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Abstract—Light detection and ranging (LiDAR)-based simulta-
neous localization and mapping (SLAM) systems are highly sensi-
tive to adverse conditions such as occlusion, noise, and field-of-view
(FoV) degradation, yet existing robustness evaluation methods
either lack physical grounding or do not capture sensor-specific
behavior. This article presents a sensor-aware phenomenological
framework for simulating interpretable LiDAR degradations di-
rectly on real point clouds, enabling controlled and reproducible
SLAM stress testing. Unlike image-derived corruption benchmarks
(e.g., SemanticKITTI-C) or simulation-only approaches (e.g., Li-
DARSim), the proposed system preserves per-point geometry, in-
tensity, and temporal structure while applying structured dropout,
FoV reduction, Gaussian noise, occlusion masking, sparsification,
and motion distortion. The framework features autonomous topic
and sensor detection, a modular configuration with four predefined
severity tiers (light–extreme), and real-time performance (< 5 ms
per frame for solid-state LiDAR and < 20 ms for dense, wide-FoV
spinning LiDAR). The implementation is Docker-containerized
and compatible with robot operating system (ROS) workflows.
Experimental validation across three LiDAR models and five state-
of-the-art SLAM systems reveals distinct patterns of robustness
shaped by sensor design and environmental context. The open-
source implementation provides a practical foundation for bench-
marking LiDAR-based SLAM under physically meaningful degra-
dation scenarios.

Index Terms—Adverse environmental simulation, light detection
and ranging (LiDAR), simultaneous localization and mapping
(SLAM) benchmarking, sensor degradation.

I. INTRODUCTION

L IGHT detection and ranging (LiDAR) sensors play a vital
role in robotic perception tasks, yet their performance

degrades under adverse conditions, such as fog, dust, occlusion,
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and dynamic motion, leading to reduced simultaneous local-
ization and mapping (SLAM) reliability [1]. Prior studies have
analyzed LiDAR degradation effects. Bijelic et al. [2] studied
fog-induced attenuation, Zhang et al. [3] reviewed degradation
taxonomies, and Wu et al. [4] proposed an uncertainty-aware
LiDAR–inertial measurement unit (IMU) fusion approach that
models measurement noise to improve odometry robustness.
Recent surveys [5] further emphasize the need for physically
interpretable models grounded in real sensor behavior. However,
these works do not provide modular, sensor-specific simula-
tion frameworks tailored for robustness evaluation in SLAM.
High-fidelity simulation environments, such as CARLA [6] and
LiDARSim [7] simulate LiDAR sensing through full scene
reconstruction and ray tracing. While physically detailed, these
approaches require complete environment modeling and are less
suited for rapid robustness testing on real recorded datasets.

Robustness benchmarks, such as SemanticKITTI-C,
nuScenes-C, KITTI-C, and TIERS Dataset [8], [9], [10],
[11], evaluate perception under unified 3-D corruptions.
While valuable for downstream tasks, these benchmarks apply
generic perturbations that do not model the characteristics
of different LiDAR hardware types. Augmentation methods,
such as PolarMix [12], Real3D-Aug [13], and RealAug [14],
target neural network training and often rely on artificial
or learned perturbations that do not reflect physical sensor
behavior. As a result, they provide limited insights into SLAM
or LiDAR-inertial odometry (LIO) performance under realistic
LiDAR degradations.

To address this gap, we propose a sensor-aware phenomeno-
logical framework that applies physically interpretable degrada-
tions directly to raw LiDAR measurements, enabling controlled
reproducible evaluation of SLAM robustness. Our design and
degradation scenarios build on findings in [2], [3], [4], and
[5], emphasizing interpretable modeling of noise, occlusion,
field-of-view (FoV) reduction, motion distortion, and other
environment-induced artifacts. Unlike augmentation pipelines
designed for data-driven training, our objective is to simulate
realistic perturbations rather than improve learning-based gen-
eralization, enabling structured benchmarking under adverse
conditions. This work extends our previous dataset [15], which
characterized Livox Avia, Livox Mid-360, and Ouster LiDARs
under nominal conditions, by introducing controlled degradation
mechanisms applicable across diverse sensor architectures.

Our contributions are summarized as follows.
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Fig. 1. Architecture of the proposed adverse environment simulation frame-
work for robustness evaluation of SLAM algorithms.

1) Sensor-aware degradation modeling: It captures
scanning-pattern differences across solid-state (Livox
Avia, Mid-360) and spinning (Ouster) LiDARs.

2) Modular and reproducible configuration: It parameterizes
degradation scenarios with four predefined severity tiers
(light–extreme), including dropout, FoV reduction, noise,
occlusion, sparsification, and motion distortion. Severity
tiers can be customized for user-defined degradation sce-
narios.

3) Real-time robot operating system (ROS) implementa-
tion: It provides a Docker-containerized C++/Python ROS
framework with autonomous topic and sensor detection,
integrated visualization, and processing latency below
5 ms for solid-state LiDAR and below 20 ms for dense
wide-FoV spinning LiDAR.

4) Systematic SLAM robustness evaluation: It enables physi-
cally grounded comparison across heterogeneous sensors
and state-of-the-art SLAM under adverse conditions.

II. METHODOLOGY

A. Framework Overview

Fig. 1 shows the architecture of the proposed sensor-aware
phenomenological degradation framework. The system pro-
cesses multisensor LiDAR streams from both recorded ROS
bags and real-time inputs. Incoming point clouds are parsed,
time-stamp-aligned, and converted into a unified representation
before passing through the degradation pipeline.

Physically interpretable augmentation modules (see
Section II-D) are applied according to predefined severity levels
(light–extreme). Multiple degradation types can be chained
or randomized to emulate adverse sensing conditions. For
real-time operation, the framework applies a fixed-delay output
buffer to the LiDAR and IMU streams prior to republication,
thereby preserving chronological consistency. The augmented
point clouds are republished on dedicated ROS topics, enabling
seamless integration with a wide range of LIO and SLAM
systems. Implementation details are provided in our GitHub
repository and supplementary material II-F.

TABLE I
DEGRADATION PARAMETERS FOR FOUR SEVERITY TIERS

B. Autonomous Sensor Configuration

The framework includes an autonomous configuration mech-
anism that removes the need for manual setup across differ-
ent LiDAR platforms. Sensor characteristics are inferred di-
rectly from incoming point cloud fields, allowing automatic
identification of each LiDAR stream. Active topics are discov-
ered at runtime, and augmented outputs are published using
consistent naming conventions.

C. Scenario Design and Parameterization

Degradation scenarios are defined through configuration files
that specify parameters for five perturbation types: dropout,
FoV reduction, additive noise, occlusion masking, and motion
distortion, following prior literature [2], [3], [4], [5]. Parameters
are grouped into four severity tiers (light–extreme) for consistent
SLAM stress testing across diverse LiDAR architectures. Com-
plete configuration templates are provided in the open-source
repository, and the parameter values for all tiers are summarized
in Table I.

Design philosophy: The framework follows two principles:
1) physical relevance, using parameters that reflect measurable
sensor or environmental effects, and 2) comparability, applying
identical severity tiers across sensors and experiments. This
tiered design is consistent with recent corruption benchmarks,
such as SemanticKITTI-C and nuScenes-C [8], [9], [10].

Modeling approach: We adopt a phenomenological modeling
strategy derived from observable LiDAR behavior rather than
full radiometric or atmospheric simulation. The degradation
modules preserve geometric consistency, temporal ordering, and
each sensor’s characteristic scanning pattern while remaining
suitable for real-time computation in both bag replay and live
operation.

Parameter justification: Severity tiers span realistic ranges
informed by empirical observation, sensor physics, and prior
corruption benchmarks. They are intended not to reproduce
a single environmental condition exactly, but to define stan-
dardized degradation bands that expose robustness transitions
and failure modes in SLAM systems. Dropout ratios range
from zero (light) to severe point loss (up to 40% at extreme),
consistent with signal-loss mechanisms such as beam diver-
gence and atmospheric attenuation [16]. Gaussian noise lev-
els (σ ∈ [0.008, 0.060] m, i.e., subcentimetre to 6 cm) reflect
the typical range-measurement uncertainty reported for both
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solid-state and mechanical LiDAR sensors under nominal and
adverse conditions [2]. FoV reductions (up to 20% horizontal
and 30% vertical of the full angular range) emulate partial
angular occlusions caused by sensor housing contamination,
road spray, or nearby structures. Occlusion patches remove
contiguous local clusters representative of pedestrians, vegeta-
tion, or vehicle edges. Scan sparsification (fs ∈ [2, 8]) reduces
point density through systematic subsampling, approximating
reduced angular-resolution modes available in configurable
LiDAR sensors and undersampling effects observed in degraded
scanning conditions. Motion distortion is applied exclusively at
the extreme tier (‖v‖ = 2.0m/s, ‖ω‖ = 0.3 rad/s) with per-point
temporal offsets, providing a reproducible perturbation that sig-
nificantly affects geometric alignment.

D. Augmentation (Simulation) Modules

The degradation modules implement the phenomenological
parameters defined in the scenario configuration. Let a raw scan
be P = {(pi,ai, ti)}Ni=1, where pi ∈ R3 is a 3-D point, ai its
attributes, and ti its time stamp.

1) Point dropout: Random point removal is applied through
a Bernoulli mask

mi ∼ Bernoulli(1− r), p′
i =

{
pi, mi = 1

[−3pt]∅, mi = 0

where r is the dropout ratio. Structured variants remove
contiguous angular or spatial regions to emulate realistic
occluders.

2) Occlusion and FoV reduction: FoV cropping constrains
points to angular limits in azimuth θi and elevation φi,
computed as

θi = atan2(yi, xi), φi = asin(zi/‖pi‖)
with cropping applied through bounds |θi| ≤ Θmax and
|φi| ≤ Φmax. Random occlusion removes K spherical
patches of radius s, retaining points satisfying

‖pi − ck‖ > s ∀k
where s is the patch radius in metres, and occlusion centers
ck are uniformly sampled within a bounded range.

3) Noise injection: In real-time-of-flight LiDAR, beam direc-
tions are deterministically fixed by the scanning geometry;
only the range is subject to uncertainty. Noise is therefore
modeled as a scalar radial perturbation

p′
i =

max(ri + εi, rmin)

ri
pi, ri = ‖pi‖

where εi∼N (0, σ2) and rmin = 0.1 m prevents degen-
erate negative-range points. Optional outlier noise (mul-
tipath, mixed-pixel) applies the same radial model with
probability q and larger deviation σo�σ

p′′
i =

{
max(ri+εo,i, rmin)

ri
pi, w.p. q

[4pt]p′
i, otherwise

where εo,i∼N (0, σ2
o).

4) Motion distortion: Assume constant linear velocity v and
angular velocity ω over a scan

p′
i = R(Δti)pi + vΔti, Δti = ti − t0.

The rigid motion follows an SE(3) constant-velocity
model, where the rotational component is computed using
the SO(3) exponential map approximated by its first-order
expansion

R(Δti) ≈ I+ [ωΔti]×

applied for small angles ‖ωΔti‖ < 0.1 [17]. Parameters
v and ω are either estimated from synchronized IMU
data, when available, or set to scenario-defined values
(see Table I). The adopted constant-velocity model fol-
lows the scanwise motion approximation commonly used
for LiDAR deskewing in tightly coupled LiDAR-inertial
systems, such as FAST-LIO2 [18] and FASTER-LIO [19].
Because a LiDAR scan is acquired over a short inter-
val (tens to hundreds of milliseconds), higher order mo-
tion terms, such as acceleration or jerk, provide limited
additional realism while increasing model complexity.
Therefore, the constant-velocity assumption provides a
practical balance between physical interpretability, com-
putational efficiency, and compatibility with real-time
SLAM pipelines.

5) Scan sparsification: Systematic subsampling retains every
fsth point

P′ = {(pi,ai, ti) | i ≡ 0 (mod fs)}
modeling structured reductions in effective sampling den-
sity. This approximates reduced angular-resolution modes
available in configurable LiDAR sensors (e.g., Ouster
lidar_mode) and related undersampling effects in de-
graded sensing conditions. Unlike random dropout, spar-
sification preserves the regular scan acquisition pattern
while reducing point density, enabling controlled evalua-
tion of SLAM sensitivity to reduced sampling.

E. Integration and Reproducibility

All modules are parameterized through configuration files,
with optional runtime overrides via ROS parameters. Sensor-
specific message conversions ensure compatibility with down-
stream SLAM systems, and IMU measurements are interpolated
to estimate velocities used in motion distortion. Deterministic
module chaining, fixed random seeds, and diagnostic logging
provide full reproducibility across experiments.

F. Implementation and Experimental Setup

The framework is implemented as a hybrid C++/Python ROS
package: time-critical augmentation and I/O are handled in C++,
while Python utilities support visualization and interactive pa-
rameter tuning. Although validated primarily on recorded rosbag
data, the ROS-native design supports direct integration with live
LiDAR streams.

Experiments were conducted using the multisensor sequences
from our publicly available dataset GitHub repository [15],
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TABLE II
BASELINE APE (MEAN ± STD, M) ON NONDEGRADED SEQUENCES

TABLE III
APE (MEAN ± STD, M) ACROSS SEVERITY LEVELS FOR INDOOROFFICE1, INDOOROFFICE2, AND OUTDOORROAD SEQUENCES (L = LIGHT, M = MODERATE,

H = HEAVY, X = EXTREME)

which provides synchronized Livox Avia, Livox Mid-360, and
Ouster OS0-128 point clouds across indoor and outdoor en-
vironments. The system was tested on a workstation running
Ubuntu 20.04 with an AMD Ryzen 9 7945HX CPU and
32-GB RAM. Degradation settings were specified in YAML
configuration files and automatically applied at runtime by the
autonomous sensor configuration module (see Section II-B). To
assess robustness under controlled degradations, five represen-
tative LiDAR odometry and SLAM systems, FAST-LIO2 [18],
FASTER-LIO [19], S-FAST-LIO [20], FAST-LIO-SAM [21],
and GLIM [22], were evaluated. These algorithms cover direct,
iterative, and mapping-based approaches, enabling evaluation
across diverse SLAM paradigms. The two indoor sequences
differ in trajectory complexity: IndoorOffice1 follows a compact
loop through corridors and small rooms, while IndoorOffice2
extends this with additional loops, revisited locations, and varied
speeds, imposing greater drift accumulation and relocalization
demands. OutdoorRoad traverses an open road with building
facades, open spaces, and tree-lined segments, providing a ge-
ometrically richer but sparser scene context; trajectory ground
truth visualizations are available in the dataset repository [15].

III. EXPERIMENTAL RESULTS

The implementation of the augmentation framework also
provides a real-time visualization dashboard, described in detail
in Section V.

A. Quantitative SLAM Evaluation

Quantitative robustness analysis was performed using the
evo_ape tool1 to compute absolute pose error (APE).

Fig. 2. Distribution of APE across degradation severities (light–extreme) for
three LiDAR sensors (Avia, Mid360, and Ouster) in both indoor and outdoor
settings.

Table II reports baseline APE on nondegraded sequences, while
Table III summarizes results across the four severity tiers. The
best performing entry per severity tier and sensor modality is
highlighted in bold. Occasional cases, where moderate-tier APE
is slightly lower than light-tier values, arise from stochastic
variability in the SLAM pipeline rather than a systematic trend.
Fig. 2 summarizes APE distributions for three LiDAR types

1[Online]. Available: https://github.com/MichaelGrupp/evo

https://github.com/MichaelGrupp/evo
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in both indoor and outdoor environments. Mid-360 maintains
consistently low error and variance across all severity levels,
confirming strong robustness to the applied degradations across
all SLAM back ends. Avia exhibits a threshold-driven failure
mode, discussed in detail in Section III-B. Ouster presents
intermediate behavior with gradually increasing spread toward
higher severities. Overall, the results confirm that the proposed
degradations provide controlled stress conditions for systematic
SLAM robustness evaluation.

B. Discussion

Sensor-specific robustness patterns: Tables II and III, together
with Fig. 2, reveal distinct resilience profiles across LiDAR
architectures. Livox Mid-360 exhibits the strongest robustness,
maintaining subdecimeter APE across all severities in indoor
conditions; its nonrepetitive scanning pattern and uniform spa-
tial coverage preserve feature distributions under dropout and
occlusion. Livox Avia shows a threshold-driven failure mode:
performance remains stable under light and moderate degrada-
tion but deteriorates sharply at heavy and extreme levels (e.g.,
FASTER-LIO: 0.09 m at light versus 1.23 m at extreme; GLIM:
0.47 m at light versus 4.36 m at extreme, IndoorOffice1), indi-
cating sensitivity to density collapse. Ouster OS0-128 presents
intermediate behavior with higher variance at extreme severities,
suggesting that structured scanning patterns are more vulnerable
to systematic occlusion.

Algorithm–sensor interaction effects: FAST-LIO2 and S-
FAST-LIO maintain strong median accuracy but exhibit large
worst case errors (up to ∼8.5 m at extreme indoor conditions)
when dropout exceeds∼35%, indicating reinitialization failures
rather than gradual drift. GLIM yields higher baseline error but
lower variance across severity tiers, implying that its global
scan-to-map consistency is more tolerant to sparsity. FASTER-
LIO demonstrates the most uniform behavior across sensors.
FAST-LIO-SAM exhibits behavior closely tracking FAST-LIO2
across all severities, with marginally higher error in outdoor
sequences due to additional loop-closure overhead under sparse
point clouds.

Environmental context dependence: Indoor and outdoor con-
ditions exhibit fundamentally different degradation responses.
Indoor environments produce higher failure rates at extreme
severity (GLIM/Avia: ≈9×; Mid-360: ≈1.1×), reflecting the
reduced feature redundancy in confined spaces. Outdoor se-
quences exhibit higher absolute APE in nominal conditions but
degrade more gradually; FAST-LIO2 with Mid-360 increases
from 0.39 m (light) to 0.79 m (extreme), a ≈2× increase, con-
sistent with richer geometric structure at the cost of reduced point
density at long range. These results emphasize that robustness
is not scale-invariant; algorithms tuned for outdoor navigation
may fail abruptly in degraded indoor environments.

IV. CONCLUSION

We presented a sensor-aware phenomenological framework
for LiDAR degradation, enabling systematic and reproducible
robustness evaluation of SLAM algorithms under adverse con-
ditions. Unlike generic corruption benchmarks or simulation

engines requiring detailed scene geometry, our approach op-
erates directly on raw LiDAR measurements with real-time
performance (< 20 ms per frame), while preserving hardware-
specific scan patterns and temporal consistency. The framework
integrates autonomous topic and sensor detection with modular
degradation models, including dropout, FoV reduction, noise,
occlusion, and motion distortion, organized into four severity
tiers (light–extreme) to provide physically interpretable cross-
sensor stress testing.

Experimental evaluation across three LiDAR architectures
and five SLAM systems revealed distinct robustness behav-
iors shaped by both sensor design and environmental context.
Mid-360 consistently exhibited strong resilience, Avia showed
threshold-driven failures under extreme degradation, and Ouster
displayed intermediate sensitivity shaped by its structured scan-
ning pattern. These results demonstrate that the proposed frame-
work provides a practical and generalizable tool for evaluating
LiDAR-based SLAM performance. It enables the community
to analyze robustness trends, identify failure modes, and design
degradation-aware perception systems for real-world deploy-
ment.

DESCRIPTION OF SUPPLEMENTARY MATERIALS

This work is accompanied by two supplementary materials:
source code and recorded videos. The code is available both as
an attachment to this article and in a public GitHub repository
available online.2 It is worth noting that the details of all the
supplementary materials and their description can be found in
the aforementioned GitHub repository.

A. Code Implementation

The framework is implemented in C++/Python on ROS Noetic
and distributed as a Docker container for reproducible deploy-
ment. Time-critical components, including augmentation, sen-
sor parsing, and ROS I/O, are implemented in C++ to ensure
real-time performance, while Python utilities provide bird’s-eye-
view (BEV) visualization, online statistics, diagnostic logging,
and video generation support. Detailed instructions for building
and running the code are available in the GitHub repository.

Configuration and severity tiers: All degradation
parameters are defined in the repository under con-
fig/rosbag_test_config.yaml. Four severity
tiers, light, moderate, heavy, and extreme, map to the
phenomenological models in Section II-D via structured
namespaces (e.g., augmentations.dropout.∗,
augmentations.noise.∗, augmentations.fov.∗).
These settings control dropout ratios, FoV limits, noise
levels, occlusion masks, motion distortion velocities, and
sparsification, and can be overridden at runtime using ROS
parameters.

Integration and reproducibility: The augmentation node au-
tomatically discovers available LiDAR and IMU topics and
applies sensor-specific parsing rules: Ouster fields (x,y,z,

2[Online]. Available: https://github.com/mawuto/lidar_augmentation_cpp_
ws

https://github.com/mawuto/lidar_augmentation_cpp_ws
https://github.com/mawuto/lidar_augmentation_cpp_ws


FELIX et al.: SENSOR-AWARE PHENOMENOLOGICAL FRAMEWORK 91

intensity, reflectivity, line) are processed na-
tively, while Livox data are converted between PointCloud2
and livox_ros_driver/CustomMsg when required by
downstream SLAM systems. IMU buffers are synchronized
using trapezoidal integration to estimate per-point velocities for
motion distortion. For real-time use, both IMU messages and
augmented LiDAR scans are republished through a configurable
fixed-delay buffer (default: 30 ms), ensuring that downstream
LIO/SLAM systems receive time-aligned streams despite vari-
able processing latency.

Real-time monitoring and performance: The framework in-
cludes a real-time monitoring dashboard. It processes multiple
sensors concurrently with augmentation times below 20 ms per
frame (Ouster: 19.8 ms; Avia: 5.4 ms; Mid-360: 4.1 ms), ensur-
ing compatibility with 10-Hz operation. The autonomous con-
figuration module eliminates manual setup, enabling scalable
multisensor deployments in both offline and real-time settings.

B. Video Description

The supplementary video demonstrates the framework un-
der real-time adverse augmentation, showing the original point
cloud in green and the augmented output in red, together with
both the BEV visualization and the monitoring dashboard. The
dashboard presents processing time, point-count statistics, and
the active augmentation settings for each LiDAR stream. The
BEV is intended for qualitative inspection and accumulates
point clouds before rendering, making it less dynamic than
the dashboard display. Although the augmented cloud contains
significantly fewer points, the visualization renders a fixed num-
ber of samples. Because the remaining points are concentrated
within a reduced field of view, they may appear visually denser
despite the substantial reduction in the underlying point count.
The BEV and dashboard elements in the video are included only
to illustrate the system operation; when the package is executed
locally, they are displayed at full resolution, and additional
screenshots are provided in the GitHub repository. The primary
purpose of the video is, therefore, to highlight the visual effect
of the LiDAR augmentation on the point cloud itself.
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