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 A B S T R A C T

Point cloud semantic segmentation performance in autonomous driving systems degrades notably under 
adverse weather conditions, posing a challenge for reliable deployment. Current data augmentation methods 
for domain generalization often inadequately model the physical interactions between LiDAR sensors and 
atmospheric particles specific to diverse weather phenomena. This paper introduces PhyDAWS, a physically-
inspired data augmentation framework designed for domain generalization in point cloud segmentation. It aims 
to enhance model robustness across various weather conditions using only source domain data for training. 
PhyDAWS incorporates two complementary weather simulation techniques. The first is a phenomenological 
method modeling angle-dependent occlusion (rain), height-dependent density variation (snow), and distance-
dependent attenuation (fog). The second is a simulation based on Mie scattering theory, accounting for 
particle size distributions, refractive indices, and wavelength-dependent scattering. These physically-inspired 
augmentations are integrated with a dual-view contrastive learning strategy to promote the extraction of 
weather-invariant features. Evaluations on domain generalization benchmarks, including SemanticKITTI to 
SemanticSTF and SynLiDAR to SemanticSTF transfers, demonstrate the framework’s effectiveness. Specifically 
for the SemanticKITTI to SemanticSTF task, PhyDAWS achieves improvements in overall mean Intersection over 
Union (mIoU) ranging from 4.1% to 10.3% compared to recent state-of-the-art approaches. By bridging the 
domain gap between clear and adverse weather conditions, this method advances the capability of autonomous 
systems for reliable environmental perception under diverse, unseen adverse conditions.
1. Introduction

Autonomous vehicles operate in an open world environment where 
unpredictable weather conditions pose significant challenges to per-
ception systems (Tsakmakopoulou and Moustakas, 2024; H. Lin et al., 
2025). While these systems demonstrate impressive performance in 
favorable conditions, their reliability deteriorates dramatically dur-
ing adverse weather events, precisely when robust perception is most 
critical for maintaining safety (Xiao et al., 2022a; Yao et al., 2022). 
This performance gap represents one of the most serious barriers to 
widespread deployment of autonomous driving technology. In par-
ticular, weather-related perception failures have been identified as a 

I This work was supported in part by the China Scholarship Council under Ph.D. Scholarship 202208350003.
∗ Corresponding author.
E-mail address: junli@uwaterloo.ca (J. Li).

1 Given his role as Editor in chief, Jonathan Li had no involvement in the peer review of this article and had no access to information regarding its peer 
review. Full responsibility for the editorial process for this article was delegated to another journal editor.

major contributor to disengagement events during autonomous driving 
tests (Zhang et al., 2023; Xu and Sankar, 2024; Grandhi, 2025).

LiDAR sensors, which provide critical 3D information through point 
clouds, are particularly susceptible to weather-induced degradation
(Kettelgerdes et al., 2024; Su et al., 2024; Kuang et al., 2025). Rain 
introduces anisotropic occlusion patterns and unpredictable specular 
reflections (Li et al., 2024). Snow creates both geometric alterations 
through accumulation and visibility challenges through airborne par-
ticles (Awasthi and Varade, 2021; Khoshbakhtnejad et al., 2024). Fog 
significantly attenuates signals and reduces the effective sensing range 
in moderate conditions (Zhan et al., 2024). These physical phenomena 
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fundamentally transform point cloud characteristics, creating a substan-
tial domain gap between clear and adverse weather data distributions. 
Conventional deep learning models struggle to bridge this gap (Zhu 
et al., 2021; Du et al., 2021; Wang et al., 2024a).

Domain generalization, which involves training models to perform 
effectively on previously unseen domains without adaptation, rep-
resents a critical capability for autonomous driving perception sys-
tems (Hu et al., 2025). Unlike domain adaptation approaches that 
require target domain data during training, domain generalization 
techniques must develop intrinsic robustness solely from source domain 
data (Liu et al., 2025). This capability is particularly valuable for 
autonomous vehicles, which must maintain reliable performance across 
diverse and unpredictable environmental conditions throughout their 
operational lifetime (B. Li et al., 2025).

Among various approaches to domain generalization, data augmen-
tation has emerged as one of the most promising strategies (Xiao et al., 
2023; Xu et al., 2024). By exposing models to synthetically diverse data 
during training, data augmentation enables the learning of more ro-
bust representations that better generalize to unseen conditions (Chen 
and Ying, 2025; Yu et al., 2025). For point cloud segmentation in 
autonomous driving, effective data augmentation can leverage the 
abundance of clear-weather data to improve model robustness under 
adverse weather conditions, thus alleviating the inherent imbalance in 
available training data (Xiao et al., 2023).

Existing data augmentation techniques for point clouds, however, 
suffer from fundamental limitations when applied to weather-related 
domain generalization:

1. Geometric Transformations (e.g., rotation, scaling) (Zhu et al., 
2024) effectively adapt to viewpoint variations but overlook the 
physical interactions between LiDAR beams and atmospheric 
conditions critical to weather effects.

2. Point Cloud Perturbations (e.g., random point dropout, noise ad-
dition) (Kim et al., 2021) introduce uniform distortions, failing 
to replicate the spatially heterogeneous and distance-dependent 
degradation caused by weather phenomena.

3. Feature Adjustments (e.g., global intensity scaling) (Iwana and 
Uchida, 2021) apply simplistic modifications to point attributes, 
insufficient for capturing the non-linear signal attenuation pat-
terns of diverse weather conditions.

4. Generative Model Augmentation (e.g., GANs, style transfer) (Sap-
kota et al., 2025; Y. Li et al., 2025) depends on access to 
adverse weather data for training, contradicting the domain 
generalization objective of performing without target domain 
samples.

5. Sample Mixing Augmentation (e.g., PointMixup) (Chen et al., 
2020) enhances decision boundaries through interpolation, yet 
generates combinations lacking the physical realism of weather-
induced transformations.

These limitations highlight a critical gap in the field: the need for 
physically accurate, unsupervised data augmentation techniques that 
can transform clear-weather point clouds into realistic adverse-weather 
equivalents without requiring real adverse-weather data for calibration 
or validation.

The degradation of LiDAR measurements under adverse weather 
follows predictable physical laws governing light-particle interactions. 
Rain, snow, and fog each induce characteristic patterns of signal at-
tenuation, scattering, and occlusion determined by particle size dis-
tributions, refractive indices, and atmospheric density gradients. Sim-
ulating these underlying physical processes can inherently capture 
the spatially heterogeneous, distance-dependent, and material-specific 
characteristics that distinguish authentic weather effects from simplistic 
perturbations. This physical grounding offers a principled pathway to 
generating realistic weather variations using only clear-weather source 
data.
2 
Fig. 1. Comparison of cross-weather domain generalization methods using Se-
manticKITTI as the source domain and SemanticSTF as the target domain. Our 
proposed PhyDAWS method achieves the highest mIoU performance (38.9%) 
across adverse weather conditions, significantly outperforming previous state-
of-the-art approaches.

Building on this foundation, we propose PhyDAWS, a novel
physically-inspired data augmentation framework that addresses this 
gap through weather simulation based on LiDAR-atmospheric interac-
tions. As shown in Fig.  1, the proposed physically-inspired approach 
significantly outperforms existing methods for cross-weather domain 
generalization in point cloud segmentation. By incorporating these 
physical models into our data augmentation pipeline, we create real-
istic synthetic weather variations that help networks learn weather-
invariant features. This enables robust generalization to unseen weather 
conditions.

The core innovation of PhyDAWS lies in its two complementary 
physically-inspired weather simulation methods. First, our phenomeno-
logical weather simulation approach captures weather-specific effects. 
This method models key phenomena such as angle-dependent occlusion 
in rain, where falling raindrops create anisotropic occlusion patterns 
based on their orientation; height-dependent density variation in snow, 
which accounts for the natural concentration gradient of snowflakes 
with altitude; and distance-dependent attenuation in fog, which cap-
tures the exponential signal decay characteristic of light propagation 
through particulate media. Second, we develop a more sophisticated 
Mie scattering-based simulation that rigorously models the interactions 
between LiDAR beams and atmospheric particles based on electromag-
netic theory. This advanced approach accounts for weather-specific 
particle size distributions, complex refractive indices, and wavelength-
dependent scattering properties.

Our main contributions are summarized as follows:

1. We introduce a physically-inspired data augmentation frame-
work that enables point cloud segmentation models to generalize 
to diverse weather conditions without requiring target domain 
data during training.

2. We develop two complementary physically-inspired weather 
simulation methods that model the complex interactions be-
tween LiDAR beams and atmospheric particles, generating real-
istic weather transformations that effectively bridge the domain 
gap.

3. We demonstrate through extensive experiments that our method 
significantly outperforms existing approaches on challenging 
benchmarks, maintaining robust performance across diverse
weather conditions without requiring target domain adaptation.

2. Related work

This section reviews recent advancements in point cloud percep-
tion systems for autonomous driving, focusing on four key research 
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areas: semantic segmentation architectures, perception robustness in 
adverse weather conditions, domain generalization techniques, and 
data augmentation strategies. These complementary fields collectively 
address the challenges of building reliable perception systems capable 
of operating across diverse real-world environments.

2.1. Point cloud semantic segmentation

Point cloud semantic segmentation has evolved from the foun-
dational point-based processing of PointNet (Qi et al., 2017a) and 
PointNet++ (Qi et al., 2017b) toward architectures optimized for au-
tonomous driving applications. Contemporary research prioritizes com-
putational efficiency and accuracy for large-scale outdoor environ-
ments, with sparse convolutional networks (Choy et al., 2019; Peng 
et al., 2024; Du et al., 2025; F. Lin et al., 2025; Wang et al., 2024c; 
Deng et al., 2025) and transformer-based approaches (Zhao et al., 
2021; Wu et al., 2022, 2024) emerging as dominant paradigms. This 
evolution reflects the growing demand for high-performance, practi-
cal solutions capable of robust 3D scene understanding in dynamic, 
real-world settings.

LiDAR-based semantic segmentation has emerged as a critical com-
ponent in autonomous driving systems, enabling precise environmental 
perception and scene understanding (Yang et al., 2024; Zhuang et al., 
2024; Zhao et al., 2025; Kong et al., 2025). Recent research demon-
strates a significant trend toward integrating multiple data representa-
tions and processing strategies to overcome the inherent challenges of 
outdoor environments. ViDAR (Yang et al., 2024) introduces an inno-
vative pre-training framework that forecasts future point clouds from 
historical images, effectively transforming visual inputs into a 3D latent 
space through a specialized architecture. This approach enhances per-
ception and planning capabilities while addressing limitations in multi-
view geometry and temporal modeling. Moving beyond 2D projection 
methods, Zhuang et al. (2024) integrate temporal residual features with 
cylindrical partitioning to manage noise and density issues in dynamic 
environments, improving moving object segmentation and SLAM per-
formance. For road boundary segmentation, Zhao et al. (2025) develop 
CurbNet, employing a Multi-Scale and Channel Attention module to 
extract curb features directly from 3D point clouds. LaserMix++ (Kong 
et al., 2025) addresses the challenge of labor-intensive annotations 
through semi-supervised learning and multi-modal fusion. By integrat-
ing LiDAR spatial priors with camera features through beam mixing 
and feature distillation, this approach significantly reduces annotation 
requirements while maintaining competitive accuracy. This represents 
an important advance toward practical deployment in autonomous 
driving systems.

2.2. Adverse weather perception in autonomous driving

Environmental robustness remains a critical challenge for
autonomous driving perception systems, with adverse weather condi-
tions significantly degrading sensor performance and reliability (Xiao 
et al., 2023; C. Sun et al., 2024; Du et al., 2024; Heo et al., 2025; Xie 
et al., 2025; Bi et al., 2025; Nawaz et al., 2025). Rain, fog, and snow 
introduce complex interference patterns that compromise the accuracy 
of LiDAR and camera-based perception systems. Recent research has 
addressed this challenge through several complementary approaches.

The SemanticSTF dataset provides dense point-wise annotations 
of LiDAR data captured in fog, snow, and rain (Xiao et al., 2023). 
In the same work, the PointDR framework employs geometry style 
randomization and embedding aggregation to enhance robustness to 
weather-induced distortions. Similarly, C. Sun et al. (2024) develop the 
MSP dataset specifically for snowfall impacts on LiDAR, accompanied 
by analytical methods that quantify noise distributions and their effects 
on detection capabilities.

Algorithmic innovations for cross-weather generalization have
emerged as another promising direction. The framework in Du et al. 
3 
(2024) integrates Adaptive Feature Normalization with Dual-Attention 
Fusion, effectively calibrating features and incorporating contextual 
information to improve segmentation accuracy across diverse weather 
conditions. For bird’s-eye-view perception, Xie et al. (2025) intro-
duce RoboBEV, a benchmark for evaluating robustness against nat-
ural corruptions and sensor failures, demonstrating that pre-training 
and temporal fusion significantly enhance performance in challenging 
conditions.

Sensor-specific approaches have also yielded valuable insights. Re-
search in Heo et al. (2025) utilizes controlled weather chamber ex-
periments to develop theoretical models quantifying signal attenua-
tion, providing a foundation for sensor technology enhancement. Task-
specific solutions include (Bi et al., 2025), which combines traditional 
image processing with deep learning to improve lane detection under 
poor visibility. Another solution is presented in Nawaz et al. (2025), 
which integrates LiDAR, RGB, and thermal sensor data through a novel 
fusion framework based on a modified YOLOv8 architecture to improve 
object detection in adverse conditions. Collectively, these research 
directions advance the field toward perception systems capable of 
maintaining performance regardless of weather conditions.

2.3. Domain generalization for point cloud perception

Point cloud perception models require robust domain generalization 
(DG) capabilities to maintain performance across diverse deployment 
environments (Rafi et al., 2024; T. Sun et al., 2024; Zhao et al., 2024; 
Kim et al., 2024; Liu et al., 2025; Sanchez et al., 2025). Current research 
addresses several key challenges in this field. Rafi et al. (2024) survey 
DG methods for semantic segmentation, highlighting techniques like 
data augmentation and domain randomization that enhance generaliza-
tion without target domain data. To reduce annotation burden, T. Sun 
et al. (2024) propose a cross-modal framework leveraging unlabeled 
images for 3D semantic segmentation, using a dual-branch network 
with less than 1% labeled point clouds. For environmental robustness, 
UniMix (Zhao et al., 2024) constructs a Bridge Domain and implements 
a universal mixing operator to mitigate discrepancies across varying 
scenes and adverse environmental conditions. Addressing sensor het-
erogeneity, Kim et al. (2024) introduce the Density Discriminative 
Feature Embedding module that extracts density-specific features to 
improve generalization across varying point cloud densities. Liu et al. 
(2025) tackle rotational variations through orientation mining and con-
trastive learning, enhancing rotational robustness in cross-domain set-
tings. Finally, COLA (Sanchez et al., 2025) harmonizes heterogeneous 
LiDAR datasets using coarse labels, providing integrated strategies for 
domain generalization across varying sensors and environments.

2.4. Data augmentation strategies for point clouds

Point cloud data augmentation techniques address the critical chal-
lenge of limited training data in autonomous driving perception sys-
tems (Zhu et al., 2024; Wang et al., 2024b; J. Li et al., 2025; Sun et al., 
2025; Chen and Ying, 2025; Yu et al., 2025). Comprehensive catego-
rization of augmentation techniques by Zhu et al. (2024) establishes a 
taxonomy dividing methods into basic transformations and specialized 
approaches. This systematic classification identifies effective strategies 
for different perception tasks while highlighting future research di-
rections in generative augmentation techniques. Novel mixing-based 
augmentation methods have introduced significant improvements in 
feature preservation. PointPatchMix (Wang et al., 2024b) advances 
beyond point and block-level approaches by implementing patch-level 
mixing with a teacher-guided scoring module that preserves critical 
local structures while generating diverse samples. FPSMix (Chen and 
Ying, 2025) innovates through farthest point sampling combined with 
significance-weighted loss functions, specifically enhancing global fea-
ture learning while maintaining classification accuracy. For real-world 
applications, AdaptPoint++ (J. Li et al., 2025) overcomes limitations of 
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Fig. 2. Overview of the proposed physically-inspired data augmentation with weather simulation framework.
static offline augmentation through a sample-adaptive framework that 
dynamically generates realistic, challenging examples. Cross-domain 
adaptation challenges are specifically targeted by LBDA (Sun et al., 
2025), which introduces bidirectional ellipsoid-constrained transforma-
tions to effectively reduce domain gaps in few-shot scenarios. Similarly, 
the self-supervised strategies in Yu et al. (2025) directly counter geo-
metric disparities between synthetic and real-world data through trans-
lation distance prediction and cascaded relational learning, improving 
adaptation without relying on conventional adversarial approaches.

3. Method

In this section, we present a physically-inspired approach for do-
main generalization in point cloud semantic segmentation across di-
verse weather conditions. As illustrated in Fig.  2, the proposed method 
(PhyDAWS) mitigates performance degradation of semantic segmen-
tation models in adverse weather by integrating physically-inspired 
weather simulations into the data augmentation pipeline. This im-
proves robustness in previously unseen conditions without access to 
target-domain labels.

3.1. Problem formulation

Given a source domain 𝑆 with labeled point cloud data {𝑋𝑆 , 𝑌𝑆}
collected in clear weather and a target domain 𝑇  with unlabeled 
point cloud data 𝑋𝑇  from adverse-weather scenarios, we aim to learn 
a model 𝑓𝜃 using only {𝑋𝑆 , 𝑌𝑆} that generalizes to 𝑋𝑇 . The domain 
generalization objective is to minimize the expected risk on the source 
domain while encouraging representations that transfer well to the 
target domain: 
min
𝜃

E(𝑋,𝑌 )∼𝑆
[(𝑓𝜃( (𝑋)), 𝑌 )] (1)

where 𝜃 denotes the model parameters,  is the complete loss function 
that promotes domain-invariant feature learning, and   represents 
data augmentation transformations. The fundamental challenge lies in 
the absence of labeled target-domain data during training, as only 
4 
unlabeled samples 𝑋𝑇  from 𝑇  are available without their correspond-
ing labels. This constraint distinguishes domain generalization from 
domain adaptation methods, which typically require access to target-
domain data during training. This challenge is particularly pronounced 
in LiDAR point-cloud segmentation because adverse weather system-
atically alters point density (via occlusions and spurious returns) and 
reflectance intensity patterns (via absorption and scattering). These 
alterations create a substantial domain gap that conventional data 
augmentation techniques often fail to address effectively.

3.2. Network architecture

We employ the MinkowskiNet architecture (Choy et al., 2019), a 
sparse convolutional neural network designed for efficient 3D point 
cloud processing. After voxelization with voxel size 𝑣 = 0.05m, the in-
put point cloud is processed through an encoder–decoder structure with 
skip connections. Our network outputs both semantic segmentation 
logits and normalized feature embeddings for contrastive learning:
{𝐩, 𝐳} = 𝑓𝜃(𝑋), (2)

where 𝐩 ∈ R𝑁×𝐶 represents segmentation logits for 𝐶 classes and 
𝐳 ∈ R𝑁×128 represents normalized feature embeddings (produced via 
a projection head after the final layer).

3.3. Domain generalization strategy

We adopt a dual-view contrastive learning framework that leverages 
physically-inspired weather simulations to enable robust domain gen-
eralization. For each training point cloud, we generate two views with 
different augmentation strategies: 
𝑋1 = basic(𝑋), (3)

𝑋2 = weather(𝑋), (4)

where 𝑋 is the input point cloud, basic applies conventional aug-
mentations (random rotation and scaling), and   additionally 
weather
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applies our physically-inspired weather simulations. This asymmetric 
augmentation strategy creates a controlled disparity between the two 
views that encourages the network to learn weather-invariant features 
while maintaining geometric consistency. Both views are processed 
through the network: 
{𝐩1, 𝐳1} = 𝑓𝜃(𝑋1), (5)

{𝐩2, 𝐳2} = 𝑓𝜃(𝑋2), (6)

where 𝑓𝜃 represents the neural network with parameters 𝜃, 𝐩1 and 𝐩2
are the segmentation logits, and 𝐳1 and 𝐳2 are the feature embeddings 
from the first and second views, respectively.

To facilitate contrastive learning, we utilize a class-wise prototype 
memory bank  that stores representative feature vectors for each 
semantic class, updated via momentum averaging (Xiao et al., 2023): 

(𝑡)
𝑐 = 𝑚 ⋅(𝑡−1)

𝑐 + (1 − 𝑚) ⋅ 1
|𝛺𝑐 |

∑

𝑖∈𝛺𝑐

𝐳1,𝑖, (7)

where (𝑡)
𝑐  is the prototype vector for class 𝑐 at iteration 𝑡, 𝑚 is a 

momentum coefficient, 𝛺𝑐 = {𝑖|𝑦𝑖 = 𝑐} is the set of points with ground 
truth label 𝑐, |𝛺𝑐 | is the cardinality of this set, and 𝐳1,𝑖 is the feature 
embedding of point 𝑖 from the first view.

Our training objective realizes the formulation in Eq.  (1), where the 
complete loss function is defined as: 
(𝑓𝜃(𝑋1), 𝑌 ) = CE(𝐩1, 𝑌 ) + 𝜆 ⋅ contrast, (8)

where CE is the standard cross-entropy loss for semantic segmentation, 
𝐩1 represents the predicted logits from the first view, 𝑌  is the ground 
truth labels, and 𝜆 is a balancing coefficient.

The contrastive loss encourages alignment between features from 
the weather-augmented view and the corresponding class prototypes: 

contrast = − 1
𝑁

𝑁
∑

𝑖=1
log

exp(𝐳2,𝑖 ⋅𝑦𝑖∕𝜏)
∑𝐶

𝑐=1 exp(𝐳2,𝑖 ⋅𝑐∕𝜏)
, (9)

where 𝑁 is the number of points, 𝐳2,𝑖 is the feature embedding of point 𝑖
from the weather-augmented view, 𝑦𝑖  is the prototype for the ground 
truth class of point 𝑖, 𝜏 is a temperature parameter, and 𝐶 is the total 
number of classes.

This contrastive approach encourages the network to learn weather-
invariant representations by aligning features from the weather-
augmented view (𝐳2) with the corresponding class prototypes (𝑦𝑖 ) 
derived from the clean view. By minimizing the distance between 
features from the weather-augmented view and the corresponding 
class prototypes, the network learns to extract consistent semantic 
information regardless of weather conditions. This effectively bridges 
the domain gap between clear and adverse weather scenarios.

Within this contrastive learning framework, the role of physically-
inspired weather modeling extends beyond data diversification and 
directly shapes the nature of feature alignment across views. The 
physical simulations introduce structured signal variations that are con-
sistent with real atmospheric propagation processes, including range-
dependent attenuation, stochastic scattering, and geometry-dependent 
point dropout. These variations systematically perturb the input at 
the signal level while preserving the underlying semantic structure 
of the scene. As a result, corresponding points across the clean and 
weather-augmented views differ in intensity, local density, and return 
completeness, yet remain associated with the same semantic class.

When optimized under the proposed contrastive objective, the net-
work is encouraged to suppress weather-induced signal fluctuations 
and focus on invariant geometric and structural cues that remain 
stable across physically plausible sensing conditions. Features extracted 
from the weather-augmented view are pulled toward class-wise pro-
totypes derived from the clean view, implicitly enforcing invariance 
to physically grounded degradation patterns. This mechanism estab-
lishes a direct link between physical modeling and feature learning, 
5 
whereby atmospheric signal variations act as structured perturbations 
that guide the network toward representations that generalize across 
unseen weather conditions.

From a domain generalization perspective, this coupling between 
physical simulation and contrastive alignment is critical. The proposed 
physically-inspired transformations expose the model to signal varia-
tions governed by the same physical laws encountered at deployment, 
ensuring that the augmentation distribution aligns with real-world 
degradation mechanisms. Consequently, the learned representations 
capture semantic information that is robust to weather-induced do-
main shifts, supporting reliable transfer from clear-weather or syn-
thetic source domains to adverse-weather target environments without 
requiring access to target-domain labels.

3.4. Physically-inspired weather simulation

The simultaneous adoption of phenomenological modeling and Mie-
based scattering simulation is motivated by the multi-faceted nature 
of weather-induced degradation in LiDAR point clouds. In adverse 
weather, the domain shift is driven by interrelated mechanisms that 
affect both the spatial completeness of returns and the signal char-
acteristics of LiDAR measurements. A robust augmentation strategy 
therefore benefits from covering structured geometric effects as well as 
physically grounded intensity attenuation and scattering variability, so 
that the generated training samples remain consistent with real sensing 
processes.

Phenomenological modeling provides an efficient way to reproduce 
macroscopic patterns that dominate the geometric organization of point 
clouds, including anisotropic occlusion in rain, height-dependent den-
sity variation in snow, and range-limited visibility in fog. In parallel, 
the Mie-Monte Carlo component characterizes wavelength-dependent 
extinction and stochastic particle interactions along the beam path, 
enriching the training distribution with intensity attenuation and re-
turn variability consistent with atmospheric propagation. Together, 
these two augmentation paths expose the network to complementary 
perturbation modes that jointly shape adverse-weather LiDAR obser-
vations, supporting more stable representation learning and improved 
transferability when deployment environments vary across regions and 
acquisition campaigns.

3.4.1. Phenomenological weather simulation
The first method implements phenomenological models of LiDAR–

weather interactions, motivated by atmospheric physics and prior stud-
ies in meteorology (Ulbrich, 1983; Bohren and Huffman, 2008; Seinfeld 
and Pandis, 2016). For a point cloud  with points (𝑥, 𝑦, 𝑧, 𝑖) where 𝑖
represents intensity, the approach models weather-specific effects:

Rain simulation: Rain affects LiDAR through angle-dependent oc-
clusion and distance-dependent intensity attenuation. The rain-induced 
occlusion is modeled as: 

rain = {𝑝 ∈  ∣ 𝛾𝑝 > 𝑝base + 𝛼 ⋅ | cos(𝜙𝑝 − 𝜙rain)|}, (10)

where rain represents the subset of points that are retained after 
applying the rain simulation,  is the original point cloud, 𝛾𝑝 ∼  (0, 1)
is a random variable for each point, 𝜙𝑝 = arctan 2(𝑧𝑝,

√

𝑥2𝑝 + 𝑦2𝑝) is the 
vertical angle of point 𝑝, 𝜙rain ∼  (−5◦, 5◦) is the rain inclination 
angle, 𝑝base = 0.1 is a baseline probability, and 𝛼 = 0.3 controls the 
angular dependency strength. This formulation captures the anisotropic 
nature of rain occlusion. Raindrops are not perfectly spherical but 
become elongated as they fall, creating direction-dependent scattering 
patterns (Thurai and Bringi, 2005). An illustrative example is shown in 
Fig.  3. Notably, our approach leverages the implicit geometric relation-
ship within point cloud data and probabilistic modeling, avoiding the 
computationally expensive explicit simulation of intersections between 
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Fig. 3. Visualization of the angle-dependent rain occlusion model. The polar 
plot shows point retention probability as a function of angle relative to rainfall 
direction (black arrow). Blue regions (perpendicular to rainfall) indicate high 
retention rates (∼90%), while pink regions (parallel to rainfall) show low 
retention rates (∼60%). The plot illustrates a specific instance with rain 
inclination angle of −5◦.

each LiDAR beam and individual raindrops, while still achieving phys-
ically accurate occlusion patterns. The intensity attenuation follows a 
modified Beer–Lambert law (Middleton, 1952; Ishimaru et al., 1978): 

𝐼rain(𝑑) = 𝐼0 ⋅ exp(−𝛽rain ⋅ 𝑑𝛾rain ), (11)

where 𝐼0 is the original intensity, 𝑑 = ‖𝐱‖2 is the distance from sensor 
origin, 𝛽rain = 0.02 is the rain-specific attenuation coefficient, and 
𝛾rain = 1.2 accounts for the non-linear attenuation in rain. The non-
linear exponent models the complex interaction between raindrops and 
LiDAR signals, including multiple scattering and absorption effects that 
compound with distance. This intensity modification trains the net-
work to interpret attenuated signals correctly, improving segmentation 
accuracy in rainy conditions.

Snow simulation: Snow creates a complex pattern of height-
dependent occlusion, intensity attenuation, and scattered returns. The 
snow density factor varies with height: 

𝜌snow(𝑧) = clip
(

1 −
𝑧 − 𝑧min

𝑧max − 𝑧min + 𝜖
, 𝜌min, 1.0

)

, (12)

where 𝑧 is the height coordinate of a point, 𝑧min and 𝑧max are the 
minimum and maximum z-coordinates in the point cloud, 𝜌min = 0.5
sets a minimum density threshold, and 𝜖 = 10−6 prevents division 
by zero. This formulation captures the observation that snow concen-
tration typically decreases with height, resulting in height-dependent 
occlusion patterns (Pruppacher et al., 1998). Fig.  4 visualizes this 
height-dependent density model, where concentric rings represent dif-
ferent height levels (labeled in meters) with corresponding dropout 
rates (shown as percentages). The color gradient from dark blue to light 
blue represents decreasing snow density with increasing height, leading 
to fewer dropped points (red crosses) at higher elevations. Uniformly 
distributed snowflake points (white asterisks) simulate noise that chal-
lenges the network to differentiate between meaningful structural infor-
mation and weather-induced artifacts. By modeling this vertical density 
gradient, we prepare the network to handle the non-uniform occlusion 
patterns characteristic of snowy conditions.

The point retention probability is: 

 = {𝑝 ∈  ∣ 𝛾 > 𝛽 ⋅ 𝜌 (𝑧 )}, (13)
snow 𝑝 d snow 𝑝

6 
Fig. 4. Visualization of our height-dependent snow density model. Concentric 
rings represent height levels with corresponding dropout rates. More dropped 
points (red crosses) appear at lower heights due to higher snow density, while 
added snowflakes (white asterisks) are uniformly distributed throughout the 
scene.

where snow is the set of points retained after snow simulation,  is the 
original point cloud, 𝛽d = 0.05 is the snow-specific dropout coefficient, 
𝛾𝑝 ∼  (0, 1) is a random variable, and 𝑧𝑝 is the height coordinate of 
point 𝑝. The intensity attenuation is: 
𝐼snow(𝑑) = 𝐼0 ⋅ exp(−𝛽snow ⋅ 𝑑𝛾snow ), (14)

where 𝐼0 is the original intensity, 𝑑 is the distance from sensor origin, 
𝛽snow = 0.03 and 𝛾snow = 1.1 control the snow-specific attenua-
tion pattern. Additionally, we generate simulated snowflakes randomly 
distributed throughout the scene volume: 
𝑁snow = ⌊𝜌f ⋅ ||⌋, (15)

where 𝑁snow is the number of simulated snowflakes to add, 𝜌f = 0.1
controls the density of added snowflakes relative to the original point 
cloud size, and || is the cardinality of the original point cloud. These 
snowflakes are positioned according to: 
flakes = {(𝑥, 𝑦, 𝑧, 𝑖) ∣ 𝑥, 𝑦, 𝑧 ∼  (min,max)}, (16)

where flakes is the set of simulated snowflake points, min and max
define the bounding box of the original point cloud, and 𝑖 ∼  (0.05, 0.4)
is the intensity value assigned to each simulated snowflake. These 
simulated snowflakes introduce noise points that challenge the net-
work to differentiate between meaningful structural information and 
snow-induced artifacts, enhancing robustness to such disturbances in 
real-world scenarios.

Fog simulation: Fog primarily affects LiDAR through exponential 
attenuation and range limitation (Bohren and Huffman, 2008; Bijelic 
et al., 2020). The intensity attenuation is: 
𝐼fog(𝑑) = 𝐼0 ⋅ exp(−𝛽fog ⋅ 𝑑

𝛾fog ), (17)

where 𝐼0 is the original intensity, 𝑑 is the distance from sensor origin, 
𝛾fog = 1.5 accounts for multiple scattering effects in fog, and 𝛽fog varies 
with fog density (𝛽light = 0.03 for light fog, 𝛽dense = 0.15 for dense 
fog). This higher exponent value compared to rain and snow reflects 
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Fig. 5. Visualization of dense fog simulation showing intensity attenuation 
with distance (percentages) and visibility threshold at 20 m (red dashed line). 
Local fog patches (blue circles) create spatial heterogeneity, while points 
beyond the threshold are discarded (gray crosses).

the increased scatter and absorption that occurs in foggy environments 
due to the high density of small water droplets. For dense fog, we also 
limit visibility: 
vis = {𝑝 ∈  ∣ 𝑑(𝑝) < 𝑉max}, (18)

where vis is the set of points retained after applying visibility con-
straints,  is the original point cloud, 𝑑(𝑝) = ‖𝐱𝑝‖2 is the distance from 
the sensor to point 𝑝, and 𝑉max ∼  (15, 30) meters defines the visibility 
range. This visibility threshold accurately models the hard cutoff in 
detection range that occurs in dense fog conditions, forcing the network 
to make segmentation decisions with incomplete scene information. 
This capability is critical for autonomous systems operating in foggy 
environments.

Fig.  5 illustrates our dense fog simulation model, depicting how 
LiDAR intensity decreases exponentially with distance from the sensor. 
Points within the central region maintain high retention rates, which 
rapidly diminish to near-zero at the visibility threshold. The model also 
incorporates localized fog patches of varying density, creating realistic 
heterogeneous fog conditions that challenge perception systems. This 
physically-grounded approach helps the network maintain effective 
feature representations even under substantial information loss caused 
by dense fog. Additionally, the complete discarding of points beyond 
the visibility threshold forces the network to learn to make reliable 
predictions with incomplete scene information, a critical requirement 
for real-world autonomous driving systems.

3.4.2. Mie-Monte Carlo scattering simulation
The Mie-Monte Carlo scattering simulation is grounded in Mie 

scattering theory, which describes how electromagnetic radiation in-
teracts with spherical particles (Hulst and van de Hulst, 1981; Bohren 
and Huffman, 2008). This approach models the complex interactions 
between LiDAR beams and atmospheric particles with theoretical ac-
curacy, providing detailed characterization of the electromagnetic in-
teractions that occur in various weather conditions.

Basic Mie Scattering: We derive physically accurate extinction 
coefficients by modeling particle size distributions for different weather 
conditions using the gamma distribution (Ulbrich, 1983): 

𝑛(𝐷) = 𝑁0 ⋅
𝐷𝛼−1

exp
(

−𝐷
)

, (19)

𝛤 (𝛼)𝛽𝛼 𝛽

7 
Fig. 6. Precomputed extinction coefficients lookup table (𝛽ext) for different 
weather types and intensity levels based on Mie scattering theory. Higher 
values indicate stronger attenuation of LiDAR signals.

where 𝑛(𝐷) is the particle number density per unit diameter, 𝐷 is 
the particle diameter in millimeters, 𝑁0 is the number concentration 
(particles per cubic meter), 𝛼 is the shape parameter, 𝛽 is the scale 
parameter (in mm), and 𝛤 (𝛼) is the gamma function. These parameters 
are calibrated for each weather type and intensity level based on 
meteorological data.

The total extinction coefficient is calculated by integrating over the 
particle size distribution from 𝐷min = 0.01 mm to 𝐷max = 10 mm: 

𝛽ext = ∫

𝐷max

𝐷min
𝑄ext(𝐷, 𝜆, 𝑚) ⋅ 𝜋𝐷

2

4
⋅ 𝑛(𝐷) 𝑑𝐷, (20)

where 𝛽ext is the extinction coefficient, 𝑄ext(𝐷, 𝜆, 𝑚) is the Mie extinc-
tion efficiency (the ratio of the extinction cross-section to the geometric 
cross-section) for a particle of diameter 𝐷 with complex refractive index 
𝑚 (1.33+0i for water, 1.31+0i for ice) at LiDAR wavelength 𝜆 = 905 nm. 
The Mie extinction efficiency is calculated from electromagnetic theory 
as: 

𝑄ext(𝐷, 𝜆, 𝑚) = 2
𝑥2

∞
∑

𝑛=1
(2𝑛 + 1)ℜ{𝑎𝑛 + 𝑏𝑛}, (21)

where 𝑥 = 𝜋𝐷∕𝜆 is the size parameter, ℜ denotes the real part of 
a complex number, and 𝑎𝑛 and 𝑏𝑛 are the complex Mie scattering 
coefficients derived from solving Maxwell’s equations for spherical 
particles (Hulst and van de Hulst, 1981). These coefficients depend on 
the size parameter 𝑥 and the complex refractive index 𝑚, representing 
the scattered electromagnetic field components. For computational effi-
ciency, we precompute these extinction coefficients for various weather 
types and intensity levels and store them in a lookup table, as shown 
in Fig.  6.

This physically-grounded approach enables accurate modeling of 
how different weather conditions affect LiDAR signal propagation. As 
shown in the lookup table, dense fog exhibits the strongest attenuation 
effect with extinction coefficients ranging from 0.07 to 0.25, while light 
fog shows the mildest effect (0.03 to 0.09). Rain and snow occupy 
intermediate positions with rain generally causing slightly stronger 
attenuation than snow at equivalent intensity levels. These precom-
puted values allow our augmentation pipeline to efficiently simulate 
realistic weather effects without solving complex scattering equations 
at runtime.

Monte Carlo scattering: The basic attenuation follows the Beer–
Lambert law (Ishimaru et al., 1978; Bohren and Huffman, 2008): 
𝐼att(𝑑) = 𝐼0 ⋅ exp(−𝛽ext ⋅ 𝑑), (22)

where 𝐼att(𝑑) is the attenuated intensity at distance 𝑑, 𝐼0 is the original 
intensity, and 𝛽  is the extinction coefficient for the specific weather 
ext
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Fig. 7. Visualization of Monte Carlo scattering effects on LiDAR signal prop-
agation. The color gradient represents attenuation factors: green (center) 
indicates high signal return from nearby particles, transitioning through cyan 
and blue to purple and yellow (perimeter) showing diminishing returns from 
distant particles. Pink markers highlight particles directly in the beam path.

Fig. 8. Visualization of rain specular reflection simulation. Blue circles rep-
resent randomly sampled points (1% of original points), while red stars show 
the corresponding specular reflections with position jitter and intensity ampli-
fication (5 − 10×). This augmentation replicates the high-intensity reflections 
from raindrops that can affect LiDAR perception.

condition. We enhance this with a Monte Carlo approach to capture the 
stochastic nature of particle distribution (Grabner and Kvicera, 2013): 

𝐼MC(𝑑) = 𝐼att(𝑑) ⋅ MC(𝑑, 𝛽ext), (23)

where 𝐼MC(𝑑) is the intensity after applying Monte Carlo adjustments, 
and MC(𝑑, 𝛽ext) is the Monte Carlo factor derived from simulations of 
particle interactions along the beam path: 

MC(𝑑, 𝛽ext) = CDF (𝑑 ∣ 𝜆) . (24)

Here, CDF(𝑑|𝜆) is the cumulative distribution function of an exponential 
distribution with mean free path 𝜆 = 1∕𝛽ext, representing the probabil-
ity distribution of scattering events along the beam path. This approach 
improves upon deterministic models by incorporating the statistical 
variations in particle encounters, better representing the stochastic 
nature of real-world weather phenomena.
8 
Fig.  7 illustrates the Monte Carlo scattering simulation, where con-
centric rings represent distances from 5 m to 40 m from the LiDAR 
sensor (pink triangle). The colored particles demonstrate how the at-
tenuation factor varies with distance, with particles in high-density 
clusters showing the statistical nature of light-particle interactions. This 
visualization captures the stochastic behavior that deterministic models 
fail to represent, particularly the random distribution of particles in 
adverse weather and their varying impact on signal propagation.

We also incorporate material-specific reflection properties: 
𝐼final(𝑝) = 𝐼MC(𝑑(𝑝)) ⋅(𝑐𝑝), (25)

where 𝐼final(𝑝) is the final intensity value for point 𝑝, 𝑑(𝑝) is the 
Euclidean distance from the sensor origin to point 𝑝, (𝑐𝑝) is the 
reflectivity coefficient for semantic class 𝑐𝑝, calibrated from empirical 
measurements. This class-aware reflection modeling acknowledges that 
different surface materials interact with LiDAR signals differently under 
adverse weather conditions (Kaasalainen et al., 2005). By incorporating 
this physical insight, the network can learn the complex relationship 
between object material properties and their appearance in various 
weather conditions, enhancing segmentation accuracy for all semantic 
classes.

Weather-specific physical effects: For each weather type, we 
incorporate unique physical phenomena. For rain, we model specular 
reflections: 
rain =  ∪ {(𝐱 + 𝜹, 𝑖 ⋅ 𝛼spec) ∣ (𝐱, 𝑖) ∈ sampled}, (26)

where rain is the point cloud after adding rain effects,  is the original 
point cloud, sampled is a random subset of points (approximately 1% 
of the original point cloud), 𝐱 is the 3D position vector of a point, 
𝜹 ∼  (−0.1, 0.1) is position jitter in meters, 𝑖 is the original intensity 
value of a point, and 𝛼spec ∼  (5, 10) is intensity amplification. These 
specular reflections replicate the bright returns that occur when LiDAR 
pulses directly reflect off water droplets, a phenomenon that can cre-
ate false positives in object segmentation systems (Hasirlioglu et al., 
2016; Bijelic et al., 2018). By training with these artifacts present, the 
network learns to distinguish between actual objects and rain-induced 
specular reflections.

Fig.  8 illustrates our approach to simulating rain specular reflection 
effects. The visualization shows the original point cloud (gray dots), 
from which 1% of points are randomly sampled (blue circles). For each 
sampled point, a corresponding reflection point (red star) is generated 
with a position offset of approximately ±0.1 m. Additionally, each 
reflection point’s intensity is amplified by a factor of 5 − 10×, as 
indicated by the numerical values adjacent to the stars. This process 
accurately simulates the phenomenon where raindrops act as small re-
flective surfaces that create secondary, high-intensity returns in LiDAR 
scans. These artificial reflection points challenge perception systems 
in the same way that real-world rain does, forcing models to develop 
robustness to these common weather-induced artifacts.

For snow, we simulate accumulation on horizontal surfaces: 
snow =  ∪ {(𝐱 + [0, 0, ℎsnow], 𝑖) ∣ (𝐱, 𝑖) ∈ hsurf}, (27)

where snow is the point cloud after adding snow effects,  is the 
original point cloud, hsurf represents points on horizontal surfaces 
(identified by normal vector analysis or semantic class), 𝐱 is the 3D 
position vector of a point, ℎsnow ∼  (0, 0.05) meters is the local 
snow height, and 𝑖 is the intensity value of the point. This simulation 
accounts for the geometric changes that occur in snowy conditions, as 
snow accumulation alters the apparent shape and height of objects and 
ground surfaces. By exposing the network to these geometric alterations 
during training, we enable it to maintain accurate segmentation even 
when objects’ apparent shapes change due to snow accumulation.

The snow simulation incorporates several key physical principles 
beyond simple point perturbations: it performs selective geometric 
modification by adding points above original surfaces with 10% prob-
ability, mimicking how snow accumulates on horizontal surfaces; it 
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Fig. 9. Visualization of snow accumulation effects on point clouds. Repre-
sentative surface classes (road, building, vegetation, etc.) are shown with 
corresponding snow accumulation points. The simulation uses uniform height 
distribution  (0, 0.05 m) across all surface types, with snow points inheriting 
semantic labels from parent points while adopting lower intensity values 
(0.1–0.3).

applies height variations up to 5 cm based on a uniform distribution 
 (0, 0.05); it maintains semantic consistency through label inheritance, 
ensuring snow-covered objects retain their original classification, as 
illustrated in Fig.  9; and it models snow’s optical properties by assigning 
lower intensity values (0.1–0.3), reflecting snow’s high light absorption. 
This comprehensive approach maintains data structure integrity by 
synchronizing coordinates, intensities, and labels to create physically 
realistic snow-augmented point clouds.

For dense fog, we enforce visibility limitations by discarding points 
that exceed a fixed maximum visible distance, which approximates the 
signal attenuation predicted by the Beer–Lambert law. Specifically, we 
define the fog-affected point cloud as 

fog = {𝑝 ∈  ∣ 𝑑(𝑝) < 𝑑max}, (28)

where  is the original point cloud, 𝑝 is a point in the cloud, and 
𝑑(𝑝) is the Euclidean distance from the sensor to 𝑝. Here, 𝑑max is 
an empirically chosen constant (e.g., 20 meters) that approximates 
the maximum visible distance under dense fog conditions. This fixed 
threshold simulates the effect of severe fog, where signal intensity 
decays to a level that renders points beyond 𝑑max undetectable.

For light fog, we apply the same physical attenuation principles as in 
dense fog but with a significantly lower extinction coefficient. In this 
case, we do not enforce an explicit visibility cut-off. Instead, we rely 
on the natural gradual attenuation of signal intensity with distance, as 
modeled by 

𝐼lfog(𝑝) = 𝐼MC(𝑑(𝑝)) ⋅(𝑐𝑝), (29)

where 𝐼MC(𝑑(𝑝)) is the intensity after applying Monte Carlo attenuation 
to account for stochastic scattering effects, and (𝑐𝑝) is a class-specific 
reflectivity factor. This approach simulates the moderate degradation 
in light fog, in which objects remain visible at longer ranges but 
with progressively reduced clarity. The resulting partial attenuation 
challenges the network to handle intermediate levels of degradation, 
thereby bridging the gap between clear conditions and severely limited 
visibility.
9 
3.4.3. Parameter calibration and sensor adaptability
The selection of parameters throughout the physically-inspired sim-

ulation framework is grounded in established atmospheric science liter-
ature. Particle size distributions are modeled using gamma distributions 
with weather-specific shape and scale parameters (Ulbrich, 1983). For 
rain, the shape parameter is set to 2 with scale parameters ranging 
from 0.5 to 2.0 mm depending on intensity, producing particle distri-
butions characteristic of stratiform and convective precipitation. Snow 
uses a shape parameter of 3 with smaller scale values reflecting the 
different microphysical properties of ice crystals. Fog employs higher 
shape parameters (4–5) with scale values below 1.0 mm, capturing 
the narrow size distributions of small suspended droplets. The number 
concentration scaling factors increase with weather intensity, following 
empirically observed relationships between precipitation rate and par-
ticle density (Ulbrich, 1983). The complex refractive indices (1.33+0i 
for liquid water, 1.31+0i for ice) are well-established optical constants 
at near-infrared wavelengths (Hulst and van de Hulst, 1981). The 
phenomenological attenuation coefficients follow consistent physical 
principles: rain coefficients (𝛽rain = 0.02) correspond to moderate 
rainfall conditions (Middleton, 1952), fog coefficients span from 𝛽light =
0.03 for light fog to 𝛽dense = 0.15 for dense fog (Bohren and Huffman, 
2008; Bijelic et al., 2020), and snow coefficients (𝛽snow = 0.03) reflect 
the lower extinction efficiency of ice crystals compared to liquid water 
droplets. The non-linear exponents (𝛾rain = 1.2, 𝛾snow = 1.1, 𝛾fog = 1.5) 
account for multiple scattering effects, with fog exhibiting the strongest 
non-linearity due to the high density of small particles (Ishimaru et al., 
1978).

The wavelength of 905 nm reflects the predominant configuration 
in current automotive LiDAR systems. The wavelength dependence 
of Mie scattering implies that extinction coefficients would differ for 
systems operating at alternative wavelengths such as 1550 nm, where 
increased water absorption and reduced scattering efficiency for small 
particles lead to different attenuation characteristics, particularly in 
fog. The modular structure of the simulation framework accommodates 
such adaptations by allowing the lookup tables to be regenerated 
with updated refractive indices and size parameters. Sensor-specific 
characteristics including beam divergence, pulse repetition rate, and 
detector sensitivity can similarly be incorporated through adjustments 
to the attenuation and noise models, enhancing applicability across 
diverse LiDAR configurations.

To ensure computational efficiency in large-scale training scenarios, 
the framework employs a decoupled design in which computationally 
intensive components are not executed online during network opti-
mization. Wavelength-dependent extinction coefficients derived from 
Mie theory are precomputed offline and stored in lookup tables, while 
stochastic scattering effects are approximated through lightweight sam-
pling operations at the point level. Importantly, all simulations are 
confined to the training stage; inference requires only a standard for-
ward pass without additional physical modeling. This separation en-
sures that the framework scales naturally to large datasets and main-
tains a favorable balance between physical fidelity and computational 
efficiency.

4. Experiments

4.1. Datasets

Our experiments focus on domain generalization for point cloud 
semantic segmentation from clear-weather or synthetic domains to 
adverse-weather conditions. We utilize three prominent LiDAR datasets:
SemanticKITTI (Behley et al., 2019) and SynLiDAR (Xiao et al., 2022b) 
as source domains, and SemanticSTF (Xiao et al., 2023) as the unseen 
target domain.

The SemanticKITTI dataset serves as our real-world source domain, 
comprising point clouds captured with a Velodyne HDL-64E sensor 
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Table 1
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target. Per-class IoU for 19 semantic categories across all weather 
conditions; per-weather mIoU for those 19 categories under four weather scenarios; and overall all-weather mIoU for the same 19 categories across all weather 
conditions are reported.
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All-Weather 
Method Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  
Baseline 55.9 0.0 0.2 1.9 10.9 10.3 6.0 0.0 61.2 10.9 32.0 0.0 67.9 41.6 49.8 27.9 40.8 29.6 17.5 29.5 26.0 28.4 21.4 24.4  
Dropout (Srivastava et al., 2014) 62.1 0.0 15.5 3.0 11.5 5.4 2.0 0.0 58.4 12.8 26.7 1.1 72.1 43.6 52.9 34.2 43.5 28.4 15.5 29.3 25.6 29.4 24.8 25.7  
Perturbation 74.4 0.0 0.0 23.3 0.6 19.7 0.0 0.0 60.3 10.8 33.9 0.7 72.0 45.2 58.7 17.5 42.4 22.1 9.7 26.3 27.8 30.0 24.5 25.9  
PolarMix (Xiao et al., 2022a) 57.8 1.8 3.8 16.7 3.7 26.5 0.0 2.0 65.7 2.9 32.5 0.3 71.0 48.7 53.8 20.5 45.4 25.9 15.8 29.7 25.0 28.6 25.6 26.0  
MMD (Li et al., 2018) 63.6 0.0 2.6 0.1 11.4 28.1 0.0 0.0 67.0 14.1 37.9 0.3 67.3 41.2 57.1 27.4 47.9 28.2 16.2 30.4 28.1 32.8 25.2 26.9  
PCL (Yao et al., 2022) 65.9 0.0 0.0 17.7 0.4 8.4 0.0 0.0 59.6 12.0 35.0 1.6 74.0 47.5 60.7 15.8 48.9 26.1 27.5 28.9 27.6 30.1 24.6 26.4  
PointDR (Xiao et al., 2023) 67.3 0.0 4.5 19.6 9.0 18.8 2.7 0.0 62.6 12.9 38.1 0.6 73.3 43.8 56.4 32.2 45.7 28.7 27.4 31.3 29.7 31.9 26.2 28.6  
UniMix (Zhao et al., 2024) 82.7 6.6 8.6 4.5 15.1 35.5 15.5 37.7 55.8 10.2 36.2 1.3 72.8 40.1 49.1 33.4 34.9 23.5 33.5 34.8 30.2 34.9 30.9 31.4  
WADG (Du et al., 2024) 72.0 0.0 32.9 37.0 1.9 37.7 6.8 52.9 59.9 10.7 31.8 2.2 76.0 48.8 62.7 34.0 49.3 23.6 20.4 39.5 32.5 31.7 29.4 34.8  
Ours 65.9 0.8 51.2 38.1 10.6 45.3 5.5 59.4 65.3 19.0 35.7 4.0 78.5 50.4 56.8 40.0 47.7 29.0 35.2 40.2 34.7 37.7 33.4 38.9  
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nder normal weather conditions around Karlsruhe, Germany. It pro-
ides point-wise annotations for 28 classes (typically merged into 19 
valuation classes) across 43,552 scans.
The SynLiDAR dataset functions as our synthetic source domain, 

ontaining 198,396 scans with over 19 billion points collected from 
irtual environments. It provides dense point-wise annotations for 32 
emantic classes, making it the largest synthetic dataset available for 
iDAR semantic segmentation. The synthetic nature of SynLiDAR al-
ows us to investigate the generalization capabilities from synthetic to 
eal-world data under adverse conditions.
The SemanticSTF dataset serves as our target domain for evaluating 

eneralization performance. It provides point-wise annotations across 
076 scans captured with a Velodyne HDL-64 S3D LiDAR sensor. 
rucially, these scans represent various adverse weather conditions: 
94 in snow, 637 in dense fog, 631 in light fog, and 114 in rain. 
he data was collected across multiple European countries (Germany, 
weden, Denmark, and Finland), ensuring geographical diversity.

.2. Experimental setup

To ensure consistent evaluation, we align the semantic categories 
etween datasets. For transfer from SemanticKITTI to SemanticSTF, 
e merge moving and non-moving classes into 19 base categories for 
raining, and map the ‘‘invalid’’ category in SemanticSTF to ‘‘ignored’’ 
uring evaluation. For transfer from SynLiDAR to SemanticSTF, we 
se a mapping configuration to align SynLiDAR’s 32 original classes 
o a common evaluation set of 19 categories, with additional classes 
apped to ‘‘ignored’’. This alignment ensures fair comparison across 
ifferent generalization approaches (Xiao et al., 2023; Du et al., 2024).
We adhere to a strict domain generalization setting where models 

re trained exclusively on the source domain (either SemanticKITTI 
r SynLiDAR) and evaluated directly on SemanticSTF without any 
daptation or fine-tuning using target data. This protocol rigorously 
ests our model’s ability to generalize semantic understanding from 
lear/synthetic conditions to challenging, unseen adverse weather sce-
arios.
For network architecture, we adopt MinkowskiNet (Choy et al., 

019) as the segmentation backbone. This choice is consistent with 
ointDR (Xiao et al., 2023), UniMix (Zhao et al., 2024), and WADG (Du 
t al., 2024), all of which employ MinkowskiNet for feature extrac-
ion in their original implementations. This architectural consistency 
nsures that performance differences can be attributed to the respective 
ethodological contributions of each approach. The evaluation results 
resented in Section 4.4 demonstrate that PhyDAWS achieves substan-
ial improvements over all comparative methods across diverse weather 
onditions and semantic categories, with improvement patterns cor-
esponding to the atmospheric degradation mechanisms modeled by 
ach simulation component. These observations suggest that the per-
ormance gains originate from the physically-inspired augmentation 
ramework.
 s

10 
.3. Training and inference procedure

The training procedure implements the domain generalization strat-
gy by integrating physically-inspired weather simulations with con-
rastive learning. Weather types are randomly selected for each sample 
ith equal probability across rain, snow, light fog, and dense fog (25% 
ach). This randomization ensures the network encounters diverse 
tmospheric conditions during training.
During inference, only a single forward pass is required to pro-

uce semantic segmentation predictions, with final class predictions 
etermined by the argmax of the logit scores. The method achieves ef-
ective domain generalization without requiring any labeled data from 
he target domain or adaptation during inference, making it particu-
arly valuable for autonomous systems operating across unpredictable 
eather conditions.

.4. Evaluation and visualization results

.4.1. Evaluation results: from SemanticKITTI to SemanticSTF
Table  1 presents the quantitative results of cross-domain seman-

ic segmentation performance from SemanticKITTI (source domain) 
o SemanticSTF (target domain). The proposed PhyDAWS method 
chieves state-of-the-art performance with an overall mIoU of 38.9%, 
ignificantly outperforming previous approaches. Compared to recent 
tate-of-the-art methods, PhyDAWS demonstrates an improvement of 
.1% over WADG (Du et al., 2024) (34.8%), 7.5% over UniMix (Zhao 
t al., 2024) (31.4%), and 10.3% over PointDR (Xiao et al., 2023) 
28.6%). These substantial improvements validate the effectiveness of 
he physically-inspired data augmentation strategy.
Regarding weather-specific performance, PhyDAWS demonstrates 

onsistent superiority across all adverse conditions. PhyDAWS achieves 
he highest per-weather mIoU across all four conditions, reaching 
0.2% in dense fog, 34.7% in light fog, 37.7% in rain, and 33.4% 
n snow. Compared with representative prior methods, it outperforms 
ointDR by 8.9% in dense fog and WADG by 6.0% in rain, where 
ignal attenuation and scattering effects are most pronounced. Class-
ise analysis reveals clear correspondence between performance gains 
nd the physically-inspired modeling strategies. The Mie-Monte Carlo 
cattering simulation contributes to detecting safety-critical road users 
nder signal attenuation, with motorcycles achieving the most dra-
atic improvement (51.2% IoU, 18.3% above WADG) and person 
egmentation reaching 45.3% IoU. The phenomenological weather 
imulation enhances structural and ground surface perception through 
istance-dependent attenuation modeling, with buildings achieving 
8.5% IoU, road reaching 65.3% IoU, and parking areas improving 
o 19.0% IoU (8.3% above WADG). Traffic signs achieve 35.2% IoU 
14.8% above WADG) through the phenomenological simulation. These 
esults validate that physically-inspired augmentation provides targeted 
mprovements aligned with specific physical modeling strategies, en-
ancing perception capabilities most relevant to autonomous driving 
afety.
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Table 2
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target under dense fog conditions only. Per-class IoU for 19 semantic 
categories in dense fog and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the dense fog scenario.
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Dense-Fog 
 Method Per-Class IoU (%) mIoU (%) 
 Baseline 74.7 – – 7.8 0.0 6.4 8.9 0.0 72.2 0.6 33.8 0.0 59.6 48.7 56.9 27.4 56.4 27.2 21.1 29.5   Dropout (Srivastava et al., 2014) 67.5 – – 1.9 0.0 8.9 2.8 0.0 70.9 5.6 29.0 0.8 64.6 44.0 60.0 31.6 60.6 28.1 21.3 29.3   Perturbation 68.6 – – 8.8 0.0 6.0 0.0 0.0 66.6 14.8 24.3 0.1 52.2 43.5 60.1 19.4 54.1 16.3 11.5 26.3   PolarMix (Xiao et al., 2022a) 52.3 – – 17.2 0.0 3.6 0.0 19.3 75.2 0.0 28.7 0.6 62.4 49.5 60.5 29.0 55.4 20.8 30.7 29.7   MMD (Li et al., 2018) 75.5 – – 0.3 0.0 4.2 0.0 0.0 75.4 11.2 33.6 0.5 64.8 51.7 64.7 26.1 62.3 23.0 23.0 30.4   PCL (Yao et al., 2022) 64.3 – – 11.7 0.0 0.6 0.0 0.0 72.4 3.8 31.3 0.8 63.1 46.5 65.7 19.4 64.3 18.5 28.9 28.9   PointDR (Xiao et al., 2023) 69.2 – – 7.1 0.0 2.4 6.7 0.0 73.5 8.5 33.6 0.2 65.6 47.6 63.6 31.0 60.7 24.4 38.8 31.3   WADG (Du et al., 2024) 78.8 – – 40.6 0.0 7.0 47.7 67.3 71.6 0.3 29.8 1.4 65.0 48.0 66.5 33.0 60.8 21.3 33.0 39.5   Ours 82.3 – – 21.6 0.0 10.0 13.6 75.1 75.1 0.1 33.1 4.9 69.6 56.6 62.3 37.0 60.1 24.9 56.8 40.2  
 

Table 3
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target under light fog conditions only. Per-class IoU for 19 semantic
categories in light fog and the mIoU across these categories are reported.
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Light-Fog  
 Method Per-Class IoU (%) mIoU (%) 
 Baseline 60.0 0.0 0.0 1.3 10.9 12.3 0.0 0.0 68.6 4.5 36.0 0.0 61.5 53.1 55.6 38.0 44.7 29.2 18.2 26.0   Dropout (Srivastava et al., 2014) 63.2 0.0 0.0 3.2 10.2 5.5 0.0 0.0 63.8 4.9 29.4 0.1 62.5 53.1 58.6 42.5 46.6 27.8 14.3 25.6   Perturbation 76.6 0.0 0.0 38.2 0.0 21.9 0.0 0.0 66.6 8.8 34.6 0.1 62.4 56.1 63.2 25.3 46.2 22.4 6.5 27.8   PolarMix (Xiao et al., 2022a) 42.6 0.2 0.0 29.4 3.3 17.0 0.0 0.2 69.8 0.7 33.1 0.1 56.2 56.3 54.9 24.7 44.8 24.1 16.6 25.0   MMD (Li et al., 2018) 63.6 0.0 0.0 0.1 13.3 25.9 0.0 0.0 73.9 5.6 42.8 0.1 64.1 55.3 61.9 36.6 50.7 29.2 9.9 28.1   PCL (Yao et al., 2022) 66.3 0.0 0.0 26.7 0.2 8.7 0.0 0.0 67.8 5.0 36.7 0.4 64.3 58.0 66.1 21.2 53.1 25.5 24.6 27.6   PointDR (Xiao et al., 2023) 65.9 0.0 0.0 29.7 4.4 11.4 0.9 0.0 70.9 8.8 43.3 0.0 66.5 55.1 61.3 43.0 49.1 29.1 24.3 29.7   WADG (Du et al., 2024) 68.5 0.0 0.0 54.0 4.8 43.8 0.0 0.0 69.1 4.3 34.3 0.5 68.4 58.6 66.6 43.8 55.3 24.2 20.7 32.5   Ours 64.9 0.0 0.0 55.4 3.4 54.4 1.4 0.0 74.0 8.8 39.4 4.2 69.5 56.2 60.4 47.3 52.2 31.5 35.7 34.7  
 

 

 
 
 
 
 
 
 
 

 
 
 

 
 
 
 

 
 
 
 

 

 
 
 
 

 
 
 
 

 
 

 

 
 
 

 

 
 
 

 
 
 
 

 
 

 

 

Focusing specifically on the challenging dense fog condition within
the SemanticSTF target domain, Table  2 details the cross-domain seg-
mentation performance derived from the SemanticKITTI source. In
this particularly challenging scenario characterized by severely lim-
ited visibility, PhyDAWS demonstrated superior robustness, yielding
a state-of-the-art mIoU of 40.2%. Compared to recent state-of-the-art
methods, this represents improvements of 0.7% over WADG (39.5%),
8.9% over PointDR (31.3%), and 9.8% over MMD (30.4%). These
improvements are particularly significant given that dense fog presents
the most extreme visibility constraints among all weather conditions.
Performance gains correlate closely with the fog-specific modeling
components. Traffic signs achieve the most remarkable improvement
(56.8% IoU, 23.8% above WADG) through the phenomenological sim-
ulation that preserves surface responses under severe attenuation. Cars
reach the highest absolute performance (82.3% IoU), benefiting from
the distance-dependent attenuation modeling. The Mie-Monte Carlo
scattering simulation contributes to detecting objects under severe vis-
ibility constraints, with motorcyclists achieving 75.1% IoU. Structural
classes also benefit: fences reach 56.6% IoU (8.6% above WADG) and
trunks achieve 37.0% IoU through the modeling of cylindrical object
responses under fog conditions. These improvements directly enhance
autonomous driving safety in visibility-limited scenarios.

Table  3 presents the performance under light fog conditions, where
PhyDAWS achieves a mIoU of 34.7%. This notably outperforms WADG
by 2.2%, and PointDR by 5.0%. Unlike dense fog where visibility is
severely restricted, light fog introduces moderate signal attenuation
that partially degrades object boundaries while maintaining longer de-
tection ranges. This characteristic makes the physically-inspired model-
ing of gradual attenuation patterns particularly effective. The improve-
ments in light fog conditions reflect the complementary contributions
of both simulation strategies. Traffic signs achieve the most substan-
tial improvement (35.7% IoU, 15.0% above WADG) through the phe-
nomenological simulation that maintains surface responses under mod-
erate attenuation. The Mie-Monte Carlo scattering simulation enables
robust segmentation of vulnerable road users under partial visibility
degradation, with person segmentation reaching 54.4% IoU (10.6%
above WADG). Poles benefit from the distance-dependent attenuation
modeling, achieving 31.5% IoU (7.3% above WADG). The phenomeno-
logical weather simulation preserves ground surface perception through
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its distance-dependent attenuation modeling, with road segmentation
reaching 74.0% IoU. Trunk segmentation reaches 47.3% IoU as the
gradual attenuation modeling preserves cylindrical structure features
at extended ranges. These results indicate that PhyDAWS maintains
effectiveness across varying fog densities, and the consistent improve-
ments in traffic sign segmentation, pedestrian segmentation, and road
segmentation directly support core autonomous driving functions under
degraded visibility conditions.

Table  4 reports the segmentation performance under rain condi-
tions, where PhyDAWS achieves an overall mIoU of 37.7%, signif-
icantly outperforming WADG by 6.0% and PointDR by 5.8%. Rain
presents unique challenges for LiDAR perception due to the combi-
nation of anisotropic occlusion from falling raindrops and specular
reflections from wet surfaces. These phenomena create complex signal
distortions that differ fundamentally from the uniform attenuation
observed in fog conditions. The angle-dependent occlusion model-
ing in our phenomenological rain simulation directly addresses these
challenges. Person segmentation achieves the most substantial im-
provement (52.9% IoU, 12.3% above WADG), as the simulation accu-
rately captures directional occlusion patterns from falling raindrops.
Building segmentation reaches 82.0% IoU through the preservation
of structural boundaries despite rain-induced signal degradation. The
Mie-Monte Carlo scattering simulation further enhances vehicle seg-
mentation by modeling specular reflections from wet surfaces, with
cars achieving the highest absolute performance (86.9% IoU) and
other-vehicles showing remarkable improvement (26.9% IoU). Trunk
segmentation benefits from the accurate representation of cylindrical
objects under precipitation conditions, reaching 27.5% IoU. These im-
provements in rain perception are particularly valuable for autonomous
driving safety, as precipitation conditions challenge sensor reliability
and reduce effective perception range. 

Table  5 summarizes the results under snow conditions, where Phy-
DAWS achieves an overall mIoU of 33.4%, substantially outperforming
WADG by 4.0% and PointDR by 7.2%. Snow presents distinct chal-
lenges that combine airborne particle scattering with geometric alter-
ations from surface accumulation. These dual effects require physically-
inspired modeling that addresses both signal degradation and structural
changes simultaneously. The height-dependent snow density variation
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Table 4
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target under rain conditions only. Per-class IoU for 19 semantic categories 
in rain and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the rain scenario.
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Rain  
 Method Per-Class IoU (%) mIoU (%) 
 Baseline 72.4 0.0 – 0.0 16.3 6.9 0.0 – 71.6 12.7 58.1 0.0 70.0 33.0 51.8 9.9 24.2 33.3 22.9 28.4   Dropout (Srivastava et al., 2014) 81.3 0.0 – 0.0 21.2 5.6 0.0 – 62.2 11.8 44.8 0.6 76.8 44.7 56.0 16.3 23.3 32.8 22.2 29.4   Perturbation 83.9 0.0 – 2.4 0.0 20.9 0.0 – 73.2 12.6 54.7 7.0 71.7 43.2 58.3 5.9 29.4 29.4 16.9 30.0   PolarMix (Xiao et al., 2022a) 56.7 4.0 – 9.1 1.5 29.8 0.0 – 68.2 10.9 50.2 0.5 73.2 47.2 48.3 17.8 22.3 32.3 14.1 28.6   MMD (Li et al., 2018) 83.9 0.0 – 0.0 8.9 31.6 0.0 – 77.9 17.9 60.2 0.3 69.6 39.3 58.4 14.1 32.5 34.0 30.0 32.8   PCL (Yao et al., 2022) 84.2 0.0 – 0.0 0.1 4.3 0.0 – 68.1 10.9 55.5 4.6 74.7 43.9 59.6 5.8 27.3 34.2 38.8 30.1   PointDR (Xiao et al., 2023) 78.0 0.0 – 0.0 13.8 20.0 0.0 – 72.1 14.7 60.0 1.2 76.1 36.9 58.0 18.3 24.7 36.1 32.5 31.9   WADG (Du et al., 2024) 84.3 0.0 – 0.4 0.0 40.6 0.0 – 65.1 19.2 51.3 4.2 77.3 42.7 61.3 15.7 22.8 30.9 23.5 31.7   Ours 86.9 0.0 – 0.8 26.9 52.9 0.0 – 76.0 21.4 56.7 5.3 82.0 49.3 59.1 27.5 33.3 35.9 27.7 37.7  
 

Table 5
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target under snow conditions only. Per-class IoU for 19 semantic
categories in snow and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the snow scenario.

 Ca
r

Bi
cy
cl
e

M
ot
or
cy
cl
e

Tr
uc
k

O
th
er
-V
eh
ic
le

Pe
rs
on

Bi
cy
cl
ist

M
ot
or
cy
cl
ist

Ro
ad

Pa
rk
in
g

Si
de
w
al
k

O
th
er
-G
ro
un
d

Bu
ild
in
g

Fe
nc
e 

Ve
ge
ta
tio
n

Tr
un
k

Te
rr
ai
n

Po
le
 

Tr
af
fic
-S
ig
n

Snow  
 Method Per-Class IoU (%) mIoU (%) 
 Baseline 49.5 0.0 0.3 0.5 11.6 10.8 – – 42.1 14.9 23.9 0.0 71.5 26.7 29.3 24.0 17.8 30.8 10.1 21.4   Dropout (Srivastava et al., 2014) 58.5 0.0 30.5 5.4 13.2 5.2 – – 41.9 18.0 20.4 2.5 76.4 30.5 31.8 32.7 19.8 28.2 7.0 24.8   Perturbation 73.6 0.0 0.0 5.5 1.1 19.8 – – 45.7 10.9 34.4 0.1 80.6 32.8 45.2 12.8 20.0 24.4 9.5 24.5   PolarMix (Xiao et al., 2022a) 66.5 3.4 9.3 3.5 5.8 32.4 – – 55.3 3.6 30.1 0.1 77.8 36.1 34.2 12.6 25.1 29.8 10.1 25.6   MMD (Li et al., 2018) 59.4 0.0 4.7 0.0 14.7 30.5 – – 50.8 16.9 32.8 0.2 68.4 24.4 36.6 24.1 24.1 30.0 11.4 25.2   PCL (Yao et al., 2022) 64.0 0.0 0.0 8.2 0.7 9.2 – – 38.9 15.2 31.6 2.3 79.6 35.1 41.3 11.2 23.1 30.1 26.8 24.6   PointDR (Xiao et al., 2023) 66.2 0.0 10.4 0.0 16.7 21.3 – – 43.0 15.2 33.0 1.7 76.8 30.3 36.1 27.6 22.2 30.0 14.1 26.2   WADG (Du et al., 2024) 70.6 0.1 39.8 8.7 0.9 39.4 – – 39.8 13.8 27.4 3.4 80.6 36.6 46.8 30.6 26.0 23.5 12.0 29.4   Ours 61.2 1.2 65.3 11.8 11.2 45.8 – – 45.6 23.1 30.6 3.0 82.8 37.7 39.0 38.8 24.6 28.5 17.8 33.4  
 
 
 
 

 

 
 
 
 
 
 
 

 

 
 
 
 
 
 
 

 
 
 
 

 
 

 
 
 
 

 
 
 

 
 
 
 
 
 

 
 

 

 
 
 
 

 

 
 
 
 

modeling in our phenomenological simulation provides the founda-
tion for improved performance. Buildings achieve the highest absolute
performance (82.8% IoU) as the vertical density gradient modeling
preserves structural boundaries despite varying snow concentrations at
different heights. Motorcycles show the most dramatic improvement
(65.3% IoU, 25.5% above WADG), benefiting from the accurate repre-
sentation of how thin structures interact with height-varying particle
distributions. Person segmentation reaches 45.8% IoU through mod-
eling of snow particle effects on the person class at varying heights.
The snow accumulation simulation on horizontal surfaces contributes
to ground-related class improvements. Parking areas achieve 23.1%
IoU (9.3% above WADG) as the accumulation modeling maintains
semantic boundaries despite apparent geometric changes from snow
buildup. Trunk segmentation benefits from the combined effects of
height-dependent attenuation and accumulation modeling, reaching
38.8% IoU. These improvements support more reliable perception dur-
ing winter driving scenarios, where snow accumulation fundamentally
alters both object appearance and scene geometry.

4.4.2. Visualization results: from SemanticKITTI to SemanticSTF
Figs.  10, 11, 12, and 13 provide qualitative comparisons of semantic

segmentation results on the SemanticSTF target domain, using models
trained solely on SemanticKITTI. These figures showcase performance
under dense fog, light fog, rain, and snow conditions, respectively.
Each figure compares the ground truth (GT) with predictions from
PointDR (Xiao et al., 2023), WADG (Du et al., 2024), and our proposed
PhyDAWS method. Additionally, visualizations highlighting correct and
incorrect predictions for each method are provided.

Specifically, in dense fog conditions (Fig.  10), PhyDAWS demon-
strates enhanced capabilities in segmenting large structures like road
and terrain surfaces, maintaining better structural integrity and class
consistency compared to the baseline methods, which often produce
more fragmented or noisy results. In light fog (Fig.  11), PhyDAWS
achieves superior structural coherence and classification accuracy com-
pared to the often fragmented or erroneous results from PointDR and
WADG for building structures, as evidenced by cleaner predictions
and fewer errors in the associated map. Additionally, the segmenta-
tion of the road surface is rendered more accurately and with fewer
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misclassified points by PhyDAWS compared to the baseline methods.
During rain (Fig.  12), PhyDAWS more accurately segments cars and
road surfaces, indicating better robustness to rain-induced effects like
occlusion and potentially specular reflections, areas where baselines
show more confusion. Under snow conditions (Fig.  13), our method ex-
cels at identifying road and vegetation boundaries, effectively handling
the geometric alterations and point cloud sparsity caused by snowfall
and accumulation, while competing methods often misclassify large
regions or lose definition.

These qualitative results strongly support the quantitative findings,
illustrating how the physically-inspired data augmentation strategy
employed by PhyDAWS enables the model to learn weather-invariant
features. By simulating the physical interactions of LiDAR with various
weather phenomena during training on clear-weather data, our model
achieves significantly improved generalization and robustness when
deployed in unseen adverse weather scenarios.

4.4.3. Evaluation results: from SynLiDAR to SemanticSTF
Table  6 evaluates the synthetic-to-real domain generalization from

SynLiDAR to SemanticSTF, where PhyDAWS achieves an overall mIoU
of 23.7%, outperforming WADG by 1.8%, UniMix by 0.3%, and
PointDR by 5.2%. This transfer task presents compounded challenges:
the synthetic-to-real domain gap combines with adverse weather degra-
dation, requiring augmentation strategies that address both distribution
shifts simultaneously. PhyDAWS achieves competitive performance
across all four weather conditions (dense fog 22.8%, light fog 23.1%,
rain 28.2%, snow 24.4%), with the best results in rain and snow,
demonstrating that physically-inspired augmentation enhances trans-
ferability even when source data originates from simulation envi-
ronments. The physically-inspired modeling strategies prove particu-
larly effective for bridging the synthetic-to-real gap. Cars show the
largest improvement (48.1% IoU, 14.3% above WADG) as the phe-
nomenological simulation preserves vehicle geometries that transfer
effectively across domain differences. Buildings achieve the highest
absolute performance (71.1% IoU, 6.8% above WADG), as the weather
simulation preserves structural boundaries across domains. Person
segmentation achieves 35.6% IoU (8.8% above WADG) as the Mie-
Monte Carlo scattering simulation accurately models signal interactions
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Fig. 10. Qualitative results with SemanticKITTI as source and SemanticSTF as target (dense fog). Cyan areas (Right) indicate correctly segmented regions, while 
yellow areas (Wrong) represent erroneously segmented regions.
Table 6
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target. Per-class IoU for 19 semantic categories across all weather conditions; 
per-weather mIoU for those 19 categories under four weather scenarios; and overall all-weather mIoU for the same 19 categories across all weather conditions 
are reported.
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All-Weather 
 Method Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  
 Baseline 27.1 3.0 0.6 15.8 0.1 25.2 1.8 5.6 23.9 0.3 14.6 0.6 36.3 19.9 37.9 17.9 41.8 9.5 2.3 16.9 17.2 17.2 11.9 15.0   Dropout (Srivastava et al., 2014) 28.0 3.0 1.4 9.6 0.0 17.1 0.8 0.7 34.2 6.8 19.1 0.1 35.5 19.1 42.3 17.6 36.0 14.0 2.8 15.3 16.6 20.4 14.0 15.2   Perturbation 27.1 2.3 2.3 16.0 0.1 23.7 1.2 4.0 27.0 3.6 16.2 0.8 29.2 16.7 35.3 22.7 38.3 17.9 5.1 16.3 16.7 19.3 13.4 15.2   PolarMix (Xiao et al., 2022a) 39.2 1.1 1.2 8.3 1.5 17.8 0.8 0.7 23.3 1.3 17.5 0.4 45.2 24.8 46.2 20.1 38.7 7.6 1.9 16.1 15.5 19.2 15.6 15.7   MMD (Li et al., 2018) 25.5 2.3 2.1 13.2 0.7 22.1 1.4 7.5 30.8 0.4 17.6 0.2 30.9 19.7 37.6 19.3 43.5 9.9 2.6 17.3 16.3 20.0 12.7 15.1   PCL (Yao et al., 2022) 30.9 0.8 1.4 10.0 0.4 23.3 4.0 7.9 28.5 1.3 17.7 1.2 39.4 18.5 40.0 16.0 38.6 12.1 2.3 17.8 16.7 19.3 14.1 15.5   PointDR (Xiao et al., 2023) 37.8 2.5 2.4 23.6 0.1 26.3 2.2 3.3 27.9 7.7 17.5 0.5 47.6 25.3 45.7 21.0 37.5 17.9 5.5 19.5 19.9 21.1 16.9 18.5   UniMix (Zhao et al., 2024) 65.4 0.1 3.9 16.9 5.3 32.3 2.0 19.3 52.1 5.0 27.3 3.0 49.4 20.3 58.5 22.7 23.2 26.9 10.4 24.3 22.9 26.1 20.9 23.4   WADG (Du et al., 2024) 33.8 1.1 2.9 17.0 0.2 26.8 1.0 4.3 53.9 5.0 20.6 2.2 64.3 27.1 53.8 27.0 37.0 28.6 8.6 21.6 23.4 27.2 21.4 21.9   Ours 48.1 3.9 2.1 18.9 0.7 35.6 3.5 5.7 38.9 9.9 20.7 0.9 71.1 32.3 55.1 27.1 40.7 23.1 11.7 22.8 23.1 28.2 24.4 23.7  
13 
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Fig. 11. Qualitative results with SemanticKITTI as source and SemanticSTF as target (light fog). Cyan areas (Right) indicate correctly segmented regions, while 
yellow areas (Wrong) represent erroneously segmented regions.
Table 7
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target under dense fog conditions only. Per-class IoU for 19 semantic categories 
in dense fog and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the dense fog scenario.
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Dense-Fog 
Method Per-Class IoU (%) mIoU (%) 
Baseline 21.6 – – 6.4 0.0 3.7 2.9 18.9 25.7 0.0 7.7 1.0 41.2 22.5 52.3 15.4 55.5 9.3 2.4 16.9  
Dropout (Srivastava et al., 2014) 12.7 – – 7.7 0.0 1.9 0.4 2.5 38.3 0.1 10.2 0.3 37.3 21.8 57.4 13.1 44.5 10.1 1.0 15.3  
Perturbation 13.3 – – 10.4 0.0 4.3 2.8 19.1 30.0 0.7 8.8 1.2 30.5 17.5 48.9 18.4 50.3 16.3 5.2 16.3  
PolarMix (Xiao et al., 2022a) 15.8 – – 10.6 0.0 1.5 1.7 3.5 27.7 0.0 9.9 0.3 46.2 28.9 59.2 13.5 49.5 4.4 1.7 16.1  
MMD (Li et al., 2018) 26.5 – – 12.7 0.0 2.7 4.0 22.3 30.6 0.0 9.4 0.0 31.6 21.7 52.6 13.9 54.3 8.9 2.5 17.3  
PCL (Yao et al., 2022) 22.9 – – 20.1 0.0 2.2 6.2 28.3 29.0 0.0 9.2 2.6 37.9 22.9 54.5 11.4 45.9 8.5 1.1 17.8  
PointDR (Xiao et al., 2023) 42.5 – – 16.6 0.0 2.4 3.2 12.2 31.9 0.2 9.0 0.8 42.8 27.1 59.8 18.3 44.0 15.4 5.7 19.5  
WADG (Du et al., 2024) 24.4 – – 13.1 0.0 3.5 0.0 19.9 52.0 0.1 10.5 0.7 57.3 31.7 61.7 20.6 42.0 21.5 7.8 21.6  
Ours 32.5 – – 13.8 0.0 3.4 7.5 20.0 39.7 0.0 11.1 1.8 61.6 36.8 62.7 21.7 45.6 18.5 11.5 22.8  
t
i
t
f
s
o

nder attenuation. Fences reach 32.3% IoU through the class-aware 
eflection modeling that captures boundary characteristics regardless 
f rendering differences. These results indicate that physically-inspired 
ugmentation not only improves weather robustness but also enhances 
he practical deployment of simulation-trained models, reducing the 
ost and safety risks associated with real-world adverse weather data 
ollection.
 v

14 
Table  7 provides the dense fog results for the SynLiDAR to Seman-
icSTF transfer, where PhyDAWS achieves a mIoU of 22.8%, surpass-
ng WADG by 1.2% and PointDR by 3.3%. This scenario combines 
he synthetic-to-real distribution shift with severe visibility constraints 
rom dense fog, representing one of the most demanding evaluation 
ettings. The distance-dependent exponential attenuation modeling in 
ur fog simulation proves essential for this transfer task, as it captures 
isibility degradation patterns that generalize across synthetic and 
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Fig. 12. Qualitative results with SemanticKITTI as source and SemanticSTF as target (rain). Cyan areas (Right) indicate correctly segmented regions, while yellow 
areas (Wrong) represent erroneously segmented regions.
Table 8
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target under light fog conditions only. Per-class IoU for 19 semantic categories 
in light fog and the mIoU across these categories are reported.
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Light-Fog  
Method Per-Class IoU (%) mIoU (%) 
Baseline 32.0 4.2 0.5 27.3 0.2 14.0 6.2 0.0 31.0 0.0 12.6 0.9 38.7 24.8 51.5 26.7 46.4 8.5 1.3 17.2  
Dropout (Srivastava et al., 2014) 22.5 3.0 0.9 16.0 0.1 10.0 5.2 0.2 40.3 1.3 18.1 0.0 38.9 22.1 57.6 23.5 38.5 13.8 3.7 16.6  
Perturbation 31.1 1.9 1.6 21.5 0.0 12.5 2.6 0.0 33.2 1.6 14.3 1.1 34.3 20.1 48.7 29.8 42.0 16.7 4.5 16.7  
PolarMix (Xiao et al., 2022a) 27.3 0.3 0.4 8.9 1.4 8.2 1.2 0.0 29.0 0.2 15.5 0.7 39.9 27.4 57.3 28.8 40.9 5.8 1.5 15.5  
MMD (Li et al., 2018) 31.0 2.1 0.5 16.0 0.0 10.5 1.7 0.0 37.7 0.3 16.3 0.6 29.2 24.9 51.8 29.6 47.8 8.3 1.8 16.3  
PCL (Yao et al., 2022) 31.7 0.7 0.8 10.1 0.1 10.2 21.6 0.0 33.9 0.6 16.1 0.1 37.8 22.2 52.5 23.8 42.6 11.3 2.2 16.7  
PointDR (Xiao et al., 2023) 44.7 1.7 1.0 33.9 0.3 12.9 4.7 0.0 36.0 0.9 15.8 0.7 44.4 30.3 60.0 28.3 42.4 15.1 5.7 19.9  
WADG (Du et al., 2024) 39.8 0.4 1.2 33.0 0.1 17.8 5.3 0.0 59.7 3.8 21.3 5.2 52.7 31.2 63.2 33.4 40.1 27.1 8.6 23.4  
Ours 49.5 3.0 0.0 30.0 0.1 17.4 7.1 0.0 44.6 0.9 18.0 0.4 60.3 36.0 63.1 32.3 44.5 20.5 11.9 23.1  
T
t
t
m
c

t
r

eal domains. Cars show the largest improvement (32.5% IoU, 8.1% 
bove WADG) as the attenuation modeling preserves vehicle geometries 
nder severe visibility constraints. Buildings achieve strong perfor-
ance (61.6% IoU, 4.3% above WADG) as the fog simulation preserves 
tructural boundaries despite severe signal attenuation. Fences reach 
6.8% IoU (5.1% above WADG) through the class-aware reflection 
odeling that maintains boundary characteristics across domain dif-
erences. Traffic signs achieve 11.5% IoU (3.7% above WADG) as the 
hysically-inspired attenuation modeling preserves surface responses. 
P

15 
hese improvements demonstrate that physically-inspired augmenta-
ion effectively addresses the compounded challenges of synthetic-
o-real transfer under dense fog, enabling reliable infrastructure seg-
entation and obstacle segmentation in severely degraded visibility 
onditions.
Table  8 shows the light fog results for the SynLiDAR to SemanticSTF 

ransfer, where PhyDAWS achieves an mIoU of 23.1%. While compa-
able to WADG (23.4%), this represents a significant 3.2% gain over 
ointDR. Light fog in the synthetic-to-real setting introduces moderate 
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Fig. 13. Qualitative results with SemanticKITTI as source and SemanticSTF as target (snow). Cyan areas (Right) indicate correctly segmented regions, while 
yellow areas (Wrong) represent erroneously segmented regions.
Table 9
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target under rain conditions only. Per-class IoU for 19 semantic categories 
in rain and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the rain scenario.
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Rain  
 Method Per-Class IoU (%) mIoU (%) 
 Baseline 45.8 4.5 – 6.8 0.4 38.9 0.0 – 32.0 0.0 24.3 0.0 43.0 8.0 33.8 11.3 23.9 11.5 7.7 17.2   Dropout (Srivastava et al., 2014) 47.0 7.6 – 7.7 0.0 34.0 0.0 – 47.3 6.9 34.6 0.0 39.8 11.5 37.5 13.8 29.6 21.6 8.6 20.4   Perturbation 57.5 5.3 – 18.2 0.0 36.3 0.1 – 37.1 1.5 26.9 0.3 34.9 10.4 32.6 12.2 20.5 23.2 10.4 19.3   PolarMix (Xiao et al., 2022a) 59.6 1.5 – 6.0 5.2 24.6 1.0 – 31.4 0.1 30.4 0.0 55.5 12.2 44.6 13.1 25.0 11.0 4.7 19.2   MMD (Li et al., 2018) 49.5 4.8 – 20.0 4.7 37.6 0.0 – 43.7 0.0 32.4 0.0 42.1 11.3 34.4 12.3 25.1 13.4 8.1 20.0   PCL (Yao et al., 2022) 51.3 0.9 – 4.3 2.1 35.6 0.0 – 41.4 0.0 32.0 0.0 54.8 9.7 37.1 11.4 24.2 16.6 6.3 19.3   PointDR (Xiao et al., 2023) 42.2 3.3 – 21.9 0.0 30.4 1.7 – 35.8 3.2 31.9 0.0 54.0 14.4 40.7 12.5 31.9 23.6 11.8 21.1   WADG (Du et al., 2024) 61.8 1.5 – 22.0 0.0 38.4 0.0 – 65.1 1.2 31.2 4.1 68.7 20.5 54.3 14.5 29.7 32.3 17.2 27.2   Ours 63.4 1.1 – 12.7 1.3 45.8 0.0 – 50.1 7.6 35.9 0.2 76.9 24.9 52.8 25.9 34.5 32.9 13.9 28.2  
signal degradation that tests whether physically-inspired augmentation 
can bridge domain gaps under partial visibility reduction. The distance-
dependent attenuation modeling captures gradual signal decay patterns 
that transfer effectively from synthetic training environments. Buildings 
achieve robust performance (60.3% IoU, 7.6% above WADG) as the 
fog simulation preserves large structural boundaries across domain 
differences. Fences reach 36.0% IoU through the class-aware reflection 
16 
modeling that maintains boundary characteristics despite the synthetic-
to-real gap. Cars achieve 49.5% IoU (9.7% above WADG) as the at-
tenuation modeling preserves vehicle geometries at varying detection 
ranges. Traffic signs reach 11.9% IoU through the phenomenological 
simulation that maintains surface responses under moderate attenua-
tion. Terrain benefits from the fog simulation with 44.5% IoU (4.4% 
above WADG), as the distance-dependent modeling preserves ground 
surface characteristics. These results confirm that physically-inspired 
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Table 10
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target under snow conditions only. Per-class IoU for 19 semantic categories 
in snow and the mIoU across these categories are reported. Dash (–) indicates categories with no instances in the snow scenario.
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Snow  
Method Per-Class IoU (%) mIoU (%) 
Baseline 24.6 2.7 1.5 2.4 0.0 32.2 – – 12.9 0.4 18.3 0.0 33.3 13.8 15.7 14.9 18.1 10.1 1.9 11.9  
Dropout (Srivastava et al., 2014) 35.9 2.8 3.7 3.0 0.0 21.9 – – 20.9 10.0 22.8 0.0 33.2 14.8 17.1 16.8 16.5 15.7 2.6 14.0  
Perturbation 27.1 2.4 6.8 6.8 0.2 31.0 – – 15.4 4.8 19.7 0.0 26.3 12.4 14.0 22.0 16.4 19.0 4.1 13.4  
PolarMix (Xiao et al., 2022a) 53.4 2.3 4.1 6.0 1.2 27.9 – – 11.7 1.9 21.5 0.3 45.2 20.8 21.7 18.8 16.5 10.5 1.7 15.6  
MMD (Li et al., 2018) 20.8 2.7 6.0 4.8 0.2 31.3 – – 20.1 0.5 21.0 0.1 29.6 12.2 15.0 16.6 21.8 11.3 2.4 12.7  
PCL (Yao et al., 2022) 30.7 1.1 4.4 6.2 0.3 34.6 – – 19.1 1.7 22.0 0.3 37.8 12.6 16.4 14.2 19.9 14.7 3.0 14.1  
PointDR (Xiao et al., 2023) 34.2 4.0 7.4 7.5 0.1 36.2 – – 13.8 12.0 22.7 0.0 48.8 19.9 19.9 18.9 17.0 20.7 3.4 16.9  
WADG (Du et al., 2024) 30.7 1.6 7.9 2.6 0.4 32.2 – – 46.5 6.1 25.1 0.9 69.9 19.1 30.2 28.0 21.6 33.9 7.5 21.4  
Ours 49.5 7.3 12.7 4.7 1.1 46.5 – – 29.1 14.8 27.8 0.3 76.1 24.9 32.8 27.0 22.6 26.6 11.1 24.4  
ig. 14. Qualitative results with SynLiDAR as source and SemanticSTF as target (dense fog). Cyan areas (Right) indicate correctly segmented regions, while 
ellow areas (Wrong) represent erroneously segmented regions.
t

ugmentation maintains effectiveness across the spectrum from se-
ere to moderate visibility degradation in synthetic-to-real transfer 

cenarios. f

17 
Table  9 details the rain results for the SynLiDAR to SemanticSTF 
ransfer, where PhyDAWS achieves an overall mIoU of 28.2%, outper-

orming WADG by 1.0% and PointDR by 7.1%. The most pronounced 
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Fig. 15. Qualitative results with SynLiDAR as source and SemanticSTF as target (light fog). Cyan areas (Right) indicate correctly segmented regions, while yellow 
areas (Wrong) represent erroneously segmented regions.
 

improvements appear in classes affected by rain-specific signal distor-
tions. Trunk segmentation benefits substantially from the rain intensity 
attenuation modeling, achieving 25.9% IoU with an 11.4% gain over 
WADG, as the simulation captures how precipitation affects cylindrical 
structures at varying distances. Buildings reach 76.9% IoU (8.2% above 
WADG) through the phenomenological simulation that preserves struc-
tural boundaries despite rain-induced signal degradation. The angle-
dependent occlusion modeling proves effective for person segmentation 
(45.8% IoU, 7.4% above WADG), accurately segmenting persons par-
tially obscured by falling raindrops. Parking areas show notable relative 
improvement (7.6% IoU, 6.4% above WADG) as the rain simulation 
models ground surface responses under wet conditions. These gains 
in the synthetic-to-real rain scenario indicate that physically-inspired 
augmentation captures precipitation effects that generalize across the 
domain gap between simulated and real-world environments.

Table  10 reports the snow results for the SynLiDAR to SemanticSTF 
transfer, where PhyDAWS achieves 24.4% mIoU, exceeding WADG 
by 3.0% and PointDR by 7.5%. Snow in the synthetic-to-real setting 
presents dual challenges: airborne particle scattering combined with 
surface accumulation that alters object geometries. These effects com-
pound the domain gap as snow appearance varies significantly between 
synthetic rendering and real-world capture. The height-dependent snow 
density variation modeling proves particularly effective for this transfer 
task, as vertical density gradients exhibit consistent physical behavior 
across domains. Buildings achieve the highest absolute performance 
18 
(76.1% IoU, 6.2% above WADG) through the preservation of structural 
boundaries despite varying snow concentrations at different heights. 
Person segmentation reaches 46.5% IoU (14.3% above WADG) as the 
snow simulation accurately segments persons partially affected by ac-
cumulation. Cars achieve 49.5% IoU (18.8% above WADG) through the 
modeling of vehicle surfaces under snow conditions. The snow accumu-
lation simulation on horizontal surfaces enhances ground-related per-
ception, with parking areas achieving 14.8% IoU (8.7% above WADG). 
These improvements enable reliable perception during winter driving 
scenarios, which represent a significant proportion of weather-related 
incidents in northern climates.

4.4.4. Visualization results: from SynLiDAR to SemanticSTF
Figs.  14, 15, 16, and 17 present qualitative results for the more 

challenging domain generalization task from the synthetic SynLiDAR 
source domain to the real-world adverse weather SemanticSTF target 
domain. The figures illustrate performance under dense fog, light fog, 
rain, and snow, respectively, comparing the GT against predictions 
from PointDR (Xiao et al., 2023), WADG (Du et al., 2024), and our 
PhyDAWS method, along with Right/Wrong prediction visualizations.

Bridging the synthetic-to-real gap, especially under adverse weather,
poses significant challenges, as reflected in the overall lower visual 
quality compared to the SemanticKITTI-to-SemanticSTF transfer. How-
ever, even in this demanding setting, PhyDAWS consistently demon-
strates qualitative advantages over the baseline methods. Our approach 
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Fig. 16. Qualitative results with SynLiDAR as source and SemanticSTF as target (rain). Cyan areas (Right) indicate correctly segmented regions, while yellow 
areas (Wrong) represent erroneously segmented regions.
generally produces more coherent and structurally accurate segmen-
tation maps, better preserving the shapes of objects and reducing 
large-scale misclassifications. These visualizations highlight the effec-
tiveness of the physically-inspired augmentation in PhyDAWS, not only 
for real-to-real transfer but also for the challenging synthetic-to-real 
scenario under adverse weather. By grounding the augmentation in 
physical principles, our method learns representations that are more 
robust to both the synthetic-to-real domain shift and the variations 
introduced by different weather conditions, leading to qualitatively 
superior segmentation results compared to existing state-of-the-art 
approaches.

4.5. Ablation study

4.5.1. Ablation study on weather simulation
To assess the individual contributions of simulating distinct me-

teorological conditions within the proposed PhyDAWS framework, a 
systematic ablation study was conducted by selectively excluding the 
19 
simulation components corresponding to one specific weather type at 
a time. For each ablation setting, both the Phenomenological Weather 
Simulation (PWS) and the Mie–Monte Carlo Scattering Simulation 
(MSS) associated with that weather condition were removed, while the 
simulations for the remaining three conditions were retained. The eval-
uation was carried out on the SemanticKITTI to SemanticSTF domain 
generalization task, and the quantitative results are summarized in Ta-
ble  11. When all weather simulations are enabled, PhyDAWS achieves 
an overall mIoU of 38.9% across target-domain conditions. Removing 
any single weather type results in consistent performance reduction, 
with the overall mIoU decreasing to 36.3% without dense fog, 36.8% 
without light fog, and 36.2% without rain or snow simulation. The 
narrow degradation range of 2.1% to 2.7% indicates that each weather-
specific simulation contributes positively to generalization, and that 
robust performance benefits from comprehensive exposure to diverse 
atmospheric phenomena during training.

Condition-specific analysis reveals non-uniform interactions among 
weather simulations that reflect their underlying physical relationships. 
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Fig. 17. Qualitative results with SynLiDAR as source and SemanticSTF as target (snow). Cyan areas (Right) indicate correctly segmented regions, while yellow 
areas (Wrong) represent erroneously segmented regions.
Snow exclusion produces the most pronounced matched-condition
degradation, with mIoU in snowy scenes dropping from 33.4% to 
29.8%, because snow introduces coupled distortions in point density 
and local geometric structure that other simulations cannot adequately 
replicate. This effect is particularly evident for geometrically complex 
objects, where motorcycle segmentation IoU collapses from 65.3% 
to 35.1% upon snow simulation removal. In contrast, fog and rain 
conditions exhibit greater mutual transferability: excluding dense fog 
simulation slightly improves dense fog performance (40.7% versus 
40.2%), and peak scores in light fog (35.3%) and rain (37.9%) are 
achieved when snow simulation is excluded. These observations suggest 
that fog and rain share atmospheric attenuation and scattering mech-
anisms enabling partial compensation, while snow’s distinct physical 
characteristics make its simulation less interchangeable with others. 
Nevertheless, the full configuration provides the most reliable per-
formance across all conditions, confirming that explicit modeling of 
each weather type’s sensing degradation remains essential for robust 
segmentation under diverse adverse meteorological scenarios.
20 
To further examine the respective roles of different weather simula-
tion strategies within the proposed framework, we conducted an abla-
tion study comparing the use of Phenomenological Weather Simulation 
(PWS) alone, Mie–Monte Carlo Scattering Simulation (MSS) alone, 
and their combination in the full PhyDAWS configuration. The eval-
uation was performed on the SemanticKITTI to SemanticSTF domain 
generalization task, and the quantitative results are summarized in
Table  12. When applied independently, both simulation strategies 
achieve comparable overall performance, with PWS reaching an all-
weather mIoU of 36.1% and MSS achieving 36.3%. Their weather-
specific behavior, however, differs noticeably. PWS shows relatively 
stronger performance in rain conditions, whereas MSS performs more 
favorably in dense fog scenarios. Both approaches exhibit reduced 
effectiveness in snow, reflecting the difficulty of fully capturing snow-
induced sensing degradations with either method alone.

Combining the two simulation strategies in the full PhyDAWS 
framework leads to consistent improvement across all target-domain 
conditions, yielding an overall mIoU of 38.9%. The gains are observed 
across weather types, with particularly pronounced improvements un-
der snowy conditions, where the combined approach substantially 
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Table 11
Ablation study on the effects of weather types with SemanticKITTI as source and SemanticSTF as target (%). PWS: Phenomenological Weather Simulation; MSS: 
Mie-Monte Carlo Scattering Simulation; D-Fog: Dense Fog; L-Fog: Light Fog. Each row represents experiments where both simulation methods excluded the specific 
weather type. ‘‘w/o’’ denotes ‘‘without’’.
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All-Weather 
PWS MSS Test Weather Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  

D-Fog 80.1 – – 21.3 0.0 5.3 37.2 64.9 74.1 0.5 34.7 3.9 72.8 56.7 60.9 39.6 60.5 24.7 55.0 40.7  
L-Fog 64.3 0.0 0.0 38.2 4.3 43.8 18.3 0.0 72.1 8.1 38.3 8.2 70.6 54.9 59.8 46.1 52.0 29.1 28.6 33.5  

w/o D-Fog w/o D-Fog Rain 87.0 0.0 – 0.8 7.0 49.2 0.0 – 73.8 16.4 57.3 11.1 81.5 46.6 60.9 36.0 30.0 36.3 31.4 36.8  
Snow 65.3 1.4 45.1 6.8 3.5 37.2 – – 37.0 19.7 27.6 5.6 83.3 36.6 38.6 37.3 21.9 26.4 24.2 30.4  
All 68.1 0.9 37.5 25.9 3.9 37.1 11.5 51.5 61.3 16.1 34.4 6.1 79.4 49.4 56.1 40.1 46.2 27.4 36.0 36.3  
D-Fog 83.4 – – 25.4 0.0 7.9 14.9 62.6 76.7 0.2 34.7 1.8 72.9 59.3 64.0 37.2 63.6 24.2 30.0 38.7  
L-Fog 72.8 0.0 0.0 36.5 8.0 57.6 0.0 0.0 73.9 9.8 43.3 2.1 66.2 60.0 64.2 44.8 55.4 28.6 32.2 34.5  

w/o L-Fog w/o L-Fog Rain 88.9 0.0 – 0.6 11.1 49.7 0.0 – 79.8 19.1 61.3 2.4 79.5 45.1 60.2 27.0 36.3 33.7 34.9 37.0  
Snow 71.4 0.6 58.2 15.3 2.5 38.4 – – 43.2 22.3 30.3 5.0 79.2 33.2 39.0 36.6 22.7 24.5 14.5 31.6  
All 74.2 0.4 49.3 26.8 4.9 39.3 8.9 46.9 65.1 18.7 37.1 2.9 76.0 50.0 58.6 38.4 49.4 26.2 26.6 36.8  
D-Fog 80.1 – – 36.0 0.0 11.4 9.3 81.0 72.5 4.5 33.1 7.6 69.5 57.0 59.2 41.0 49.1 25.1 66.9 41.4  
L-Fog 70.4 0.0 0.0 34.1 27.5 40.4 0.0 0.0 71.4 5.4 39.7 5.2 67.7 58.6 58.5 48.0 49.3 29.2 41.3 34.0  

w/o Rain w/o Rain Rain 87.3 0.0 – 4.2 21.6 46.6 0.0 – 75.6 19.1 60.0 16.1 74.6 45.2 57.0 26.5 28.3 32.7 43.0 37.5  
Snow 69.2 1.4 21.0 22.9 12.0 51.8 – – 43.4 18.6 28.3 3.9 71.7 25.5 34.5 34.8 30.3 22.5 25.2 30.4  
All 71.8 0.9 6.5 29.2 17.5 47.7 4.8 64.5 62.9 14.9 35.0 5.5 71.0 45.3 53.5 39.3 45.1 25.7 46.0 36.2  
D-Fog 81.0 – – 21.4 0.0 4.1 7.5 79.6 76.0 0.5 37.3 9.0 68.6 54.7 62.3 38.2 61.5 24.6 56.6 40.2  
L-Fog 74.8 0.0 0.0 44.7 14.8 46.6 1.3 0.0 73.1 5.6 44.3 10.2 68.3 56.1 61.5 45.8 53.1 30.9 38.9 35.3  

w/o Snow w/o Snow Rain 88.5 0.0 – 0.1 21.3 31.7 0.0 – 77.9 20.8 59.9 22.4 81.1 51.1 59.6 20.2 31.8 37.2 41.3 37.9  
Snow 72.3 1.5 35.1 11.6 9.0 27.2 – – 42.0 13.9 27.1 8.5 78.2 38.9 34.6 34.6 22.3 27.4 22.4 29.8  
All 74.9 0.9 17.8 30.7 11.7 27.3 3.2 63.1 64.1 11.8 36.1 10.1 75.4 50.4 55.7 37.7 47.5 28.3 41.1 36.2  
D-Fog 82.3 – – 21.6 0.0 10.0 13.6 75.1 75.1 0.1 33.1 4.9 69.6 56.6 62.3 37.0 60.1 24.9 56.8 40.2  
L-Fog 64.9 0.0 0.0 55.4 3.4 54.4 1.4 0.0 74.0 8.8 39.4 4.2 69.5 56.2 60.4 47.3 52.2 31.5 35.7 34.7  

Full Model Full Model Rain 86.9 0.0 – 0.8 26.9 52.9 0.0 – 76.0 21.4 56.7 5.3 82.0 49.3 59.1 27.5 33.3 35.9 27.7 37.7  
Snow 61.2 1.2 65.3 11.8 11.2 45.8 – – 45.6 23.1 30.6 3.0 82.8 37.7 39.0 38.8 24.6 28.5 17.8 33.4  
All 65.9 0.8 51.2 38.1 10.6 45.3 5.5 59.4 65.3 19.0 35.7 4.0 78.5 50.4 56.8 40.0 47.7 29.0 35.2 38.9  
able 12
blation study on different weather simulation methods with SemanticKITTI as source and SemanticSTF as target (%). PWS: Phenomenological Weather Simulation; 
SS: Mie-Monte Carlo Scattering Simulation; D-Fog: Dense Fog; L-Fog: Light Fog. Each row represents performance on different target domain weather conditions.
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 PWS MSS Test Weather Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  
 D-Fog 80.1 – – 23.5 0.0 10.1 9.5 64.9 72.2 0.1 34.5 4.9 73.5 59.8 63.4 40.2 60.8 24.1 55.2 39.8   L-Fog 64.2 0.0 0.0 36.2 0.2 41.9 0.6 0.0 69.8 8.2 40.4 6.3 71.0 61.9 62.4 45.3 54.5 24.7 37.9 32.9   √

Rain 86.7 0.0 – 0.2 1.8 50.1 0.0 – 74.2 18.5 57.7 9.9 80.6 55.3 60.7 27.3 36.7 35.6 37.5 37.2   Snow 54.8 0.7 51.1 8.7 7.4 35.6 – – 35.6 20.4 31.7 5.0 81.9 35.7 38.5 34.9 23.4 24.0 18.0 29.8   All 61.5 0.5 41.2 26.6 4.3 36.4 7.0 51.5 59.7 16.5 36.9 5.5 78.7 52.8 57.8 38.5 48.2 25.0 37.5 36.1  
 D-Fog 78.6 – – 18.0 0.0 8.1 20.3 79.3 71.9 1.2 33.7 9.2 68.3 52.1 62.9 40.4 60.3 24.2 59.1 40.5   L-Fog 62.6 0.0 0.0 34.6 8.6 44.9 1.7 0.0 69.6 5.0 36.6 6.7 68.1 57.4 61.6 47.4 52.1 28.4 41.4 33.0   √

Rain 80.0 0.0 – 0.0 28.7 42.2 0.0 – 72.9 19.2 55.1 7.7 80.6 44.3 55.8 29.4 27.0 32.4 39.8 36.2   Snow 53.0 0.0 56.3 0.3 3.3 37.9 – – 34.0 14.9 23.5 4.7 80.3 29.4 34.9 36.7 20.6 23.4 20.7 27.9   All 59.5 0.1 43.8 24.2 7.7 37.5 13.4 63.0 59.1 12.4 31.9 6.7 76.4 46.4 55.8 39.9 45.4 25.6 41.2 36.3  
 D-Fog 82.3 – – 21.6 0.0 10.0 13.6 75.1 75.1 0.1 33.1 4.9 69.6 56.6 62.3 37.0 60.1 24.9 56.8 40.2   L-Fog 64.9 0.0 0.0 55.4 3.4 54.4 1.4 0.0 74.0 8.8 39.4 4.2 69.5 56.2 60.4 47.3 52.2 31.5 35.7 34.7   √ √

Rain 86.9 0.0 – 0.8 26.9 52.9 0.0 – 76.0 21.4 56.7 5.3 82.0 49.3 59.1 27.5 33.3 35.9 27.7 37.7   Snow 61.2 1.2 65.3 11.8 11.2 45.8 – – 45.6 23.1 30.6 3.0 82.8 37.7 39.0 38.8 24.6 28.5 17.8 33.4   All 65.9 0.8 51.2 38.1 10.6 45.3 5.5 59.4 65.3 19.0 35.7 4.0 78.5 50.4 56.8 40.0 47.7 29.0 35.2 38.9  
 
 
 

 
 
 

 
 

 
 

 
 

 

outperforms PWS or MSS used in isolation. Beyond the absolute perfor-
mance increase, the integrated configuration also demonstrates more
balanced behavior across weather conditions, indicating improved
robustness to cross-weather variability. These results suggest that PWS
and MSS capture complementary aspects of weather-induced distor-
tions: PWS addresses geometry-related effects while MSS models optical
scattering phenomena. Their integration enables the network to learn
representations that generalize more reliably across different adverse
weather conditions.

To examine whether the proposed framework maintains its effec-
tiveness when the source domain shifts from real-world to synthetic
data, we extended the ablation study to the SynLiDAR-to-SemanticSTF
setting, with results presented in Table  13. This configuration intro-
duces the additional challenge of bridging both the synthetic-to-real
gap and weather-induced domain shift, resulting in lower absolute
performance across all methods compared to the SemanticKITTI exper-
iments. Nevertheless, the relative behavior among configurations re-
mains consistent. The combined PhyDAWS framework achieves 23.7%
overall mIoU, outperforming both PWS alone (22.4%) and MSS alone
(21.8%), with improvements observed across all weather conditions.

The consistency of these patterns across different source domains
supports the complementary relationship between the two simulation
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strategies. Snow conditions again benefit most from the integrated 
approach, with mIoU increasing from 23.0% (PWS) and 21.6% (MSS) 
to 24.4%. At the class level, terrain segmentation shows the most 
substantial improvement, rising from 29.0% (PWS) and 24.9% (MSS) 
to 40.7% with the combined approach. These findings confirm that the 
synergy between PWS and MSS extends to synthetic source domains, 
supporting the general applicability of the proposed framework for 
diverse domain generalization scenarios.

4.5.2. Ablation study on physically-inspired components
To analyze how individual physically-inspired components con-

tribute to the robustness of PhyDAWS, we performed a targeted abla-
tion study by selectively disabling key modeling elements, with results 
summarized in Table  14. The full model achieves 38.9% overall mIoU, 
and removing any single component leads to clear performance degra-
dation ranging from 2.5% to 4.8%. The magnitude and pattern of degra-
dation vary systematically across weather conditions, reflecting the 
specific physical phenomena each component is designed to capture. 
Angle-dependent Occlusion (ADO) produces the largest impact when 
removed, reducing overall performance to 34.1%, followed by Class-
specific Material Reflectivity (CMR) at 34.8% and Height-dependent 
Density Variation (HDV) at 35.2%.
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Table 13
Ablation study on different weather simulation methods with SynLiDAR as source and SemanticSTF as target (%). PWS: Phenomenological Weather Simulation; 
MSS: Mie-Monte Carlo Scattering Simulation; D-Fog: Dense Fog; L-Fog: Light Fog. Each row represents performance on different target domain weather conditions.
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 PWS MSS Test Weather Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  
 D-Fog 20.9 – – 10.2 0.0 3.1 3.6 26.1 52.3 0.2 11.3 1.8 60.9 27.2 63.1 21.4 30.7 16.9 7.1 21.0   L-Fog 34.6 0.9 1.9 34.0 0.6 18.6 4.5 0.0 58.5 2.2 18.5 1.4 60.6 29.6 65.9 36.1 31.7 22.6 9.2 22.7   √

Rain 57.3 3.1 – 14.5 0.0 48.6 0.6 – 67.3 7.1 41.0 0.1 77.0 12.9 55.4 23.3 26.6 31.8 11.5 28.1   Snow 40.7 3.2 12.7 4.6 0.7 44.3 – – 39.5 7.2 27.3 0.1 77.3 19.8 34.8 28.0 18.3 25.4 7.2 23.0   All 36.8 1.9 4.2 19.3 0.5 34.1 2.2 5.3 51.4 5.6 21.0 1.1 71.6 25.0 57.3 28.4 29.0 22.8 8.1 22.4  
 D-Fog 37.7 – – 13.2 0.0 3.3 17.6 33.9 42.1 0.9 9.2 1.2 51.6 25.0 61.5 22.1 27.4 20.7 9.2 22.2   L-Fog 53.8 1.4 1.0 31.1 1.1 18.3 5.6 0.0 49.5 5.5 16.8 2.1 49.9 24.8 61.1 33.9 26.4 27.0 10.8 22.1   √

Rain 66.4 0.6 – 23.0 6.2 47.7 1.4 – 56.6 7.4 37.1 0.3 72.8 10.0 50.3 21.6 22.1 33.3 13.2 27.6   Snow 48.3 1.8 5.5 2.9 0.4 43.1 – – 25.7 18.0 25.8 1.8 65.2 18.8 30.0 25.0 15.3 30.5 9.3 21.6   All 49.6 1.3 2.1 17.7 1.2 31.4 6.1 7.4 40.6 12.5 18.8 1.5 60.6 22.1 52.8 26.6 24.9 27.2 10.0 21.8  
 D-Fog 32.5 – – 13.8 0.0 3.4 7.5 20.0 39.7 0.0 11.1 1.8 61.6 36.8 62.7 21.7 45.6 18.5 11.5 22.8   L-Fog 49.5 3.0 0.0 30.0 0.1 17.4 7.1 0.0 44.6 0.9 18.0 0.4 60.3 36.0 63.1 32.3 44.5 20.5 11.9 23.1   √ √

Rain 63.4 1.1 – 12.7 1.3 45.8 0.0 – 50.1 7.6 35.9 0.2 76.9 24.9 52.8 25.9 34.5 32.9 13.9 28.2   Snow 49.5 7.3 12.7 4.7 1.1 46.5 – – 29.1 14.8 27.8 0.3 76.1 24.9 32.8 27.0 22.6 26.6 11.1 24.4   All 48.1 3.9 2.1 18.9 0.7 35.6 3.5 5.7 38.9 9.9 20.7 0.9 71.1 32.3 55.1 27.1 40.7 23.1 11.7 23.7  
 
 

Table 14
Ablation study on physically-inspired components with SemanticKITTI as source and SemanticSTF as target (%). ADO: Angle-dependent Occlusion in rain; HDV:
Height-dependent Density Variation in snow; DDA: Distance-dependent Attenuation in fog; MCS: Monte Carlo Sampling; CMR: Class-specific Material Reflectivity;
D-Fog: Dense Fog; L-Fog: Light Fog. ‘‘w/o’’ denotes ‘‘without’’.
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 Model Test Weather Per-Class IoU (%) Per-Weather mIoU (%) mIoU (%)  
 D-Fog 75.2 – – 37.2 0.0 6.2 2.2 18.5 77.7 0.1 41.6 4.1 68.7 53.7 63.7 33.6 61.2 24.4 51.9 36.5   L-Fog 82.2 0.0 0.0 48.9 12.1 43.9 0.0 0.0 75.0 6.7 43.8 1.8 66.8 55.1 64.3 41.2 52.0 31.4 37.7 34.9   w/o ADO Rain 88.3 0.0 – 2.0 0.3 41.1 0.0 – 80.4 13.3 59.2 2.8 80.9 50.6 62.0 17.2 38.7 36.0 38.8 36.0   Snow 76.5 0.0 12.6 8.8 11.3 38.4 – – 52.7 14.7 28.8 2.2 84.6 40.1 44.8 31.9 28.8 32.2 25.0 31.4   All 78.4 0.0 10.4 32.1 8.8 37.4 1.3 14.3 68.8 12.6 37.8 2.6 78.7 50.4 60.4 34.2 50.3 30.2 39.1 34.1  
 D-Fog 78.3 – – 33.6 0.0 6.2 10.6 36.5 71.9 0.1 34.8 4.3 70.8 55.2 59.6 37.7 58.3 25.8 60.5 37.9   L-Fog 65.2 0.0 0.0 42.5 4.6 29.7 0.0 0.0 66.7 7.7 38.0 7.2 70.3 58.6 58.9 43.3 51.2 28.4 37.4 32.1   w/o HDV Rain 85.5 0.0 – 0.3 4.1 48.4 0.0 – 67.3 19.3 58.8 10.6 77.5 45.6 56.6 24.6 27.7 36.1 35.0 35.2   Snow 63.4 0.9 63.5 2.8 8.9 41.2 – – 31.1 20.3 28.6 4.1 80.1 36.3 34.1 34.6 24.5 26.0 16.1 30.4   All 66.9 0.6 52.2 29.3 6.3 37.6 5.4 28.9 56.6 16.4 34.9 5.3 76.8 50.1 53.6 37.1 46.9 27.3 36.2 35.2  
 D-Fog 83.2 – – 18.9 0.0 9.8 16.4 61.0 69.3 0.2 27.8 6.8 69.7 55.0 64.6 36.9 61.4 23.7 57.8 39.0   L-Fog 73.7 0.0 0.0 42.1 5.3 48.3 0.0 0.0 69.6 2.7 35.6 6.8 68.1 59.4 67.0 42.7 56.9 28.8 32.9 33.7   w/o DDA Rain 88.0 0.0 – 0.0 9.0 49.2 0.0 – 77.1 19.9 57.8 11.1 78.3 46.4 60.6 19.8 34.0 36.5 37.3 36.8   Snow 69.3 0.3 64.7 9.9 4.8 44.5 – – 35.4 11.9 28.2 4.7 76.6 28.7 38.4 31.4 25.2 26.1 19.2 30.5   All 73.0 0.2 52.8 28.2 5.3 42.9 5.5 45.6 59.2 9.4 32.3 6.1 74.2 47.1 59.7 35.2 50.6 26.9 37.7 36.4  
 D-Fog 77.2 – – 48.1 0.0 2.8 35.1 61.3 74.9 1.1 34.2 5.6 71.7 57.0 62.0 38.2 61.2 24.6 54.7 41.7   L-Fog 69.3 0.0 0.0 43.2 5.5 50.6 0.0 0.0 67.8 8.5 37.9 5.3 71.5 60.4 62.4 45.6 55.0 29.0 35.9 34.1   w/o MCS Rain 85.4 0.0 – 0.1 10.7 49.4 0.0 – 64.0 19.0 55.3 9.8 81.9 49.8 58.2 27.8 26.4 33.6 33.1 35.6   Snow 68.3 1.2 13.7 20.0 10.0 45.3 – – 36.4 20.9 31.4 2.0 81.4 30.3 39.7 35.8 28.6 26.1 17.8 29.9   All 70.7 0.8 13.0 34.7 8.2 43.2 13.4 48.5 59.0 16.8 35.7 4.1 78.4 49.4 57.6 38.5 50.9 27.0 34.6 36.0  
 D-Fog 82.6 – – 30.4 0.0 10.3 7.2 43.8 74.6 0.2 36.2 2.2 70.6 53.3 63.3 37.5 55.8 22.9 35.6 36.8   L-Fog 78.7 0.0 0.6 34.7 4.1 50.4 0.0 0.0 72.5 7.6 45.4 4.0 66.9 57.5 63.6 43.6 50.3 28.4 33.3 33.8   w/o CMR Rain 87.8 6.0 – 0.0 13.9 35.7 0.0 – 79.3 17.9 61.6 10.1 78.0 47.9 59.8 20.2 35.1 32.8 37.0 36.7   Snow 76.3 9.5 37.7 12.0 9.3 35.3 – – 47.9 11.5 32.9 2.9 78.2 35.4 39.5 36.2 26.5 26.6 24.2 31.9   All 78.2 7.5 22.8 26.0 6.7 35.7 4.5 34.6 65.5 10.4 39.3 3.3 75.1 48.9 58.4 37.7 47.1 26.6 32.1 34.8  
 D-Fog 82.3 – – 21.6 0.0 10.0 13.6 75.1 75.1 0.1 33.1 4.9 69.6 56.6 62.3 37.0 60.1 24.9 56.8 40.2   L-Fog 64.9 0.0 0.0 55.4 3.4 54.4 1.4 0.0 74.0 8.8 39.4 4.2 69.5 56.2 60.4 47.3 52.2 31.5 35.7 34.7   Full Model Rain 86.9 0.0 – 0.8 26.9 52.9 0.0 – 76.0 21.4 56.7 5.3 82.0 49.3 59.1 27.5 33.3 35.9 27.7 37.7   Snow 61.2 1.2 65.3 11.8 11.2 45.8 – – 45.6 23.1 30.6 3.0 82.8 37.7 39.0 38.8 24.6 28.5 17.8 33.4   All 65.9 0.8 51.2 38.1 10.6 45.3 5.5 59.4 65.3 19.0 35.7 4.0 78.5 50.4 56.8 40.0 47.7 29.0 35.2 38.9  
 
 
 

 
 
 
 
 

 

 
 

 
 

 

 
 
 

 

 
 

The correspondence between components and their target weather
conditions is evident in the condition-specific results. Removing HDV
causes substantial degradation in snow scenes (30.4% compared to
33.4% for the full model), confirming the importance of vertical par-
ticle distribution in shaping snow-affected point cloud structure. Simi-
larly, removing ADO disproportionately affects rain performance
(36.0% versus 37.7%), where anisotropic occlusion from falling rain-
drops dominates the sensing degradation. Removing Distance-
dependent Attenuation (DDA) impacts fog and snow conditions, partic-
ularly affecting boundary delineation for distant objects. An interesting
pattern emerges with Monte Carlo Sampling (MCS), whose removal
slightly improves dense fog performance (41.7% versus 40.2%) but
substantially degrades snow performance (29.9% versus 33.4%) and
causes motorcycle segmentation to collapse from 51.2% to 13.0%.
This indicates that stochastic modeling is critical when particle dis-
tribution exhibits high spatial variability, particularly for objects with
complex geometric profiles. These findings confirm that each compo-
nent addresses distinct degradation mechanisms, and their collective
integration enables robust segmentation across diverse adverse weather
conditions.
22 
5. Discussion

5.1. Physical consistency of weather-aware LiDAR augmentation

The experimental results demonstrate that embedding physically
grounded weather modeling into the data augmentation process can
substantially enhance domain generalization for LiDAR-based seman-
tic segmentation under adverse atmospheric conditions. The proposed
PhyDAWS framework explicitly models the interaction between emit-
ted laser pulses and atmospheric particles, thereby preserving the phys-
ical coherence between signal attenuation, scattering behavior, and
the resulting degradation patterns observed in point cloud data. This
aspect is particularly important in Earth observation contexts, where
LiDAR serves as an active remote sensing modality whose measure-
ments are directly governed by physical signal propagation through the
atmosphere (Zhao et al., 2024; Park et al., 2024). The consistent perfor-
mance gains observed across fog, rain, and snow scenarios suggest that
the improvements primarily stem from exposure to physically plausible
perturbations that genuinely reflect real sensing mechanisms.
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By incorporating first-principles atmospheric modeling into the 
learning pipeline, PhyDAWS aligns the augmented training data with 
the underlying physics of active remote sensing. This alignment en-
sures that the simulated degradations remain consistent with realistic 
acquisition conditions, enabling the network to learn representations 
that are robust to weather-induced signal distortions. From an Earth 
observation perspective, maintaining such physical fidelity supports 
reliable deployment across large spatial extents and extended temporal 
horizons, where atmospheric conditions can vary substantially (Yan 
et al., 2024; Yang et al., 2025). The results indicate that physically 
consistent augmentation provides a principled pathway for improving 
robustness by ensuring that the training distribution encompasses 
degradation patterns grounded in actual sensing physics.

5.2. Generalization behavior under adverse atmospheric conditions

From a generalization standpoint, physically-inspired augmenta-
tion promotes more stable feature learning under weather-induced 
domain shifts. Performance improvements are observed under moder-
ate atmospheric degradation as well as in more challenging conditions 
characterized by reduced point density and spatially uneven signal 
returns. This behavior suggests that the learned representations become 
less sensitive to weather-specific sampling artifacts and increasingly 
rely on intrinsic geometric and structural cues present in the scene. As 
a result, the network exhibits improved robustness when encountering 
previously unseen weather conditions during inference.

PhyDAWS addresses environmental variability by integrating phys-
ical knowledge directly into the training process. This integration en-
ables the network to internalize weather-induced variations as part 
of the learning objective, reducing reliance on explicit compensation 
at deployment time. Such a strategy is particularly relevant for Earth 
observation applications involving heterogeneous datasets and diverse 
acquisition settings, where consistent performance across varying con-
ditions is essential (Wang et al., 2025; Xiao et al., 2024). The observed 
generalization behavior across multiple datasets suggests that physi-
cally grounded augmentation can effectively enhance transferability 
without requiring explicit adaptation at test time.

In addition to the overall generalization gains, it is important to 
consider how the strength of physically-inspired weather augmentation 
interacts with the contrastive learning objective in shaping weather-
invariant representations. In PhyDAWS, weather simulation introduces 
physically plausible degradations, including attenuation-driven inten-
sity decay, scattering-induced return variability, and geometry-
dependent point dropout, while preserving the semantic identity of 
the underlying scene. As a result, paired views remain structurally 
related, allowing the contrastive objective to interpret weather-induced 
signal variations as nuisance factors that do not alter the underlying 
class membership. When the augmentation strength is appropriately 
calibrated, the discrepancy between the clean and weather-augmented 
views provides a sufficiently challenging invariance signal, encouraging 
the network to suppress weather-specific fluctuations and emphasize 
geometric and structural cues that remain stable across conditions.

At the same time, the strength of physical augmentation cannot 
be increased without bound. Excessively severe degradations may re-
duce the amount of shared informative content between paired views, 
thereby weakening the contrastive signal and limiting effective feature 
alignment. The parameter ranges adopted in the proposed framework 
are therefore selected to balance diversity and correspondence: they 
are strong enough to expose the network to adverse-weather sensing 
patterns, yet constrained to preserve sufficient cross-view coherence 
for meaningful contrastive learning. This coupling between physically 
grounded perturbation strength and contrastive alignment serves as a 
stable mechanism for absorbing atmospheric variability into the fea-
ture space, supporting the consistent generalization behavior observed 
across different weather conditions and datasets.
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The stability of this generalization behavior under variations in key 
physical parameters warrants further consideration in the context of 
operational deployment. Within the proposed framework, extinction 
coefficients span physically meaningful ranges calibrated to distinct 
meteorological regimes: fog attenuation coefficients range from 𝛽light =
0.03 to 𝛽dense = 0.15, while rain and snow coefficients are set at 0.02 
and 0.03 respectively, each accompanied by non-linear exponents that 
modulate how attenuation compounds with distance. Particle number 
concentrations similarly vary across intensity levels, with rain condi-
tions characterized by 𝑁0 ranging from 5000 to 15,000 particles/m3

depending on precipitation intensity, and fog employing substantially 
higher concentrations parameterized through weather-specific gamma 
distributions calibrated from established meteorological data. Moderate 
deviations from these calibrated values alter the severity of augmenta-
tion, and are expected to produce more gradual performance changes 
than those recorded under component-level ablation. The ablation 
results in Table  14 provide empirical grounding for this reasoning: com-
plete removal of individual physically-inspired components produces 
overall mIoU reductions ranging from 2.5% to 4.8%, implying that par-
tial parameter variation would remain within a substantially narrower 
margin. The stochastic Monte Carlo scattering factor further contributes 
to this stability, as weather types and intensity levels are randomly 
assigned across training samples, exposing the network to a continuous 
distribution of effective attenuation levels around the calibrated param-
eter values, providing implicit coverage of the surrounding parameter 
space. The contrastive learning objective reinforces this behavior by 
encouraging semantic alignment at the class level, such that the learned 
representations capture stable structural and geometric cues that persist 
across a range of attenuation magnitudes, supporting consistent seg-
mentation performance under realistic parameter variation in adverse 
atmospheric conditions.

5.3. Implications for cross-regional deployment

The domain generalization capability demonstrated by PhyDAWS 
carries practical implications for deploying autonomous perception 
systems across geographically diverse regions. The physically-inspired 
augmentation strategy enables models trained on accessible clear-
weather datasets to generalize effectively to previously unseen adverse 
conditions, reducing the need for extensive region-specific data col-
lection campaigns under various atmospheric conditions. The cross-
regional applicability is supported by the physical basis of the aug-
mentation mechanisms, as atmospheric phenomena such as Mie scat-
tering, Beer–Lambert attenuation, and particle size distributions follow 
consistent physical laws regardless of geographic location.

The experimental results on the SemanticSTF dataset provide sup-
porting evidence for this cross-regional generalization. SemanticSTF 
comprises data collected across multiple European countries including 
Germany, Sweden, Denmark, and Finland, representing diverse climatic 
characteristics and acquisition settings. The consistent performance im-
provements observed across these geographically distributed test sites 
indicate that the learned weather-invariant representations transfer 
effectively across regional variations. The successful synthetic-to-real 
transfer from SynLiDAR to SemanticSTF demonstrates that PhyDAWS 
can bridge distribution shifts between simulated and real-world data, 
a capability valuable for scenarios where real-world adverse weather 
data is scarce or unavailable. 

5.4. Methodological limitations

Despite the demonstrated benefits, several limitations of the current 
PhyDAWS implementation warrant discussion. The physically-inspired 
simulations, employed in the framework, inevitably involve simplifying 
assumptions, and understanding the scope of these simplifications helps 
contextualize the applicability of the approach.
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For example, the use of Mie scattering formulations assumes spher-
ical particles, which may not fully capture the complexity of atmo-
spheric constituents under certain conditions, particularly in snow 
or mixed-phase environments. This assumption aligns well with fog 
and rain conditions where liquid droplets predominate, but represents 
a simplification for snow scenarios involving ice crystals with more 
varied geometries. The experimental results across all weather con-
ditions suggest that, for the purpose of domain generalization, the 
augmentation strategy remains effective because the contrastive learn-
ing framework encourages the network to focus on weather-invariant 
structural cues. The simulation aims to expose the network to physically 
plausible degradation patterns that promote robust feature learning, 
and the simplifying assumptions primarily affect the severity and spa-
tial distribution of signal degradation while preserving the underlying 
geometric structure of the observed scenes.

Similarly, the visibility modeling in dense fog employs a threshold-
based approach that captures the primary effect of severe signal attenu-
ation while remaining computationally efficient. Real fog environments 
exhibit continuous attenuation gradients and spatial heterogeneity, 
which the current model addresses partially through local fog patches 
as illustrated in Fig.  5. The consistent performance improvements 
observed in fog conditions indicate that this level of approximation 
is sufficient for bridging the domain gap in the context of semantic 
segmentation, though applications requiring finer-grained atmospheric 
characterization may benefit from more detailed modeling.

The potential for bias introduced by these simplifying assumptions 
is most consequential in snow scenarios, where the spherical particle 
approximation for ice crystal scattering introduces systematic errors 
in extinction coefficient estimates that propagate into the intensity 
attenuation applied during augmentation. The comparatively lower 
snow performance of the full model, at 33.4% mIoU relative to 40.2% 
in dense fog and 37.7% in rain, reflects this reduced physical accuracy 
under non-spherical particle conditions, though point cloud sparsity 
inherent to snowy acquisitions also contributes to this performance 
gap. For the visibility threshold approximation, the residual error grows 
with fog density beyond the modeled range, as the hard cutoff cannot 
fully reproduce the spatially continuous signal degradation characteris-
tic of extreme fog environments, a limitation that the local fog patches 
only partially address. The contrastive learning framework provides 
partial mitigation across both cases by directing the network toward 
weather-invariant geometric and structural features, though its effec-
tiveness diminishes in scenarios where extreme atmospheric conditions 
fundamentally alter the geometric completeness of the point cloud, 
which constitutes the practical boundary of the current framework’s 
robustness guarantees.

Secondary effects such as sensor-specific noise characteristics and 
higher-order scattering interactions are not explicitly modeled. These 
factors may influence the fidelity of the simulated degradations and, 
consequently, the extent to which the learned representations general-
ize across different sensing systems. The effectiveness of the current ap-
proach reflects a pragmatic balance between computational tractability 
and physical realism sufficient for the domain generalization objective. 
While the contrastive learning component proved beneficial, its optimal 
integration with network architecture remains an area for potential 
exploration.

5.5. Framework extensibility and future directions

Beyond adverse weather scenarios, the physically-inspired augmen-
tation strategy adopted in PhyDAWS reflects a broader perspective on 
domain shift in LiDAR-based Earth observation. The proposed frame-
work models perturbations arising from physical sensing processes, in-
troducing structured variations in point density, intensity distribution, 
and local geometric completeness while preserving the semantic organi-
zation of the scene. Although the present study focuses on atmospheric 
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effects as a representative and practically important source of do-
main variation, similar measurement characteristics are also observed 
in other acquisition-related discrepancies commonly encountered in 
real-world LiDAR data.

In operational Earth observation settings, differences in sensing plat-
forms, calibration conditions, and data quality can introduce systematic 
variations in LiDAR measurements, manifesting as intensity inconsis-
tencies, range-dependent sparsity, or non-uniform spatial sampling. 
These factors affect point clouds through mechanisms that share con-
ceptual similarities with the physically grounded degradations consid-
ered in this work, even though they are not explicitly parameterized in 
the current implementation. From this perspective, physically-inspired 
augmentation provides a general strategy for exposing learning models 
to realistic sensing-induced variability, encouraging representations 
that capture stable geometric and structural cues present across diverse 
acquisition conditions. This alignment suggests potential relevance of 
the proposed framework to a wider class of domain shifts governed 
by physical sensing processes, extending beyond the specific weather 
conditions evaluated in this study.

The modular design of PhyDAWS provides a flexible foundation 
for future extensions. The physically-inspired augmentation framework 
can be adapted to incorporate more advanced atmospheric models or 
additional Earth observation data sources as they become available, 
such as multi-return LiDAR measurements or complementary active 
sensing modalities (Huang et al., 2025b,a). This extensibility supports 
broader transferability across datasets and application contexts, helping 
to address data gaps that commonly arise in large-scale Earth obser-
vation workflows. As such, PhyDAWS represents a practical approach 
for improving robustness under adverse sensing conditions, while offer-
ing a scalable framework that can evolve alongside emerging sensing 
technologies and expanding Earth observation data infrastructures.

Based on these findings, several directions for future research nat-
urally arise. Further refinement of the physical models, potentially 
incorporating techniques for non-spherical particle scattering or more 
detailed atmospheric modeling, could enhance simulation accuracy
(La Luna et al., 2025; Raisuddin et al., 2026). Extending the PhyDAWS 
augmentation principles to other 3D perception tasks within Earth 
observation, such as object detection and tracking under challenging 
acquisition conditions, represents a promising direction (Wu et al., 
2025; Chae et al., 2025). Investigating the combination of PhyDAWS 
with other domain generalization strategies (e.g., domain random-
ization, adversarial alignment) could yield further improvements in 
robustness. Exploring adaptive simulation techniques, where weather 
parameters are adjusted dynamically during training, might offer addi-
tional benefits. Developing theoretical analyses that relate the fidelity 
of physical simulation to downstream generalization performance could 
provide principled guidance for the design of future augmentation 
strategies.

6. Conclusion

The reliable perception of complex 3D environments under di-
verse meteorological conditions presents a significant and persistent 
challenge for autonomous driving systems. This issue constitutes a 
key barrier to their widespread and safe deployment. Conventional 
deep learning models for LiDAR point cloud semantic segmentation, 
often trained on extensive datasets gathered in clear weather, typically 
experience marked performance degradation when operating in rain, 
snow, or fog. These atmospheric phenomena fundamentally alter LiDAR 
measurements via complex physical mechanisms, including scatter-
ing, attenuation, and occlusion. This creates a significant domain gap 
between training and deployment conditions. This paper addressed 
this challenge by focusing on domain generalization. The goal is to 
enable models trained exclusively on source domain data (such as clear 
weather or synthetic datasets) to perform effectively in unseen target 
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domains characterized by adverse weather, without requiring access to 
target domain labels or necessitating run-time adaptation.

We introduced PhyDAWS, a novel framework that incorporates 
physically-inspired modeling of LiDAR-weather interactions. PhyDAWS 
utilizes two complementary simulation approaches: a phenomenolog-
ical technique capturing observed phenomena and a detailed Mie 
scattering-based method. These approaches generate physically
grounded augmentations that move beyond heuristic or purely geomet-
ric strategies. Through extensive experiments on established
SemanticKITTI-to-SemanticSTF and SynLiDAR-to-SemanticSTF domain 
generalization benchmarks, PhyDAWS demonstrated state-of-the-art 
performance. It achieved consistently higher mIoU scores across var-
ied adverse weather conditions, improving upon prior state-of-the-
art methods by significant margins (ranging from 4.1% to 10.3% 
for real-to-real and 0.3% to 5.2% for synthetic-to-real transfer). Fur-
thermore, systematic ablation studies provided evidence for the in-
dividual contributions and synergistic effects of the phenomenologi-
cal and Mie-scattering simulations, validating the effectiveness of the 
physically-inspired components.

In conclusion, this paper provides strong evidence for the efficacy 
and potential of physically-inspired data augmentation as a princi-
pled and effective strategy for achieving domain generalization in 
LiDAR point cloud semantic segmentation under diverse weather con-
ditions. By systematically modeling the physical processes affecting 
sensor measurements, the PhyDAWS framework improves the reliabil-
ity of 3D perception models when faced with unseen adverse weather. 
This contributes to enabling autonomous systems capable of navigat-
ing and operating more safely and reliably across the wide range of 
environmental conditions encountered in real-world operation.
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