achieved stable localization and accurately
returnd to the origin.

visual points and lines, illustrating the benefit of additional line
features for pose estimation.

Fig. 1 demonstrates that PL-LIVO achieved stable local-
ization and high-precision mapping despite significant expo-
sure changes, LiDAR degradation, and IMU fluctuations in the
stairs_01 sequence. Fig. 6 demonstrates the robust localization
and mapping capabilities of PL-LIVO in the degenerate_00
sequence, even with severe LiDAR degradation and a highly
constrained field of view. Additionally, Fig. 6(a)–(b) depicts the
2-D visual lines and points on the gradient image, while Fig. 6(c)
shows their corresponding 3-D points and lines.

Fig. 7. Line map constructed by Huang et al. [16] and LM-VDE.

C. Line Depth Extraction Method Evaluation

To demonstrate the generalization of our proposed LM-VDE
across different LiDAR sensors, we compared LM-VDE with
the depth extraction method proposed by Huang et al. [16].
Since Livox LiDAR scans were of high density, both LM-
VDE and [16] could recover the depth of most detected lines.
However, the extraction task became more challenging when
dealing with relatively sparse scans from the spinning LiDAR.
For this evaluation, we visualized and compared the line map
constructed using both two methods on the NTU-VIRAL [12]
eee_01, nya_01, and sbs_01 sequences. The results, depicted in
Fig. 7, indicate that LM-VDE recovered more lines than [16].
This discrepancy illustrates LM-VDE’s superior adaptability to
relatively sparse LiDAR data, highlighting its generalization
across diverse LiDAR sensors.

D. Time Consumption Evaluation

In this section, we evaluate the average processing time of
the full PL-LIVO system on our collected dataset, including
indoor and outdoor environments. The average processing time
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TABLE III
AVERAGE PROCESSING TIME (MILLISECONDS) ON OUR COLLECTED DATASET

of PL-LIVO per aligned unit is 57.3 ms, whereas FAST-LIVO
[11] achieves a processing time of 49.3ms. This additional
computational overhead arises from the extraction of 2-D visual
features and the reconstruction of their 3-D positions. Neverthe-
less, our system maintains real-time performance and improves
robustness in degenerate environments. We further detail the
average processing time of PL-LIVO in Table III.

VI. CONCLUSION

In this letter, a point-line LiDAR-visual-inertial odometry
(PL-LIVO) is proposed that outperforms previous methods
in mitigating LIDAR degeneration. The patch-based gradient
optimization improves the robustness of the method against
exposure changes and lens flare. A LiDAR map assisted visual
features depth extraction (LM-VDE) method is also proposed to
recover the 3-D coordinates of visual lines, resulting in superior
adaption to relatively sparse LiDAR data as well as more line
features being recovered. Comparative evaluations demonstrate
that PL-LIVO achieves higher accuracy in general environments
and superior robustness in challenging degenerate scenes. In
practical applications, PL-LIVO can be used for inspection
robots or handheld mapping equipment working in challenging
environments. However, it is worth mentioning that PL-LIVO
requires high-precision calibration results between the camera
and liDAR. For future works, we plan to extend our research by
introducing online extrinsic calibration utilizing point and line
features, thereby creating a more application-friendly system.
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