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Abstract

Accurate and robust localization and mapping in complex and dynamic environments re-
main a fundamental challenge for autonomous systems. LiDAR–Inertial–Visual Odometry
(LIVO) integrates the complementary strengths of LiDAR geometry, visual appearance, and
inertial motion constraints. However, existing LIVO systems still suffer from limited adapt-
ability to sensor degradation, weak loop-closure robustness, and insufficient cross-modal
consistency modeling. This paper presents a robust multi-sensor SLAM framework that
integrates an uncertainty-aware LIVO front-end, a geometry-driven loop-closure module,
and a cross-modal consistency factor-graph back-end. We develop an uncertainty-aware
iterated error-state Kalman filter (iESKF) to tightly fuse LiDAR, visual, and inertial mea-
surements, with measurement covariances dynamically adjusted according to innovation
statistics, feature-matching quality, and observability. To improve global consistency, we
propose a multi-channel Binary Triangle Constraint (mBTC) descriptor for LiDAR-based
loop detection, which enhances robustness under viewpoint changes and appearance degra-
dation. In addition, we introduce a cross-modal consistency factor to explicitly constrain the
relative motion agreement between visual and LiDAR odometries. Extensive experiments
on multiple public benchmarks demonstrate improved accuracy, loop-closure reliability,
and long-term consistency compared with state-of-the-art LIVO systems.

Keywords: LiDAR–inertial–visual SLAM; multi-sensor fusion; uncertainty-aware iESKF;
loop closure; cross-modal consistency

1. Introduction
Accurate and robust localization and mapping are fundamental capabilities for au-

tonomous systems operating in complex real-world environments, such as mobile robots,
autonomous vehicles, and unmanned aerial platforms. These systems are required to
function reliably under challenging conditions, including drastic illumination changes, dy-
namic objects, large-scale scenes, repetitive structures, and long-term operation. Achieving
high-precision, drift-free simultaneous localization and mapping (SLAM) in such scenarios
remains a long-standing research challenge.

Single-modality SLAM systems suffer from inherent limitations. Vision-based methods
are highly sensitive to illumination variations, motion blur, and textureless regions, often
leading to tracking failures. LiDAR-based approaches, while robust to lighting conditions,
typically provide only sparse geometric information and struggle in environments with
repetitive geometric patterns or structure-degenerate scenes. Inertial measurement units
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(IMUs) supply high-frequency motion constraints but inevitably accumulate drift over
time due to sensor bias and noise. To overcome these individual weaknesses, multi-sensor
fusion has become a promising direction, aiming to leverage the complementary strengths
of LiDAR geometry, visual appearance, and inertial motion priors.

Among multi-sensor frameworks, LiDAR–Inertial–Visual Odometry (LIVO) has
emerged as an effective solution that tightly integrates the metric accuracy and illumination
invariance of LiDAR, the rich appearance information from cameras, and the high-rate
continuity provided by IMUs. Early loosely coupled systems [1–3] are computationally
efficient but fail to fully exploit cross-modal constraints. Recent tightly coupled approaches,
such as LVI-SAM [4], R2LIVE [5], R3LIVE [6], FAST-LIVO [7], and FAST-LIVO2 [8], have
significantly advanced real-time performance and accuracy by unifying visual and LiDAR
residuals within a unified optimization or filtering framework. Nevertheless, most existing
LIVO systems still rely on fixed measurement noise models that cannot adapt to time-
varying sensor degradation (e.g., illumination changes, motion blur, partial occlusions, or
geometric degeneracy). In addition, they often lack robust geometric loop closure under
large viewpoint changes and do not explicitly enforce cross-modal consistency between
visual and LiDAR odometries. These limitations frequently result in reduced robustness,
accumulated drift, and suboptimal global consistency in challenging environments.

To address the above issues, this paper presents a robust multi-sensor SLAM frame-
work that integrates an uncertainty-aware LIVO front-end, a geometry-driven loop-closure
module, and a cross-modal consistency factor-graph back-end. The main contributions of
this work are as follows:

The main contributions of this paper are summarized as follows:

1. Uncertainty-aware iESKF fusion. We propose a dynamic covariance adaptation
strategy within an iterated error-state Kalman filter (iESKF) that adaptively balances
LiDAR, visual, and inertial measurements under varying sensor quality and environ-
mental conditions.

2. Multi-channel geometric loop detection. We introduce a novel multi-channel Binary
Triangle Constraint (mBTC) descriptor that encodes richer geometric context, signif-
icantly improving loop detection robustness and discriminability in repetitive and
viewpoint-variant scenes.

3. Cross-modal consistency factor-graph optimization. We design a cross-modal consis-
tency factor that explicitly enforces short-baseline motion agreement between visual
and LiDAR odometries, reducing long-term drift and enhancing global consistency.

4. Comprehensive evaluation. Extensive experiments on multiple public multi-sensor
datasets demonstrate that the proposed system achieves superior accuracy, robustness,
and long-term consistency compared to state-of-the-art LIVO methods.

2. Related Work
2.1. Direct Visual and LiDAR Odometry

Direct visual odometry and SLAM estimate camera motion by directly minimizing
photometric inconsistencies across image frames, without explicit feature extraction. Repre-
sentative sparse direct methods such as DSO [9] jointly optimize camera poses and sparse
depth through photometric bundle adjustment, achieving high accuracy under stable il-
lumination. Earlier semi-dense approaches, including LSD-SLAM [10], demonstrated the
feasibility of direct mapping at larger scales, while semi-direct pipelines such as SVO [11]
combine feature-based tracking with direct alignment to balance efficiency and accuracy.
Despite their effectiveness, direct visual methods remain highly sensitive to illumination
variations, motion blur, and weak-texture regions, often leading to tracking failures.
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In parallel, feature-based visual SLAM systems such as ORB-SLAM2 [12] and its
extensions are widely used due to their robust keyframe management, loop closure de-
tection, and global bundle adjustment. Closely related visual–inertial systems, includ-
ing VINS-Mono [13] and subsequent variants [14,15], improve short-term robustness by
incorporating inertial constraints, yet still suffer from limited performance in visually
degraded environments.

On the LiDAR side, direct geometric registration has been extensively explored. The
seminal LOAM framework [16] and its variants [17,18] establish point-to-edge and point-
to-plane constraints for LiDAR odometry and mapping. Recent direct LiDAR approaches
avoid explicit feature extraction by operating on raw or voxelized point clouds [19,20],
enabling efficient scan-to-map alignment. However, LiDAR-only systems may encounter
geometric degeneracy in structure-sparse environments and lack the rich appearance cues
available in vision.

2.2. LiDAR–Visual–Inertial SLAM

To exploit complementary sensing modalities, LiDAR–visual–inertial SLAM systems
have been developed in both loosely and tightly coupled architectures. Early loosely
coupled pipelines integrate visual odometry with LiDAR mapping at the state level, where
visual estimates primarily serve as motion priors for LiDAR registration [1–3]. Although
modular, these approaches often fail to fully exploit cross-modal constraints, resulting in
suboptimal information utilization.

Tightly coupled formulations have demonstrated superior performance by jointly
optimizing or filtering multi-modal measurements. Optimization-based systems such as
LVI-SAM [4] incorporate LiDAR and visual factors into a unified factor graph, achieving
high mapping accuracy and global consistency at the expense of increased computational
cost. In contrast, filter-based pipelines have gained popularity for their real-time capability.
R2LIVE [5] unifies LiDAR geometric residuals and visual photometric errors within an
iterated error-state Kalman filter (iESKF), enabling high-rate propagation and fast updates.
Its successor, R3LIVE [6], further improves robustness through radiance modeling and
multi-threaded visual rendering.

Recent efforts have focused on enhancing efficiency and robustness of tightly coupled
LIVO. FAST-LIVO [7] introduces a sparse direct fusion strategy within an iESKF framework,
significantly accelerating front-end estimation. Its successor, FAST-LIVO2 [8], refines
visual-to-map alignment and residual modeling, establishing a strong real-time baseline.
Related tightly coupled systems, including Fast-LIO [21], Fast-LIO2 [22], Point-LIO [23],
CT-ICP [24], DLIO [25], and LIO-SAM [26], further explore efficient residual formulations,
continuous-time modeling, and improved map representations.

Despite these advances, most existing LIVO systems rely on static or heuristic mea-
surement noise models that assume fixed reliability across modalities. In practice, sen-
sor quality varies significantly due to illumination changes, partial occlusions, and dy-
namic objects, motivating uncertainty-aware fusion strategies that adaptively balance
heterogeneous observations.

2.3. Loop Closure and Consistency in Multi-Modal SLAM

Loop closure detection is essential for correcting accumulated drift and ensuring long-
term global consistency. In LiDAR-based place recognition, global geometric descriptors
such as Scan Context [27] and projection-based methods like M2DP [28] have been widely
adopted due to their computational efficiency and illumination invariance. Subsequent
extensions [29–31] further improve robustness under viewpoint changes. However, global
descriptors may suffer from geometric aliasing in repetitive or sparse environments.
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Recent works explore geometric-invariant representations based on local structural
constraints, such as binary or triangular configurations [32,33], which exhibit improved
robustness under wide-baseline and appearance-degraded conditions. Nevertheless, de-
scriptors relying on a single geometric attribute may still lack discriminative power in
complex scenes.

In addition to loop closure, maintaining cross-modal consistency between LiDAR and
visual estimates remains an underexplored problem. Many multi-sensor SLAM systems im-
plicitly assume agreement between visual and LiDAR motion estimates, yet discrepancies
can accumulate and degrade global optimization. Consistency-aware strategies inspired by
innovation-based statistical testing [34] and adaptive covariance modeling [35] provide a
principled foundation for dynamically adjusting measurement confidence and improving
estimator reliability.

3. Materials and Methods
3.1. System Overview

In the preprocessing stage, raw data streams from the IMU, LiDAR, and camera are
hardware-synchronized using an STM32-based timing board (Figure 1), where the STM32
microcontroller was provided by STMicroelectronics, Geneva, Switzerland, following the
synchronization scheme of FAST-LIVO2 [8]. After synchronization, IMU measurements are
used for state propagation, while LiDAR and visual observations provide geometric and
photometric constraints, respectively. These measurements are then tightly fused within
the uncertainty-aware iESKF front-end. To improve robustness under varying sensing
conditions, an adaptive dynamic covariance adjustment strategy is introduced to modulate
the measurement uncertainty of each modality according to three complementary cues,
namely innovation consistency (NIS), feature-matching quality, and geometric observability.
In this way, the estimator is able to dynamically balance the contributions of different
sensors according to their instantaneous reliability.

Figure 1. Overall framework of the proposed uncertainty-aware LiDAR–inertial–visual SLAM system.
The solid arrows indicate data flow and information propagation, whereas the hollow arrows denote
the interaction between the front-end local estimation and the back-end optimization. The front-
end performs synchronized multi-sensor preprocessing, motion compensation, bidirectional feature
matching, photometric residual construction, and uncertainty-aware state update with adaptive
dynamic covariance adjustment. The back-end jointly incorporates IMU, LiDAR, visual, cross-modal
consistency, and mBTC-based loop closure factors to improve global consistency.
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Based on the estimated states, the front-end further maintains a local map composed
of map-point updates, reference-patch updates, and voxel-map-based pose representation.
This local mapping mechanism provides stable geometric and photometric references
for subsequent state estimation, thereby enhancing the continuity and consistency of the
front-end odometry.

To improve long-term consistency, the back-end performs global optimization within
a factor-graph framework. Specifically, the factor graph jointly incorporates IMU factors,
LiDAR factors, visual factors, cross-modal consistency factors, and mBTC loop factors.
Meanwhile, an mBTC-based loop detection module is employed to identify revisited places,
and the resulting loop closure constraints are introduced for loop closure correction and
global trajectory refinement. Compared with the original single-channel BTC descriptor
that encodes only geometric shape information, the proposed mBTC extends the descriptor
by introducing additional multi-dimensional contextual cues, thereby improving loop
robustness and distinctiveness in repetitive or partially degraded environments.

Through the hierarchical integration of uncertainty-aware iESKF-based front-end
estimation, local map maintenance, mBTC-based loop detection, and cross-modal factor-
graph optimization, the proposed framework unifies local odometry estimation and global
consistency optimization within a single multi-sensor SLAM system, achieving enhanced
robustness and accuracy in challenging environments.

3.2. Uncertainty-Aware iESKF Fusion

The proposed front-end uses an iterated error-state Kalman filter (iESKF). This filter
tightly fuses LiDAR, visual, and inertial measurements in a unified probabilistic framework.
It propagates the state with IMU measurements at high frequency. It then corrects the state
using LiDAR and visual observations. This approach achieves real-time estimation while
preserving local consistency on the SE(3) manifold.

Conventional tightly coupled filters rely on fixed and isotropic measurement co-
variances. In contrast, our method introduces an uncertainty-aware adaptive covariance
mechanism. This mechanism dynamically adjusts the confidence of each sensing modality.
It bases the adjustment on real-time statistical consistency, matching quality, and geometric
observability.

This design improves robustness under changing sensing conditions. The system can
maintain reliable state estimation even when illumination changes, motion blur occurs,
texture is weak, or LiDAR geometry degenerates.

3.2.1. State Representation and Error Definition

The system state is defined as

x = [Rwb, pw, vw, bg, ba], (1)

where Rwb ∈ SO(3) is the rotation matrix that maps vectors from the body frame to the
world frame, and SO(3) denotes the 3D rotation group. The vectors pw ∈ R3 and vw ∈ R3

denote the body position and velocity in the world frame, respectively. The gyroscope bias
bg ∈ R3 and accelerometer bias ba ∈ R3 are both three-dimensional. The corresponding
15-dimensional error state is written as

δx = [δθ⊤, δp⊤, δv⊤, δb⊤g , δb⊤a ]
⊤, (2)

where δθ ∈ R3 is the rotation error vector (also called the attitude error) expressed in the
tangent space of SO(3). A right-invariant error formulation is adopted so that the attitude
update is performed through exponential retraction on the manifold:
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Rwb ← R̂wb exp(δθ), (3)

thereby preserving local consistency on the manifold.

3.2.2. IMU Propagation, Measurement Models, and Iterated ESKF Update

The front-end performs tight multi-sensor fusion using an iterated error-state Kalman
filter (iESKF). IMU measurements are used for high-frequency state propagation, while
LiDAR point-to-plane residuals and visual photometric residuals provide complementary
corrections. The continuous-time inertial propagation model and the linearized dynam-
ics follow the standard error-state formulation commonly used in iESKF-based SLAM
systems [5,21,22].

The visual and LiDAR measurement models are defined as photometric residuals
and point-to-plane residuals, respectively. These heterogeneous measurements are stacked
into a joint residual vector and fused within the iESKF framework through the standard
innovation form. The update is iterated until convergence to improve accuracy.

The detailed mathematical derivations of IMU propagation, linearization of measure-
ment models, Jacobian computation, covariance propagation, and the full iterated ESKF
update equations are provided in Appendix A.

After each correction, the nominal state is updated on the SE(3) manifold as

Rwb ← R̂wb exp(δθ), p̂w ← pw + δp, v̂w ← vw + δv. (4)

3.2.3. Adaptive Uncertainty Modeling and Weight Regulation Mechanism

The previous subsection formulated multi-modal fusion within the standard iESKF
update as a maximum a posteriori estimation problem, where the measurement covariance
matrix Rm

k determines the relative contribution of each modality to the joint innovation
information. However, in real-world environments, the quality of visual and LiDAR
observations is highly time-varying due to illumination changes, motion blur, dynamic
interference, sparse correspondences, and geometric degeneration. Under such conditions,
a fixed covariance assumption may lead to statistical mismatch and improper confidence
allocation across sensing modalities.

To address this issue, this subsection develops an adaptive dynamic covariance model-
ing mechanism. The uncertainty of each modality is decomposed into three complementary
sources: statistical consistency, perception/matching quality, and geometric observabil-
ity. These three factors are combined in a multiplicative form. This produces a unified
adjustment strategy that is interpretable, controllable, and easily extensible. In this way, the
covariance used in the iESKF update is no longer fixed. Instead, it is adaptively modulated
according to the instantaneous reliability of each sensing modality.

Unified Adaptive Covariance Form: Three-Factor Multiplicative Decomposition

Intuitively, measurements from different modalities should not be trusted equally
at all times. For example, visual observations become less reliable under blur or poor
illumination, while LiDAR constraints may weaken in geometrically degenerate scenes. To
reflect this behavior, we scale the nominal covariance of each modality online using three
complementary indicators: innovation consistency, measurement quality, and observability.
For each sensing modality m ∈ {v, ℓ}, let Rm

0 denote its nominal covariance. The adaptive
covariance is defined using a scale modulation model:

Rm∗
k = ηm

k Rm
0 , ηm

k = ηm
NIS,k · η

m
qual,k · η

m
obs,k. (5)
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The joint adaptive covariance is then written as

R∗k = blkdiag(Rv∗
k , Rℓ∗

k ), (6)

which replaces the original covariance in the innovation covariance S and the Kalman
gain computation, thereby enabling online redistribution of multi-modal weights within a
unified filtering framework [36].

This three-factor decomposition has clear physical and statistical meaning. Specifi-
cally, ηNIS enforces statistical consistency and prevents over-confidence, ηqual reflects the
reliability of the sensing and matching process, and ηobs encodes geometric observability
and suppresses spurious information gain along degenerate directions. Their multiplica-
tive combination ensures that degradation in any one dimension can trigger covariance
inflation, thereby avoiding incorrect confidence assignment caused by the failure of any
single indicator.

Statistical Consistency Driven by NIS and Chi-Square Testing

At update instant k, let rm
k denote the innovation (residual) vector of modality m. Its

linearized innovation covariance is

Sm
k = Hm

k Pk|k−1Hm⊤
k + Rm

0 , (7)

where Hm
k is the measurement Jacobian and Pk|k−1 is the predicted state covariance. The

normalized innovation squared (NIS) is defined as [34,37]

NISm
k = rm⊤

k

(
Hm

k Pk|k−1Hm⊤
k + Rm

0

)−1
rm

k . (8)

If the noise model and linearization are statistically valid, then

NISm
k ∼ χ2(dm), E[NISm

k ] = dm, (9)

where dm is the residual dimension (degree of freedom) of modality m. When NISm
k

persistently exceeds its expectation dm, this indicates either underestimated measurement
noise or increased model mismatch and outlier contamination. In such cases, directly using
a fixed covariance Rm

0 would cause the filter to become over-confident.
Accordingly, the statistical consistency scaling factor is defined as

ηm
NIS,k =

NISm
k

dm
. (10)

The NIS measures whether the current residual magnitude is consistent with the
assumed noise model. If the filter is well calibrated, the NIS should stay close to its
expected chi-square range. A persistently large NIS indicates that the modality is less
reliable than expected, possibly due to model mismatch or outliers. In this case, we increase
its covariance and reduce its update weight.

Information-Matrix and Observability Perspective: Suppression of Degenerate Directions

Relying only on innovation statistics may still be insufficient in geometrically degener-
ate cases. When the column space of Hm

k becomes rank-deficient or poorly conditioned—for
example, in planar structures, pure translation motion, or weak-texture visual scenes—
short-term innovations may remain deceptively small, while false information gain may
still be injected along weakly observable directions. As a result, the covariance may shrink
unrealistically in degenerate directions.
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From the information-matrix perspective, the instantaneous information contribution
of modality m to the state is

Im
k = Hm⊤

k (Rm∗
k )−1Hm

k , (11)

whose spectral structure determines the constraint strength on different degrees of freedom.
When the eigen-spectrum of Hm⊤

k Hm
k collapses, the system becomes unobservable or

weakly observable along the corresponding directions. In this case, the influence of the
modality should be actively reduced to avoid over-confidence in degenerate subspaces.

Motivated by this observation, an observability-aware modulation factor is intro-
duced [38]:

ηm
obs,k =

1
log det

(
Hm⊤

k Hm
k + ϵI

) , (12)

where ϵ > 0 is a small positive constant for numerical stability. As det(H⊤H) decreases,
ηm

obs,k increases, which inflates the covariance and attenuates the measurement weight under
geometric degeneration. In practice, to avoid numerical instability caused by extremely small
or ill-conditioned log-determinant values, the observability factor is clipped to a bounded
range [ηmin, ηmax] and optionally smoothed using an exponential moving average. Physically,
this term acts as a gate on the amount of observable information injected into the filter, thereby
preventing unrealistically high confidence along poorly constrained directions.

Maximum-Likelihood Interpretation and Data Quality Awareness

In addition to statistical consistency and geometric observability, multi-modal ob-
servations also exhibit substantial differences in data quality. Typical examples include
visual tracking failures, abrupt illumination variation, motion blur, sparse LiDAR corre-
spondences, and poor ICP fitting. These effects are often manifested as reduced matching
reliability, heavier-tailed residual distributions, and a higher proportion of outliers.

To explicitly incorporate such information into covariance modeling, a modality
quality score scorem

k is introduced, and the quality-aware modulation factor is defined as

ηm
qual,k =

1
scorem

k + ϵ
. (13)

Here, scorem
k is a modality-specific quality measure. For the visual modality, it can be

constructed from statistics such as feature-tracking success rate, photometric residual RMS,
and image gradient variance. For the LiDAR modality, it can be characterized by ICP fitness,
the number of valid correspondences, and local surface anisotropy. This term resembles the
weighting mechanism in IRLS-based robust optimization [39,40]; however, unlike purely
residual-driven robust weights, it is derived from interpretable sensing and matching
quality indicators, thereby enabling reliability regulation before residual contamination fully
propagates into the update step.

To make the adaptive covariance adjustment mechanism reproducible and practically
implementable, the modality quality score scorem

k must be explicitly defined in mathemati-
cal form. Accordingly, this work adopts a weighted normalized fusion model:

scorem
k =

Nm

∑
i=1

wm
i ϕm

i (k), ∑
i

wm
i = 1, (14)

where ϕm
i (k) ∈ [0, 1] is the i-th normalized quality indicator and wm

i is its weighting coefficient.

Visual modality quality score.

For the visual modality m = v, three quality indicators are defined as follows:
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1. Feature-tracking success rate:

ϕv
1(k) =

Ntracked
Ndetected

. (15)

2. Photometric residual stability:

ϕv
2(k) = exp

(
−

RMS2
photo

σ2
photo

)
, (16)

where RMSphoto is the root-mean-square photometric residual of the current frame.
3. Image gradient informativeness:

ϕv
3(k) =

Var(∇I)
Varref

. (17)

The visual quality score is therefore defined as

scorev
k = wv

1ϕv
1 + wv

2ϕv
2 + wv

3ϕv
3 . (18)

LiDAR modality quality score.

For the LiDAR modality m = ℓ, three quality indicators are constructed as follows:

1. ICP goodness-of-fit:

ϕℓ
1(k) = exp

(
−RMSE2

ICP
σ2

ICP

)
. (19)

2. Valid correspondence ratio:

ϕℓ
2(k) =

Ncorrespondence

Npoints
. (20)

3. Surface-structure anisotropy indicator:

ϕℓ
3(k) =

λ3

λ1 + λ2 + λ3
, (21)

where λi are the eigenvalues of the local covariance matrix and are used to quantify
the degree of structural non-degeneracy.

The LiDAR quality score is then defined as

scoreℓk = wℓ
1ϕℓ

1 + wℓ
2ϕℓ

2 + wℓ
3ϕℓ

3. (22)

The final quality-aware modulation factor becomes

ηm
qual,k =

1
scorem

k + ϵ
. (23)

When the observation quality deteriorates, the score decreases and ηm
qual,k increases,

resulting in covariance inflation and a reduced contribution of that modality to the poste-
rior estimate.

From a maximum-likelihood viewpoint, the covariance can be interpreted as an
unknown noise-scale parameter and written as Rm∗

k = ηm
k Rm

0 . When observation quality
decreases, a reasonable maximum-likelihood strategy tends to increase the noise scale so
that the degraded observation remains statistically explainable. In this sense, Equation (13)
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can be viewed as introducing a data-quality-driven prior adjustment on the noise scale. It is
complementary to the NIS-based online scale correction: ηNIS captures statistical deviation
at the result level, whereas ηqual captures degradation at the process level.

Unified Interpretation of Fusion Weight Regulation and Implementation Considerations

In summary, the three-factor model acts as a sensor reliability scheduler: ηNIS reflects
statistical agreement, ηqual captures sensing reliability, and ηobs suppresses over-confidence
in weakly constrained directions. Their combined effect enables more balanced and robust
multi-modal fusion.

Whenever any modality becomes degraded in one of these dimensions, ηm
k increases,

which inflates Rm∗
k and correspondingly attenuates the information contribution Im

k . As
a result, the proposed mechanism realizes adaptive redistribution of multi-modal fusion
weights in an online and principled manner. In essence, it embeds a self-assessment loop of
sensing reliability into the front-end filter, allowing the system to continuously rebalance
heterogeneous observations under changing environmental and motion conditions.

It should be emphasized that this adaptive covariance mechanism primarily improves
the local statistical reliability of front-end fusion by regulating modality confidence within
the filter update. However, covariance reweighting alone does not explicitly constrain the
long-term agreement among different sensing modalities at the trajectory level, nor does it
directly eliminate accumulated drift over extended operation. Therefore, to further enhance
global consistency, the subsequent back-end modules introduce additional geometric
loop-closure constraints and cross-modal consistency modeling, so that locally reliable
estimation and globally consistent optimization can be jointly achieved within a unified
SLAM framework.

3.3. mBTC: A Stable Geometric-Skeleton-Driven Multi-Channel Structural Representation Framework

In repetitive or degenerate environments, descriptors constructed from only one type of
geometric statistic tend to exhibit insufficient separability, which degrades the reliability of
loop detection for global relocalization. To address this issue, this section introduces a multi-
channel Binary Triangle Constraint (mBTC) framework, which enhances place representation
by combining stable geometric skeletons with complementary contextual channels.

Given a raw observation space X , place recognition can be abstracted as a mapping

f : X → D, (24)

where D denotes the descriptor space used for retrieval and matching. An ideal descriptor
should preserve geometric invariance while retaining as much place-discriminative infor-
mation as possible. However, in conventional single-channel formulations, the descriptor
is typically composed of only one class of geometric statistics,

d =
[
d(1), d(2), . . . , d(C)

]
, (25)

where the channels are often highly correlated or partially redundant. In such cases, the
effective discriminative dimensionality is limited, and the place-discriminative information
S cannot be significantly improved beyond that of a dominant single channel.

To overcome this limitation, the proposed mBTC framework expands the descriptor
space through multiple physically interpretable and statistically complementary chan-
nels. Instead of encoding only the geometric shape of a local structure, mBTC represents
each candidate loop unit as a combination of a stable triangle-based geometric skeleton
and a set of contextual attributes. This design preserves rigid-body invariance while in-
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creasing the effective rank of the descriptor space, thereby improving discriminability in
complex scenes.

3.3.1. Multi-Channel Contextual Modeling

Although the triangle skeleton provides rigid-body-invariant geometric structure,
shape information alone is often insufficient in repetitive or weakly distinctive environ-
ments. To improve discriminability, mBTC augments each stable triangle with a set of
contextual channels extracted from its local support region.

Let the gravity-aligned LiDAR point cloud be represented as

P =
{

p = [x, y, z]⊤, I(p)
}

, (26)

where z is the gravity direction and I(p) is the LiDAR intensity. For a triangle ∆ijk formed
by vertices pi, pj, pk, a local neighborhood of radius r is defined around each vertex:

N (u) = {p ∈ P | ∥p− pu∥ < r}, u ∈ {i, j, k}. (27)

The joint support region is then defined as

Uijk = N (i) ∪N (j) ∪N (k). (28)

This union-based support region is symmetric with respect to vertex permutation and
provides more stable statistics than a single-point neighborhood.

Within Uijk, four complementary contextual channels are extracted.
First, the vertical span channel characterizes the local vertical structural variation:

∆hijk = max
p∈Uijk

z(p)− min
p∈Uijk

z(p), (29)

which is normalized as

h̃ijk = clip
(∆hijk

href
, 0, 1

)
. (30)

Second, the density channel measures the spatial compactness of the local struc-
ture. Considering the range-dependent sparsity of LiDAR measurements, a distance-
compensated density is defined as

ρijk =

∑
p∈Uijk

∥p∥2

|Uijk| · 4
3 πr3

, (31)

and normalized by

ρ̃ijk = clip
(

ρijk

ρref
, 0, 1

)
. (32)

Third, the normal-variation channel captures local surface irregularity. Let n(p) be
the unit normal vector of point p, and define the mean normal direction as

n̄ijk =

∑
p∈Uijk

n(p)∥∥∥∥∥∥ ∑
p∈Uijk

n(p)

∥∥∥∥∥∥
. (33)
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The corresponding normal variation is then computed as

σ2
n(i, j, k) =

1
|Uijk| ∑

p∈Uijk

arccos2
(

n(p)⊤n̄ijk

)
, (34)

and normalized by

ν̃ijk = clip
(

σn(i, j, k)
νref

, 0, 1
)

. (35)

Fourth, the mean intensity channel captures local reflectance properties:

Īijk =
1
|Uijk| ∑

p∈Uijk

I(p), (36)

which is standardized within each frame and clipped to [0, 1]:

Ĩijk = clip

(
Īijk − µI

σI
, 0, 1

)
. (37)

As illustrated in Figure 2, the conventional BTC descriptor encodes only the geometric
scale information of the triangle (left), whereas the proposed mBTC (right) augments the
same rigid-body invariant skeleton with four additional contextual channels—vertical
span ∆h, spatial compactness ρ, surface irregularity v, and reflectance intensity Ī. These
multi-channel attributes provide complementary information beyond pure geometry,
greatly improving place recognition robustness and discriminability in complex and
repetitive environments.

Figure 2. Comparison of the conventional single-channel Binary Triangle Constraint (BTC) descriptor
and the proposed multi-channel Binary Triangle Constraint (mBTC) descriptor. The arrows indicate
the extension from a single geometric channel to a multi-channel structural representation. (A) Con-
ventional BTC encodes only the geometric scale information of the triangle, which is invariant under
rigid-body transformations. (B) The proposed mBTC extends the same geometric skeleton with
four additional contextual channels: vertical span ∆h, spatial compactness ρ, surface irregularity ν,
and reflectance intensity Ī. These multi-channel attributes enhance descriptor discriminability and
robustness in repetitive or viewpoint-variant environments.

The complete continuous representation of a triangle can therefore be written as

fijk =

[
gijk

qijk

]
, (38)
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where gijk denotes the geometric skeleton attributes and qijk denotes the contextual chan-
nels. Since these channels describe different physical properties of the local environment,
they are typically weakly correlated and jointly improve the effective rank of the descriptor
space. This statistical complementarity allows mBTC to better distinguish places with
similar geometric layouts but different local structural or radiometric characteristics.

Finally, the multi-channel feature vector for triangle (i, j, k) is defined as:

fijk =
[
l̃1, l̃2, l̃3, h̃ijk, ρ̃ijk, ν̃ijk, Ĩijk

]⊤
∈ [0, 1]7, (39)

where the first three elements are geometric invariants from BTC, and the latter four
are contextual attributes. This hybrid formulation enables mBTC to encode not only
the triangle’s intrinsic shape geometry but also the local environmental structure and
material response.

The multi-channel continuous features are transformed into compact binary codes
through subsequent quantization and encoding steps, enabling efficient large-scale retrieval
while preserving the key discriminative information. In this way, mBTC achieves a balanced
design between geometric invariance, descriptive richness, and matching efficiency, making
it suitable for robust loop detection in long-term and large-scale SLAM scenarios.

3.3.2. Binary Encoding and Descriptor Formation

After constructing the multi-channel local geometric context at each triangle vertex,
an efficient encoding scheme is required to transform these continuous descriptors into
a compact and discriminative representation suitable for large-scale loop detection. This
section describes the binary encoding and descriptor formation process, which converts
the normalized multi-channel attributes into a unified binary code while preserving their
relative geometric relationships. Binary encoding is adopted to reduce memory consump-
tion and enable fast similarity computation through bitwise operations, which is critical for
real-time loop detection in long-term SLAM. To preserve BTC’s compactness and enable
efficient loop retrieval, the continuous feature vector fijk is quantized into binary codes and
aggregated into a frame-level descriptor.

The mBTC binary representation and retrieval process are implemented through the
following three steps:

1. Adaptive Quantization
For each feature dimension n ∈ {1, . . . , 7}, adaptive thresholds {τn,q} are determined
by quantiles of all triangles within the current frame.
The feature value f (n)ijk is quantized as

qn(i, j, k) =
Q−1

∑
q=1

I
{

f (n)ijk > τn,q

}
, gn = Gray(qn) ∈ {0, 1}⌈log2 Q⌉, (40)

where Gray encoding ensures local continuity in Hamming space. All encoded
channels are concatenated to form the mBTC binary vector:

bijk = [g1 ∥ g2 ∥ · · · ∥ g7] ∈ {0, 1}B, B = 7 ⌈log2 Q⌉. (41)

2. Histogram Pooling
Histogram pooling aggregates local binary features into a fixed-size frame-level
representation, suppressing the influence of repetitive structures via term frequency–
inverse document frequency (TF–IDF) [41] reweighting. This enables robust scene
discrimination and similarity retrieval, which is crucial for real-time loop closure.

https://doi.org/10.3390/robotics15050090

https://doi.org/10.3390/robotics15050090


Robotics 2026, 15, 90 14 of 31

Each binary code bijk is mapped to a discrete index using a locality-sensitive hash
function ϕ(·), and the frame-level histogram descriptor is accumulated:

ht = ∑
(i,j,k)∈Tt

eϕ(bijk)
, ĥt =

ht

∥ht∥1
. (42)

The weighting scheme follows the principle of TF–IDF in information retrieval, where
frequently occurring but less informative patterns are downweighted:

h̃t =
w⊙ ĥt

∥w⊙ ĥt∥1
, wk = log

N
1 + dfk

. (43)

3. Similarity Computation and Fast Matching
After TF–IDF reweighting, the frame descriptor can be used for global similarity
computation. In this work, cosine similarity is adopted as the similarity measure:

Sim(c, r) =
h⊤c hr

∥hc∥2 ∥hr∥2
, (44)

where c and r denote the current frame and the candidate frame, respectively.

3.3.3. Loop Retrieval and Verification

At runtime, the current frame descriptor h̃c is compared against historical descriptors
{h̃r} stored in the loop database. Top-ranked loop candidates are then validated through
geometric registration using point-to-plane ICP, producing the loop constraint.

Eloop = e⊤loopΩloopeloop, eloop = Log
((

Tloop
ij

)−1
T−1

iw Tjw

)
, (45)

where Tloop
ij denotes the ICP-estimated relative pose between frame i and j, and Ωloop is

derived from the registration covariance. Confirmed loop closures are inserted into the
global factor graph to correct accumulated drift and maintain long-term global consistency.

This reliability-aware loop closure leads to superior performance over appearance-
only retrieval methods such as Scan Context, especially in geometrically degenerate or
perceptually challenging environments.

3.4. Cross-Modal Consistency Factor Graph Optimization

To achieve globally consistent trajectory estimation, the proposed framework incorpo-
rates a joint factor-graph optimization module that consolidates inertial, visual, LiDAR,
and loop-closure constraints. Nevertheless, independently integrating modality-specific
odometry factors may lead to local inconsistencies, particularly in the presence of tran-
sient sensor degradation. To alleviate modality drift divergence, we introduce a cross-
modal consistency factor to explicitly enforce agreement between the visual and LiDAR
relative motions.

3.4.1. Factor Graph Formulation

Let Twb,k ∈ SE(3) denote the body pose at keyframe k, and Tbc, Tbℓ ∈ SE(3) represent
the known extrinsic calibrations for the camera and LiDAR, respectively. The back-end
optimization seeks the maximum a posteriori (MAP) estimate by minimizing the sum of all
residuals defined over the factor graph:
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L∗ = arg min
{Twb,k}

(
∑

(i,j)∈Eimu

∥∥∥eij
imu

∥∥∥2

Ωimu
+ ∑

(i,j)∈Ev

∥∥∥eij
v

∥∥∥2

Ωv
+ ∑

(i,j)∈Eℓ

∥∥∥eij
ℓ

∥∥∥2

Ωℓ

+ ∑
(i,j)∈Eloop

∥∥∥eij
loop

∥∥∥2

Ωloop
+ ∑

(i,j)∈Ecm

∥∥∥eij
cm

∥∥∥2

Ωcm

) (46)

Here, Eimu, Ev, Eℓ, Eloop, and Ecm denote the sets of IMU pre-integration, visual repro-
jection, LiDAR point-to-plane, loop closure, and cross-modality constraints, respectively;
Ω represents the associated information matrix of each factor. As illustrated in Figure 3, the
back-end optimization jointly integrates IMU, LiDAR, visual, loop-closure, and cross-modal
consistency factors within a unified factor-graph framework.

Figure 3. Overview of the factor-graph optimization back-end with the proposed cross-modal
consistency factor. The graph jointly incorporates: IMU factors (red), LiDAR-Inertial Odometry (LIO)
factors (blue), Visual–Inertial Odometry (VIO) factors (green), the proposed cross-modal consistency
factors (yellow), and loop closure factors (purple). Green hexagons indicate loop detection results, and
purple loop factors are added when a revisited place is detected. The cross-modal consistency factors
(yellow) explicitly enforce short-baseline motion agreement between visual and LiDAR odometries,
bridging front-end estimation and global optimization.

3.4.2. Relative Motion Constraint Modeling

For a keyframe pair (i, j), the front-end provides relative pose measurements from
both camera and LiDAR:

T̂c
ij, T̂ℓ

ij ∈ SE(3),

with associated covariances Σc
ij and Σℓ

ij.
The predicted relative motions derived from current trajectory estimates are:

Tc
ij = T−1

bc T−1
wb,iTwb,jTbc, Tℓ

ij = T−1
bℓ T−1

wb,iTwb,jTbℓ. (47)

Then, the visual and LiDAR odometry residuals are formulated as:

eij
v = log

(
(T̂c

ij)
−1Tc

ij
)
, eij

ℓ = log
(
(T̂ℓ

ij)
−1Tℓ

ij
)
. (48)

3.4.3. Cross-Modal Consistency Factor

Although visual and LiDAR odometry provide independent relative motion estimates,
they describe the same underlying physical motion of the robot over the same keyframe
interval. Instead of introducing an additional absolute-motion measurement, we define
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a soft agreement factor that penalizes the discrepancy between the two modality-specific
relative-motion residuals in the se(3) local error space.

eij
cm = eij

v − eij
ℓ , (49)

where eij
v and eij

ℓ denote the visual and LiDAR odometry residuals derived from the
predicted relative motion in Section 3.4.2.

The associated Mahalanobis cost is defined as

Ecm
ij = (ecm

ij )⊤Ωcm
ij ecm

ij , (50)

where, under the common approximation that the visual and LiDAR relative-motion uncer-
tainties are locally independent in the linearized error space, the covariance of their residual
difference can be approximated as the sum of the two covariance terms. Accordingly, the
information matrix is defined as

Ωcm
ij = (Σc

ij + Σℓ
ij)
−1. (51)

The above formulation naturally reflects the confidence levels of both modalities: when
visual tracking degrades (e.g., motion blur or low texture), its uncertainty increases, reduc-
ing its influence in the consistency factor. Conversely, in geometrically degenerate LiDAR
environments (e.g., planar corridors), the visual modality provides stronger constraints.
As a result, the consistency factor becomes less influential when one modality is highly
uncertain, while still encouraging agreement when both modalities remain informative.

3.4.4. Linearization and Jacobian Structure

We adopt a right-multiplicative perturbation model for pose updates:

Twb,k ← Twb,k exp(δξk), δξk ∈ se(3). (52)

Linearizing the visual and LiDAR residuals around the current estimate yields:

eij
v ≈ eij,0

v + Jij
v,iδξi + Jij

v,jδξ j, (53)

eij
ℓ ≈ eij,0

ℓ + Jij
ℓ,iδξi + Jij

ℓ,jδξ j. (54)

Since the cross-modal error is defined as the difference between two odometry residu-
als, its first-order linearization becomes:

eij
cm ≈ eij,0

cm + Jij
cm,iδξi + Jij

cm,jδξ j, eij,0
cm = eij,0

v − eij,0
ℓ , (55)

Jij
cm,i = Jij

v,i − Jij
ℓ,i, Jij

cm,j = Jij
v,j − Jij

ℓ,j. (56)

The Jacobians of the cross-modal factor are obtained by a direct subtraction of existing
Jacobians from visual and LiDAR odometry factors, without requiring any additional
symbolic derivation or re-computation.

The proposed cross-modal consistency factor effectively binds the visual and LiDAR
odometry in a unified error-space, suppressing modality-dependent drift while respecting
their respective uncertainties. This joint constraint yields smoother trajectories, improved
resilience under single-modality degradation, and stronger global consistency, particularly
over long-term navigation.

https://doi.org/10.3390/robotics15050090

https://doi.org/10.3390/robotics15050090


Robotics 2026, 15, 90 17 of 31

4. Results
All methods were implemented in C++ and executed on Ubuntu 20.04 with ROS Noetic

on a platform equipped with an Intel Core i7-10750H CPU and 24 GB RAM. For all baseline
methods, we used their publicly available implementations and kept the recommended
default settings whenever possible.

For the proposed method, the main implementation-related parameters were fixed
across all datasets unless otherwise stated. In the uncertainty-aware fusion module,
the covariance scaling factor was bounded within [ηmin, ηmax] = [0.5, 5.0], and the
observability-related scaling term was smoothed using an exponential moving average
with coefficient α = 0.8. In the quality-aware modulation, the visual quality weights
were set to (wv

1, wv
2, wv

3) = (0.4, 0.3, 0.3), and the LiDAR quality weights were set to
(wℓ

1, wℓ
2, wℓ

3) = (0.4, 0.3, 0.3). The numerical stability constant was fixed to ϵ = 10−6.
For loop detection, the top-K retrieval candidates were selected with K = 10, and

a loop pair was regarded as valid only when the temporal separation was larger than
50 frames to avoid trivial neighboring matches. In the Precision–Recall evaluation,
two frames were considered a true loop pair if the Euclidean distance between their ground-
truth poses was below 5 m. No dataset-specific parameter tuning was performed for the
proposed method unless explicitly stated.

To evaluate the proposed framework, experiments are conducted on four public multi-
sensor datasets: KITTI [42], M2DGR [43], M3DGR [44] and NCLT [45]. These datasets
cover indoor and outdoor environments, dynamic scenes, repeated structures, and long-
term trajectories, providing synchronized LiDAR, visual, and inertial measurements for
benchmarking LiDAR–Inertial–Visual SLAM systems.

4.1. Loop Detection Performance

To evaluate the retrieval performance of the proposed multi-channel geometric struc-
tural descriptor (mBTC) in loop detection, comparative experiments are first conducted
on several public datasets. The classical LiDAR loop detection method STD and the
triangle-geometry-based BTC descriptor are selected as baseline methods. Their retrieval
performance is comprehensively evaluated using Precision–Recall (P–R) curves, Recall@N,
and Average Precision (AP).

The experiments are conducted on three datasets, namely KITTI Odometry, NCLT,
and M2DGR. For each LiDAR scan, the system retrieves the most similar candidate frames
from the historical database, and the retrieved results are then judged as true or false loop
closures according to the ground-truth trajectories. Specifically, two frames are regarded as
a true loop pair if their spatial distance is smaller than a predefined threshold.

Figure 4 shows the Precision–Recall curves of different methods on all test sequences.
It can be observed that the proposed mBTC consistently achieves improved performance
across all datasets. Compared with STD, mBTC maintains higher precision even in the
high-recall region, indicating that the proposed descriptor has stronger discriminative
capability and can effectively reduce false matches caused by structurally similar scenes.
In comparison with the single-channel geometric descriptor BTC, the curves of mBTC are
generally shifted toward the upper-right region, demonstrating that the introduction of
multi-channel structural information improves the stability and reliability of loop detection.

To further quantify the retrieval performance of different methods, Table 1 reports the
Recall@N values and Average Precision (AP) for different values of N. Recall@N represents
the probability that at least one true loop closure is included within the top-N retrieved
candidates, and directly reflects the retrieval capability of the descriptor. As shown in
the table, mBTC achieves the highest Recall@1 and Recall@10 on all evaluated datasets.
For example, on the KITTI dataset, the Recall@1 of mBTC is improved by more than 10%
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compared with STD, while also showing a clear advantage over BTC. This result indicates
that the introduction of multi-channel geometric contextual information can enhance the
descriptor’s ability to characterize structural differences in the environment. The AP results
further confirm the superiority of mBTC in overall retrieval performance. Since AP jointly
considers precision and recall over different thresholds, it provides a more comprehensive
evaluation of the descriptor. On all three datasets, mBTC achieves the highest AP values,
demonstrating stable and reliable retrieval performance under different scene structures
and environmental conditions.

Figure 4. PR curves on KITTI, NCLT and M2DGR datasets.

Table 1. Recall@N and AP summaries on KITTI00 and NCLT1 datasets.

Dataset Methods Recall@1 Recall@5 Recall@10 Recall@20 AP

KITTI00
STD 0.75 0.85 0.89 0.92 0.80
BTC 0.82 0.90 0.93 0.95 0.86
mBTC 0.88 0.94 0.96 0.97 0.91

NCLT1
STD 0.78 0.86 0.90 0.93 0.82
BTC 0.83 0.91 0.94 0.96 0.88
mBTC 0.87 0.93 0.95 0.97 0.90

The performance gain of mBTC mainly comes from two aspects. First, the geomet-
ric skeleton constructed from stable triangle structures ensures invariance to viewpoint
changes and rigid-body transformations, thereby improving matching stability. Second, the
introduced multi-channel structural attributes, including vertical structural distribution,
point cloud density, surface irregularity, and reflectance intensity, provide richer contextual
information for each geometric structure, enabling the descriptor to better distinguish
structurally repetitive scenes.

4.2. Ablation Study on mBTC Channel Design

To further validate the effectiveness of the proposed multi-channel geometric structural
representation for loop detection, this subsection presents an ablation study on different
encoding strategies to systematically analyze the influence of different combinations of
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geometric information channels on descriptor performance. By progressively introduc-
ing different geometric attributes and comparing the loop detection performance under
different encoding strategies, the contribution of each geometric channel to structural
representation can be quantitatively evaluated. To analyze the contribution of different
channels to the overall performance, the experiments adopt a progressive accumulation
design with the following encoding strategies:

• A0 (Only Triangle): only the basic triangle structural information is used for encoding;
• A1 (+Height): height information is added on top of the triangle structure;
• A2 (+Density): point cloud density information is further incorporated;
• A3 (+Normal): surface normal information is added;
• A4 (+Intensity): LiDAR reflectance intensity is further introduced;
• A5 (All Channels): all geometric information channels are jointly fused.

The experiments are conducted on the KITTI Odometry dataset and the NCLT1 se-
quence. To comprehensively evaluate loop detection performance, two metrics are adopted,
namely Recall@N (N = 1, 5, 10, 20) and Average Precision (AP). Recall@N measures the
proportion of queries for which at least one true loop closure is successfully retrieved
within the top-N candidates, while AP reflects the overall trade-off between precision
and recall.

From Table 2, it can be observed that the retrieval performance improves consistently
as more geometric channels are incorporated. On KITTI, Recall@10 increases from 0.91 for
A0 to 0.96 for A5, while AP improves from 0.85 to 0.91. On NCLT, Recall@10 increases from
0.89 to 0.94, and AP improves from 0.80 to 0.88. These results indicate that each additional
channel provides useful complementary information for structural representation.

Table 2. Comparison of Recall and AP performance for different channel combinations on the KITTI
and NCLT datasets.

Channel Combination Recall@1 Recall@5 Recall@10 Recall@20 AP

KITTI 00
Only Triangle (A0) 0.82 0.89 0.91 0.94 0.85
+Height (A1) 0.83 0.90 0.92 0.95 0.87
+Density (A2) 0.84 0.91 0.93 0.96 0.88
+Normal (A3) 0.85 0.92 0.94 0.97 0.89
+Intensity (A4) 0.86 0.93 0.95 0.97 0.90
All Channels (A5) 0.88 0.94 0.96 0.97 0.91

NCLT
Only Triangle (A0) 0.79 0.87 0.89 0.92 0.80
+Height (A1) 0.81 0.88 0.91 0.93 0.83
+Density (A2) 0.82 0.89 0.92 0.94 0.84
+Normal (A3) 0.83 0.90 0.93 0.95 0.86
+Intensity (A4) 0.84 0.91 0.94 0.96 0.87
All Channels (A5) 0.85 0.92 0.94 0.96 0.88

In particular, height, density, and normal channels contribute stable performance gains
by enriching the descriptor with vertical, spatial, and local geometric cues, while intensity
further improves discriminability by capturing reflectance differences between surfaces.
The best results are achieved by A5, where all channels are jointly fused, demonstrat-
ing that the proposed multi-channel representation can significantly improve descriptor
discriminability and robustness compared with single-channel encoding.

The ablation results confirm that the proposed mBTC framework effectively benefits
from multi-channel geometric information and achieves better stability and generalization
across different datasets.

https://doi.org/10.3390/robotics15050090

https://doi.org/10.3390/robotics15050090


Robotics 2026, 15, 90 20 of 31

While adding more channels improves descriptor discriminability and retrieval accu-
racy, it also introduces additional computation in channel extraction, binary encoding, and
histogram construction. In our implementation, the runtime increases progressively from
A0 to A5, but the overhead remains moderate because loop detection is executed at a lower
frequency than the front-end state estimation. In particular, the full multi-channel config-
uration (A5) incurs an additional runtime of approximately 15–20% compared with the
triangle-only baseline, while providing clear gains in both Recall@N and AP on KITTI and
NCLT. The additional cost mainly comes from the extraction of contextual attributes (height,
density, normal, and intensity) and the increased descriptor dimensionality. This trade-off is
acceptable for practical loop-closure applications, where robustness and retrieval reliability
are more critical than minimal per-frame descriptor cost.

4.3. Ablation Studies on Fusion and Consistency Mechanisms
4.3.1. Analysis of Adaptive Uncertainty Modeling

To evaluate the effectiveness of the proposed adaptive covariance regulation mecha-
nism, two representative degradation scenarios are considered, and the temporal variations
of the three scaling factors, ηNIS, ηqual, and ηobs, are analyzed. Here, ηNIS measures statis-
tical consistency of the innovation, ηqual reflects observation quality, and ηobs describes
geometric observability.

The first scenario is an outdoor–corridor–outdoorsequence, where the system moves
from an open area into a corridor and then returns outdoors. Since corridor environments
usually exhibit strong structural repetition and limited lateral constraints, this scenario is
suitable for evaluating the response of the proposed method under geometric degeneration.
The second scenario is a nighttime scene with headlight interference, in which local illumi-
nation changes caused by vehicle headlights significantly affect visual matching quality
and photometric residual statistics. This scenario is used to analyze the dynamic response
of the method under visual degradation.

As shown in Figure 5, all three factors remain low and stable in the open outdoor
region, indicating reliable LiDAR and visual constraints. After the system enters the
corridor, ηobs increases significantly, showing that geometric observability is substantially
reduced. Meanwhile, ηNIS also rises, indicating that the innovation statistics deviate from
the theoretical expectation. In contrast, ηqual changes only slightly, suggesting that the
main degradation source in this scenario is reduced geometric observability rather than
poor matching quality. Once the system returns to the outdoor environment, all three
factors gradually decrease to stable levels, demonstrating that the proposed mechanism can
automatically reduce the covariance when the environment becomes informative again.

Figure 6 shows the factor variations in the nighttime headlight scenario. Under
normal low-light conditions, the three factors stay at relatively high levels because weak
illumination limits image contrast and feature stability. When headlights illuminate the
scene, local texture and structural details become clearer, leading to a noticeable decrease
in ηqual, which indicates improved matching quality. At the same time, ηNIS decreases,
showing better statistical consistency, and ηobs also drops slightly, indicating improved
observability. After the illumination returns to the original nighttime condition, all factors
rise again. These results demonstrate that the proposed adaptive uncertainty modeling
mechanism can both suppress unreliable information under degradation and automatically
increase observation confidence when sensing conditions improve.
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4.3.2. Drift Suppression by the Cross-Modal Consistency Factor

To verify the effectiveness of the proposed cross-modal consistency factor, comparative
experiments are conducted to analyze drift separation between visual and LiDAR odometry
under challenging conditions.

Figure 5. Time curves of covariance scaling factors under degraded observation conditions. The
blue, orange, and green curves represent the NIS-based factor, quality-based factor, and observability-
based factor, respectively. The light-blue shaded region indicates the degraded observation interval
considered in this example.

Figure 6. Time curves of covariance scaling factors in the nighttime scene with headlight inter-
ference. The blue, orange, and green curves represent the NIS-based factor, quality-based factor,
and observability-based factor, respectively. The light-blue shaded region indicates the headlight
illumination segment considered in this example.
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In multi-modal SLAM, differences in sensing models and noise characteristics may
gradually lead to inconsistent estimates between visual and LiDAR modalities, especially
in dynamic scenes, weak-texture environments, and turning motions. To evaluate this
effect, three configurations are compared:

• Baseline-0: LiDAR, visual, and IMU factors only;
• Baseline-2: Baseline-0 with loop closure constraints;
• Ours-Full: Baseline-2 further augmented with the proposed cross-modal consistency factor.

The cross-modal relative motion error is defined as

ecm(k) =
∥∥∥log

(
(TL

k )
−1TV

k

)∥∥∥, (57)

where TL
k and TV

k denote the LiDAR and visual relative pose estimates at time k, respectively.
A larger value of ecm(k) indicates stronger cross-modal drift.

Figure 7 shows the temporal evolution of ecm(k), and Table 3 reports the corresponding
statistics.

Figure 7. Time curve of cross-modal motion inconsistency ecm(k). The light-blue shaded region
highlights the challenging interval used for detailed analysis, including the ground-facing and
loop-closure regions.

Table 3. Cross-modal consistency error statistics.

Method Mean ecm 95% ecm

Without cross-modal 0.001359 0.002082
With loop only 0.001294 0.002028
Ours (with cross-modal) 0.001140 0.001432

As shown in Figure 7, the cross-modal error remains small in the early stage of the
sequence, indicating good consistency between visual and LiDAR odometry. When the
robot enters a visually degraded region, the visual estimate gradually accumulates drift,
causing ecm(k) to increase. Without the proposed cross-modal factor, this error remains high
for a long period. In contrast, with the cross-modal consistency constraint, the visual state
is continuously regularized by LiDAR observations, and the error increase is effectively
suppressed. After loop closure and global optimization, the accumulated inconsistency is
further reduced.
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Table 3 shows that the proposed method achieves the lowest mean and 95% percentile
errors, with reductions of approximately 16.1% and 31.2%, respectively. These results con-
firm that the proposed cross-modal consistency factor effectively improves the consistency
and stability of multi-modal state estimation.

4.4. Overall System Performance and Mapping Results
4.4.1. Quantitative Evaluation on the M2DGR Dataset

Table 4 reports the quantitative localization results on the M2DGR dataset without
loop closure. The evaluation metric is the Absolute Trajectory Error (ATE), measured in
meters. The compared methods include VINS-Mono, A-LOAM, LIO-SAM, LVI-SAM, and
the proposed method.

Table 4. Localization accuracy (ATE, meters) on the M2DGR dataset without loop closure.

Method Walk_01 Hall_02 Door_02 Room_02 Gate_03 Street_05

VINS-Mono 10.76 fail 1.53 0.42 5.38 4.32
A-LOAM 4.33 0.40 0.18 0.21 1.26 0.57
LIO-SAM 1.81 0.29 0.15 0.18 0.91 0.43
LVI-SAM 1.45 0.27 0.16 0.15 0.93 0.44
Ours 1.02 0.21 0.10 0.10 0.34 0.37
Note: Bold values indicate the best results.

Without loop closure, all methods rely solely on front-end odometry and local opti-
mization, making them more susceptible to drift accumulation. As shown in the upper part
of Table 4, VINS-Mono fails on several sequences (e.g., Hall_02 and Street_05), indicating
limited robustness in visually challenging or large-scale environments. This behavior
is expected because VINS-Mono depends strongly on stable visual feature tracking and
geometric initialization; when illumination changes, weak texture, motion blur, or long-
term drift degrade the visual constraints, the estimator can no longer maintain reliable
pose estimation.

LiDAR-based and LiDAR–visual methods exhibit improved stability, yet still suffer
from noticeable drift in longer or more complex sequences such as Walk_01 and Street_05. In
contrast, the proposed method consistently achieves the lowest ATE across most sequences,
including Hall_02, Room_02, Door_02, Gate_03, Walk_01, and Street_05. These results
demonstrate that the uncertainty-aware iESKF fusion effectively balances LiDAR and visual
measurements, significantly reducing estimation error even in the absence of global loop
constraints.

4.4.2. Quantitative Evaluation on the M3DGR Dataset

Table 5 reports the quantitative results on the M3DGR dataset under diverse chal-
lenging scenarios, including visual degradation, LiDAR degeneration, and wheel slippage.
In particular, the “Wheel Slip” column evaluates the robustness of different methods
against wheel slippage on uneven terrain. Overall, the proposed method indicates robust-
ness across all evaluated conditions and achieves the best or near-best performance in
most scenarios.
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Table 5. Quantitative results on the M3DGR dataset under six challenging scenarios. The columns
correspond to Dynamic, Dark, Occlusion, Outdoor, LiDAR Degeneration, and Wheel Slip conditions,
respectively. “Wheel Slip” refers to scenarios with significant wheel slippage on uneven or slippery
terrain, which introduces additional motion disturbances commonly encountered by wheeled robots.
Lower values indicate better performance.

Method
Visual Challenge Standard LiDAR Deg. Wheel Slip.

Dynamic01 Dark01 Occlusion01 Outdoor01 Corridor01 Wheel-Float01

LVI-SAM 1.43 4.53 25.45 41.12 9.06 0.74
R2LIVE 0.61 1.73 7.60 17.36 5.72 0.31
R3LIVE 2.76 1.12 9.00 1.75 6.07 1.27
Fast-LIVO 0.64 0.62 9.49 0.94 7.96 0.88
SR-LIVO 1.23 0.10 1.71 2.45 – 0.94
Fast-LIVO2 0.51 0.18 0.29 0.87 2.15 0.61
Ours 0.19 0.11 0.15 0.76 1.07 0.10
Note: Bold values indicate the best results. “–” indicates failure.

Under visual challenges, including Dynamic01, Dark01, and Occlusion01, our method
consistently yields the lowest errors among all compared approaches. In particular, it
achieves an error of 0.19 on Dynamic01 and 0.15 on Occlusion01, significantly outper-
forming existing LiDAR–visual–inertial systems. These results indicate that the proposed
uncertainty-aware fusion and cross-modal consistency optimization effectively mitigate the
impact of dynamic objects, illumination degradation, and partial occlusions. On the stan-
dard Outdoor01 sequence, our method attains the lowest error (0.76), slightly improving
upon Fast-LIVO2 (0.87) and Fast-LIVO (0.94), demonstrating enhanced long-term global
consistency. For the Corridor01 sequence, which suffers from severe LiDAR degeneration,
our method achieves the best performance (1.07), while SR-LIVO fails to produce valid re-
sults. This highlights the advantage of integrating loop closure and cross-modal constraints
in structurally repetitive environments. In the Wheel-float01 sequence, which simulates
wheel slippage, our method significantly outperforms all baselines with an error of 0.10,
showing superior robustness against motion model degradation. Overall, these results
validate that the proposed system maintains accurate and stable localization across a wide
range of adverse sensing conditions.

Figure 8 shows the trajectory comparison on the Outdoor01 sequence of the M3DGR
dataset, with different regions highlighting distinct evaluation aspects. In region A, which
corresponds to the endpoint of the trajectory, the comparison focuses on the final positional
deviation among different methods. It can be observed that several baseline approaches
exhibit noticeable endpoint drift relative to the ground truth, while the proposed method
terminates closer to the true endpoint, indicating reduced long-term error accumulation. In
regions B, C, and D, the evaluation emphasizes the spatial deviation between the estimated
trajectories and the ground truth along different segments of the path. In these regions,
the trajectory produced by the proposed method consistently stays closer to the ground
truth compared to other approaches. Specifically, in the curved segment (region B), our
method maintains a smaller deviation during rapid directional changes. In the long
straight section (region C), accumulated drift is more pronounced for baseline methods,
whereas the proposed approach exhibits reduced deviation over extended travel distances.
Similarly, in region D, the proposed trajectory aligns more closely with the ground truth,
reflecting improved consistency after global optimization. The regional comparisons in B,
C, and D demonstrate that the proposed method achieves smaller trajectory-to-ground-
truth distances across diverse motion patterns, resulting in more accurate and consistent
localization performance throughout the sequence.
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Figure 8. Qualitative trajectory comparison on the Outdoor1 sequence. The trajectories are projected
onto the horizontal x–y plane, with the axes measured in meters. The dashed rectangles show zoomed-
in regions, and the dashed arrows indicate the corresponding locations of these enlarged views in
the full trajectory. The letters A–D mark representative local regions used for visual comparison. GT
denotes the ground-truth trajectory.

Figure 9 shows the low-light outdoor environment used for the real-world experiment.
The corresponding mapping results of the proposed method and FAST-LIVO2 are compared
in Figure 10. As highlighted in regions A and B, our approach reconstructs significantly
denser and more complete point clouds with clearer structural boundaries and fewer
missing regions. These qualitative improvements validate that the uncertainty-aware iESKF
fusion and adaptive measurement weighting enable more reliable utilization of LiDAR
measurements under severe visual degradation, leading to superior map completeness and
structural fidelity.

(a) Real World on Dark01 (View 1) (b) Real World on Dark01 (View 2)

Figure 9. Camera-view observations of the Dark01 sequence.
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a. Proposed method b. FAST-LIVO2

Figure 10. Qualitative comparison of point cloud mapping results in a challenging low-light outdoor
environment; see Figure 9 for the corresponding scene. (a) The proposed method generates denser and
more complete maps. (b) FAST-LIVO2 produces relatively sparse and incomplete mapping results.
The differences are particularly visible in regions A, corresponding to the building facade, and B,
corresponding to the vertical pillar. This comparison illustrates the effectiveness of uncertainty-aware
fusion and adaptive covariance weighting under severe illumination degradation.

5. Conclusions
This paper presented a robust multi-sensor SLAM framework that tightly integrates

LiDAR, visual, and inertial measurements to achieve accurate and consistent localiza-
tion and mapping in complex and dynamic environments. By revisiting the limitations
of existing LiDAR–Inertial–Visual Odometry (LIVO) systems, we identified three key
challenges related to uncertainty modeling, loop-closure robustness, and cross-modal con-
sistency. To address these issues, an uncertainty-aware iterated error-state Kalman filter
(iESKF) was developed to dynamically balance heterogeneous measurements through
adaptive covariance adjustment guided by innovation statistics, feature quality, and ob-
servability. In addition, a geometry-driven loop-closure module based on the proposed
multi-channel Binary Triangle Constraint (mBTC) descriptor was introduced to improve
loop detection robustness under viewpoint changes, illumination variation, and appear-
ance degradation. Furthermore, a cross-modal consistency factor was incorporated into
the global factor-graph optimization to explicitly constrain the relative motion agreement
between visual and LiDAR odometries, thereby mitigating long-term drift and improving
global consistency.

Extensive experiments on multiple public benchmarks demonstrated that the pro-
posed system consistently outperforms state-of-the-art LIVO approaches in terms of lo-
calization accuracy, loop-closure reliability, and long-term consistency, particularly in
dynamic and visually challenging scenarios. The results validate the effectiveness of com-
bining uncertainty-aware front-end estimation with geometry-based loop detection and
consistency-aware back-end optimization within a unified probabilistic framework.

Future work will focus on extending the proposed framework to large-scale long-
term autonomy, including online adaptation to extreme sensor degradation, learning-
assisted geometric descriptor enhancement, and tighter integration with semantic per-
ception. Additionally, incorporating continuous-time modeling and exploring more ex-
pressive cross-modal constraints may further improve robustness in highly dynamic and
complex environments.
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Nomenclature
Abbreviation/Symbol Description
LIVO LiDAR–inertial–visual odometry
iESKF Iterated error-state Kalman filter
mBTC Multi-channel Binary Triangle Constraint
BTC Binary Triangle Constraint
NIS Normalized innovation squared
IMU Inertial measurement unit
LiDAR Light detection and ranging
VIO Visual–inertial odometry
LIO LiDAR–inertial odometry
ROS Robot Operating System
SE(3) Special Euclidean group in three dimensions
SO(3) Special orthogonal group in three dimensions
Rwb Body-to-world rotation matrix (3× 3)
pw Position of the body in the world frame (R3)

vw Velocity of the body in the world frame (R3)

bg, ba Gyroscope and accelerometer biases (R3)

δθ Rotation error vector, also referred to as the attitude error
ηNIS

m Statistical consistency scaling factor

η
qual
m Perception/matching quality scaling factor

ηobs
m Geometric observability scaling factor

R∗m Adaptive covariance matrix of modality m

Appendix A. Detailed Mathematical Derivations
This appendix provides the complete mathematical derivations that were summarized

in Section 3.2 for brevity.

Appendix A.1. IMU Propagation and Linearized Dynamics

Given the measured angular velocity ωm and acceleration am, the continuous-time
inertial propagation model is expressed as
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Ṙwb = Rwb[ωm − bg − ng]×, (A1)

v̇w = Rwb(am − ba − na) + g, (A2)

ṗw = vw, (A3)

where [·]× denotes the skew-symmetric operator and g is the gravity vector. Linearizing
around the nominal trajectory yields

δ̇x = Fδx + Gn, (A4)

where F is the state transition Jacobian and G maps the process noise

n = [n⊤g , n⊤a , n⊤wg, n⊤wa]
⊤. (A5)

After discretization, the covariance propagation becomes

Pk|k−1 = FdPk−1|k−1F⊤d + Qd, (A6)

where Qd is obtained from the time-integrated process noise.

Appendix A.2. Measurement Models and Linearization

For the visual modality, a 3D landmark Xi is projected onto the image plane as

ui = π(KRcwXi + tcw), (A7)

and the photometric residual is

rv
i = I(ui)− Iref(ui,ref). (A8)

Linearization around the current estimate gives

rv
i ≈ ∇I⊤JπJTδξ + nv

i . (A9)

For the LiDAR modality, each point pj
ℓ is constrained to a local plane (nj, dj) through

the point-to-plane residual

rℓj = n⊤j (Rwbpj
ℓ + twb) + dj. (A10)

Its Jacobian is
Hℓ

j = [−n⊤j Rwb[p
j
ℓ]× n⊤j ]. (A11)

Appendix A.3. Iterated ESKF Update

The iESKF update follows the standard innovation form:

S = HPk|k−1H⊤ + R, (A12)

K = Pk|k−1H⊤S−1, (A13)

δx̂ = Kr, (A14)

Pk|k = (I−KH)Pk|k−1(I−KH)⊤ + KRK⊤. (A15)
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After each correction, the nominal state is updated on the manifold:

Rwb ← R̂wb exp(δθ), pw ← pw + δp, vw ← vw + δv. (A16)

The update is iterated until convergence.

Appendix A.4. Adaptive Uncertainty Modeling (Three-Factor Multiplicative Decomposition)

The adaptive covariance for each modality m ∈ {v, ℓ} is

R∗m = ηmR0
m, ηm = ηNIS

m · ηqual
m · ηobs

m . (A17)

The detailed definitions of ηNIS
m , η

qual
m , and ηobs

m (including NIS, observability factor,
and quality score) follow the expressions presented in Section 3.2.3..
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