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Source-Only Cross-Weather LiDAR via Geometry-Aware Point Drop
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Abstract— Adverse weather conditions, such as rain, snow,
and fog, severely degrade LiDAR semantic segmentation by
introducing refraction, scattering, and point dropouts that com-
promise geometric integrity. While prior approaches ranging
from weather simulation and mixing-based augmentation to
domain randomization and regularization enhance robustness,
they frequently overlook structural vulnerabilities inherent to
object boundaries, corners, and highly sparse regions.

To address this limitation, we propose a Light Geometry-
Aware Adapter. This module aligns azimuths and applies hori-
zontal circular padding to preserve neighbor continuity across
the 0°-360° wrap-around boundary. Using a local-window K-
Nearest Neighbors (KNN) search, it aggregates nearby points
and computes lightweight local statistics, compressing them
into compact geometry-aware cues. During training, these
cues facilitate region-aware regularization, which effectively
stabilizes predictions in structurally fragile areas. The proposed
adapter is designed to be plug-and-play, complements existing
augmentation techniques, and operates exclusively during train-
ing, incurring negligible inference overhead.

Operating under a rigorous source-only cross-weather
paradigm wherein models are trained on SemanticKITTI and
evaluated on SemanticSTF without target-domain labels or
fine-tuning, our adapter achieves a +3.4 mloU improvement
over strong data-centric augmentation baselines. Furthermore,
it demonstrates performance comparable to advanced class-
centric regularization methods. These findings highlight that
geometry-driven regularization constitutes a critical pathway
toward achieving highly robust, all-weather LiDAR segmenta-
tion.

I. INTRODUCTION

LiDAR provides accurate ranging for autonomous driving,
but adverse weather such as rain, snow, and fog induces
refraction, scattering, and point dropouts that distort point
clouds and degrade segmentation [1], [2]. Foreground classes
(vehicles, pedestrians, riders) are especially vulnerable due to
low point density, making errors safety-critical. Generic reg-
ularizers such as Dropout [3] do not directly address struc-
tural distortions, including boundary breaks, corner loss, and
noisy sparse regions. We study source-only cross-weather
transfer, training on SemanticKITTI [4] and evaluating on
SemanticSTF [5] without target labels or fine-tuning.

Prior work largely follows two strategies. The first uses
data augmentation and domain randomization to mimic
weather via dropping, jittering, or simulation [5], [6], [7].
The second encourages invariance and consistency under
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Fig. 1: Failure Cases in Adverse Weather [2]. (a) The base-
line misclassifies a bus, merging it into a nearby building.
Conversely, our Light Geometry-Aware Adapter preserves lo-
cal neighbor continuity, accurately segmenting the bus (blue).
(b) The baseline blurs the semantic boundary between a
building and a fence, whereas our method distinctly preserves
this structural boundary.

distribution shifts through mixing-based generalization, un-
certainty mitigation, or regularization. However, augmenta-
tion alone often fails to capture structural vulnerabilities
at boundaries and in sparse regions, and consistency-based
methods frequently omit explicit local geometry, which can
increase confusion between boundary-adjacent classes. We
adopt the source-only setting throughout.

Fig. 1 elucidates the core motivation of our approach. A
standard data-centric augmentation baseline [2] is prone to
merging a bus into an adjacent building or blurring the pre-
cise boundary between a building and a fence when neighbor
relations are corrupted by weather noise. In contrast, our pro-
posed methodology actively preserves neighbor continuity
and curtails boundary leakage by explicitly modeling local
point-to-point structural relationships.

We therefore introduce a Light Geometry-aware adapter
that injects two geometry signals into training. First, it
preserves neighbor continuity from the LiDAR scanning
pattern by aligning azimuth and applying horizontal circular
padding across the 0°-360° seam. Second, it aggregates
a local-window KNN neighborhood to compute simple lo-
cal statistics (offsets and dispersion) that summarize struc-
tural risk at boundaries, corners, and sparse zones. These
geometry-aware cues guide region-aware regularization and
stabilize learning under weather-induced sparsity. Unlike
PointDR [5], which broadens the training distribution via
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Fig. 2: Comparison of LiDAR segmentation pipelines under
the source-only setting. (a) Conventional networks lacking
structural noise modeling. (b) Data-centric augmentation
employing selective jittering and learnable point drop [2]. (c)
Our pipeline, featuring the Light Geometry-Aware Adapter,
which systematically enhances region-level dropping by an-
choring it to local geometric continuity.

large-scale domain randomization, our adapter explicitly
links local geometry to the learning signal. It is lightweight,
plug-and-play, and complementary to augmentation. On
SemanticKITTI—SemanticSTF, we obtain consistent gains
over strong data-centric baselines and also improve over
a class-centric regularization baseline [1]. Fig. 2 illustrates
how the adapter enhances region-level dropping for robust
segmentation in adverse weather.

Our main contributions are:

1) Light Geometry-aware adapter. We distill a
lightweight geometry module that preserves neigh-
bor continuity via circular padding and local-window
KNN, providing geometry-aware cues before dropping
with low computation.

2) Geometry-conditioned robustness. We introduce
region-aware regularization driven by these cues to
reduce confusion at boundaries, corners, and sparse
regions under adverse weather.

II. RELATED WORK

A. Semantic Segmentation of LiDAR Point Clouds

LiDAR semantic segmentation methods are typically cat-
egorized into voxel-based, projection-based (range-view),
and point-based approaches. Voxel-based models exploit
sparse 3D convolutions for large-scale outdoor scenes,
e.g., SPVCNN [9] and Cylinder3D [10], and transformer
variants further extend this line, e.g., SphereFormer [11].
Projection-based methods render scans to range images
and apply 2D CNN backbones, such as SqueezeSeg [12]
and RangeNet++ [13]. Point-based models operate directly
on points, from PointNet/PointNet++ [14], [15] to kernel-
based and lightweight designs, e.g., KPConv [16] and
RandLLA-Net [17]. While accuracy has improved steadily,
adverse-weather robustness remains challenging, motivating
geometry-aware components that stabilize local structure.

B. Augmentation and Domain Generalization for LiDAR

Data augmentation and synthesis broaden training distribu-
tions through geometric and intensity perturbations, as well
as mixing-based strategies. PolarMix [6] and UniMix [7]
recombine scans to increase diversity and reduce domain
gaps. Domain generalization and adaptation further align
representations with distribution-matching objectives, e.g.,
DGAF-L [18] and PCL [19]. These methods improve cover-
age or alignment but do not explicitly preserve neighborhood
continuity under weather-induced sparsity. Our adapter is
complementary, providing local geometry cues that can be
used alongside existing augmentations.

C. LiDAR Perception in Adverse Weather

Environmental phenomena such as rain, snow, and fog
introduce severe refraction, scattering, and point dropouts,
precipitously degrading perception accuracy [1], [2]. The
SemanticSTF dataset [5] provides a critical real-world bench-
mark for evaluating these specific failure modes. Recent
data-centric pipelines have integrated selective jittering with
Reinforcement Learning (RL)-guided point dropping to sys-
tematically target noise-driven vulnerabilities [2]. In a related
vein, TripleMixer [8] employs a Geometry Mixer to model
local relations. Distinct from these approaches, our Light
Geometry-Aware Adapter extracts non-parametric geometric
cues from local-window neighborhoods utilizing circular
wrapping. These specific cues directly inform and support
region-aware training objectives, dynamically adapting to
structural fragility in adverse weather.

III. METHOD
A. Overview

Our objective is to strengthen a data-centric augmentation
pipeline based on Selective Jittering (SJ) and an RL-based
Learnable Point Drop (LPD) module [2] by integrating a
Light Geometry-Aware Adapter, so that structural vul-
nerabilities under adverse weather are explicitly reflected
in the training signal (Fig. 3). SJ emulates weather-induced
corruptions, while LPD selects dropping regions and ratios
from region-level statistics. The adapter is inserted only
before LPD. It preserves neighborhood continuity across the
0°-360° seam via horizontal circular wrapping/padding and
extracts compact geometry-aware cues using a local-window
KNN. These cues are injected into the RL agent state to
steer region-level dropping toward boundaries, corners, and
sparse regions, reducing boundary-adjacent semantic confu-
sion (e.g., bus<>building; Fig. 1). Unlike PointDR [5], which
relies on domain randomization, our adapter deterministically
couples local geometry with the dropping policy. We evaluate
this architecture under the SemanticKITTI—SemanticSTF
source-only transfer setting.

B. In Detail

Selective Jittering (SJ) : We adopt SJ as introduced
in prior data-centric augmentation work [2]. SJ injects
non-uniform, frame-wise perturbations that mimic adverse
weather by selectively applying small offsets or noise to a
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Fig. 3: The Overall Pipeline. Selective jittering emulates weather-induced artifacts [2]. Before the learnable point drop
module, the Light Geometry-Aware Adapter extracts compact geometry-aware cues via local-window KNN with circular
wrapping to preserve 0°-360° continuity. These cues guide region-level regularization at boundaries, corners, and sparse

structures, improving robustness under adverse weather.
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Fig. 4: Global KNN constructs neighborhoods from the
entire scan, often matching distant points across the azimuth
seam, which increases overhead and weakens locality [8]. In
contrast, our Light Geometry-Aware Adapter uses horizontal
local-window KNN with circular padding to wrap the 0°—
360° seam, preserving edge and corner cues with lightweight
computation.

subset of points, conditioned on simple factors such as range,
bearing, and intensity. Unperturbed points remain unchanged.
The perturbed input is fed to both the reference and drop
branches. This produces supervision that captures noise-
driven vulnerabilities alongside structure-driven ones.

Light Geometry-aware adapter. For each query point
pi» we retrieve K neighbors N (i) = {p},...,pX} using
a horizontal local-window KNN and apply circular padding
to preserve neighbor continuity across the 0°-360° azimuth
seam. Compared to conventional mixers that use a global
KNN search over the entire scan [8], our restricted candidate
window reduces spurious cross-boundary matches and lowers
computation (Fig. 4). We first stabilize local features by
voxel-wise mean pooling, yielding a base feature v; for

p; within the window, and compute a windowed mean
coordinate p;. We then summarize local geometry with
two lightweight dispersion indicators: dgl) = |lpi — will
(off-center geometry near boundaries/corners) and dl(-Q) =
+ Zleﬂpf — ;|| (spread/compactness of local support).
Using these quantities, we mix p; with each neighbor and
pool them with attention:

& =gpipf e —ph)owmald,d”]), O
af = FC(eh),

K
= )
k=1

¥ = Softmaxy (aF)

Finally, we form a geometry-aware cue g; by fusing the
pooled feature f} * with the base feature v;:

g9i =MLP(v; & ') @ p;, 3)

where g; augments only the pre-LPD agent state, keeping
the inference path unchanged. g; is the final geometry-aware
cue.

RL-Based Region-Level Point Drop: We retain the core
LPD architecture established in prior work [2], purposefully
augmenting the RL agent’s state representation with the
newly derived geometry-aware cues. While the standard
LPD primarily identifies noise-induced vulnerabilities via
rudimentary loss and uncertainty metrics, our enhanced state
matrix provides an explicit, quantifiable signal for structural
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TABLE I: Quantitative evaluation on SemanticKITTI—SemanticSTE. Our method improves per-class IoU and overall mloU
over strong baselines, showing that geometry-conditioned, region-aware point dropping enhances structural robustness for

cross-weather adaptation.

Method \ car bicle mtcle truck bus pers biclst mtclst road parki. sidew. oth.g. build. fence veget. trunk terra. pole traf. \mIoU
Oracle 894 421 00 599 612 696 390 0.0 822 215 582 456 86.1 63.6 802 520 77.6 50.1 61.7| 54.7
Source-only 559 00 02 02 109 103 6.0 0.0 612 109 320 00 679 416 498 279 408 29.6 15.7| 244
Dropout [3] 62.1 00 155 3.0 115 54 20 0.0 584 128 267 1.1 721 43.6 529 342 435 284 155 257
Perturbation 744 00 00 233 06 197 200 00 00 593 107 320 72 702 452 57.1 479 282 162| 259
PolarMix [6] 578 18 36 37 2065 37 205 00 657 29 359 487 710 587 538 205 454 293 158| 26.6
MMD [18] 63.6 00 26 174 114 281 0.0 0.0 67.0 141 376 412 671 412 571 224 479 282 162 269
PCL [19] 659 00 04 173 84 84 84 0.0 59.6 12.0 353 63.1 740 475 607 158 489 26.1 275 264
PointDR [5] 673 00 45 199 188 27 200 00 626 129 368 438 733 438 564 322 457 287 27.4| 264
DGLSS [21] 726 0.1 117 294 137 483 05 212 650 202 365 38 789 518 57.0 364 427 269 349| 346
UniMix [7] 827 66 86 45 199 355 151 155 558 102 365 40.1 728 401 49.1 235 394 235 31.5| 315
DGUIL [22] 779 1.0 19.1 260 9.7 463 0.6 93 691 98 386 94 733 512 590 31.8 508 31.8 22.3| 314
LiDARWeather [2] 83.1 12 172 305 184 475 1.07 188 64.0 159 387 46 774 508 59.7 372 477 31.1 358| 358
No Thing, Nothing [1][83.3 3.7 313 362 182 533 68 459 672 181 372 54 721 418 580 36.0 460 39.8 389 389
Ours 850 99 239 387 236 463 97 288 654 131 375 1.8 778 506 652 394 538 32.7 40.7| 39.2

Algorithm 1 LPD with Light Geometry-aware Adapter

Require: input cloud P, backbone f, decision module @,
drop ratios B, selective jittering S.J, Light Geometry-
aware Adapter adapter

Ensure: perturbed cloud P’, geometry-aware cues g, region

features {F}, }

P« SJ(P); u < Uncertainty(f(P))

g + adapter(P)

{(Ry, F1.)} + BuildRegions(P, g

(k*,b*) < e-greedy argmaxy Q@

P+ RegionDrop(P Ry, B[b*]

")) — SegLoss(f

= [Fk-*, }, a

[Fk,u], b)

\_/A =

r < SegLoss(f (P
update ) with (5
update f

/\

P)) — \ - gt_ratio
(k*,0%), 7, 8');

NN Ry

vulnerabilities at geometric boundaries, corners, and sparse
zones. This geometrically-grounded state guides the DQN
policy [20] to selectively target regions exhibiting high
structural risk, effectively coupling reinforcement learning
decisions with concrete geometric evidence.

Overall Workflow: Algorithm 1 details the integrated pro-
cedure. Given an SJ-perturbed input P, the adapter extracts
geometry-aware cues {g;} and constructs region descriptors
{(Rk, Fy;)} prior to the LPD phase. Specifically, BUILDRE-
GIONS groups points into candidate regions via a coarse spa-
tial partitioning (e.g., voxelization with size A), where each
region Ry, is the set of point indices falling into the same cell.
For each region, we compute the region-level descriptor Fj
by applying a permutation-invariant aggregation (e.g., mean
pooling) over point-level cues {g; | ¢ € Ry}, optionally
concatenated with simple region statistics such as point
count or density. These descriptors are concatenated with the
segmentation backbone’s initial predictions and calculated
uncertainty to construct the Q-network state matrix. An e-
greedy policy subsequently dictates the target drop regions
and ratios.

C. Loss Formulation

Following the established dual-branch paradigm [2], the
reference branch operates solely with selective jittering (SJ),

while the drop branch executes the LPD mechanism in-
formed by our Light Geometry-Aware Adapter. Let ¢ €
{1,...,N} and ¢ € {1,...,C} denote point and class
indices, respectively. Ground-truth labels are defined as Y =
{y\”}, with predicted probabilities ¥ = {§{“)} and corre-
sponding class weights w,. The adapter outputs a normalized
vulnerability score s; € [0,1] for each point 7. We utilize
K > 0 for geometry-aware loss reweighting, alongside o > 1
and 1 > 0 to balance the post-drop and entropy regularization
terms.

Base Objective: We compute the standard class-weighted
cross-entropy loss:

Lep(Y,Y) 4)

—%Zzwy Mog 1.

i=1 c=1
The reference branch loss is designated as Luefore =
Lor(Ys), Y).
Geometry-Aware Reweighting After Drop: To penal-
ize structural degradation, the post-drop loss dynamically

reweights the contribution of each point by (1 + xs;):

C
- Z We yEC) log gi(,ccgrop

c=1

N
1
Latier = 77 2(1 + Ksi) (5)
Entropy Regularization: To mitigate network over-
confidence and enforce consistency between the dual
branches we incorporate an entropy term. Defining H(p) =
- Z p(c log p(®), the regularization loss is formulated as:

Lon = QNZ( (Fisi +H(YZdrop)) 6)

Total Optimization Objective: The final loss optimized
during training is:

»Cseg = »Cbefore + »Cafter +n »Cent~ @)
IV. EXPERIMENTS
A. Setup
All  models are evaluated wunder the rigorous

SemanticKITTI—SemanticSTF source-only cross-weather

6069



Light fog
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Fig. 5: Qualitative results on SemanticSTF [5] in light fog, dense fog, rain, and snow. Top: baseline [2]. Middle/Bottom:
ours (W =512, K = 8), (W = 256, K = 16). Our adapter preserves continuity and reduces boundary confusion.

TABLE II: Hyperparameter ablation of the Light Geometry-
Aware Adapter (window size W, neighbors K) on
SemanticKITTI—SemanticSTF.

Method ‘ car bicle mtcle truck bus

LiDARWeather [2] 831 1.2 172 305 184 475 | 358
No Thing, Nothing [1] | 83.3 3.7 31.3 362 182 533 | 389

Ours (W=256, K=8) 856 7.1 28.0 315 263 511 | 378
Ours (W=256, K=16) | 85.0 9.9 239 387 236 463 | 39.2
Ours (W=512, K=8) 845 84 205  41.0 273 48.1 | 38.0
Ours (W=512, K=16) | 86.0 6.8 19.1 377 30.6 495 | 37.1

pers ‘ mloU

paradigm. Models are trained entirely on SemanticKITTI [4]
and evaluated directly on SemanticSTF [5], strictly
forbidding target-domain labels or fine-tuning. We report
the mean Intersection over Union (mloU) and per-class
IoU across 19 semantic categories. To ensure statistical
reliability given the competitive margins against advanced
baselines, we execute our method and the class-centric
baseline across three random seeds, observing highly
consistent improvements in mloU and specifically within

TABLE III: Component ablation  analysis on
SemanticKITTI—SemanticSTE. ’C’  denotes Circular
Padding, 'L’ denotes Local-window KNN.

édaptir ‘ Drop | car bicle mtcle truck bus pers ‘ mloU
v X X 853 78 174 364 221 513 | 38.0
x v X 856 65 252 375 237 516 379
v v X 858 8.1 275 372 222 49.0 | 383
VA v 855 9.0 19.7 343 275 482 | 384
X v v 854 107 206 385 237 51.6| 38.0
X X v 852 118 18,6 274 264 56.0 | 38.0
v v v 85.0 99 239 387 236 463 | 39.2

safety-critical classes.

B. Main Results and Comparative Analysis

Table I summarizes the quantitative results. Our full
method achieves 39.2 mloU, outperforming strong data-
centric baselines and reaching performance comparable to
the advanced class-centric regularization framework [1].
Fig. 5 further shows qualitative results across light fog, dense
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TABLE IV: Comparison

of methods on the SynLiDAR— SemanticSTF benchmark.

Method ‘ car bicle mtcle truck oth-v. pers. bi.clst mt.clst road parki. sidew. othe.g. build. fence veget. trunk terra. pole traf. ‘mIOU
Oracle 89.4 421 0.0 599 612 696 390 0.0 822 215 582 456 861 63.6 802 520 77.6 50.1 61.7| 54.7
Source-only 271 30 06 158 0.1 252 1.8 56 239 03 146 06 363 199 379 179 418 95 23| 150
Dropout [3] 28.0 3.0 14 96 00 171 038 07 342 68 305 1.1 355 19.1 423 17.6 360 140 28 | 152
Perturbation 271 23 23 160 0.1 237 12 40 270 36 162 08 292 167 353 183 179 51 24| 152
PolarMix [6] 392 1.1 22 83 15 178 08 07 233 13 175 04 452 248 462 20.1 387 109 0.6 | 157
MMD [18] 255 23 21 132 07 221 14 75 308 04 176 04 309 197 376 193 435 99 26 | 151
PCL [19] 309 038 1.4 100 04 233 4.0 79 285 13 177 12 394 185 400 180 386 121 23| 155
PointDR [5] 378 25 24 236 0.1 263 22 77 279 717 175 05 476 253 457 210 375 179 55| 185
DGLSS [21] 479 29 34 174 1.1 280 24 73 288 102 18.1 02 489 253 465 214 452 179 49| 198
UniMix [7] 654 0.1 39 169 53 323 20 193 521 50 273 3.0 494 203 585 227 232 261 209 234
DGUIL [22] 433 28 26 232 32 313 25 44 343 92 179 03 571 276 50.0 242 415 190 6.1 | 21.1
LiDARWeather [2] 390 25 25 223 03 270 18 40 36.1 103 19.0 1.0 50.6 245 451 232 341 219 72| 19.6
No Thing, Nothing [1] | 48.4 1.5 24 194 02 291 32 89 435 67 205 0.0 522 301 498 200 329 247 7.5 | 21.1
Ours 49.1 50 23 262 18 298 19 6.4 488 85 216 00 552 255 486 243 40.1 200 62| 22.1

fog, rain, and snow, where our approach produces sharper
boundaries and fewer label inversions in structurally sparse
regions.

Mechanisms of the Adapter and Region-Level Drop:
The Light Geometry-Aware Adapter stabilizes learning under
weather-induced sparsity by preserving neighbor continu-
ity and exposing structural risks at boundaries and cor-
ners, thereby suppressing boundary fragmentation and local
class inversions. Region-level Drop complements this by
perturbing structurally coherent regions instead of isolated
points, reducing supervision damage near object perimeters.
Together, geometry-conditioned dropping yields improved
robustness, particularly for large rigid and safety-critical
categories.

Comparison to Class-Centric Regularization: Class-
centric regularization directly enforces class-wise priors,
providing notable advantages for rare or structurally thin
categories that suffer extreme degradation in adverse weather.
Our methodology, by contrast, is intrinsically neighborhood-
driven. Thus, its efficacy is maximized when localized struc-
tural support remains partially intact. When point clouds
become severely decimated, class-centric priors may retain
an edge; however, our geometry-driven approach provides
a fundamentally orthogonal and highly competitive signal,
as evidenced by our superior performance across dominant
structural categories.

Limitations and Failure Cases: Failures persist when
local evidence is insufficient for stable region formation and
cue aggregation. (i) Extreme long-range sparsity: Dense fog
or snow yields few returns on thin structures, making Fj
noisy and degrading geometrically thin classes (e.g., poles,
traffic signs). (ii) Severe occlusion/truncation: Fragmented
visibility near depth discontinuities can merge distinct sur-
faces, inducing region leakage and boundary label bleeding.
(iii) Missing points: Large spatial voids bias pooling toward
dominant background context, and the RL drop may over-
perturb fragile regions. Finally, (W, K) trades sparsity toler-
ance against boundary sharpness; the full adapter is generally
the most reliable. Future work will explore uncertainty-
adaptive neighborhoods and occlusion-aware region parti-
tioning to mitigate these cases.

C. Ablation and Generalization

Ablation. Table II studies the hyperparameters (W, K).
The adapter consistently improves over the data-centric
baseline, with the best setting reaching 39.2 mloU. Larger
K helps aggregate large rigid objects but can smooth fine
boundaries, while larger W increases candidates under spar-
sity yet may introduce irrelevant neighbors when struc-
ture is fragmented. Table III isolates components and their
interaction with Region-level Drop. Circular padding (C)
stabilizes continuity at the azimuth seam, and local-window
KNN (L) suppresses spurious long-range matches. Their
combination yields the most reliable cues, and Region-level
Drop performs best with the full adapter by forming coherent
regions without fragmenting boundaries.

Generalization. To test robustness beyond a single source
dataset, we additionally evaluate SynLiDAR—SemanticSTF.
As shown in Table IV, our method remains competitive under
the synthetic-to-real shift, achieving 22.1 mloU. Importantly,
the qualitative trend is consistent with the main transfer:
geometry-aware cues primarily help classes where local
continuity and region consistency are informative (e.g., large
rigid and safety-critical categories), while extremely sparse
or occluded structures remain challenging. This cross-source
result supports that the proposed geometry-aware cues and
region-level dropping are not tied to a specific source domain
and can preserve robustness under substantial distribution
changes.

V. CONCLUSIONS

In this paper, we introduced the Light Geometry-
Aware Adapter, a novel mechanism that drastically en-
hances region-level point dropping for LiDAR semantic
segmentation in adverse weather. Evaluated on the rig-
orous SemanticKITTI—SemanticSTF benchmark, our ap-
proach boosts the mloU by +3.4 over robust data-centric
baselines, achieving performance on par with advanced class-
centric regularization models. The adapter is fundamentally
lightweight, highly computationally efficient, and strictly
plug-and-play during training. Future research will focus
on integrating these geometric abstractions with dedicated,
physics-based adverse-weather simulators to further bridge
the sim-to-real domain gap.
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