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Abstract— We present CUBE-LIO, a LiDAR-inertial odom-
etry framework that leverages direct photometric constraints
from LiDAR intensity to improve robustness in geometrically
degenerate environments. At its core is an efficient cubemap
projection that maps LiDAR intensity onto six cube faces,
eliminating pole singularities and severe polar distortion. This
yields a more uniform spatial sampling while avoiding the costly
trigonometric operations typical of equirectangular mappings.
Building on this representation, we introduce a semi-dense
feature selection and direct optimization strategy based on
intensity gradient magnitude. This strategy improves resilience
to intensity noise and variations induced by range and incidence
angle. Photometric constraints are jointly optimized with geo-
metric measurements in a tightly coupled LIO pipeline. CUBE-
LIO is sensor-agnostic and supports both spinning and solid-
state LiDARs. Experiments on multiple public benchmarks
demonstrate state-of-the-art accuracy and real-time perfor-
mance, with particularly pronounced gains in scenes where the
geometric structure is sparse or weak.

I. INTRODUCTION

Driven by advances in 3D LiDAR technology and modern

SLAM algorithms, LiDAR-based SLAM has become a core

technology in robotics and automation. However, it still faces

challenges in geometrically degenerate environments, such as

tunnels or open spaces. Since LiDAR primarily captures ge-

ometric information, performance degrades when structural

constraints are weak, often resulting in poor convergence and

increased drift.

A common method to address this problem involves

incorporating cameras to capture texture-rich information.

Although fusing visual and geometric cues improves robust-

ness, it increases hardware cost and system complexity, de-

manding precise calibration and synchronization. Moreover,

cameras are sensitive to lighting conditions and degrade in

low-light or high dynamic range environments.

An alternative approach leverages the intensity informa-

tion provided by most LiDAR sensors. The intensity at

each point, influenced by material properties, distance, and

incidence angle, offers complementary non-geometric cues

that can enhance localization robustness without requiring

additional sensors. Recent methods (e.g., [2, 3]) project

reflectivity or intensity measurements onto images using

equirectangular projection, enabling joint optimization of

geometric and photometric constraints. However, this pro-

jection introduces significant distortion near the poles and

tends to be computationally inefficient.

To address these limitations, we propose a cubemap-

based projection scheme for intensity-assisted LiDAR-

inertial odometry. This model achieves faster computation
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Fig. 1. CUBE-LIO achieves high accuracy on multiple geometri-
cally degenerate public benchmarks.

than conventional equirectangular projections while reducing

polar distortion. To mitigate intensity noise and variations

due to measurement conditions such as distance and inci-

dence angle, we introduce a semi-dense intensity gradient

magnitude (IGM) optimization strategy. We select semi-

dense, information-rich regions and perform photometric

optimization based on IGM values that remain relatively

consistent under different measurement conditions, thereby

improving robustness in geometrically degenerate environ-

ments.

The main contributions of this study are as follows:

• We propose a cubemap-based LiDAR-inertial odometry

(LIO) framework that leverages LiDAR intensity. This

cubemap projection effectively maps LiDAR intensity

onto six faces of a cube, substantially reducing polar

distortion and achieving high computational efficiency

compared with equirectangular projection.

• We introduce semi-dense IGM-based feature selection

and direct IGM-constancy optimization, leveraging Li-

DAR intensity cues to enhance localization robustness

while maintaining resilience to intensity noise and mea-

surement variations.

• Our intensity-assisted LIO framework is sensor-

agnostic, supporting both spinning and solid-state Li-

DARs.
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Fig. 2. Overview of the CUBE-LIO system. CUBE-LIO extends the iterated error-state Kalman filter (IESKF) framework [1] to jointly optimize both
geometric and photometric errors from LiDAR measurements, with the photometric optimization (main contribution) highlighted in green.

II. RELATED WORK

A. Geometric-Only LiDAR(-Inertial) Odometry

LOAM [4], a seminal study on feature-based LiDAR

odometry, utilizes edge and planar features for robust match-

ing and nonlinear optimization, inspiring subsequent ap-

proaches such as LeGO-LOAM [5]. LeGO-LOAM enhances

the efficiency and robustness of ground robots by introducing

ground segmentation, whereas LIO-SAM [6] extends LOAM

by adopting a factor graph framework [7] with IMU pre-

integration for tightly coupled LiDAR-inertial optimization.

FAST-LIO [1] proposed a tightly coupled iterated error-state

Kalman filter (IESKF) to fuse LiDAR feature points with

IMU data. FAST-LIO2 [8] introduced an incremental k-d tree

for efficient map management. VoxelMap [9] advanced map

management using a voxel-based approach, offering faster

processing speed than k-d tree structures. F3-SLAM [10]

proposed a multi-layer 3D voxel map with adaptive feature

selection, achieving high localization accuracy and compu-

tational efficiency.

Despite their success in structured environments,

geometric-only methods have fundamental limitations in

geometrically degenerate scenarios.

B. LiDAR-Visual-Inertial Odometry

Integrating visual sensors to address geometry-only LIO

limitations in degenerate scenes has become a common

approach for enhancing robustness. Recent LiDAR-Visual-

Inertial Odometry (LIVO) methods, such as [11, 12], uti-

lize direct methods or optical flow tracking to provide

complementary visual constraints and mitigate the degrada-

tion of purely geometric information. Building upon these

frameworks, FAST-LIVO2 [13] dynamically optimizes im-

age patches and adjusts exposure times, achieving leading

accuracy among current LIVO methods.

However, visual-LiDAR fusion increases system complex-

ity and demands precise time synchronization and extrinsic

calibration, whereas cameras are inherently sensitive to light-

ing variations.

C. Intensity-Assisted LiDAR-Inertial Odometry

Unlike camera imagery, LiDAR intensity is inherently

temporally and spatially aligned with geometry and is in-

sensitive to ambient illumination, enabling robust operation

even in complete darkness.

Some studies have integrated intensity into ICP-like scan-

to-map registration. Representative methods include [14, 15],

which introduce explicit intensity residuals; [16], which re-

tains purely geometric residuals while using intensity primar-

ily for correspondence weighting; and [17, 18], which extract

intensity edges/gradients as features. However, pipelines that

rely on 3D intensity maps are constrained by map resolution,

often smoothing fine-scale cues.

With the increasing density of LiDAR point clouds, recent

approaches project intensity onto 2D images to effectively

preserve fine-scale structures. Some methods [19, 20] ex-

tract salient points from intensity images using feature ex-

traction frameworks (e.g., ORB and SuperPoint) and track

them, in a manner similar to feature-based visual SLAM.

However, in degenerate scenarios, salient point extraction

may be unreliable. By contrast, RI-LIO [2] and COIN-

LIO [3] adopt a direct approach similar to direct visual

SLAM, projecting intensity values onto 2D images and

jointly optimizing photometric and geometric errors. COIN-

LIO selects geometrically complementary sparse patches for

effective photometric optimization, demonstrating robustness

in geometrically degenerate datasets. Recently, PG-LIO [21]

incorporates intensity as a constraint factor into the factor

graph framework.

These methods typically employ equirectangular projec-

tion to convert LiDAR data to images. However, this projec-

tion introduces significant distortion near the poles, tends to

be computationally inefficient, and provides limited support

for solid-state LiDARs.

Building upon the direct photometric optimization

paradigm, our method introduces a cubemap-based projec-

tion to achieve efficient, low-distortion intensity imaging.

Furthermore, we propose semi-dense IGM feature selection

and direct IGM-constancy optimization, yielding features

that are more robust and significantly enhancing odometry

reliability in geometrically degenerate environments.

III. METHODOLOGY

A. Overall Framework

Our system (Fig. 2) adopts an IESKF framework as

utilized in [1], for tightly coupled fusion of LiDAR and IMU
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data, ensuring robust state estimation.

IESKF state estimation and geometric state corrections fol-

low established methodology. For geometric feature manage-

ment, we employ a multi-layer voxel grid structure [10]. Un-

like previous geometric-only methods, our approach jointly

optimizes geometric and photometric errors. As shown in

Fig. 2, all LiDAR points are motion-compensated before

photometric optimization, following [1]. For sensors like

Ouster, intensity artifacts are pre-filtered using the method

in [3] to ensure reliable optimization.

Given that the core contribution of this study lies in

photometric optimization, the following sections focus on

this aspect in detail.

B. Notation

We define the system state as

x =
[

GtB ,
GRB ,

Gv, bω, ba

]T
(1)

where GtB and GRB represent translation and rotation

from the body frame to the global frame, and Gv denotes

velocity in the global frame. Specifically, GRB ∈ SO(3)
and GtB , Gv ∈ R

3. The terms bω and ba correspond to the

gyroscope and accelerometer biases of the IMU. We assume

the rigid-body transformations from LiDAR and IMU to the

body frame are pre-calibrated and known. All sensor data

are transformed into the body frame before processing. The

variables x, x̂, and x̃ denote the true, predicted, and error

states, respectively. The error state is the difference between

the true and predicted states.

The measurement model h(x) can be linearized as follows:

h(x) = h(x̂⊞ x̃) ≈ h(x̂) +Hx̃. where h(x̂) is the residual

evaluated at x̂ (denoted as z), and H is the Jacobian of h.

Once the photometric residual zpho and its Jacobian Hpho

are derived, geometric and photometric errors are jointly

optimized in the maximum a posteriori estimation of x̃

argmin
x̃

(

‖x̃‖P +
∑

i=1

‖zi,pho +Hi,phox̃‖Σpho

+
∑

j=1

‖zj,geo +Hj,geox̃‖Σgeo

)

(2)

C. Image Projection Model

Existing intensity-assisted LiDAR-inertial odometry meth-

ods typically employ equirectangular projection to convert

LiDAR range/intensity data into 2D images. However, this

representation presents three key limitations:

(i) Although the range/intensity image of a rotating Li-

DAR can be built via look-up table (LUT), photometric

optimization still requires a large number of trigonometric re-

projection computations, forming a persistent computational

bottleneck.

(ii) Although adopting a LUT can improve the efficiency

of equirectangular projection, it severely limits generality

for irregular sampling patterns, such as those of solid-state

and non-repetitive LiDARs, which often lack fixed elevation

channels or uniform azimuth sampling.

(a) Equirectangular image (b) Cubemap image

(c) Sampling points for equirectangular (d) Sampling points for cubemap

Fig. 3. Comparison of projection models (note that (c) and (d) visualize
sampling points on the unit sphere.)

(iii) The equirectangular projection introduces pronounced

distortion in high-latitude (polar) regions, especially in hemi-

spherical LiDARs, downward-facing setups, or multi-LiDAR

configurations. Such distortion causes pixels at the poles to

be severely stretched. Consequently, when computing image

gradients via finite differences (e.g., exploring neighboring

pixels), the effective spatial receptive field becomes ex-

tremely localized, which degrades the reliability of the gra-

dient estimation. Furthermore, this stretching wastes signif-

icant computational resources in these oversampled regions,

degrading feature scale and statistical uniformity.

To address these limitations, we introduce cube mapping

from computer graphics [22] and propose a cubemap pro-

jection model for LIO. This efficiently maps 3D LiDAR

points onto six cube faces, reducing polar distortion and

computational overhead.

Cubemap projection (Fig. 3) (b) avoids severe pole dis-

tortions evident in equirectangular projection (a) (e.g., LED

ceiling lights becoming substantially deformed). In Fig. 3

(c) and (d), where sampling points are visualized on a unit

sphere, it can be observed that the cubemap projection (d)

provides a more uniform distribution of sampling points

during discretization compared to the equirectangular pro-

jection (c). This uniform sampling characteristic contributes

to higher precision in feature extraction and optimization.

Building on the cubemap projection model, we further de-

velop methods for feature extraction and photometric error

optimization.

Although low-distortion alternatives exist (e.g., HEALPix

[23]), the cubemap is simpler and its six rectangular faces

directly reuse OpenCV pipelines, offering clear implementa-

tion and integration advantages.
In this paper, we denote the cubemap projection by Π.

This maps each 3D LiDAR point Bp = [x, y, z]T to the
augmented cubemap pixel coordinate ū = [u, f ]T . f is the
face index and u = [u, v]T is the 2D pixel coordinate on
face f .

ū = Π(p) =

[(

1 +
gT
u

Bp

gT
a

Bp

)

r

2
,

(

1 +
gT
v

Bp

gT
a

Bp

)

r

2
, f

]T

(3)

where r denotes the pixel resolution of each cubemap face.
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The face index f assumes values ranging from 0 to 5,

corresponding to the six faces of the cube: +X , −Y , −X ,

+Y , +Z, and −Z, which can be determined based on the

relative magnitudes of the coordinates x, y, and z.

f =



































0 if |x| ≥ |y|, |x| ≥ |z|, x > 0 (+X)

1 if |y| ≥ |x|, |y| ≥ |z|, y < 0 (−Y )

2 if |x| ≥ |y|, |x| ≥ |z|, x < 0 (−X)

3 if |y| ≥ |x|, |y| ≥ |z|, y > 0 (+Y )

4 if |z| > |x|, |z| > |y|, z > 0 (+Z)

5 if |z| > |x|, |z| > |y|, z < 0 (−Z)

(4)

gu,gv indicate the local horizontal and vertical directions

on the face, respectively, and ga aligns with the dominant

axis of the face (the projection direction).

gu,gv,ga =



































[0,−1, 0]T , [0, 0,−1]T , [+1, 0, 0]T f = 0

[−1, 0, 0]T , [0, 0,−1]T , [0,−1, 0]T f = 1

[0,+1, 0]T , [0, 0,−1]T , [−1, 0, 0]T f = 2

[+1, 0, 0]T , [0, 0,−1]T , [0,+1, 0]T f = 3

[0,−1, 0]T , [+1, 0, 0]T , [0, 0,+1]T f = 4

[0,−1, 0]T , [−1, 0, 0]T , [0, 0,−1]T f = 5

(5)

Although cubemap projection (3) provides low-distortion

mapping and computational efficiency, it introduces discon-

tinuities at seams between cube faces. This can adversely

affect gradient-based optimization and related operations. To

address this issue, we map pixels that fall outside a face

to their corresponding positions on adjacent faces, ensuring

continuity for interpolation and differentiation. Details are

presented in Section III-E.

Direct point-wise projection typically results in sparse oc-

cupancy on cubemap faces due to the non-uniform sampling

of LiDAR sensors. To produce continuous maps suitable for

photometric error computation, we employ Inverse Distance

Weighting (IDW) interpolation [24]. Figure 4 illustrates this

effect on data from a Livox MID-360 in a tunnel, where

cyan pixels indicate missing regions caused by sparse LiDAR

sampling. With appropriate selection of r and interpolation

radius, IDW effectively converts sparse LiDAR points into

dense, continuous intensity cubemaps.

Building on the cubemap projection model, we generate

intensity and range cubemaps, denoted as I(·) and R(·). Both

cubemaps are integral to feature extraction.

D. Feature Extraction

To robustly extract tracking features from intensity cube-

maps, we employ the intensity gradient magnitude (IGM).

(a) point-wise projection (b) IDW interpolation on cubemaps

Fig. 4. Effect of IDW interpolation on cubemaps.

Unlike raw intensity values, which vary with incidence angle

and range, gradients emphasize local structural changes and

are less sensitive to low-frequency measurement variations.

We compute the IGM using first-order Gaussian deriva-

tive filters [25], which intrinsically combine smoothing and

differentiation, thereby regularizing the gradient estimation

and yielding stable gradient responses even in the presence

of noise.

Let Gx and Gy denote the horizontal and vertical Gaussian

derivative responses, respectively. The IGM at pixel ū is

defined as:

M(ū) =
√

Gx(ū)2 +Gy(ū)2. (6)

Instead of uniform sampling or sparse feature detection,

we adopt a semi-dense selection: we retain only pixels

whose IGM exceeds a predefined threshold together with

their immediate neighborhood. This focuses computation

on information-rich regions, analogous to semi-dense pixel

selection in visual odometry (VO) [26]. By concentrating

the direct optimization on photometrically salient areas, we

improve both robustness and accuracy.

For each selected pixel ū, we recover the correspond-

ing 3D point by applying the inverse cubemap projection

Π−1(ū) with the range value of the pixel.

The inverse cubemap projection Π−1(ū) is defined as

follows:

Π−1(ū) =











































[

1,− 2u
r
+ 1,− 2v

r
+ 1

]T
if f = 0

[

− 2u
r
+ 1,−1,− 2v

r
+ 1

]T
if f = 1

[

−1, 2u
r
− 1,− 2v

r
+ 1

]T
if f = 2

[

2u
r
− 1, 1,− 2v

r
+ 1

]T
if f = 3

[

2v
r
− 1,− 2u

r
+ 1, 1

]T
if f = 4

[

− 2v
r
+ 1,− 2u

r
+ 1,−1

]T
if f = 5

(7)

The 3D point in the body frame is then computed as

follows:

Bp =
Π−1(ū)

‖Π−1(ū)‖
R(ū) (8)

Finally, the 3D point in the global coordinate system is

reconstructed as Gp using the transformations T and Bp.

The corresponding IGM value at u is denoted as m = M(u).
The pair Gp and m represent the extracted feature points.

Gp = T(x,Bp) = GRB
Bp+ GtB (9)

E. Photometric Optimization

We minimize the IGM-constancy residual, defined as the

difference between the current-frame IGM at the projected

pixel of the i-th tracked feature Gpi and its reference value:

zi,pho = M
(

Π(T−1(x,Gpi))
)

−mi (10)

Here, T−1(·) denotes the transformation from the global

frame to the body frame and is defined as

Bpi = T−1(x,Gpi) =
GRT

B

(

Gpi −
GtB

)

(11)
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By applying the chain rule, the Jacobian of the photometric

residual with respect to the state is given by

Hi,pho =
∂M(ūi)

∂ui

·
∂Π(Bpi)

∂Bpi

·
∂T−1(x,Gpi)

∂x
(12)

The Jacobian of the transformation
∂T−1(x,Gpi)

∂x
is com-

puted as

∂T−1(x,Gpi)

∂x
=

[

−GRT

B

[

GRT

B(
Gpi −

GtB)
]

×
0
]

(13)

The Jacobian of the cubemap projection
∂Π(Bpi)
∂Bpi

is

∂Π(Bpi)

∂Bpi

=
r

2(gT
a

Bpi)2

[

(gT
a

Bpi)g
T
u − (gT

u
Bpi)g

T
a

(gT
a

Bpi)g
T
v − (gT

v
Bpi)g

T
a

]

(14)

The image gradient
∂M(ūi)
∂ui

is typically computed using a
central finite-difference scheme. However, on the cubemap,
finite differences may involve pixel offsets that cross face
seams, resulting in sampling outside the current face. To
address such cases, we define a seam-aware remapping
operator W as follows:

W(ū) =

{

ū, if 0 ≤ u < r ∧ 0 ≤ v < r

Π
(

Π−1(ū)
)

, otherwise
(15)

Using this operator, the central finite-difference gradient

at ūi is computed as follows:

∂M(ūi)

∂ui

=





M
(

W(ūi+δu)
)

−M
(

W(ūi−δu)
)

2
M
(

W(ūi+δv)
)

−M
(

W(ūi−δv)
)

2



 (16)

where δu = [1, 0, 0]T and δv = [0, 1, 0]T denote pixel

offsets in the u- and v-directions, respectively. The process

of mapping pixels across face seams is visualized in Fig. 5.

When the offset point crosses the face seam, W efficiently

remaps it to a valid pixel location on the adjacent face.

This seam-aware strategy ensures differentiability through-

out all regions of the cubemap, including across face seams.

Consequently, features whose projections lie near face seams

can still be robustly and accurately tracked, enhancing the

stability and reliability of photometric optimization on the

cubemap.

+X Face

+Z Face

-Y Face

(u, v-1)

(u, v)

(u-1, v)remapped to -Y

remapped to +Z

(u+1, v)

(u, v+1)

out-of-seams

o
u

t-o
f-seam

s

Fig. 5. Seam-aware remapping strategy for continuous gradient computa-
tion across face seams.

The final expression for Hpho is obtained by substituting

(16), (14), and (13) into (12). In addition to the photometric

residual zpho in (10), the system state is estimated by jointly

minimizing the photometric and geometric constraints as

formulated in (2).

F. Update Features

After joint photometric and geometric optimization, semi-

dense photometric features are refreshed to ensure sub-

sequent computations. The update process comprises two

steps: validation of existing features and discovery of new

candidates. We project each historical feature onto the current

cubemap. The following checks filter unreliable features:

• Mask check: Skip a feature if its location is already oc-

cupied by another retained feature to avoid redundancy.

• Range check: Discard features with invalid ranges (too

far or too close).

• Occlusion check: Remove a feature if the range obtained

by reprojection differs significantly from the cubemap

range at that pixel; such a discrepancy usually indicates

occlusion or scene dynamics.

• Photometric consistency: Reject features with a low

IGM response or a large zpho.

Features validated by all checks are updated with current

IGM values and retained for the next frame. For uncovered

regions, new features are selected using the method described

in Section III-D.

IV. EXPERIMENTS

We comprehensively evaluate CUBE-LIO using public

datasets with various LiDAR types. All experiments are

conducted on an Intel i7-8700 workstation with 32GB RAM;

GPU acceleration is not used.

A. ENWIDE Dataset Results

The ENWIDE dataset, collected using a handheld Ouster

OS0-128 spinning LiDAR, is specifically designed to eval-

uate performance in geometrically degenerate environments,

with each sequence containing severely challenging seg-

ments. We use the ENWIDE dataset to evaluate the per-

formance of our method. As baselines, we compare against

the state-of-the-art geometric-only method FAST-LIO2 [8]

TABLE I

ENWIDE DATASET: ABSOLUTE TRAJECTORY ERROR (RMSE, M)

Sequence Length

(m)

FAST-

LIO2

RI-LIO COIN-

LIO

CUBE-

LIO

TunnelS 252 × × 0.796 0.884
TunnelD 180 × × 0.485 0.317

IntersecS 279 0.400 × 0.461 0.163

IntersecD 388 × × 1.757 0.277

RunwayS 334 × × 1.184 0.395

RunwayD 357 × × 3.491 0.655

FieldS 233 0.210 0.402 0.200 0.187

FieldD 288 6.973 16.572 0.993 0.193

KatzenseeS 243 0.472 × 0.502 0.201

KatzenseeD 177 0.861 × 0.678 0.237
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Fig. 6. RunwayD mapping (top COIN-LIO, bottom CUBE-LIO). Orange box: COIN-LIO ghosted ground digits from accumulated back-and-forth motion
error; CUBE-LIO is sharp and artifact-free.

and the intensity-assisted methods RI-LIO [2] and COIN-

LIO [3], using their provided default parameters. Perfor-

mance is evaluated using Absolute Trajectory Error (ATE),

and methods with an ATE exceeding 20 m are considered

failures (indicated by “×”).

Table I presents the ATE comparison. FAST-LIO2 fails

in several scenarios. RI-LIO, although adopting photometric

constraints, still diverges in most sequences. In contrast,

COIN-LIO and CUBE-LIO achieve success in all scenar-

ios by more effectively exploiting photometric information.

Compared with COIN-LIO, CUBE-LIO achieves lower ATE

in 9 out of 10 sequences.

Fig. 6 shows the mapping results generated by COIN-

LIO and CUBE-LIO on the RunwayD sequence. In this

sequence, aggressive LiDAR motion leads to substantial drift

in the map produced by COIN-LIO. In contrast, CUBE-LIO

avoids such drift and preserves clear and distinct ground digit

patterns.

B. MARS-LVIG and FAST-LIVO2 Dataset Results

The MARS-LVIG dataset was collected using the DJI

M300 RTK quadrotor equipped with a Livox Avia solid-state

LiDAR and a camera. Ground-truth trajectories are provided

by the RTK-GNSS system. For each representative scenario,

we select one sequence for comparison. As the MARS-LVIG

LiDAR is downward-facing, the point cloud covers the south

pole in the body coordinate system.

RI-LIO and COIN-LIO rely on precomputed LUT, which

are not compatible with the non-repetitive scanning pattern

TABLE II

MARS-LVIG DATASET: ABSOLUTE TRAJECTORY ERROR (RMSE, M)

Sequence Length

(m)

FAST-

LIO2

FAST-

LIVO2

CUBE-

LIO

HKairport03 1,828 0.785 2.163 0.776

HKairport_GNSS03 1,985 0.860 0.690 0.322

HKisland03 1,900 0.553 0.535 0.636
HKisland_GNSS03 1,955 0.624 0.455 0.344

AMtown03 3,099 2.314 2.214 2.095

AMvalley03 2,729 17.381 4.207 2.355

Featureless_GNSS02 2,810 12.075 2.533 0.398

of Livox solid-state LiDARs. Therefore, we use FAST-

LIO2 and FAST-LIVO2 [13] as baseline systems. FAST-

LIVO2 is a state-of-the-art LIVO system that leverages visual

information. For all FAST-LIVO2 experiments, we use the

recommended parameters optimized for the MARS-LVIG

dataset.

Table II shows ATE results for MARS-LVIG sequences.

AMvalley03 and Featureless_GNSS02 have strong geometric

degeneracy. FAST-LIO2 drifts significantly in these challeng-

ing cases. FAST-LIVO2 improves accuracy by using visual

information. CUBE-LIO achieves the most accurate trajec-

tories in severe degeneracy. For other sequences, geometric

features are more abundant. Performance gaps between meth-

ods become smaller in these cases. CUBE-LIO still delivers

competitive or superior accuracy overall. This demonstrates

robustness in both degenerate and structured environments.

To further demonstrate the mapping accuracy of CUBE-

LIO under degenerate conditions, we use the FAST-LIVO2

dataset, collected using a handheld Livox Avia LiDAR and

a camera. The HIT_Graffiti_Wall sequence is particularly

challenging because the LiDAR observes a large planar wall,

resulting in weak geometric constraints.

Since the FAST-LIVO2 dataset does not provide

ground-truth trajectories, we present a qualitative com-

parison of mapping results in Fig. 7 for the LiDAR-

inertial_Graffiti_Wall sequence, including FAST-LIVO2,

FAST-LIO2, and CUBE-LIO.

Due to insufficient geometric information, FAST-LIO2 ex-

hibits noticeable drift. FAST-LIVO2 leverages visual cues to

generate high-precision colored maps. Notably, CUBE-LIO,

using only LiDAR intensity, produces maps with minimal

drift. Although CUBE-LIO does not provide colored maps,

its patterns are delineated, and in certain regions, texture

details surpass those of FAST-LIVO2. For example, when

zooming in on regions A3 and C3, FAST-LIVO2 shows slight

ghosting, whereas CUBE-LIO yields sharper and clearer

textures. We attribute the advantage of CUBE-LIO over

FAST-LIVO2 to the inherent temporal and spatial alignment

of LiDAR intensity compared to the camera.
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Fig. 7. Comparison of mapping results on the HIT Graffiti Wall sequence: Top: FAST-LIVO2, Middle: FAST-LIO2, Bottom: CUBE-LIO. CUBE-LIO
provides sharper, less ghosted structures.

C. Ablation Study

To evaluate the contributions of the cubemap projec-

tion and IGM-constancy photometric optimization, we con-

duct ablation experiments on two challenging scenarios:

RunwayD from ENWIDE and Featureless_GNSS02 from

MARS-LVIG. The former involves aggressive handheld mo-

tion with large viewpoint and range variation but no polar

coverage; the latter is a quadrotor flight observing downward

regions with stable attitude. Results are summarized in

Table III.

The (cube, IGM) configuration represents the full CUBE-

LIO system. The (equi, IGM) variant replaces the projection

method with equirectangular projection, while keeping pho-

tometric optimization unchanged.

On RunwayD, the equirectangular variant performs ad-

equately due to the limited vertical field of view of the

Ouster OS0 sensor, which avoids the polar regions. However,

in Featureless_GNSS02, the equirectangular variant suffers

a severe drop in accuracy. Figure 8 details the reason for

this degradation. In (a) and (b), green points denote selected

semi-dense features on the equirectangular and cubemap

intensity representations, respectively; (c) and (d) show the

same features projected into the global map. Equirectangular

stretching near the pole causes dense aggregation and hinders

effective selection in those regions, whereas the cubemap

yields a more uniform sampling across the field of view,

enabling stable tracking. This validates the substantial advan-

tage of cubemap projection when polar regions are present.

The “Time” column in Table III reports the average

image generation/photometric optimization costs on the Run-

wayD sequence. Compared to the equirectangular variant,

cubemap-based image projection and photometric optimiza-

tion are faster by 38% and 43%, respectively. Addition-

ally, the per-frame processing times of FAST-LIO2, COIN-

LIO, and CUBE-LIO are 24.2 ms, 32.1 ms, and 29.5 ms,

respectively. CUBE-LIO is only modestly slower than the

geometric-only baseline while maintaining real-time perfor-

mance.

To assess the efficacy of IGM-constancy optimization, we

replace it with an intensity-constancy optimization (cube,

TABLE III

ABLATION STUDY: RMSE AND EXECUTION TIME

Proj. Features RunwayD

(m)

Featureless

GNSS02 (m)

Time

(ms)

equi. IGM 0.760 19.71 8.3/5.1
cube intensity 1.734 0.720 –/–
cube IGM 0.655 0.398 5.1/2.9
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(a) Equirectangular image (b) Cubemap image (-Z face)

(c) Features in map from (a) (d) Features in map from (b)

Fig. 8. Comparison of feature distribution near the pole.

intensity), while keeping semi-dense feature selection still

driven by IGM (ensuring identical feature locations). Across

both RunwayD and Featureless_GNSS02, IGM-constancy

outperforms intensity-constancy; the gain is especially pro-

nounced on RunwayD, where rapid handheld motion induces

substantial range and incidence-angle variation. These results

confirm that IGM-constancy photometric optimization yields

more stable residuals under dynamic observation conditions.

V. CONCLUSION

This study presents CUBE-LIO, an intensity-assisted

LiDAR-inertial odometry system using a low-distortion, ef-

ficient cubemap projection for dense LiDAR image gen-

eration. The approach is sensor-agnostic, supporting both

spinning and solid-state LiDARs. Building on this projection,

we introduce an IGM-based feature selection and direct

IGM-constancy optimization strategy, improving resilience

to intensity noise and measurement variation. Extensive

public-dataset experiments show consistent accuracy and

robustness in both structured and geometrically degenerate

environments. As high-density hemispherical LiDARs (e.g.,

Ouster Dome, RoboSense Airy, Hesai JT128) become more

prevalent, we expect the advantages of cubemap projection

to increase and will further refine the framework to advance

robust, accurate LiDAR-inertial navigation.
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