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Abstract— Tightly coupled LiDAR–inertial odometry (LIO)
systems are critical for autonomous navigation, yet their perfor-
mance often degrades due to insufficient adaptability to diverse
environments and limitations in map representation. To address
these limitations, this paper presents GMM-LIO, a robust and
adaptive LIO framework that integrates a novel information-
theoretic scan processing module and a high-fidelity Gaussian
Mixture Model (GMM) voxel map structure. At its core, GMM-
LIO features a two-level adaptive front-end that dynamically
modulates voxel resolution based on state uncertainty and ad-
justs surface covariance estimation according to local point den-
sity on a standard voxel grid. Furthermore, GMM-LIO employs
a dynamic Gaussian Mixture Model voxel map to accurately
model intersecting surfaces. The entire system is formulated as
a robust Maximum a Posteriori (MAP)-based estimator, which
employs an Iteratively Reweighted Least Squares (IRLS) solver
together with a principled anisotropic information matrix to
handle measurement outliers. Extensive evaluations on diverse
public and self-collected datasets demonstrate that GMM-LIO
achieves state-of-the-art accuracy and robustness, with a 36%
relative improvement over leading LIO baselines.

I. INTRODUCTION

High-precision and robust state estimation is a funda-
mental capability for autonomous systems, such as self-
driving vehicles and mobile robots, enabling them to navigate
complex and unknown environments reliably. Among various
localization modalities, LIO has emerged as a cornerstone
approach, providing accurate robot state and map estimation
largely independent of ambient illumination. Influential mod-
ern frameworks, such as the FAST-LIO family [1], [2] and
LIO-SAM [3], have established powerful paradigms based on
tightly-coupled Kalman filters and factor graph optimization,
respectively, pushing the boundaries of efficiency and global
consistency.

Despite these successes, LIO systems still face persistent
challenges that limit their performance. A critical issue stems
from the data association process itself, particularly within
Generalized-ICP (GICP) [4] based methods [5]–[8]. These
approaches rely on estimating local surface covariances from
neighboring points to model geometry. However, the quality
of this estimation is highly sensitive to the spatial distribution
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Fig. 1: Mapping results of GMM-LIO in diverse environments. The
top row shows the final maps from the Newer College Dataset [17]
(a) and the M2DGR Dataset [18] (c). The bottom row shows the
corresponding magnified views (b, d) of the red-boxed areas.

and density of points; sparse or irregularly sampled point
sets, common in many real-world scenarios, can lead to
unreliable covariance estimates and thus degrade registration
accuracy. This problem is further exacerbated by the limita-
tions of the underlying map representation. Structures based
on raw point clouds [2], [9], surfels [10], or voxels limited to
a single geometric primitive (e.g., a single-plane [11], [12]
or a single-Gaussian distribution [13]) struggle to accurately
model geometric discontinuities like corners and intersecting
surfaces. This representational inadequacy leads to infor-
mation loss and further corrupts the registration process.
Furthermore, many systems lack adaptability, relying on
fixed parameters that render them brittle when transitioning
between environments or encountering sensor degradation.
While recent research has addressed specific aspects of
robustness, such as handling geometric degeneracy [14], [15]
or adapting sensor noise models [16], a unified framework
that holistically adapts to both environmental structure and
measurement statistics remains an open challenge.

To this end, this paper presents GMM-LIO, a robust
and adaptive LIO framework that integrates a perceptive,
information-theoretic front-end with a novel high-fidelity
map representation. The framework incorporates an adap-
tive scan processing module, which modulates voxel grid
resolution according to posterior state uncertainty and re-
fines surface covariance estimation based on local point
density. In addition, we propose a Dynamic Gaussian Mix-
ture Model Voxel Map that effectively represents complex
intersecting surfaces and sharp features, thereby alleviating
the limitations of single-Gaussian assumptions. To ensure
robustness against measurement outliers, we adopt a MAP-
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based formulation solved via IRLS, where the use of an
anisotropic information matrix enables selective attenuation
of inconsistent observations. Our observation model is con-
ceptually related to VGICP [5]. Unlike VGICP, however,
the point distributions of the current scan are estimated
using a standard voxel grid, whereas the local map leverages
a richer GMM representation for high-fidelity matching.
Fig. 1 illustrates the high-quality mapping results produced
by GMM-LIO in diverse environments.

The main contributions of this work are summarized as
follows:

• A novel information-theoretic adaptive surface covari-
ance estimation that dynamically adjusts voxel resolu-
tion based on posterior state uncertainty and modulates
surface covariance estimation according to local point
density.

• A novel Dynamic Gaussian Mixture Model Voxel Map
that provides high-fidelity modeling of complex ge-
ometric structures and supports efficient incremental
updates and dynamic component splitting.

• A principled robust MAP estimator that derives an
anisotropic information matrix from a second-order ap-
proximation of the robust kernel, enabling more precise
outlier suppression than standard IRLS methods.

• Extensive validation on diverse public benchmarks and
self-collected datasets, demonstrating superior accuracy
and robustness over state-of-the-art methods.

II. RELATED WORK

LiDAR-inertial odometry has emerged as a fundamental
technology for autonomous navigation by tightly coupling
the complementary strengths of LiDAR and IMU sensors.
High-frequency IMU measurements are instrumental for
compensating LiDAR motion distortion and providing high-
rate motion predictions [3], while LiDAR’s accurate geomet-
ric measurements provide robust constraints to mitigate the
IMU’s long-term drift.

At the core of any LIO system lies the challenge of
robust point cloud registration. To this end, methods have
evolved beyond the classic Iterative Closest Point (ICP)
towards probabilistic approaches like the GICP [4]. GICP
models registration as a distribution-to-distribution alignment
problem by estimating a surface covariance for each point
or local point set to capture the underlying geometry. This
probabilistic formulation is a step towards principled un-
certainty modeling and provides inherent robustness against
measurement noise. However, the fidelity of this covariance
estimation, which relies on efficiently estimating local ge-
ometric information from neighboring points, is critically
dependent on the quality and spatial distribution of the local
point set. In sparse, unstructured, or geometrically ambigu-
ous regions, this estimation can become unreliable, thereby
degrading the accuracy of the entire registration process [19],
[20]. This vulnerability reveals two coupled research gaps:
the need for an adaptive scan processing module that can
adapt its surface covariance estimation strategy to local data
quality, and the need for a map representation that can model

complex geometries beyond a single surface. Our work ad-
dresses these challenges directly by an information-theoretic
adaptive module to ensure reliable covariance estimation
across diverse environments and introducing a GMM-based
map to represent multi-modal surfaces.

Map representation in LIO is a critical trade-off between
geometric fidelity and computational efficiency. To manage
the immense volume of points and enable efficient nearest-
neighbor searches, these methods typically rely on spatial
data structures like k-d trees, with modern variants like
the ikd-Tree [21] supporting incremental updates. While
efficient, these methods lack explicit geometric priors, re-
quiring local surface properties to be inferred on-the-fly.
To embed geometric information directly into the map, a
significant body of research has shifted towards structured,
voxel-based representations. These methods model the en-
vironment using geometric primitives, such as surfels [10],
planes [11], or single Gaussian distributions [5], [13], [22].
These approaches mark a significant step forward by em-
bedding geometric priors directly into the map. However,
their core limitation lies in the single-distribution-per-voxel
assumption. This simplification inherently fails to represent
geometric discontinuities, such as corners or intersecting
surfaces, where a single voxel may contain points from
multiple distinct planes. Our work directly addresses this
limitation by introducing a dynamic Gaussian Mixture Model
map, enabling a high-fidelity representation of such complex,
multi-modal geometries.

III. METHODOLOGY

A. System Overview and Problem Formulation

The proposed GMM-LIO is a robust and adaptive tightly-
coupled LIO system that achieves high-precision state es-
timation through three synergistic innovations, as depicted
in Fig. 2. The framework is built upon: (1) a perceptive,
information-theoretic front-end that adaptively modulates
voxel resolution and surface covariance estimation based on
state uncertainty and local point density (Sec. III-C); (2) a dy-
namic Gaussian Mixture Model voxel map for high-fidelity
representation of complex geometries such as intersecting
surfaces (Sec. III-D); and (3) a robust MAP-based estimator
that employs an IRLS solver with a principled anisotropic
information matrix to precisely mitigate the influence of
outliers (Sec. III-E).

The state of the robot body (IMU frame, B) at the time
of the k-th LiDAR scan is defined as:

xk =
[WRBk

WtBk
WvBk

bω,k ba,k

]T
, (1)

where WRBk
∈ SO(3), WtBk

∈ R3, and WvBk
∈ R3 are

the rotation, translation, and velocity of the body frame in
the world frameW . The terms bω,k,ba,k ∈ R3 represent the
gyroscope and accelerometer biases, respectively. Our filter
operates on an error state δx ∈ R15, defined as the error
between the updated state x̄k and its prediction x̂k.

When a new LiDAR scan Pk is available, the measurement
update step refines the prior state estimate x̂k to a posterior

21285



State UpdateState Prediction

Gaussian Mixture Model
Voxel MapData AssociationAdaptive Surface

Covariance Estimation
Point Cloud
Undistortion

Section III-ESection III-C

Section III-D

LiDAR point
Gaussian

Hash
Table

IMU Prior Residual

Fig. 2: System overview of GMM-LIO. An adaptive front-end registers scans against the GMM map. This geometric constraint is fused
with IMU data within an iterative MAP-based estimator to update the system state.

state x̄k. This refinement is formulated as a nonlinear Max-
imum a Posteriori problem. The goal is to find the optimal
error state δx∗ that minimizes the sum of the Mahalanobis
distances of the prior and measurement residuals. At the κ-th
iteration of the Gauss-Newton solver, this objective function
is:

δx∗ = argmin
δx

{
∥δx∥2P̂−1

k
+
∑
i∈Pk

∥rL(x̂κ
k ⊞ δx,pi)∥2ΣL,i

}
,

(2)
where the notation ∥a∥2M ≜ aTM−1a. The cost function
fuses the IMU prior residual, ∥δx∥2

P̂−1
k

, which penalizes
deviations from the predicted state, with the LiDAR mea-
surement residual, rL(·). The latter is derived from a GICP
formulation [4], quantifying the distribution-to-distribution
alignment error between the current scan and the local map.
Upon convergence, the posterior state is updated as x̄k =
x̂k ⊞ δx∗.

B. State Prediction

This module propagates the system state x̄k−1 and its
covariance P̄k−1 forward in time from tk−1 to tk using
high-frequency IMU measurements. The nominal state is
propagated by integrating the bias-corrected IMU data via
a midpoint integration scheme to compute the prior state x̂k.
Concurrently, the error-state covariance is propagated using
a first-order discretization of the continuous-time dynamics.
The discrete-time update between two IMU measurements
is:

Pi+1 = FiPiF
T
i +GiQGT

i , (3)

where Fi and Gi are the discretized state transition and noise
input Jacobians, and Q is the IMU noise covariance. This
propagation, which starts with P0 = P̄k−1, is chained over
all IMU measurements to yield the final prior covariance P̂k.
The detailed formulation follows established on-manifold
integration methods [1].

C. Adaptive Information-Theoretic Covariance Estimation

This module processes each incoming LiDAR scan, Pk,
by partitioning its points using a standard voxel grid. The
purpose of this grouping is to facilitate the estimation of local

surface distributions, which are essential for the subsequent
registration step.

1) Information-Driven Voxelization: The first adaptation
level predictively modulates the voxel resolution, vk, for
the current scan based on the geometric constraint quality
derived from the previous posterior state estimate. The ob-
jective is to define an appropriate spatial scale for grouping
points to estimate a single, representative covariance for that
region, rather than merely downsampling the data.

Specifically, we define an information sufficiency metric,
Sk−1 ∈ (0, 1), derived from the LiDAR factor’s Hessian
matrix, H

(k−1)
L , from the prior update step. The trace of

the Hessian’s rotational, Tr(Hrr), and translational, Tr(Htt),
sub-blocks provide scalar measures of the available geomet-
ric information. We normalize these into sufficiency scores
using a sigmoid function:

Ssubspace =
1

1 + exp(−α(Tr(Hsubspace)− βsubspace))
, (4)

where ‘subspace’ is either ‘rot’ or ‘trans’. Here, α > 0
is a slope parameter that controls the steepness of the
mapping, and βsubspace is an information threshold. The final
metric, Sk−1 = min(Srot, Strans), reflects the weakest link in
the geometric constraints. This metric then interpolates the
voxel size, vk, between a predefined minimum, vmin, and
maximum, vmax:

vk = vmin + (vmax − vmin) · Sγ
k−1. (5)

The exponent γ > 0 is a tuning factor that controls the non-
linearity of the interpolation. Consequently, when geometric
constraints are weak (Sk−1 → 0), the voxel resolution is
dynamically decreased (vk → vmin) to preserve fine details
critical for registration in feature-sparse scenes. Conversely,
when constraints are strong (Sk−1 → 1), the resolution is
increased (vk → vmax), allowing for more spatial aggrega-
tion to improve computational efficiency without sacrificing
robustness.

2) Density-Adaptive Surface Covariance Estimation:
Once the scan is discretized into voxels of adaptive size vk,
the second level of adaptation occurs during the estimation
of the surface covariance. This process bifurcates based on
the local point cloud density, addressing the instability that
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arises when a voxel contains too few points to form a reliable
distribution [5]. Let Np be the number of raw points within
a given voxel and Nmin be the minimum number of points
required for a stable intra-voxel covariance estimation.

For locally dense voxels where Np ≥ Nmin, the surface
covariance is computed exclusively from this intra-voxel
point set. This approach yields a highly accurate, localized
geometric description, as the points themselves are sufficient
to define the local surface without ambiguity.

For sparsely populated voxels where Np < Nmin, a stable
covariance cannot be reliably estimated from the points
alone. In this case, the system falls back to a hierarchical
neighborhood search strategy. It aggregates points from vox-
els in a small, 1-hop (3 × 3 × 3) neighborhood. If the total
number of points remains insufficient, the search expands to a
larger, 2-hop (5×5×5) neighborhood. The covariance is then
computed from this aggregated set of points. This adaptive
search ensures that a stable and reasonable covariance can
be estimated even in sparse regions of the scan, thereby
enhancing the robustness of the GICP registration. This dual-
strategy approach ensures a fine balance between geometric
fidelity in dense areas and estimation robustness in sparse
ones.

D. Gaussian Mixture Model Voxel Map

To accurately model complex geometries like corners
and edges, critical for robust localization, we propose a
map structure based on a Gaussian Mixture Model where
each voxel can represent multiple intersecting surfaces. This
approach fundamentally overcomes the limitations of single-
Gaussian voxel representations that inherently fail to capture
such features. The conceptual advantage of our approach
is visually illustrated in Fig. 3, where a single-Gaussian
model smears out an intersecting corner, whereas our GMM
precisely models the distinct surfaces.

(a) Single-Gaussian (b) Our GMM Voxel Map

Fig. 3: A conceptual comparison of map representations for mod-
eling a geometric corner. (a) A single-Gaussian model attempts
to fit points from two intersecting surfaces into a single, smeared
distribution, leading to a loss of geometric fidelity. (b) Our GMM
Voxel Map accurately represents the two distinct surfaces using
two separate Gaussian components, preserving the sharp geometric
feature.

1) Representation of the GMM Map: The global map
M is a hash table mapping a 3D spatial index to a voxel
Vi. Each voxel models local geometry as a GMM with
Ki ∈ {1, 2} components, sufficient for common intersecting
planar structures (e.g., wall-floor, wall-wall intersections)
while maintaining tractability. A voxel Vi is defined as:

Vi = ⟨Ki, {Gi,k}Ki

k=1,Pi⟩, (6)

where Ki is the number of active Gaussian components,
{Gi,k} is the set of these components, and Pi is the set of
raw points within the voxel, retained for dynamic updates.

Each Gaussian component Gi,k is defined by its pa-
rameters, including those required for efficient incremental
updates:

Gi,k = ⟨Ni,k,Si,k,Ci,k,µi,k,Σ
M
i,k⟩. (7)

Here, Ni,k is the number of points associated with the
component. Si,k =

∑
p is the sum of the points’ positions,

and Ci,k =
∑

ppT is the sum of their outer products.
From these sums, the mean µi,k and covariance Σi,k are
computed:

µi,k =
1

Ni,k
Si,k, (8)

Σi,k =
1

Ni,k − 1

(
Ci,k −

Si,kS
T
i,k

Ni,k

)
. (9)

To enforce a planar model consistent with the GICP frame-
work, the computed covariance Σi,k is regularized. We
perform an SVD, Σi,k = UΛVT , and then reconstruct the
final map covariance ΣM

i,k with modified singular values:

ΣM
i,k = U · diag(1, 1, ϵ) ·VT , (10)

where ϵ is a small value (e.g., 10−3) to model a thin planar
distribution. The probability density of a point p in this voxel
is the weighted sum of its components:

p(p|Vi) =
Ki∑
k=1

wi,kN (p|µi,k,Σ
M
i,k), wi,k =

Ni,k∑
j Ni,j

.

(11)
2) Incremental Update and Splitting: The GMM map is

updated incrementally with each new scan. For a single-
component voxel (Ki = 1), the arrival of a new set of points
Pnew triggers a direct update of its sufficient statistics:

Si,1 ← Si,1 +
∑

p∈Pnew

p, (12)

Ci,1 ← Ci,1 +
∑

p∈Pnew

ppT , (13)

Ni,1 ← Ni,1 + |Pnew|. (14)

After this update, a splitting procedure is considered to
determine if the single Gaussian component should be par-
titioned into two. This procedure is initiated only if three
conditions are met: first, the total number of points in the
voxel, |Pi|, must exceed a predefined split_threshold;
second, the voxel must currently be represented by a single
component (Ki = 1); and third, the geometry must not be
distinctly planar. Planarity is evaluated using the eigenvalues
(λ1 ≥ λ2 ≥ λ3) of the point set’s covariance; a split is
triggered if the metric λ2/λ1 < τp, indicating low planarity.

If triggered, the points Pi are partitioned into two planar
clusters, C0 and C1, using the method in Alg. 1. The split is
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validated by ensuring centroids are separated (∥µ0−µ1∥ >
dmin) and each cluster has enough points (|Ck| > Nmin).
If validated, the original component is replaced by two new
ones, and Ki is set to 2.

Algorithm 1 Plane K-Means Clustering

1: Input: Point set P
2: Initialize: Use K-Means++ to select two initial centroids

µ0,µ1. Set initial normals n0,n1 (e.g., as random unit
vectors).

3: repeat
4: Set has_changed ← false
5: // – Assignment Step –
6: for each point pj ∈ P do
7: d0 ← |nT

0 (pj − µ0)|
8: d1 ← |nT

1 (pj − µ1)|
9: kj ← argmink∈{0,1} dk

10: if assignment of pj changed then
11: set has_changed ← true
12: end if
13: Assign pj to cluster Ckj

14: end for
15: // – Update Step –
16: for each cluster k ∈ {0, 1} do
17: µk ← 1

|Ck|
∑

p∈Ck
p

18: Covk ← Cov(Ck)
19: nk ← eigenvector corresponding to the minimum

eigenvalue of Covk

20: end for
21: until has_changed is false or max iterations reached
22: Output: Clusters C0, C1 and plane parameters

(µ0,n0), (µ1,n1)

E. MAP-based State Update

The state is estimated by iteratively solving the MAP
problem (Eq. 2) to fuse the IMU prior with LiDAR mea-
surements.

1) Data Association: The LiDAR measurement model is
founded on the GICP distribution-to-distribution metric. For
each downsampled scan point pi with its surface covariance
CL

i , a correspondence is established with a component in a
map voxel Vj . As detailed in Sec. IV-C, if Vj is a GMM, a
robust data association is performed by selecting the Gaus-
sian component that has the smallest Mahalanobis distance
to the scan point pi. This process yields the corresponding
map distribution N (µM

j ,CM
j ).

The residual vector ri for this correspondence is defined
as the difference between the map component’s mean and
the transformed scan point’s position:

ri(xk) = µM
j − (WRBk

pi +
WtBk

). (15)

The corresponding GICP covariance Σi is the sum of the
map covariance and the rotated scan point covariance:

Σi(Rk) = CM
j + WRBk

CL
i (

WRBk
)T . (16)

To handle outliers arising from incorrect correspondences
or dynamic objects, we employ a robust kernel ρ(·) on
the squared Mahalanobis distance si = rTi Σ

−1
i ri. This

transforms the optimization into an IRLS problem.
2) State Update: The total MAP objective is to find the

error state δx∗ that minimizes the sum of the Mahalanobis
distances of the prior and measurement residuals. Within
each Gauss-Newton iteration, this is achieved by solving
a linear system that approximates the original nonlinear
problem. To achieve a more principled robust estimation,
our IRLS implementation goes beyond a simple scalar re-
weighting of residuals. We construct an adaptive information
matrix Ωi,robust derived from the second-order approximation
of the robust cost, involving both the first and second
derivatives of the kernel ρ(·) (see Appendix A for the full
derivation):

Ωi,robust = ρ′(si)Σ
−1
i + 2ρ′′(si)(Σ

−1
i ri)(r

T
i Σ

−1
i ). (17)

Critically, unlike standard IRLS implementations that typ-
ically use only the first derivative, ρ′(si), for isotropic (uni-
form) down-weighting of outliers, our formulation incorpo-
rates the second derivative, ρ′′(si). This inclusion introduces
a rank-1 update term that provides a more sophisticated,
anisotropic adjustment. Specifically, it reduces the informa-
tion precisely along the direction of the residual vector ri
itself. This rigorous approach ensures that the influence of
outliers is suppressed with greater accuracy, significantly
enhancing the final robustness of the state estimate.

The total robust Hessian of the LiDAR factor, HL,robust, is
constructed by summing the contributions of all correspon-
dences, each weighted by this adaptive information matrix:

HL,robust =
∑
i

JT
i Ωi,robustJi, (18)

where Ji =
∂ri
∂δx is the Jacobian of the residual with respect

to the error state. Similarly, the robust LiDAR gradient
vector, bL,robust, is the sum of the weighted gradients:

bL,robust = −
∑
i

ρ′(si)J
T
i Σ

−1
i ri. (19)

Finally, the optimal error state increment δx∗ is found by
solving the full linear system, which incorporates the IMU
prior information (Hprior = P̂−1

k and its corresponding
gradient bprior):

(HL,robust +Hprior)δx
∗ = bL,robust + bprior. (20)

Upon convergence of the Gauss-Newton iterations, the opti-
mal error state is used to correct the prior state to yield the
final posterior estimate: x̄k = x̂k ⊞ δx∗.

IV. EXPERIMENTS

A. Experimental Setup

We evaluated our system on four challenging public
benchmark datasets and one self-collected dataset. These
public datasets include the M2DGR Dataset [18], a large-
scale dataset for ground robots with scenarios explicitly de-
signed to challenge modern SLAM systems. We also used the

21288



Newer College Dataset [17], a diverse dataset collected with
an Ouster LiDAR, featuring aggressive motions and varied
environments, ideal for general performance evaluation. We
further included the GRACO Dataset [23], a multimodal
dataset for ground and aerial cooperative localization and
mapping, and the BotanicGarden Dataset [24], a high-
quality dataset for robot navigation in unstructured natu-
ral environments. Additionally, we utilized a self-collected
dataset equipped with a RoboSense LiDAR and Xsens IMU,
which features a cluttered environment with dynamic pedes-
trians.

We compare GMM-LIO against several state-of-the-art
open-source LIO systems: FAST-LIO2 [2], LIO-SAM [3],
Faster-LIO [9], DLIO [7] and AKF-LIO [16]. All exper-
iments were performed on a laptop with an Intel Core
i7-11800H CPU and 16GB of RAM. We use the evo
package [25] for quantitative evaluation.

B. Comparative Evaluation on Diverse Datasets

To comprehensively evaluate the performance of our pro-
posed GMM-LIO framework, we present a quantitative and
qualitative comparison against several state-of-the-art meth-
ods. The objective is to demonstrate the superior accuracy
and robustness of our approach across a wide range of
challenging and diverse environments.

Table I presents a quantitative comparison of the Absolute
Trajectory Error (ATE) RMSE in meters. The evaluation
spans 18 sequences from five datasets, each chosen to probe
different aspects of algorithmic performance. The results
clearly indicate that GMM-LIO achieves a superior level
of accuracy, demonstrating an average relative improvement
of 36% over the FAST-LIO2 baseline across all sequences.
This strength stems from different core components tailored
to specific environmental challenges.

In structured urban environments such as M2DGR and
GRACO, GMM-LIO exhibits excellent accuracy. This is
primarily attributed to our GMM-based map, which provides
a high-fidelity representation of sharp geometric features like
corners and intersecting planes, offering superior constraints
for registration compared to single-Gaussian voxel models.
This advantage is particularly evident in sequences like
M2DGR-Street05 and GRACO-G03, where our method
achieves the lowest error.

Conversely, in the unstructured and geometrically ambigu-
ous sequences of the BotanicGarden dataset, the system’s
leading performance stems from a different set of strengths.
Here, where distinct planar structures are scarce, the adaptive
front-end excels by dynamically adjusting its processing
strategy to the sparse and irregular point distributions. Con-
currently, the principled robust estimator effectively miti-
gates noise from environmental clutter such as foliage. This
synergy allows GMM-LIO to significantly outperform other
methods in these challenging natural scenes.

Furthermore, in the Newer College Dataset sequences
involving aggressive motions (e.g., ncd05, ncd06), the
combination of the adaptive front-end, which handles rapid
changes in point density, and the robust estimator, which

down-weights motion-induced outliers, ensures stable and
accurate tracking where other methods falter. Our method
consistently delivers the lowest ATE in these high-dynamics
tests.

Fig. 4 provides a qualitative visualization of the estimated
trajectories, which corroborates the quantitative results. The
trajectories from GMM-LIO are visibly more consistent
with the ground truth. Additionally, Fig. 5 showcases the
high-fidelity mapping result on our self-collected dataset,
demonstrating the system’s dual strengths in both accurate
localization and high-quality map generation in real-world
conditions.

C. Ablation Study

To validate the individual contribution of each key com-
ponent in our framework, we conducted a thorough ablation
study. We compare the full GMM-LIO system against three
degraded versions: (1) w/o Robust GICP, which uses a
standard GICP cost function with a simple robust kernel; (2)
w/o Adaptive Front-end, which employs fixed parameters
for voxel resolution and covariance search; and (3) w/o
GMM Map, which replaces our GMM representation with
a simpler single-Gaussian-per-voxel map.

The quantitative results in Table II highlight how each
component contributes to robustness in various scenar-
ios. Specifically, the impact of the GMM Map is most
pronounced in structured environments like M2DGR and
GRACO, confirming its critical role in accurately modeling
complex geometric features. Conversely, the Adaptive Front-
end proves most essential in the unstructured BotanicGarden
sequence, where its ability to handle sparse and irregular
point distributions is paramount. Finally, removing the Ro-
bust GICP formulation consistently degrades performance
across all datasets, particularly in the dynamic M2DGR sce-
nario, validating its effectiveness in mitigating outliers. This
analysis confirms that the components work synergistically,
each addressing distinct environmental challenges to achieve
the full system’s superior performance. The error distribution
is shown in Fig. 6.

D. Real-Time Performance Analysis

To demonstrate the system’s efficiency, we provide a
detailed breakdown of the average processing time per scan,
with all timings measured on an Intel Core i7-11800H CPU.
Table III presents this analysis, where the total time is
decomposed into three main modules: the Front-end, which
includes motion correction and our adaptive covariance esti-
mation; the State Update, encompassing the core GICP scan-
to-map alignment and the MAP-based IRLS solver; and the
Map Update for the incremental update of the GMM Voxel
Map.

The average total time is approximately 14.04 ms, con-
firming the system’s real-time capability for typical 10Hz
LiDAR sensors. The performance varies logically with sen-
sor configuration and environmental complexity. The highest
computational load (25.87 ms) is observed in the Newer
College dataset. This can be attributed to two main factors:
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TABLE I: Quantitative comparison against state-of-the-art methods in terms of Absolute Trajectory Error (ATE) RMSE [m].

Method M2DGR Newer College Dataset BotanicGarden Self-Collected GRACO

Street03 Street04 Street05 Street06 ncd01a ncd05 ncd06 ncd07 1006-01 1008-03 S01 S02 G01 G02 G03 G04 G05 G06

FAST-LIO2 0.198 0.443b 0.378 0.413 0.353 0.125 0.079 0.127 1.911 1.673 0.676 0.623 0.428 1.004 1.610 0.633 1.899 2.351
LIO-SAM 0.192 1.022 0.399 0.417 0.468 0.127 0.121 0.173 – – 0.505 0.694 0.316 0.832 1.125 0.729 1.980 0.922
Faster-LIO 0.498 1.182 0.588 0.457 0.340 0.119 0.079 0.141 1.697 2.086 0.587 0.814 0.663 0.762 0.734 0.715 0.655 0.645

DLIO 0.141b 0.629 1.272 0.412 0.361 0.105 0.121 0.157 1.798 2.245 0.563 0.681 0.346 0.788 0.832 0.492 2.021 0.720
AKF-LIO –c – – – 0.325 0.118 0.085 0.140 2.017 1.748 0.713 0.877 0.740 1.888 6.485 1.202 2.465 4.238

GMM-LIO 0.173 0.426 0.269 0.437 0.323 0.100 0.077 0.134 1.406 1.489 0.463 0.594 0.284 0.761 0.718 0.516 0.761 0.614
a The sequence names are abbreviated as follows: ncd01 denotes 01_short_experiment, ncd05 denotes 05_quad_with_dynamics, ncd06 denotes 06_dynamic_spinning, and ncd07
denotes 07_parkland_mound. b The best results are highlighted in bold, while the second-best results are underlined. c A double dash “–” indicates that the corresponding method failed
to provide a valid trajectory for the sequence.

Fig. 4: A qualitative comparison of estimated trajectories from various methods (colored lines) against the ground-truth trajectories (black
dashed lines). From left to right, the subfigures show results on the M2DGR-Street04, M2DGR-Street05, GRACO-G01, and GRACO-G02
sequences. Our proposed GMM-LIO demonstrates superior consistency and accuracy.

Fig. 5: Mapping results from GMM-LIO on a challenging, self-
collected dataset. The figure shows the generated map and its
magnified views.

TABLE II: Ablation study of GMM-LIO components on ATE [m].

Configuration M2DGR (Street04) Newer College (ncd06) BotanicGarden (1008-03) GRACO (G01)

w/o Robust GICP 0.447 0.078 1.518 0.289
w/o Adaptive Front-end 0.558 0.078 1.584 0.295
w/o GMM Map 0.580 0.085 1.490 0.310

GMM-LIO (Full) 0.426 0.077 1.489 0.284

firstly, the higher-resolution LiDAR used in this dataset
generates a denser point cloud per scan; secondly, the
prevalence of structured features, such as intersecting planes
at building corners, frequently activates the computation-
ally intensive splitting mechanism within our GMM map.
Conversely, the system is most efficient (7.29 ms) in the
unstructured BotanicGarden dataset, which features sparser
geometry. This analysis confirms that the enhanced accuracy
and robustness of GMM-LIO are achieved without sacrificing
real-time performance.

M2DGR Newer College Botanic Garden GRACO
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Fig. 6: Error distribution from the ablation study.

TABLE III: Average Processing Time per Scan [ms].

Sequence Front-end State Update Map Update Total ↓

M2DGR 7.36 1.11 3.49 11.96
Newer College 10.81 4.42 10.64 25.87
BotanicGarden 3.57 2.04 1.68 7.29
GRACO 5.49 1.81 3.72 11.02

Average 6.81 2.35 4.13 14.04

V. CONCLUSION

In this paper, we presented GMM-LIO, a tightly-coupled
LiDAR-inertial odometry framework that enhances robust-
ness and precision through the synergy of three key inno-
vations: an information-theoretic adaptive front-end for sur-
face covariance estimation, a high-fidelity Gaussian Mixture
Model voxel map for complex geometries, and a princi-
pled robust MAP estimator to mitigate outliers. Extensive
evaluations on challenging public datasets demonstrated that
GMM-LIO achieves state-of-the-art accuracy and robustness,
particularly in geometrically degenerate and dynamic scenar-
ios. Future work will focus on exploring the fusion of visual
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data for richer metric-semantic mapping.

APPENDIX

A. Derivation of the Robust Information Matrix

The robust cost for a single GICP correspondence is given
by 1

2ρ(si), where si = rTi Σ
−1
i ri is the squared Mahalanobis

distance. To solve this non-linear least squares problem using
the Gauss-Newton method, we need to find a quadratic
approximation of the cost function with respect to a small
state increment δx.

We begin by analyzing the incremental cost, ∆Ci, using
a second-order Taylor expansion of the robust kernel ρ(·):

∆Ci =
1

2
ρ(si+∆si)−

1

2
ρ(si) ≈

1

2
ρ′(si)∆si+

1

4
ρ′′(si)(∆si)

2.

(21)
Next, we find an expression for the change in the squared
error, ∆si. By linearizing the residual vector around the
current state estimate, ri(x ⊞ δx) ≈ ri + Jiδx, where Ji

is the Jacobian of the residual with respect to the error state,
we get:

∆si = (ri + Jiδx)
TΣ−1

i (ri + Jiδx)− si

≈ 2rTi Σ
−1
i Jiδx︸ ︷︷ ︸

O(δx)

+(δx)⊤J⊤
i Σ

−1
i Jiδx︸ ︷︷ ︸

O(δx2)

. (22)

We now substitute Eq. (22) into Eq. (21). To form a
valid quadratic approximation for the Gauss-Newton step,
we keep all terms up to the second order in δx. The
term (∆si)

2 contains terms of O(δx2) and higher. We
only retain its second-order component: (2rTi Σ

−1
i Jiδx)

2 =
4(δx)TJT

i Σ
−1
i rir

T
i Σ

−1
i Jiδx.

Substituting and collecting all terms, the incremental cost
function becomes:

∆Ci(δx) ≈ ρ
′
(si)r

T
i Σ

−1
i Ji︸ ︷︷ ︸

gradient part

δx

+
1

2
(δx)

T
(
ρ
′
(si)J

T
i Σ

−1
i Ji + 2ρ

′′
(si)J

T
i Σ

−1
i rir

T
i Σ

−1
i Ji

)
︸ ︷︷ ︸

Hessian part

δx.

(23)

This expression is a quadratic form, ∆Ci ≈ bT
i δx +

1
2δx

THiδx. The Hessian part is the term in the parentheses.
By factoring out the Jacobians JT

i and Ji, we can identify
the adaptive information matrix Ωi,robust that defines the
weighting for this correspondence:

Ωi,robust = ρ′(si)Σ
−1
i + 2ρ′′(si)(Σ

−1
i ri)(r

T
i Σ

−1
i ). (24)

This allows us to write the Hessian contribution for
the i-th correspondence in the familiar form Hi,robust =
JT
i Ωi,robustJi.
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