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Abstract

Existing domain generalization methods for LiDAR se-
mantic segmentation under adverse weather struggle to ac-
curately predict “things” categories compared to “stuff”
categories. In typical driving scenes, “things” categories
can be dynamic and associated with higher collision risks,
making them crucial for safe navigation and planning. Rec-
ognizing the importance of “things” categories, we iden-
tify their performance drop as a serious bottleneck in ex-
isting approaches. We observed that adverse weather in-
duces degradation of semantic-level features and both cor-
ruption of local features, leading to a misprediction of
“things” as “stuff . To mitigate these corruptions, we sug-
gests our method, NTN - segmeNt Things for No-accident.
To address semantic-level feature corruption, we bind each
point feature to its superclass, preventing the misprediction
of things classes into visually dissimilar categories. Ad-
ditionally, to enhance robustness against local corruption
caused by adverse weather, we define each LiDAR beam
as a local region and propose a regularization term that
aligns the clean data with its corrupted counterpart in fea-
ture space. NTN achieves state-of-the-art performance with
a +2.6 mloU gain on the SemanticKITTI-to-SemanticSTF
benchmark and +7.9 mloU on the SemanticPOSS-to-
SemanticSTF benchmark. Notably, NTN achieves a +4.8
and +7.9 mloU improvement on “things” classes, respec-
tively, highlighting its effectiveness.

1. Introduction

LiDAR Semantic Segmentation (LSS) involves predicting
semantic labels directly for each 3D point, an important
building block for autonomous driving. However, LSS mod-
els exhibit a significant performance drop under adverse
weather conditions such as fog, rain, and snow [8, 12, 17,
25, 28]. Since safety is the highest priority in autonomous
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Figure 1. Previous methods struggle to accurately predict the
things category in adverse weather. Our approach overcomes this
limitation with improved performance for things category.

driving, it is essential to develop robust models that can
maintain high accuracy regardless of weather conditions.

To mitigate this issue, existing research on improving ro-
bustness under adverse weather conditions can be broadly
categorized into domain generalization and domain adap-
tation methods. Domain adaptation methods [28] utilize
real weather training data to train LSS models to be ro-
bust against weather corruption. In contrast, domain gener-
alization methods aim to create models robust to weather
corruption only using training data under clean weather.
Typically, these studies either improve training mecha-
nisms [8, 25] or generate LiDAR data through weather
simulations [6, 7, 17]. Domain generalization in adverse
weather is particularly important, as real weather varies in
type and severity and occurs infrequently, making data col-
lection challenging. In this paper, we focus on the domain
generalization problem.

However, existing Domain Generalization methods for
LiDAR Segmentation under Adverse Weather (DGLS-AW)
show significant performance variations across semantic
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Figure 2. (a) Comparison of things classes in SemanticKITTI [3] (clean) and SemanticSTF [25] (corrupted) datasets. (b) Examples of
things classes misclassified as stuff’ due to weather corruption. The prediction results were obtained with SJ+LPD [17].

classes. In driving scenarios, semantic categories can be
divided into stuff and things. Stuff shows continuous dis-
tributions and is static such as road and terrain. Mean-
while, things consist of distinct and dynamic instances
like pedestrians, bicycles, cars, and trucks. As shown in
Fig. 1, the segmentation models generalized for adverse
weather [8, 12, 17, 25, 28] exhibit significantly lower pre-
diction performance for things compared to stuff. Even the
state-of-the-art model SJ+LPD [17] shows a significant per-
formance gap, with things mloU averaging 11.8 lower than
stuff. This performance gap poses serious challenges for au-
tonomous driving. Failing to accurately detect objects like
pedestrians or vehicles can lead to critical incidents, as it
hinders the ability to react quickly to their movements. On
the other hand, missing stuff category generally has a lower
impact on immediate accident risk. | For these reasons, ac-
curately detecting things is a critical mission considering
driving applications.

Our study focuses on mitigating performance limitations
for the things classes in DGLS-AW. For that, we first iden-
tify key factors contributing to the performance gap and pro-
pose a solution to address each challenge: weather-induced
corruption confuses the LSS model at both (1) semantic-
level and (2) local-level features separately, especially for
things classes.

First, adverse weather causes severe deformation, par-
ticularly affecting things classes, making their shapes un-

'Tt is well-known that misclassifying a things category as a stuff cate-
gory can be fatal, as it fails to account for the potential movement of these
objects. It was revealed that an accident that occurred in May 2016 while
using a driving assistance system was caused by incorrectly predicting the
white part of the trailer as the sky [, 9].
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recognizable and hindering the learning of semantic-level
features. As shown in Fig. 2 (a), stuff classes (building,
vegetation, and road) are large enough to cover the
entire scene, therefore their geometric features remain sta-
ble regardless of whether the data is clean or corrupted. In
contrast, things classes show surprisingly different appear-
ances in clean and corrupted data.

This difference arises because things classes are gener-
ally small and dispersed, leaving them vulnerable to missing
points that can distort their structure. For example, person
class, belonging to the things category, have dense and clear
shapes under clean weather, as shown on the far left of the
Fig. 2 (a) and (b). Consequently, under adverse weather con-
ditions, the person and car points are fewer in number
and have obscure shapes. We analyze that weather-induced
corruption blurs the boundary between things and stuff,
leading to frequent misclassification. Even the state-of-the-
art method, SJ+LPD [17], often confused between things
and stuff as shown in Fig. 2 (b).

To tackle this, we propose a Feature Binder (FB) that
groups semantically similar classes into superclasses. By
binding each point feature to its superclass, FB ensures that
even in the presence of corruption, things classes can learn
and retain their semantic information. This approach effec-
tively reduces misclassification between things and stuff.

Second, the corruption leads to the loss of local-level
features, which is especially critical for things classes due
to their smaller size. Previous research states that adverse
weather effects like point drops affect each laser beam inde-
pendently, causing local feature corruption [6, 7, 17]. Since
things classes rely heavily on distinctive local features (e.g.,



point patterns, intensity) for accurate prediction, this cor-

ruption is particularly detrimental to them. Missing points

remove essential training signals from these regions, pre-
venting effective feature learning for precise predictions.
To mitigate this issue, we introduce Beam-wise Feature

Distillation (BFD), which aligns the features of corrupted

data with those of clean data. By matching corrupted points

with their clean counterparts, we provide additional infor-
mation to the things classes. This addition allows the model
to robustly predict things even under severe corruption, as
the dense points from the clean data compensate for the
missing information in the corrupted data.

We propose NTN (segmeNt Things for No-accident),

a novel approach that integrates FB and BFD to tackle
semantic- and local-level feature corruption in DGLSS-
AW. NTN significantly improves the robustness of LSS
models against adverse weather conditions, with par-
ticular benefits for safety-critical things classes. This
approach achieves state-of-the-art performance on both
the SemanticKITTI-to-SemanticSTF and SemanticPOSS-
to-SemanticSTF benchmarks, with overall mIoU improve-
ments of +2.6 and +7.9 for each, respectively. Notably,
NTN demonstrates a +4.8 and +7.9 boost in things classes
on these benchmarks, significantly increasing accuracy for
highly mobile or structurally complex objects such as
person, bicycle, and motorcyclist. These results
show NTN’s ability to maintain precise segmentation of
risk-sensitive objects in adverse weather scenarios.

In summary, our contributions are as follows:

1. To our knowledge, we are the first to identify a significant
performance degradation in safety-critical things classes
under adverse weather conditions. We found that dam-
age to both semantic- and local-level features caused by
weather corruption is a key factor in performance degra-
dation, particularly for things classes.

To address these issues, we propose segmeNt Things for

No-accident, which integrates two novel modules; Fea-

ture Binder and Beam-wise Feature Distillation.

. Our approach achieves state-of-the-art results on the
SemanticKITTI-to-SemanticSTF and SemanticPOSS-to-
SemanticSTF benchmarks, with significant gains of+4.8
and +7.9 in things classes performance, respectively.

2. Related Works
2.1. LiDAR Semantic Segmentation

LSS methods can be broadly categorized into (1) point-
based, (2) projection-based, and (3) voxel-based approaches
based on their input representations.

Point-based methods [18, 21, 27] process 3D points di-
rectly as input. PointNet [18] employs sequential MLPs for
directly merging local features of points into global fea-
ture vector. KPConv [21] defines 3D kernel points and per-
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forms direct convolution with input points. Building upon
this approach, KPConvX [22] introduces attention mech-
anisms within the kernel points, thereby enhancing the
model capacity without significantly increasing the size
of the 3D convolutional network. The Point-Mixer [4]
adapts the MLP-Mixer [23] for point cloud processing. The
Point Transformer [27] leverages a transformer architecture
to compute query points within each local neighborhood
found by k-nearest neighbors. While effective, these meth-
ods incur high computational costs due to processing large-
scale raw LiDAR data. This is why point-based methods are
not suitable for outdoor LSS.

Projection-based methods [2, 11, 15] project LiDAR
points onto a 2D plane, allowing semantic segmentation to
leverage architectures originally developed for 2D image
tasks. RangeNet++ [15] was the first to address LSS using
range images via spherical projection, adapting 2D convo-
lutional neural networks for this purpose. RangeViT [2] ap-
plies a pre-trained ViT model on 2D images, demonstrat-
ing effective use of 2D image pre-training for range im-
ages. RangeFormer [ 1] introduces "RangeAug,” which en-
hances 2D-projected range images by generating multiple
inputs to boost model performance. Projection-based ap-
proaches offer fast inference but are limited by information
loss during projection.

Voxel-based methods [5, 13, 29] divide 3D space into
voxel grids for efficient computation. MinkowskiNet [5]
voxelizes LiDAR data into cubic grids, using sparse con-
volutions. SPVCNN [20] builds on MinkowskiNet with an
added point-wise MLP. Cylinder3D [29] uses cylindrical
partitions, addressing LiDAR density variations with dis-
tance. SphereFormer [13] applies radial windows in vox-
elization and a transformer to aggregate long-range infor-
mation. Voxel-based methods offer a balance of inference
speed and segmentation accuracy.

2.2. LiDAR under Adverse Weather Conditions

Recently, LIDAR perception research in adverse weather
has gained attention for its practical significance in au-
tonomous driving, focusing on (1) weather simulation and
(2) task-agnostic domain generalization methods.

Hahner et al. [6, 7] use physical modeling to create syn-
thetic datasets for specific weather conditions, integrating
them into training. UniMix [28] extends these works for
adapting LiDAR segmentation models for adverse weather
using these simulations. SJ+LPD [17] deviate from physi-
cal modeling, incorporating weather-induced corruption via
point dropping and jittering to enhance robustness.

Recent task-agnostic approaches [8, 12, 25] employ gen-
eral machine learning techniques, such as teacher-student
frameworks and prototyping, to enhance robustness. Kong
et al. [12] introduced random dropout in the teacher-student
architecture to build noise-resistant models. PointDR [25]
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Figure 3. Confusion matrices for (a) superclasses and (b) things
and stuff. It shows a significant performance gap between things
and stuff; things are often misclassified as stuff, whereas the re-
verse misclassification is rare.

generates a prototype in the clean weather branch and mul-
tiplies corrupted branch features by this prototype matrix,
utilizing clean data insights. DGUIL [8] addresses point un-
certainty under domain shifts by improving point features
across varying distributions in uncertain point clouds.

However, existing weather simulation and domain gen-
eralization methods focus on replicating weather conditions
and do not address precise recognition of key things classes
under weather-induced corruption in driving environments.
Building on SJ+LPD [17], our work proposes methods to
enhance recognition of things classes.

3. Methods
3.1. Motivation

In this section, we aim to understand why existing
LSS methods in adverse weather underperform on the
things classes. To accomplish this, we analyze the impact
of weather-induced corruption in adverse weather on 3D
points. The findings in Sec. | can be summarized as follows:
(1) Weather corruption degrades the semantics of things
classes. (2) Local-level feature corruption causes significant
missing points and leads to information loss.

As shown in Fig. 3, even the current state-of-the-art
DGLS-AW method, SJ+LPD [17], misclassifies 22.66% of
person predictions as natural, illustrating the tendency
for things classes’ predictions to shift toward stuff. This mis-
classification occurs because the model struggles to main-
tain clear boundaries between visually distinct classes when
the input features are corrupted. To address this, we con-
strain features from the LSS model to remain close within
visually similar classes. This approach preserves seman-
tic alignment and mitigates shifts between things and stuff,
even under corruption-induced semantic degradation.

Also, as shown in Fig. 2 (a), significant missing points
cause a loss of learning signals during training. This loss is
particularly harmful to things classes. It is because things
classes, with fewer points and smaller sizes, heavily rely on
these learning signals. Specifically, in SemanticKITTT [3],
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Category | Superclass SemanticKITTI SemanticPOSS
Vehicle car, bicycle, motorcycle, truck, bus | car, bicycle
Things Person person, bicyclist, motorcyclist pedestrian
Traffic Element | fence, pole, traffic-sign
Pavement road, parking, sidewalk drivable-surface
Stuff Natural other-ground, vegetation, terrain walkable
Structure building, trunk

Table 1. Superclasses of each category and its constituent classes
for SemanticKITTI and SemanticPOSS datasets.

things classes account for only 12.3% of the total points.
The limited points in the things classes become even scarcer
when missing, resulting the poor performance in the things
category.

By focusing on these key points, we address the de-
graded performance of the rhings category in existing
DGLS-AW methods. We adopt the existing adverse weather
LSS, SJ+LPD [17] as a baseline, which achieves state-of-
the-art performance through specialized weather simula-
tion augmentations. Importantly, our proposed framework
is architecture-independent and applicable to various base-
line models beyond SJ+LPD, as it introduces new training
schemes.

3.2. Weather-corrupted LiDAR Data Generation

Existing LiDAR weather simulation methods [6, 7, 17]
simulate corrupted data X*“9 and use them as additional
training data to achieve generalized performance under ad-
verse weather. Hahner et al. [6, 7] employ physical equa-
tions to synthesize weather-specific LIDAR data for train-
ing. SJI+LPD [17], which we set as a baseline method, gen-
erates output points X by applying selective jittering to
the original clean data. Subsequently, X is input into the
Learnable Point Drop module Q(-) to produce the final aug-
mented data X *“9. In subsequent methods, we utilize X as
clean data (i.e., the original LiDAR points) and X9 as
augmented data (i.e., the simulated or augmented counter-

part).
3.3. Feature Binding Loss

Building on the analysis in Sec. 3.1, we first introduce a
concept of Feature Binding loss (FB). The purpose of FB
loss is to “bind” the output features of LSS model, prevent-
ing misprediction of things objects as stuff when weather
corruption severely affects semantic-level features.

To achieve this, we create prototypes for superclasses by
grouping visually similar pre-defined classes during LSS
training. Tab. 1 summarizes the superclass categories and
their corresponding classes. Six superclasses are defined for
SemanticKITTI [3], while four superclasses are defined for
SemanticPOSS [16]. Following the method in [10], we as-
sociated each class with its respective superclass. Classes
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Figure 4. (a) Framework of NTN. NTN builds upon SJ+LPD [17] and enhances the performance of the LSS model on the things category
through Feature Binding (FB) and Beam-based Feature Distillation (BFD). (b) FB stores prototypes obtained from clean data in a memory
bank and encourages features derived from augmented data to align with these prototypes. (c) BFD imposes constraints to ensure that
features from clean data and those obtained from augmented data match within a manually defined local region, referred to as a beam.

with significantly different shapes, such as trunk and
vegetation are assigned to separate superclasses. Ad-
ditionally, classes previously treated as background, like a
motorcyclist, were reassigned to the person class.

We then constrain the output features of the LSS model
for augmented data z*"9 to remain close to these super-
class prototypes. This approach prevents severe mispredic-
tion into visually dissimilar stuff classes, even if the se-
mantic features of input points are significantly degraded
by weather corruption.

Specifically, we compute the prototype for each class ¢;
as the mean feature of its constituent classes and store it in
the memory bank M.

1
X,

Ci
PM

> G(F (i) (1)

'

Fis the LSS model, G is a projector head with MLP, and
\X ¢;| denotes the number of points labeled as ¢; in the en-
tire class set X¢. These class-wise prototypes are updated
using an exponential moving average during each training
iteration. Subsequently, the superclass prototype PJ‘\S,;‘ is de-
fined using the class-wise prototypes belonging to each su-
perclass S,, as follows:

1
Sn Ci
P =g 2 T (2)
" Cci€ESn

where |S,,| represents the number of classes in superclass
S,,. We then fit the feature output from augmented data to
each superclass prototype to compute the FB loss as fol-
lows:

2

Lrp =

1 1 S
Tvaug] G(F (") — 75 Py
|Xc 9‘ . Z c |S\ Z M

qudgxaus Snes

3)

6694

e e

(a) Point-wise Feature Distillation { (b) Beam-wise Feature Distillation

Figure 5. Illustration of (a) Point-wise Feature Distillation and (b)
Beam-wise Feature Distillation.

This approach enables the LSS model to bind semantic
features to their appropriate superclass by creating proto-
types of visually similar, pre-defined classes. This method
enables the model to prevent misprediction of things as
stuff, even when handling corrupted inputs.

3.4. Beam-wise Feature Distillation

This section presents a method to generate additional
learning signals for things classes, which are particularly
vulnerable to weather corruption due to their limited rep-
resentation in the dataset. Weather corruption primarily af-
fects localized regions, causing significant point loss and
disrupting learning signals. Without sufficient learning sig-
nals, the model struggles to capture the necessary features
for these classes, leading to degraded performance. To ad-
dress this issue, we design an additional loss that also op-
erates within localized areas, compensating for the loss of
learning signals.

To define the local regions, we slice the LiDAR scan into
each LiDAR beam. A beam corresponds to the output re-
sponse of the laser beam that the LiDAR sensor fires at reg-
ular pitch angle intervals. Each beam scans the things object
into upper and lower local regions. Using these beams, we



traf. ‘ mloU

Method car  bicle mtcle truck oth-v. pers. biclst mtclst road parki. sidew. othe.g. build. fence veget. trunk terra. pole

Oracle ‘ 894 421 0.0 599 612 69.6 39.0 0.0 822 215 58.2 45.6 86.1 636 802 520 77.6 50.1 617 ‘ 54.7
Source-only 559 0.0 0.2 1.9 109 103 6.0 0.0 61.2 109 32.0 0.0 679 416 498 279 408 296 175 | 244
Dropout [19] 62.1 0.0 15.5 3.0 11.5 5.4 2.0 0.0 584 128 26.7 1.1 72.1 436 529 342 435 284 155 | 257
Perturbation 744 0.0 0.0 233 0.6 19.7 0.0 0.0 603 10.8 339 0.7 720 452 587 17.5 424 221 9.7 259
PolarMix [24] | 57.8 1.8 3.6 3.7 26.5 3.7 26.5 0.0 65.7 2.9 359 48.7 71.0 487 538 205 454 259 158 | 265
MMD [14] 63.6 0.0 2.6 174 114 281 0.0 0.0 67.0 14.1 37.6 412 67.1 412 57.1 274 479 282 162 | 269
PCL [26] 659 0.0 0.4 17.3 8.4 8.4 8.4 8.4 596 120 353 63.1 740 475 607 158 489 261 275 | 264
PointDR [25] | 67.3 0.0 4.5 19.9 188 2.7 0.0 0.0 626 129 38.6 43.8 733 438 564 322 457 287 274 | 286
DGLSS [10] 726 0.1 11.7 294 137 483 0.5 212 650 202 38.3 3.8 789 518 57.0 364 470 269 349 | 346
UniMix [28] 82.7 6.6 8.6 4.5 199 355 15.1 15.5 558 10.2 36.5 40.1 728 401 49.1 334 349 235 335 | 314
DGUIL [8] 779 106 19.1 26.0 9.7 46.3 6.0 9.3 69.1 18.0 38.6 9.4 733 512 608 309 508 31.8 223 | 355
SJ+LPD [17] 83.1 1.2 172 305 184 475 10.7 18.8 640 159 38.7 4.6 774 508 597 372 477 311 358 ‘ 36.3
NTN (Ours) 83.3 3.7 313 362 182 533 6.8 559 672 18.1 37.2 5.4 72.1 418 580 360 460 282 39.8 389
Tto SJHLPD | (+02) (#25) (+141) (#57) (02) (+5.8)  (:3.9) #37.1)  (#32)  (+22) (-1.5) (+0.8) (-5.3) (-9.0) -1.7) (-12) (L7 (+29) (+40) (+2.6)

Table 2. Comparison of methods on the SemanticKITTI-to-SemanticSTF benchmark. Performance improvements of our method over the
current state-of-the-art model, SJ+LPD, are shown in the last row, with red text indicating things classes increments and green text for stuff.

define a loss ensuring that the average of the clean and aug-
mented data is identical for each beam, exclusively for the
things classes.

Specifically, we first apply off-the-shelf beam separa-
tion algorithms [6, 7, 12] for LiDAR data to identify the
LiDAR beam source of the points corresponding to each
voxel. Then, for each things classes and each LiDAR beam,
we apply an MSE loss between the feature of clean data and
that of augmented data.

1 Ne,p 1 N;,b
c,b . "c,b
]::r;ean = N F(xl)’ fniéan = N’ F(x?ug)' 4)
&b =1 eb i=1
/ 2
ﬁBFD = Z Z H-Frcrigan - frrfc’iln ‘ . (5

CE Sthings bEB

Sinings denote the things classes, and c a specific class.
Let B represent all LIDAR beams, and b a specific beam.
N, is the number of points for class ¢ and beam b. Lprp
minimizes the difference between the average features of
clean data, F52,., and that of augmented data, f;fbél;n, for
each beam, specifically for the things classes, as shown in
Fig. 5 (b).

Our proposed beam-wise feature matching focuses on
local regions, enabling learning from all points in X and
leveraging contextual information around each beam unlike
point-wise feature distillation in Fig. 5 (a). Points-wise fea-
ture distillation matches individual point features for distil-
lation without averaging. In this case, no distillation loss
can be computed for points dropped from X when ob-
taining X **9. Furthermore, surrounding points contribute
no learning information, limiting the clean data branch to
learning only from a subset of points in the augmented data
branch. In contrast, our beam-wise feature matching over-
comes these limitations by effectively handling local feature
corruptions in things category objects, both before and after
weather-induced corruption. Therefore, BFD is a effective

solution for handling local feature corruption in things cate-
gory objects, both before and after weather-induced corrup-
tion.

3.5. Overall Pipeline

The overall training pipeline is illustrated in Fig. 4. The
process for obtaining clean and augmented data follows
SJ+LPD [17]. In SJ+LPD, Selective Jittering (SJ) is ap-
plied to obtain clean data Z;. The loss and entropy from
this data are used as the state for the Learnable Point Drop
(LPD). LPD then drops points, and the LSS model outputs
features for the augmented data z"Y. Thus, we obtain the
output feature of clean data F'(#;) and that of augmented
data F'(z7"?). These features are used to compute the FB
loss and BFD loss, as described earlier. Additionally, we in-
clude the cross-entropy loss from both clean and augmented
data. The overall loss is:

£total = £clean + /\augﬁaug

+ ArBLFB + ABFDLBFD.

(6)
where \. means the weight for each loss.

4. Experiments

4.1. Experimental Setup

Dataset. We utilize three datasets for autonomous driv-
ing to train and evaluate the generalization performance
of the LSS model under adverse weather conditions. Se-
manticKITTI dataset uses a 64-beam LiDAR and provides
19 class labels. Following the official sequence split, we
use scenes 00-07 and 09-10 for training, comprising 19,130
frames. The SemanticPOSS dataset uses a 40-beam LiDAR
and focuses on campus scenes with a high density of cars,
riders, and pedestrians. This dataset provides 14 class la-
bels, and we use scenes 00-02 and 04-05 for training, com-
prising 2,488 frames. SemanticSTF dataset is collected un-
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Method Car Bicycle Person Road Walkable mloU
Source-only [25] 46.6 3.1 54.2 47.0 37.2 37.6
PointDR [25] 35.0 3.1 59.7 60.7 14.9 34.7
DGLSS [10] 60.0 3.1 38.6 54.0 40.1 39.2
SJ+LPD [17] 67.0 0.9 459 433 34.7 38.3
NTN (Ours) 65.5 5.8 61.4 54.6 43.6 46.2
1 to SJ+LPD (-1.5) (+4.9) (+15.5)  (+11.3) (+8.9) (+7.9)

Table 3. Comparison of methods on the SemanticPOSS-to-
SemanticSTF benchmark.

der real-world adverse weather conditions, including rain,
fog, and snow. This dataset follows the same 19 class la-
bels used in the SemanticKITTI benchmark. We validate
our model on the SemanticSTF validation set to evaluate
robustness in adverse weather.

Class mappings. We apply different class mappings de-
pending on the generalization scenario. For SemanticKITTI
— SemanticSTF, we use all 19 classes since they share
identical classes. For SemanticPOSS — SemanticSTF, we
follow the training and evaluation settings of DGLSS [10],
using only 5 classes: {car, bicycle, pedestrian,
road, walkable}.

Evaluation Metrics. We adopt Intersection over Union
(IoU) as the evaluation metric for each segmentation class
and calculate the mean IoU (mloU) across all classes.
Implementation Details. We adopted MinkowskiNet-18
architectures [5] as our baseline models. The training was
conducted using a stochastic gradient descent (SGD) opti-
mizer with a learning rate of 0.24 and a weight decay of
0.0001. The configurations for SJ+LPD are the same as the
previous work [17]. All experiments were executed on four
NVIDIA A6000 GPUs for 30 epochs with a batch size of
2. The total runtime for each experiment ranged from 6 to
8 hours. The loss function weights were set to Ay = 0.5,
>\SPA = 05, and )\BFD =0.1.

4.2. Main Results

SemanticKITTI to SemanticSTF. As shown in Ta-
ble 2, our method achieves a state-of-the-art performance
with a +2.6 mloU improvement over the prior leading
model, SJ+LPD [17]. Additionally, our approach shows
a significant boost of +14.5 mloU over the source-only
model, the original MinkUnet. Furthermore, our method
achieves notable improvements across most things classes,
yielding gains of +2.5, +14.1, +5.7, +5.8, +37.1, +2.9,
and +4.0 mloU in bicycle, motorcycle, truck,
person, motorcyclist, pole, and traffic
sign classes, respectively. These results provide strong
evidence that our method significantly enhances perfor-
mance specifically for things classes, as intended. Notably,
previous methods struggled to predict tail classes with
small-sized, such as motorcycle and motorcyclist,
accurately. It indicates that our method offers precise and
reliable signals for identifying things classes under adverse
conditions.
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Prototype Feature Distillation Performance
YP® | Matching | Classes | Things  Stuff mloU
X x| x |314 432 363
Class-wise | X X |3L6 422 361
Superclass X X 349 (135 425  38.1(11.8)
Coarse | X X 356 410 379
X beam-wise all 34.0 433 379
X point-wise | things | 33.1 41.7  36.7
X beam-wise | things | 34.4 30 44.0 384 (2.1
Superclass  beam-wise ‘ things ‘ 36.2 (148) 425 389 (126

Table 4. Ablation study for different prototype and feature distil-
lation settings. Coarse refers to the use of two prototypes divided
into things and stuff for feature binding

SemanticPOSS to SemanticSTF. As shown in Table 3,
our method establishes a new state-of-the-art on the
SemanticPOSS-to-SemanticSTF benchmark, surpassing the
performance of the previous model, SJI+LPD [17], by
an impressive +7.9 mloU. Importantly, in the person
category, our method achieves a +15.5 mloU gain over
SJ+LPD. These results underscore the effectiveness of our
approach in providing highly accurate segmentation sig-
nals for things classes under challenging adverse condi-
tions. The SemanticPOSS dataset contains a higher pro-
portion of things classes at 28.9%, compared to Semantic-
STF, and is known for its diversity. Consequently, the model
has already learned relatively rich features, resulting in less
performance improvement for things classes compared to
SemanticKITTI-to-SemanticSTF benchmark.

4.3. Ablataion Study

All ablation studies are conducted on the SemanticKITTI-
to-SemanticSTF benchmark.

Feature Binding Loss. We conduct an ablation study to
evaluate the impact of various prototype strategies of Fea-
ture Binding. We compare three approaches: assigning pro-
totypes to each class individually, grouping semantically
similar classes into superclasses, and broadly categoriz-
ing classes into coarse prototypes as stuff or things. As
shown in Table 4, using superclass prototypes improves
things classes performance by +3.3 mloU compared to the
class-wise method. This improvement indicates that our FB
method effectively bounds things classes, which are prone
to be misclassified as stuff, within their respective super-
classes. The coarse prototype approach performs well for
things classes but reduces stuff class performance due to
the use of a single prototype for numerous samples. In con-
trast, the superclass prototype strategy achieves balanced re-
sults across both things and stuff, providing a +3.5 mloU
boost in things classes. This shows that creating prototypes
by grouping classes with high visual similarity into super-
classes is more effective for feature binding. Although the
coarse prototype method enhances things classes, it causes
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Figure 6. Qualitative results of our method on validation set of SemanticSTF. All models are trained on the train set of SemanticKITTI.
Gray points indicate correct predictions, red points highlight errors, and ground-truth is shown with color-coded labels. Dashed circles

highlight the predictions of things classes. Best viewed in color.

a 1.5 mloU decrease in stuff and a 0.2 mloU drop in over-
all mIoU compared to the superclass prototype approach.
This result shows that combining classes with low visual
similarity into a single prototype provides suboptimal gains.
Besides, improved prediction of things in driving scenes is
beneficial, but poor prediction of stuff can disrupt long-term
planning. Thus, the coarse prototype approach cannot be
considered to produce ideal results.

Beam-wise Feature Distillation. We compare performance
based on how feature distillation is applied and to which
classes. Table 4 shows that limiting BFD to things classes
provides better performance across both things and stuff
compared to applying BFD to all classes. This likely oc-
curs because stuff classes, with more points in the pitch
direction, create class imbalance when BFD is applied.
Additionally, point-wise feature matching in row 6 signif-
icantly reduces things classes performance compared to
beam-wise distillation, as it fails to capture learning signals
from dropped points, as noted in Sec. 3.4.

Overall Comparison. Applying superclass prototypes with
beam-wise feature distillation only to things classes im-
proves mloU by 2.6 mloU over the previous SoTA model,
with a remarkable 4.8 mloU increase in things classes per-
formance.

4.4. Qualitative Results

Fig. 6 shows qualitative results of our method and baselines
on the SemanticSTF validation set, using SemanticKITTI
as the source domain. Correct predictions are marked in
gray, errors are in red, and ground-truth classes are color-
coded. Notably, our method outperforms SJLPD in seg-
menting things category, underscoring its intended gains for
these critical classes. Specifically, in the dense fog scenario

(a), our method accurately segments the motorcyclist
class, while the original MinkowskiNet and SJ+LPD strug-
gle to recognize it. This aligns with our quantitative result,
with a 37.1 IoU gain for the motorcyclist class. Ad-
ditionally, in rain and snow scenarios (c-d), our model ex-
cels in segmenting the person class, a critical class for
autonomous driving due to its direct impact on safety.

5. Conclusion

In this study, we introduced our method, NTN, to address
the limitations of existing DGLS-AW, particularly their
poor performance on things classes. We identified two pri-
mary causes of this issue: (1) corruption of semantic-level
features in things objects and (2) their vulnerability to local
feature corruption caused by adverse weather conditions.
To alleviate semantic-level feature corruption, we proposed
a feature-binding approach that leverages superclass pro-
totypes. To address the vulnerability of things classes to
corruptions on local features, we introduced a beam-wise
feature distillation loss that utilizes clean-weather beam-
level features. Our methods establish a state-of-the-art on
the SemanticKITTI-to-SemanticSTF and SemanticPOSS-
to-SemanticSTF benchmarks, significantly boosting things
classes performance.
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