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Abstract—Robust and accurate LiDAR odometry is
crucial for enabling reliable navigation and mapping for
autonomous robots in perceptually challenging environments,
such as long corridors, tunnels, and open squares. This article
proposes a novel geometry-intensity fused LiDAR–inertial
odometry (LIO) framework that enables accurate localization
in geometrically degenerate environments. Different from the
existing methods, the key insight of the proposed method is that
the redundancy-degeneracy-aware geometric measurements are
fused with complementary intensity measurements to construct
degeneracy-optimization constraints. This ensures that the
system state is updated along the higher information directions,
thus enhancing localization accuracy and system robustness. In
particular, the novel geometric measurement model is proposed
to minimize redundancy in scan-to-map matches and indicate
nondegenerate directions for state optimization. In addition, the
probabilistic adaptive voxel map is leveraged for more accurate
geometric measurements and degeneracy detection. When
the above geometric measurements and the complementary
intensity measurements are both available, the joint update
of the constrained iterative extended Kalman filter (CIEKF)
is performed to obtain the state estimation. Comparative
experiments on public datasets are conducted to demonstrate
the superior performance of the proposed odometry in terms
of localization accuracy and map consistency, particularly in
degenerate environments, such as long tunnels and flat fields.

Index Terms—Constrained state estimation, geometry-intensity
fusion, LiDAR–inertial odometry (LIO).

I. INTRODUCTION

L IDAR–INERTIAL odometry (LIO) serves as a core
technique for navigation and localization in contem-

porary robotics applications [1], [2], [3], [4], [5], [6], [7].
Nevertheless, these systems exhibit critical vulnerabilities in
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geometrically degenerate environments characterized by struc-
tural self-similarity or geometric feature sparsity, such as long
tunnels or spacious terrains. The degenerate geometric mea-
surements in these environments will induce cumulative state
estimation drift or complete localization failure. Therefore,
designing a more robust LIO for these environments is crucial.

The existing degeneracy-robust LIO systems usually inherit
the following two categories: 1) geometric degeneracy-aware
optimization [8], [9], [10], [11], which can detect geometric
degeneracy and construct degeneracy-optimization constraints
of state-update with uninformative directions and 2) LiDAR
intensity-based information augmentation [12], [13], [14],
where the LiDAR intensity measurement model can provide
complementary constraints for robust state optimization. How-
ever, given a challenging degenerate environment, there are
still some problems listed as follows.

1) The intensity-augmented LIO systems [12], [13], [14]
are usually robust, which can integrate complementary
LiDAR intensity information to mitigate the poten-
tial degeneracy in geometric measurements. However,
these methods typically suffer from inaccurate geometric
measurements, which limit the quality of geometric
degeneracy detection. Such limitations deteriorate the
intensity information efficacy, ultimately reducing both
system robustness and localization accuracy.

2) For geometric degeneracy-aware optimization methods,
the key step is to acquire geometric measurements and
construct degeneracy-optimization constraints in state
estimation. However, the geometric measurements in
current systems may contain redundant and inaccurate
measurements, diminishing the effectiveness of the con-
straints. At the same time, the constructed optimization
constraints cannot be seamlessly applied to iterative
extended Kalman filter (IEKF) odometry frameworks.

Motivated by the issues above, we propose a novel
geometry-intensity fused LIO framework that enables robust
and accurate localization in geometrically degenerate environ-
ments. Notably, the novel geometric measurement model from
the information refinement module is proposed to minimize
redundancy and inaccuracy in scan-to-map registration, which
also indicates nondegenerate directions for state estimation.
Meanwhile, the information augmentation module can select
LiDAR intensity image features along degenerate directions to
construct complementary intensity photometric measurements.
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Besides, the probabilistic adaptive voxel mapping frame-
work is leveraged to enable uncertainty-aware environmental
representation for more precise scan-to-map geometric mea-
surements and degeneracy detection. The main contributions
are concluded as follows.

1) A novel geometry-intensity fused LIO framework is pro-
posed for accurate and robust localization in degenerate
environments. In particular, the information refine-
ment module can provide nonredundant geometric
measurements and construct optimization constraints.
The information augmentation module can provide
complementary intensity photometric measurements in
degenerate directions. In addition, a probabilistic voxel
map is leveraged to improve the accuracy of geometric
measurements and degeneracy detection.

2) A redundancy-degeneracy-aware geometric measure-
ment model is proposed to minimize redundancy in
scan-to-map registration and construct optimization con-
straints. In particular, with the pruned LiDAR points
and degenerate directions, we design a Tikhonov reg-
ularization term for scan-to-map registration residual,
and the Hessian matrix of this term is leveraged to
indicate nondegenerate directions in the joint update of
constrained iterative extended Kalman filter (CIEKF).

3) The proposed system is evaluated on public datasets,
which significantly outperforms the state-of-the-art
methods. In addition, the ablation experiments on the
Enwide dataset prove that the information refinement
module can improve localization accuracy in degenerate
environments.

The remainder of this article is organized as follows. In
Section II, related work is introduced. The proposed frame-
work and methodology are detailed in Sections III and IV,
respectively. Section V presents experiment results and anal-
ysis. Section VI concludes this article.

II. RELATED WORK

Current LIO methods can be broadly categorized into two
main routes: deep learning-based approaches and traditional
approaches. Using the data-driven paradigm, learning-based
methods can enhance robustness in degenerate environments,
especially for feature extraction and fusion. However, these
methods typically involve heavy neural networks, leading to
high computational complexity and memory consumption.
As a result, they usually fail to satisfy the strict real-time
constraints required in industrial and robotic navigation appli-
cations [15], [16]. Therefore, current methods still heavily rely
on hand-crafted geometric features and constraints. Accord-
ingly, our study continues to follow the traditional technical
route.

A. LiDAR–Intertial Odometry

Point cloud registration is a key step for LIO systems.
Feature-based approaches are classical algorithms, such as
LOAM [17], extracting edges and planes in the point cloud
for registration, and LEGO-LOAM [18] improving LOAM by
introducing ground segmentation. However, pose estimation
based solely on geometric feature extraction and matching

is prone to failure in challenging environments or during
aggressive motion.

Incorporating inertial measurement units (IMUs) data into
LiDAR-based odometry can enhance localization robustness
and accuracy. LIO-SAM [19] is a popular optimization-based
method, which optimizes system state in a factor graph with
LiDAR odometry factor and IMU preintegration factor [20].
However, such methods are time-consuming. Therefore, filter-
based methods have become more popular. FAST-LIO2 [1]
reformulates the Kalman gain and utilizes raw LiDAR points
for registration, achieving state-of-the-art localization accuracy
and real-time performance. Similarly, Point-LIO [21] proposes
a novel point-by-point LIO framework to increase the odom-
etry output rate and improve robustness in aggressive motion.
For more accurate point cloud registration, VoxelMAP [22]
designs a novel probabilistic voxel map for environment pre-
sentation. Although robustness of these methods is enhanced
through fusion with IMU data, LiDAR–inertial systems con-
tinue to experience drifts or failures due to reliance on LiDAR
measurements, which exhibit inherent geometric degeneracy.

B. Degeneracy-Robust Odometry

To address the degeneracy issues for LiDAR-based odom-
etry systems, many approaches have been proposed. The
integration of visual and other sensor data can enhance the
robustness of SLAM systems [23], [24], [25], [26]. However,
these methods rely on additional sensor configurations and
increase system complexity.

For LIO systems, some methods demonstrate improved
robustness with a geometric degeneracy-aware optimization
method or LiDAR intensity-based information augmentation
method. Degeneracy detection and constraints construction are
essential steps [11] for geometric degeneracy-aware optimiza-
tion. Zhang et al. [8] propose a degeneracy factor and the
solution remapping method to constrain state optimization.
Based on this, Turcan et al. [9] propose X-ICP to detect degen-
eracy with the correspondence information between source
and target point cloud, which also adds hard constraints
along the degenerate directions to reduce the pose estimation
error. However, imprecise geometric registration limits the
effectiveness of degeneracy detection and constraint construc-
tion. In addition, in some extremely degenerate conditions,
constraints derived only from geometric information are not
enough. Therefore, fusion of LiDAR intensity information
[12], [13], [14] is a viable method. However, these methods
typically suffer from inaccurate environment representation
and geometric measurements, which limit the quality of geo-
metric degeneracy detection. Such limitations deteriorate the
intensity information efficacy, ultimately reducing both system
robustness and localization accuracy.

Although the intensity information fusion strategy in Coin-
LIO [14] and the update mechanism of probabilistic voxel
map [22] introduce additional computational overhead, they
can improve localization accuracy in degenerate environments
while guaranteeing real-time performance. Motivated by this,
a novel geometry-intensity fused LIO framework is proposed,
which enables accurate localization in geometrically degener-
ate environments and preserves real-time performance. The
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redundancy-degeneracy-aware geometric measurements and
complementary intensity measurements are fused to construct
degeneracy-optimization constraints. In addition, the proba-
bilistic adaptive voxel map is leveraged for more accurate
geometric measurements and degeneracy detection.

III. SYSTEM OVERVIEW

Fig. 1 presents the framework of the proposed geometry-
intensity fused LIO, which aims to enhance robustness and
localization accuracy in geometrically degenerate environ-
ments. The system adopts the preprocessing module and
tightly-coupled iEKF presented in the state-of-the-art LIO [1]
and extends it with some core modules, with the full system
comprising the following.

1) Preprocessing Module: Processes raw IMU measure-
ments and LiDAR scans to predict prior states using
previous state estimation, while compensating motion
distortion to generate undistorted point clouds.

2) Information Refinement Module: Selects maximally
informative LiDAR points for scan-to-map registration
by maximizing the entropy of the gradient flow [25],
then calculates the geometric residuals, Jacobian matrix,
and detects the degenerate directions. On this basis,
calculate the Tikhonov regularization term and construct
optimization constraints.

3) Information Augmentation Module: Generates inten-
sity images and extracts image features [14] along
geometrically uninformative directions to construct com-
plementary photometric measurements.

4) Iterated Extended Kalman Filter Module: Utilizes opti-
mization constraints to jointly optimize geometric and
photometric measurements to update system state.

5) Probabilistic Voxel Mapping Module: Implements prob-
abilistic adaptive voxel mapping [20] to provide plane
features for accurate scan-to-map geometric measure-
ments and degeneracy detection.

IV. DEGENERACY-CONSTRAINED STATE ESTIMATION

The section adopts the same iEKF backbone from FAST-
LIO2 [27] and augments its measurement model with
photometric residuals from LiDAR intensity images. However,
the LiDAR–IMU extrinsic parameters (arm-length) in our
system are assumed known, so it not estimated online. First,
we introduce some notations used in this article. G, I, and L
represent the Global, IMU, and LiDAR frames respectively,
the global frame G is the initial pose of the IMU and the
static calibrated extrinsic matrix LTI = (LRI ,

LpI) ∈ S E(3)
from IMU frame to LiDAR frame is known. Taking the IMU
frame as the body frame of reference leads to a continuous
kinematic model

GṗI = GvI ,
Gv̇I = GRI (am − ba − na) + Gg

Gġ = 0, GṘI = GRIbωm − bω − nωc∧
ḃω = nbω, ḃa = nba (1)

where the notation bac∧ denotes the skew-symmetric matrix
of vector a ∈ R̄3 that maps the cross product operation.

The system state is defined on M = S O(3) × R15 as
x � [GR>I Gp>I Gv>I b>ω b>a Gg>]>, whereGRI and GpI denote
the rotation matrix and translation vector of the IMU frame
with respect to the global frame,GvI and Gg are the velocity
of IMU and the gravity in global frame, and ba and bω are the
accelerometer and gyro biases. With this continuous kinematic
model and the system noises. The continuous process noise
covariance matrix Qc is

Qc = diag
�
σ2

aI3, σ
2
ωI3, σ

2
baI3, σ

2
bgI3

�
(2)

where σa is accelerometer white noise density and σω
gyroscope measurement white noise density, and σba and σbg

are bias random-walk spectral densities. These values are reset
based on the LiDAR characteristics. In the implementation,
the continuous process noise covariance matrix Qc needs
to be discretized into the discrete noise covariance under
the sampling time ∆t. For example, if σa is accelerometer
white noise density, then per-sample std = σa

√
∆t, covariance

= σ2
a∆t.

For initialization, our system employs static initialization.
The initial rotation is set to the identity matrix, while the
initial position, velocity, and direction are initialized to zero.
The gravity, gyroscope, and accelerometer biases are estimated
from the first few frames of IMU data. For the initial state
covariance matrix, relatively small variances are assigned to
known or manually specified initial states, whereas larger
variances are assigned to uncertain quantities.

A. Preprocessing

This module possesses the capabilities of forward prediction
and point cloud distortion correction. The predicted state x̂ and
covariance matrix P̂ at the end time of the current LiDAR scan
are calculated by recursively predicting the state using IMU
data.

For LiDAR scan, since each point is sampled at different
timestamps, motion distortion is unavoidable. Our system
compensates for the motion of each LiDAR point from its
individual sampling time to the end time of the scan using
a backward propagation [1] approach. The discrete kinematic
model utilized in our system is defined as follows:

xi+1 = xi � (∆tf(xi,ui,wi)) (3)

where � is the encapsulation “plus” operator on the manifold.
∆t is the IMU sampling period, i is the index of the IMU
measurements, the input vector u, the system noises w, and
the function f are defined as follows:

w �
�
nT
ω nT

a nT
bω nT

ba

�T
, u �

�
ωT

m aT
m
�T

(4)

f (xi,ui,wi) =

26666664
ωmi − bωi − nωi

GvIi
GRIi

�
ami − bai − nai

�
+ Ggi

nbωi

nbai

03×1

37777775 . (5)

Authorized licensed use limited to: ShanghaiTech University. Downloaded on September 11,2026 at 05:20:22 UTC from IEEE Xplore.  Restrictions apply. 



7503012 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 75, 2026

Fig. 1. Overview of the proposed system, consisting of five parts: a processing, an information refinement, an information augmentation, an iterated extended
Kalman filter, and a probabilistic voxel map.

For the LiDAR sensor, assume that the end time of a LiDAR
scan S is denoted as tk and the sampling time of an individual
point L pi within this scan is ti. The pose of the LiDAR at any
time t can be represented as

GTL(t) =

�GRL(t) GpL(t)
0 1

�
4×4

(6)

where GRL and GpL denote the rotation matrix and translation
vector of the LiDAR frame with respect to the global frame.

In order to compensate for the motion, we need to project
the LiDAR point L pi sampled at ti to the scan-end time tk, as
follows:

L pk =G T>L (tk)GTL(ti)L pi = Ltk TLti

L pi. (7)

The relative pose Ltk TLti
between time ti and tk can be produced

by a backward propagation model with IMU data, which is
defined as follows:

x̌ j−1 = x̌ j � (−∆tf(x̌ j,u j, 0)) (8)

where x̌ j is the estimate of x j relative to xk in the back
propagation, the backward propagation process starts from
zero pose and rests states from the forward predicted state x̂k.
Based on the above steps, the motion distortion of the LiDAR
scan will be eliminated.

B. Information Refinement

For a filter-based LIO system, the measurement model can
provide constraints for state estimation. In this section, we
only focus on the geometric part of the entire measurements
as detailed in Sections IV-C and IV-E. In order to minimize the
redundant geometric measurements and suppress state updates
along uninformative directions, the information refinement
module is proposed. The main functions are presented in Fig. 2
and a detailed description is as follows.

Typically, the undistorted point cloud P is utilized to calcu-
late the LiDAR scan-to-map measurement residuals. For each

Fig. 2. Main functions of the proposed information refinement module.
(a) Prune LiDAR points. (b) Detect degeneracy directions (c) Refine opti-
mization directions.

valid point Lpi, the measurement residual zgeo
i is defined as

the distance between this LiDAR point and the corresponding
plane feature. To sum up, the geometric measurement model
could be presented in the following compact form:

0 = hi (x,wi) ' hi
�bx, 0�+ Jgeo

i δx + vi

= n>i
�GT̂L

Lpi −
Gqi
�
+ Jgeo

i δx + vi

= zgeo
i + Jgeo

i δx + vi (9)

where h is the LiDAR geometric measurement model and bx
denotes the predicted system state, containing GbTL. The Jgeo

i is
Jacobian matrix of hi(bx�δx, 0) with respect to the error state δx
evaluated at zero. In addition, vi ∈ N (0,Ri) is white gaussian
measurement noise. Besides, ni and Gqi represent the normal
vector and a reference point of the associated plane feature in
the global map M, satisfying n>i (Gqi −

Goi) = 0 with Goi = 0
being another point in the same plane.

However, the above LiDAR measurement model may gen-
erate redundant measurements when too many points are from
similar directions [28]. These redundancies not only affect
the real-time performance of the system but also lead to the
accumulation of measurement errors along similar directions,
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particularly under degenerate environments. Besides, the Jaco-
bian matrix from this measurement model cannot provide
adequate optimization constraints in degenerate directions. The
following is a simple explanation.

Assume the residual of geometric scan-to-map registration
induced by the pose parameters θ = {R, t} is as follows:

rθ(P) =
X

(p,q)∈CQ
P

‖rθ(p, q)‖22 (10)

where CQ
P is the correspondence set and the environment is

modeled as a set of atomic hyperplane surfaces S = {S s}
S
s=1,

each observed through a corresponding point subset Ps ⊂ P.
Thus, the total residual can be rewritten as a sum over

surface subsets

rθ(S ) =
X
Ps∈S

X
(p,q)∈CQ

Ps

‖rθ(p, q)‖22. (11)

To describe the contribution of each surface independently
of its cardinality, an average set-residual rate is defined as

r̄θ(S ) =
X
Ps∈S

1

|CQ
Ps
|

X
(p,q)∈CQ

Ps

‖rθ(p, q)‖22. (12)

Definition: Assuming zero noise, each hyperplane surface
Ss produces |Ps| − 1 redundant residuals.

That is, for any two points pi, p j ∈ Ps

rθ(pi, qi) ‖ rθ(p j, q j). (13)

This means their corresponding residual vectors are parallel
and of similar magnitude. Removing such redundancy points
and residuals does not alter the optimum of the objective
function, as all contribute to identical gradient and Hessian
directions. For more proofs and derivations, please refer
to [28].

Accordingly, the redundancy-degeneracy-aware geomet-
ric measurement model is proposed. First, we adopt the
redundancy-minimizing point cloud sampling (RMS) frame-
work [28] to acquire information-maximizing LiDAR points
PRMS for scan-to-map registration through gradient flow
entropy maximization. Next, with the predicted state, N
retained points and the global voxel map, the cost function
of the entire scan-to-map measurements residuals in (9) can
be reformulated as a quadratic cost optimization problem and
the Hessian matrix A′ can be divided as follows:

A′ =

0BB@ NX
i=1

��
Lpi × ni

�
ni

�
„ ƒ‚ …

A

h�
Lpi × ni

�> n>i
i

„ ƒ‚ …
A>

1CCA
=

�
A′rr A′rt

A′tr A′tt

�
6×6

. (14)

For the translation components A′tt, the eigenvalue decom-
position is A′tt = UtΣtU>t , utilizing the degeneracy detection
method X-ICP [9], the set of uninformative degenerate
directions Vt can be determined. The cost function with
Tikhonov regularization for scan-to-map registration, as (15),

Fig. 3. Simplified optimization problem with Tikhonov regularization. The
total loss, ordinary loss, and regularization loss are represented by the red
surface, green surface, and blue surface, respectively. Without Tikhonov
regularization, the solution ẋ (black point) may fall into the degenerate section,
not the constrained optimal solution x∗ (orange star).

can improve the ICP behavior in geometric degenerate envi-
ronments. A simplified example is shown in Fig. 3

E(x) =

NX
i=1

‖n>i
�GTL

Lpi −
Gqi
�„ ƒ‚ …

ei

‖2 + λD‖Vtx‖22. (15)

To minimize the cost, the Jacobian Ji, Gradient ∇E(x), and
Hessian HE(x) with respect to x can provide optimization
directions, which are defined as follows:

Ji =
∂ei

∂x

∇E(x) =

NX
i=1

�
2J>i ei

�
+ 2λD V>t Vtx

HE(x) =
∂2E(x)
∂x2 =

NX
i=1

�
2JiJ>i

�
+ 2λD V>t Vt (16)

where λD is the degeneracy regularization parameter.
In a filter-based LiDAR odometry framework, the Kalman

gain can provide an update direction by balancing the prior
and measurements model. Thus, we designed a regularization
information refinement matrix with uninformative directions,
aiming to provide optimization directions by adjust Kalman
gain associated with the measurement-dependent part. Fol-
lowing the above derivation, the Hessian matrix HL(x) of the
regularization term λD‖Vtx‖22 can be seen as the information
refinement matrix utilized in Section IV-E. If we denote
L(x) = λD‖Vtx‖22, then Gradient and Hessian matrices of L(x)
are defined as follows:

∇L(x) = 2λD V>t Vtx

HL(x) =
∂2L(x)
∂x2 = 2λD V>t Vt. (17)

C. Information Augmentation

As degeneracy arises from insufficient constraints, fusion of
geometric measurements with other modal data can improve
system robustness. Recently, LiDAR intensity information
has increasingly been integrated into LiDAR-based odometry
systems.
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To construct complementary intensity constraints in degen-
erate directions, we leverage the intensity measurement model
proposed in Coin-LIO [14]. The input LiDAR point cloud
is first projected as an intensity image using a spherical
projection. Irregular spacing in the elevation angles of LiDAR
beams causes line artifacts, which are subsequently mitigated
through image processing. To construct geometrically com-
plementary residuals in detected degenerate directions Vt, the
complementary intensity contribution ci of image patches is
calculated as follows:

si =
∂Π

�
Lp j
�

∂Lp j
· vt,i ∈ R

2 ∀vt,i ∈ Vt

ci =
si · vpatch

‖si‖
2
2

(18)

where Π(∗) denotes the spherical projection model. vpatch is
the strongest eigenvector of the second image moment, which
is seen as the intensity image informative direction of each
patch. The si represents the projected image coordinate shift
induced by directional point perturbation.

For each degenerate directions in Vt, the patches in the
image with the max contribution ci is selected to construct
complementary photometric constraints, the photometric resid-
uals between projected intensity value Ic(∗) and measured
intensity value i f of tracked point is zpho = Ic(Π(Lp f )) − i f .
The Jacobian Jpho of the photometric measurement model and
further details are provided in [14].

D. Probabilistic Voxel Mapping

Following the above discussions, degeneracy detection is
required for both information refinement and information aug-
mentation. Besides, the key step for degeneracy detection is to
match the information-maximizing points with the global map,
and the accuracy of point-to-plane matching determines the
quality of degeneracy detection and geometric measurements.
In addition, the uncertainties arising from both LiDAR point
measurement noise and pose estimation error also influence the
accuracy of geometric constraints and state update. Therefore,
the probabilistic voxel mapping approach [22] is adopted,
which models LiDAR point measurement noise and pose
estimation error within the plane features of the global map. It
also designs a probabilistic method for accurate point-to-plane
match and measurement noise calculation.

Given a prior LiDAR point Gpi, a plane with normal Gni

and center point Gqi. The distance di of the point-to-plane is

di = Gn>i
�Gpi −

Gqi
�
. (19)

Incorporates noises δni , δpi , δqi of Gni, Gpi, Gqi into the (19),
we can get

di =
�Gngt

i � δni

�> ��Gpgt
i + δGpi

�
− Gqgt

i − δGqi

�
≈
�Gngt

i

�> �Gpgt
i −

Gqgt
i

�„ ƒ‚ …
=0

+ JGniδGni + JGqiδGqi + JGpiδGpi . (20)

This implies di ∼ N (0,Σwi ), where wi = JGniδGni+JGqiδGqi+
JGpiδGpi and JGni , JGqi , JGpi are the corresponding Jacobians.

If a point belongs to a plane, the distance between them is
within 3σ, where σ =

p
Σwi . In addition, the noise vi of a

valid point-to-plane distance measurement in (9) is calculated
as JGniδGni + JGqiδGqi + JLpiδLpi . A comprehensive discussion
can be found in [22].

Algorithm 1 State Estimation
Input: Last estimation x̄k−1, P̄k−1;

LiDAR points P , IMU inputs (am, ωm);
Geometric map M, Intensity features F ;

Output: Current estimation x̄k, P̄k;
1: x̂k, P̂k ← Predcit(x̄k−1, P̄k−1, am,ωm);
2: Pun ←CompensateMotion(P , am,ωm);
3: Img←SphericalProjection(P);
4: Preprocess(Img);
5: PRMS ←InforMaxSelection(Pun);
6: κ ← −1, x̂κ=0

k ← x̂k;
7: repeat
8 κ ← κ + 1;

9: Hκ ←
∂(x̂κk�x̃κk)�x̂k

∂x̃κk
|x̃κk=0;

10: P← (Hκ)−1P̂k(Hκ)−>;
11: zgeo, Jgeo ← GeocMeasure(x̂κk,Pun,M);
12: Vt ←DedeneracyDetection(Jgeo);
13: zpho, Jpho ← PhocMeasure(x̂κk, Img,F ,Vt);
14: HL(x) ← 2λD V>t Vt;
15: J← [Jgeo, Jpho];//Combine Measurements
16: z← [zgeo, zpho];
17: K← (J>R−1J + H∗L(x) + P−1)−1J>R−1;
18: x̂κ+1

k ← x̂κk �
�
−Kz − (I −KH)(J)−1

�
x̂κk �bxk

��
;

19: until ‖x̂κ+1
k � x̂κk‖ < ε;

20: x̄k ← x̂κ+1
k ; P̄k ← (I −KH)P;

21: UpdateMapAndFeatures(F ,M, x̄k,P , Img);

By the way, the sparsity of the pruned points makes it
unsuitable for representing plane features within the environ-
ment. Therefore, the original undistorted LiDAR points are
utilized for mapping, and pruned points for scan-to-map match
and degeneracy detection.

E. Constrained State Update

After obtaining the geometric residuals zgeo, the photometric
residuals zpho, and the corresponding Jacobian matrices, these
measurements can be combined to construct the combined
measurements as follows:

rclJ =
h
Jew

1
>, . . . , Jgeo

m
>, λJpho

1
>, . . . , λJphω>

n

i>
z =

h
zgeo

1 , . . . , zgev
m , λzpho

1 , . . . , λzpho
n
>
i

(21)

where λ is the scaling factor between geometric and photomet-
ric measurements. Combining the state prior with all effective
measurements, we can obtain the state estimation problem as

min
δx

0@‖xk �bxk‖
2bP−1

k
+

m+nX
j=1

‖z j + J jδx‖2R−1
j

1A (22)

where ‖x‖2M = x>Mx, let R = diag (R1, . . . ,Rm+n) and
the normal Kalman gain K = (J>R−1J + P−1)−1J>R−1. To
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provide optimization directions through the information refine-
ment matrix HL(x), the measurement-dependent part within
the Kalman gain K need to be adjusted. Since only the
degeneracy in the translation direction is detected in our
system, if we denote the translation submatrix of J>R−1J as
G = (J>R−1J)3×3, G need to be adjusted as G + HL(x). This
can be expressed in a compact equation with paddinged H∗L(x)
as follows:

K =
�
J>R−1J + H∗L(x) + P−1�−1 J>R−1. (23)

The above process repeats until convergence, and we can
register the LiDAR points into the probabilistic voxel map
with the updated state. The whole state estimation flow is
summarized in Algorithm 1.

V. EXPERIMENT

To evaluate the performance of the proposed method,
we conduct both quantitative and qualitative comparative
experiments against several state-of-the-art open-source LIO:
Fast-LIO2 [1], a real-time high-accuracy LIO system; Point-
LIO [21], a point-by-point LIO; VoxelMap [22], a LIO system
with probabilistic adaptive voxel map; Coin-LIO [14], an
advanced LIO in degenerate environments, which introduces
LiDAR intensity for complementary measurements.

In this section, we quantitatively evaluate the localization
accuracy against other methods. The root-mean-square error
(RMSE) of absolute translation error (ATE) is selected as the
evaluation metric of localization, where the lower RMSE value
indicates higher localization accuracy. To qualitatively assess
map quality, we employ the mean map entropy (MME) [29],
an information-theoretic metric for local consistency. Points
are color-coded by MME values, where lower values indicate
higher consistency.

We conduct experiments on the FusionPortable V2 [30] and
Enwide [14] datasets. The two datasets are both recorded with
a 128-beam Ouster LiDAR, and the LiDAR points can be
projected into a reliable intensity image with the metadata pro-
vided by the Ouster driver. In addition, we conduct additional
comparative experiments on the NTU-viral dataset with the
Information Augmentation Module disabled. The NTU-viral
dataset is a multisensor aerial robotics dataset collected on
the NTU campus using a DJI M600 platform, featuring both
indoor and outdoor environments with precise ground-truth
tracking. All experiments are done in the robots’ operating
system (ROS) on a computer with an Intel i9-13900K CPU at
5.80 GHz and 32 GB of RAM. Given that the baseline methods
and our approach share analogous algorithmic frameworks,
the shared parameters among them are set identically, and the
other parameters are provided by the baseline methods.

A. Experiments in Universal Environments

In this section, we conduct experiments on the universal
FusionPortable V2 dataset. This dataset covers varied motions
and extensive environments [30]. In our experiments, we only
focus on the scenarios with fewer geometric structures.

1) Localization Accuracy: The localization accuracy results
of the FusionPortable V2 and NTU-viral dataset, calculated
with the https://github.com/MichaelGrupp/evoevo toolbox are
listed in Tables I and II. The comparison of the trajectory
with the ground-truth is shown in Figs. 4 and 5. From
these experimental results, it can be demonstrated that the
proposed system exhibits optimal localization accuracy in
most scenarios. Besides, leveraging the probabilistic voxel
map for geometric measurements, VoxelMap demonstrated
superior localization accuracy compared to the ikd-tree struc-
ture employed in Fast-LIO2 and Point-LIO. While Coin-LIO
utilizes LiDAR intensity to construct complementary mea-
surements in the FusionPortable V2 dataset, the inaccurate
geometric measurements and intensity noise reduce the local-
ization accuracy.

2) Map Consistency: The mapping results of ugv-
campus01 and legged-grass00 sequences are presented in
Fig. 6. The point cloud map constructed by the proposed
method preserves finer details of trees and walls while exhibit-
ing reduced blurring and ghosting artifacts. Moreover, the
MME visualization reveals a higher proportion of warm-
colored areas, signifying enhanced local map consistency. As
the geometric measurements depend on the accurate scan-
to-map match, the higher local map consistency enhances
match accuracy, thereby improving both degeneracy detection
precision and localization accuracy.

B. Experiments in Degenerate Environments

Although our system achieves the best performance in the
universal environments, the principal incentive for the method
is to improve localization and mapping performance in geo-
metrically degenerate environments. Thus, in this section, we
perform experiments on the challenging Enwide dataset. This
dataset is collected in typical geometrically degenerate envi-
ronments. All sequences of the dataset contain long sections
of geometric degeneracy, which also provides reliable LiDAR
intensity information. In addition, to verify the effectiveness of
the proposed information refinement module and the adopted
probabilistic voxel map, an ablation study is conducted on
this dataset. We remove the information refinement module
and probabilistic voxel map separately, denoted as ours (w/o
IR) and ours (w/o VM) relatively.

1) Localization Accuracy: Table III presents the localiza-
tion accuracy results, and Fig. 7 shows the comparison of the
trajectory with the ground-truth. Due to the lack of geometric
degeneracy mitigation mechanisms, Fast-LIO2, Point-LIO, and
VoxelMap fail in some severely degenerate environments, such
as tunnel and runway. Because of the integration of LiDAR
intensity information, Coin-LIO, and the proposed method
successfully run on all sequences. Comparing our system
without the information refinement module and the adopted
probabilistic voxel map, the entire system demonstrates a
higher localization accuracy. In almost all sequences, the
information refinement module can reduce the localization
error, especially in runway and intersection sequences. In
addition, it can be seen that leveraging a probabilistic voxel
map for geometric measurements can improve the localization
accuracy.
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Fig. 4. Trajectory comparison results on FusionPortable V2 dataset. The zoomed-in regions are shown in the red boxes. (a) ugv-campus01. (b) legged-grass00.

TABLE I
ATE (RMSE, METERS) ON FUSIONPORTABLE V2 DATASET

Fig. 5. Trajectory comparison results on NTU-viral dataset spms-01 sequence.
The zoomed-in regions are shown in the red boxes.

TABLE II
ATE (RMSE, METERS) ON NTU-VIRAL DATASET

2) Map Consistency: The map consistency visualization
results of RunwayS and IntersectionD sequences are presented

in Fig. 8, while the mapping results of the other environments
in the Enwide dataset are shown in Fig. 9. These comparative
results demonstrate that our entire system demonstrates a
higher map consistency, especially in long segments charac-
terized by geometric degeneracy. These results confirm that
the information refinement module can improve map local
consistency in severe geometric degeneracy scenarios.

C. Regularization Parameter Analysis

In principle, increasing λD to a certain extent will intro-
duce additional uncertainty along the degenerate directions,
thereby reducing the state update of the system in those
directions. However, since both degeneration detection and
state uncertainty are influenced by the type of LiDAR and
the structural characteristics of the environment, a fixed λD

value does not guarantee optimal accuracy for each individual
sequence. However, for fairness in our experiments, we do not
fine-tune the λD value for each sequence but instead set it to
20 uniformly.

In addition, to evaluate the influence of the degeneracy
regularization parameter λD, we conduct a sensitivity analysis
across multiple Enwide sequences by varying λD from 0 to
100 with a step of 10. The statistical results are summarized
in Table IV. Furthermore, min–max normalization is applied
to the RMSE values across all sequences, and the average
normalized RMSE(m) variation with respect to parameter λD

is shown in Fig. 10. The analysis reveals that the optimal
λD differs across environments, indicating that its value is
environment-dependent rather than universal. However, in
most of the experiments, setting the parameter λD within
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Fig. 6. Mapping comparison results on FusionPoratble V2 dataset. (a) ugv-campus01. (b) legged-grass00.

Fig. 7. Trajectory comparison results of our method and Coin-LIO on Enwide dataset. (a) RunwayS. (b) IntersectionD.

the range of 10–30 yields relatively favorable localization
performance.

D. Real-Time Analysis

To assess the real-time performance, the processing time
of each module of our system is evaluated on the Enwide
dataset. As summarized in Table V, the system achieves an
average processing time of 0.072 s per LiDAR scan (around
13.9 Hz), which exceeds the 10 Hz scanning rate of the Ouster
OS0-128 sensor. Although the redundancy minimization and
voxel map modules introduce additional overhead compared to

COIN-LIO (0.021 s per scan), the system remains capable of
real-time operation with satisfactory computational efficiency.

E. Discussions and Applicability

In this work, the degeneracy-aware formulation focuses
on translation degeneracy in LiDAR measurements and thus
is primarily applicable to scenarios where high-rate inertial
rotation measurements are provided by the IMU and the
dominant degeneracy arises from the translation. In addi-
tion, our experimental results indicate that the optimal value
of λD is closely related to the underlying scene struc-
ture, rather than being universally optimal across different
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TABLE III
ATE (RMSE, METERS) ON ENWIDE DATASET

Fig. 8. Mapping results of our method and Coin-LIO on Enwide dataset. (a) RunwayS. (b) IntersectionD.

TABLE IV

DISTRIBUTION OF RMSE FOR EACH SEQUENCE

TABLE V

REAL-TIME PERFORMANCE ANALYSIS

environments. In practice, the selection of λD is largely
and exhibits noticeable variation with respect to environmen-
tal characteristics and geometric conditions. Consequently,

developing adaptive or scene-aware strategies for tuning λD

represents an important and promising direction for future
research.
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Fig. 9. Mapping results of our method on the Enwide dataset.

Fig. 10. Average normalized RMSE(m) variation with respect to parameter
λD.

VI. CONCLUSION

This article proposes a geometry-intensity fused LIO
framework that enables robust and accurate localization
in geometrically degenerate environments. The information
refinement module is designed to reduce redundant and
inaccurate geometric measurements, which can also indicate
optimization directions. The information augmentation mod-
ule selects LiDAR intensity image features along geometric
degenerate directions to construct complementary photometric
measurements. Experiments on public datasets are conducted
to show the superior performance of the proposed system in
terms of accuracy and map consistency when compared to the
state-of-the-art methods, especially in extremely degenerate
environments.

Future work will also explore deep learning integration to
enhance SLAM performance in degenerate environments with
weak geometric constraints. By learning highly discriminative
point cloud features, the system could maintain localization
in feature-sparse or repetitive scenes. Furthermore, efforts
will aim to reduce the environmental specificity of system
parameters, enabling more adaptive and generalizable SLAM
solutions.
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