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Sequence Data
BIEVR-LIO (LM)

COIN-LIO
FAST-LIO2 (IEKF) GenZ-LIO (IEKF)

stock + layer stock + layer stock + layer

TunnelD ENWIDE × 0.276 0.492 × 0.380 × 0.442

TunnelS ENWIDE × 0.660 0.780 × 1.020 × ×

RunwayD ENWIDE 4.365 0.308 3.542 × 3.134 × 3.525

Featureless MARS-LVIG 3.734 3.648 – 28.9 3.751 3.574 3.574

HKairport MARS-LVIG × 1.605 – 0.922 0.862 1.005 0.895

Custom-1 FOV30 Ours (UAV) 5.011 0.643 – × 3.123 × 0.609

Stairs Newer C. 0.056 0.056 0.219 0.200 × 0.123 0.096

Offroad4 GEODE 0.658 0.652 – 0.675 13.8 0.714 ×

Failures 8 seq. 3/8 0/8 0/4 4/8 1/8 4/8 2/8

ATE RMSE [m] after SE(3) alignment; × failure (divergence or ATE > 5 % of path); – not evaluated (COIN-LIO runs on Ouster data only: 4 of the 8 

sequences). Green / red: the layer rescues or improves (> 5 %) / fails or degrades the same back-end.
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Not every LiDAR point deserves the same trust.
ABSTRACT  LiDAR–inertial odometry (LIO) keeps UAVs localized where GPS is unreliable, but degrades when the scanned geometry is weak, 

repetitive or non-rigid, because most estimators treat all measurements as equally reliable. 

Research question: how can LIO account for the reliability of each measurement? 

C1 (IEEE ICARSC 2026) scores every point from photometric stability, planarity and range before the IEKF update of FAST-LIO2: 63.1% lower 

median APE on MARS-LVIG Featureless at +4.0% runtime. 

C2 (in preparation) adds intensity as a measurement through a calibration-free photometric layer for LM and IEKF back-ends: on 8 sequences it 

reduces failures for all three back-ends and analyzes when intensity harms.

1 Where LIO loses reliable constraints

Feature-poor terrain

• few distinctive 3D structures

• some motion directions become 

weakly observable

Repetitive / symmetric

• tunnels, corridors, repeated 

structures

• several alignments look plausible

Dense vegetation

• many returns, not all reliable

• leaves and thin branches move 

between scans

Failure cycle: unreliable measurements → weak correction → growing pose uncertainty → inconsistent map 

→ degraded planning

2 C1 · Proactive per-point trust IEEE ICARSC 2026

★ NOVELTY A proactive, physics-based reliability model for every LiDAR point, inside the LIO 

filter: trust is judged before the update, with no training data and +4.0% runtime.

✓ Proactive – before the update ✓ Training-free – intensity, geometry, range

✓ Per-point covariance – not one noise level ✓ Drop-in – inside FAST-LIO2

Gap it closes: LIO assumes nearly uniform noise; reactive methods adapt only after errors appear; learned ones need 

training data.
ikd-tree map

local surfaces

IMU

acc. a, gyro ω

(high rate)

LiDAR scan

points pi, intensities ιi

IMU propagation,

scan undistortion

point-to-plane residuals

each point against its

nearest map plane

IEKF update

with per-point Ri

pose /

state xk

insert scan

★ NEW · proactive trust, before the update

every deskewed point pi

Photometric stability
wi

photo: consistent intensity → high

Geometric planarity
wi

geo: planar surface → high

Range reliability
wi

range: near → high

Trust fusion
τi = clamp(Σk ak wi

k, τmin, τmax)

one trust score per point

Trust-aware covariance
Ri

−1 ∝ τi
2 / σbase

weak points count less

Ri

blue: FAST-LIO2, unchanged  ·  green: our proactive trust module (new)  ·  grey: map

3 C1 · Experiments and results

−63.1%
median APE vs FAST-LIO2 (RTK-GPS truth)

+4.0%
runtime overhead

4 C2 · Portable photometric layer IN PREPARATION

★ NOVELTY One calibration-free photometric layer that plugs into both optimization (LM) and 

filtering (IEKF) LIO back-ends, with an analysis of when intensity helps and when 

it harms.

host map (height images / ikd-tree / voxel planes)

+ voxel intensity images Mv with scan counts

IMU, LiDAR scan

{pj, ιj}

IMU propagation,

undistortion

geometric rows

(height image / plane

/ plane + point)

host solver, unchanged:

LM (BIEVR-LIO) or

iterated EKF update

pose /

state xk

insert scan and intensities

★ NEW: shared 

photometric layer

normalize

intensities Ij

voxel lookup

Mv(uj), gj

residual zj, Jacobian

of point-to-plane form

scan-adaptive

scale wj

photometric rows

BIEVR-LIO: intensity image in the voxel frame of the height image; 

scaling frozen after 2 geometry-only LM iterations

FAST-LIO2, GenZ-LIO: own voxel intensity map; scaling frozen at 

the first iterate; λ = 10; rows at every iterate; weight in the row (FAST-

LIO2) or the noise (GenZ-LIO); optional M4 gate

blue: host, unchanged  ·  orange: shared photometric layer  ·  dashed: back-end-specific parts  ·  grey: maps

5 CONCLUSIONS
C1 · published

Assessing per-point reliability before the IEKF update lowers the median 

APE by 63.1% relative to FAST-LIO2 on MARS-LVIG Featureless, at +4.0% 
runtime and without training data.

C2 · in preparation

One calibration-free photometric layer serves both LM and IEKF back-ends: 

failures fall from 3 to 0 of 8 sequences (BIEVR-LIO) and from 4 to 1 and 4 
to 2 of 8 (FAST-LIO2, GenZ-LIO).

Next

reliability-aware mapping (RQ2) and belief-aware planning (RQ3).

EXPERIMENTAL SETUP

■ C1, two datasets: (i) MARS-LVIG Featureless [3]: public 

UAV sequence, Livox Avia, RTK-GPS ground truth → 

trajectory accuracy and runtime; (ii) golf course: our UAV, 

≈300 m over dense vegetation, no RTK-GPS under the 

canopy → qualitative map consistency.

■ C2: 8 sequences from five datasets: ENWIDE [4], Newer 

College [7], GEODE [8], MARS-LVIG [3] and our UAV (a 

flight with a restricted field of view), recorded with three 

LiDARs: Ouster OS0-128, Livox Avia, Livox Mid-360.
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