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Abstract— Existing point cloud semantic segmentation mod-
els are usually trained and evaluated using data collected under
clear weather conditions. Under adverse weather conditions
such as rain, snow and fog, point clouds are usually distorted
and significant degradation of existing model performance
occurs. Many domain adaptation methods try to address this
issue by simulating adverse weather or using data augmentation
techniques during training. However, they cannot accurately
model the actual distortion in the target domain. By analyz-
ing the visualization and statistical information of the target
domain data and referring to existing studies, we categorize
the distortion of point cloud data into position distortion,
intensity distortion, and quantity distortion. To address these
distortions of the target domain data, we propose a Point
Distortion Learning Network (PDLNet) to integrate the Point
Distortion Learning (PDL) module to learn the feature dis-
tortion of target domain data due to the adverse weather.
Moreover, we also integrate the Cross-domain Feature Associ-
ation (CFA) module to assist the model learn domain-invariant
feature representations to improve the model’s adaptability
to the target domain. In addition, PDLNet introduces the
Point Semantic Knowledge Distillation (PSKD) module, which
ensures that only the target domain data is used efficiently
in the inference phase while preserving the learned cross-
domain knowledge. To further improve the model performance,
we also iteratively optimize the model by introducing the
curriculum learning module. Our approach establishes a new
state-of-the-art level by achieving 40.6% mloU and 27.7%
mloU in the SemanticKITTI-to-SemanticSTF and SynLiDAR-
to-SemanticSTF benchmarks, respectively. Source code will be
released at https://github.com/JerryD233/PDLNet.

I. INTRODUCTION

Point cloud semantic segmentation is a fundamental task in
the field of 3D computer vision, aiming to assign a category
to each point in three-dimensional space. Point clouds are
composed of a series of unordered data points distributed in
three-dimensional space, typically obtained through LiDAR
scanning. However, existing models for point cloud semantic
segmentation are often trained and evaluated using data
collected under clear weather conditions, showing significant
performance degradation under adverse weather conditions
such as rain, snow and fog.

The primary reason for this performance degradation is the
distortion caused by adverse weather on LiDAR point cloud
data. We visualized the point cloud data under clear weather
(SemanticKITTI [1]) and adverse weather (SemanticSTF
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[2]), and performed statistical analysis on their intensity
distributions, through which, with reference to existing stud-
ies, the distortion of point cloud data can be summarized
into three aspects: (1) Position Distortion: Due to the
refraction by droplets in the air and icy ground surfaces
[3], [4], there is an offset in the coordinates of points. As
shown in the Fig. 1(a), the positions of points are shifted
under adverse weather conditions; (2) Intensity Distortion:
Caused by scattering and energy absorption from droplets
and snowflakes [5], [6], leading to changes in the reflection
intensity of points in the point cloud data. As shown in the
Fig. 1(b), the intensity distribution of road in adverse weather
conditions is relatively unstable; (3) Quantity Distortion:
Due to energy absorption by droplets and snowflakes [5],
[4], [6], resulting in a reduction in the number of points
in point cloud data. As shown in Fig. 1(c), adverse weather
conditions can result in significant portions of the point cloud
being missing.

In addition, obtaining point-wise annotations is costly,
whereas unsupervised domain adaptation allows for the use
of annotated source domain data and a small amount of
unlabeled target domain data to train models and ensure high
performance on the target domain. Therefore, we propose a
Point Distortion Learning Network (PDLNet) to solve the
point cloud data position and intensity distortions caused
by bad weather. First, it standardizes, rescales and offsets
voxel features in the source domain via the Point Distortion
Learning (PDL) module to simulate position and intensity
distortions in the target domain. Then, the Cross-domain
Feature Association (CFA) module is proposed to establish
the deep-level association between the features of the two do-
mains through the cross-attention mechanism to realize adap-
tive feature matching and mitigate the feature distribution
changes due to adverse weather. Finally, to avoid using the
source data at the inference stage and lighten the inference
network, the Point Semantic Knowledge Distillation (PSKD)
module is introduced to use the inference results of the
teacher model on the target domain as supervised information
to train the student model directly on the target domain,
with which the model can benefit from the cross-domain
point semantic knowledge. All in all, our contributions are
summarized as follows:

(1) Through the analysis of visualizations, statistical infor-
mation and existing studies, we categorize the distortions of
point cloud data caused by adverse weather into three types.

(2) In response to position and intensity distortions in
point cloud data caused by adverse weather conditions, we
propose the PDLNet, a method that can enhance the model’s
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(a) Position Distortion (b) Intensity Distortion (c) Quantity Distortion

Fig. 1. Three Types of Point Cloud Distortion. The three images on the top
are visualizations of LiDAR scans from SemanticKITTI [1] (clear weather),
and the three images on the bottom are visualizations of LiDAR scans from
SemanticSTF [2] (adverse weather). The intensity values are mapped to a
color space with linearly increasing brightness, ranging from dark purple
(low intensity) to bright yellow (high intensity).

adaptability to unseen adverse weather situations by learning
the offsets of features caused by such weather conditions.

(3) Our method achieves state-of-the-art performance by
improving 3.4% mloU and 1.0% mloU over the best exist-
ing UDA methods on the SemanticKITTI to SemanticSTF
benchmark and SynLiDAR to SemanticSTF benchmark, re-
spectively.

II. RELATED WORKS
A. Point Cloud Semantic Segmentation

Point cloud semantic segmentation aims to assign se-
mantic labels to each point in a point cloud. In recent
years, significant progress has been made in this field with
the development of deep learning techniques. The existing
methods can be mainly categorized into three types: (1)
Point-based methods directly process raw point cloud data.
Some studies [7], [8] use MLPs, others [9], [10] use CNNs,
and still others [11] use transformers; (2) Projection-based
methods project the 3D point cloud into a 2D representation.
For example, some studies [12], [13] project the point cloud
to range-view images, while others [14] project the point
cloud to bird’s-eye view; (3) Voxel-based methods represent
point clouds as 3D voxels. Studies such as [15] use 3D dense
convolutions, while [16], [17] use 3D sparse convolutions for
processing efficiency.

B. UDA for Point Cloud Semantic Segmentation

Unsupervised Domain Adaptation (UDA) aims to solve
the domain shift problem between source and target domains
using source domain data and unlabeled target domain data.
In point cloud semantic segmentation, some methods [13],
[18] project point clouds to 2D images and use mature 2D
UDA techniques for semantic segmentation. Other methods
perform direct domain adaptation in 3D space by construct-
ing intermediate domains [19], [20], domain mapping [21],
[22], or domain mixing techniques [23]. Notably, UniMix
[20] specifically targets adaptation from clear to adverse
weather conditions by building a bridge domain through
physical simulation of adverse weather and introducing
universal mixing operations to fuse point cloud data from
different domains. However, physical simulation cannot fully
and accurately model the actual distortions in the target
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(a) Clear Weather (b) Adverse Weather

Fig. 2. Intensity Distribution Statistics of Road in Clear vs. Adverse
Weather, the horizontal axis represents normalized intensity values, and the
vertical axis represents the number of points. (a) We randomly selected
6 sequences from the training set of the SemanticKITTI [1] dataset, then
randomly chose one frame from each sequence, the plot shows the statistical
distribution of intensity values for points classified as road in these selected
frames. (b) Similar to (a), but the data were statistically gathered from 6
randomly selected frames from the training set of the SemanticSTF [2]
dataset.

domain. Our method addresses the position and intensity
distortions in point cloud data caused by adverse weather by
directly simulating the feature shifts in target domain point
clouds to reduce domain differences.

C. 3D Scene Understanding in Adverse Weather

Due to the stringent safety requirements for outdoor nav-
igation and perception tasks, 3D scene understanding under
adverse weather has attracted increasing research attention
in recent years. Previously, some works [3], [24], [25], [4]
mainly explored methods for 3D object detection under
adverse weather conditions such as rain, snow and fog. The
STF [26] is a large-scale multimodal dataset for 3D object
detection in adverse weather conditions. SemanticSTF [2]
extends STF [26] by adding semantic labels, upon which
several works [27], [28], [29], [20] have explored methods
for 3D semantic segmentation under adverse weather condi-
tions.

III. METHOD
A. Problem Definition

In the task of UDA point cloud semantic segmentation for
adverse weather, we aim to solve the domain shift problem
between the source domain (clear weather conditions) and
the target domain (adverse weather conditions such as rain,
snow, fog, etc.) in order to improve the segmentation model’s
generalization performance in unseen scenes under adverse
weather conditions. Let us define the source domain and the
target domain as follows:

The source domain data can be represented as a point
cloud set X; = {(z},y2)}i~;, where x denotes 3D point
cloud data under clear weather conditions, y! represents
the point-wise annotated semantic labels, and m indicates
the total number of source domain samples. The target
domain data is represented as an unlabeled point cloud set
Xy = {a]}}_,, where z} corresponds to 3D point cloud data
collected under adverse weather conditions, with n being the
total number of target domain samples.

B. Point Cloud Distortion

Adverse weather can cause distortions in point cloud data,
which we categorize into three types:
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Illustration of the PDLNet Architecture. First, the source and target domain point clouds are voxelized to obtain voxel features respectively, and

then the feature shift of the target domain point cloud due to adverse weather is migrated to the source domain by the Point Distortion Learning (PDL)
module, after which the domain-invariant feature representations are obtained by the Cross-domain Feature Association (CFA) module, and finally the
point semantic knowledge learned from the teacher’s network is distilled to the student’s network by the Point Semantic Knowledge Distillation (PSKD)
module. Where the blue lines represent the source part, the gold lines stand for the target domain part, the light blue lines are for the PDL module, the
dark blue lines represent the CFA module, the dark orange lines correspond to the KT module, and the orange line represent the semantic segmentation

part.

(1) Position Distortion: This phenomenon mainly results
from the refraction and reflection of laser beams by at-
mospheric particles (e.g., raindrops, snowflakes, fog) and
reflective ground surfaces such as ice or water [3], [4]. These
factors alter the LiDAR signal path, causing inaccuracies in
3D point coordinates. Points collected in adverse weather
show more significant jitter and spatial inconsistency than
those captured in clear conditions. As shown in Fig. 1(a),
we visualize the data from clear weather (top) and adverse
weather (bottom), respectively. It can be clearly observed that
the certain points corresponding to road exhibit significant
positional displacement under adverse weather.

(2) Intensity Distortion: Intensity values represent the
reflectivity of the scanned surface and are crucial for se-
mantic segmentation task. However, these values are heavily
affected by scattering and partial energy absorption caused by
airborne particles such as water droplets and snowflakes [5],
[6]. As illustrated in Fig. 1(b), while the intensity distribution
of road surfaces remains relatively stable in clear weather
data, it becomes highly variable under adverse weather con-
ditions. Additionally, we randomly selected multiple scans
under both clear and adverse weather for each category
and statistically analyzed the intensity value distributions.
The results show that the distribution of intensity values of
road in clear weather data remains relatively stable, while
in adverse weather, the distribution of intensity values of
road in different frames changes significantly, which may be

due to changes in the type and severity of weather (such as
heavy rain versus light rain). To better show the intensity
distribution variations, we visualize 6 randomly selected
frames from the statistics for the road categories with the
highest frequency of occurrence, which can be seen in Fig. 2.

(3) Quantity Distortion: Signal attenuation occurs as
LiDAR pulses pass through dense particles such as water
droplets and snowflakes, which absorb or scatter the beam
before it reaches the target [5], [4], [6]. This leads to
missing echoes and incomplete point cloud data. As shown
in Fig. 1(c), some portions of the scene, especially distant
areas, significantly miss in the adverse weather scans. In
addition, we also counted the average number of point clouds
per frame in training set for sunny day and severe weather
data separately. The clear weather data have an average of
about 122,820 points per frame, while the adverse has only
an average of about 47,812 points per frame, which indicates
that adverse weather can cause a significant decrease in the
number of points.

To address the position distortion and intensity distortion
in point cloud data caused by adverse weather conditions,
we use labeled source domain data X and unlabeled target
domain data X; to simulate the offsets of point position
features and changes of intensity features in the target
domain, training a segmentation model that can effectively
perform segmentation tasks on the target domain X;.
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C. Overall Architecture

The overall architecture of the proposed PDLNet is shown
in Fig. 3. First, we voxelize the source-domain point cloud
2% and the target-domain point cloud x] to obtain the voxel
features Vs and V;, respectively. Then, we improve the
AdalN [30] and design the Point Distortion Learning (PDL)
module based on it to migrate the target-domain feature
shifts caused by severe weather to the source-domain data
by standardizing, rescaling and offsetting the source-domain
features to simulate the position distortion and intensity
distortion of the target-domain point cloud data.

Second, we design the Cross-domain Feature Associa-
tion (CFA) module to learn inter-domain invariant feature
representations. This module establishes deep associations
between source domain features and target domain features
through the cross-attention mechanism. Specifically, it takes
the source domain feature V; processed by the PDL module
as the query and the target domain feature V; as the key
and value, and realizes the inter-domain adaptive feature
matching through the attentional weight computation, which
effectively mitigates the feature distribution shift caused by
the adverse weather.

Finally, considering the impracticality of using source
domain data in the inference process, we introduce the
Point Semantic Knowledge Distillation (PSKD) module. This
module employs the teacher model’s inference results on the
target domain as supervision and uses target domain data
as training data to train a student model. Such design not
only allows for directly training the model on unlabeled
target domain data but also enables the model to benefit from
the cross-domain point semantic knowledge learned by the
teacher model.

D. Point Distortion Learning

In unsupervised domain adaptation for point cloud seman-
tic segmentation under adverse weather conditions, the target
domain point clouds exhibit position and intensity distortions
due to inclement weather, manifesting as coordinate shifts
and intensity variations. Therefore, this paper design the
Point Distortion Learning module to migrate the feature shift
of the target-domain point cloud data due to adverse weather
to the source-domain data. This module adopts the idea of
AdalN [30], which, however, is only suitable for the transfer
of single sample pairs. To address dataset-level transfer, we
extract global statistics to facilitate the adaptation across
datasets.

First, we voxelize source domain point clouds :EZ and
target domain point clouds x] to obtain voxel features V; and
V, respectively. Then, we standardize Vs, using the following
formula:

V, = w’ (1)
D(Vs)

where V, is the standardized V;, and E(-) and D(-) repre-

sent the operations for calculating the mean and variance,

respectively.

Subsequently, we compute the statistics of the target
domain features to extract the feature offsets in the target
domain due to adverse weather. Specifically, instead of
extracting for a single sample, we extract the global feature
offsets. The ] and o] of the target domain data at the j-th
iteration are obtained by the following formulas:

{u{ =(1—a)-p{" +a-/DV)

(1—a)~a,{_1—|—a-E(V}) ’ @

<

g =

where j € Z and j > 0, additionally we let Y = pf and
o) = o}. Since the amount of target domain data is much
smaller compared to the source domain, during the early
stages of one training epoch, i and o7 can respectively
represent the global mean and global standard deviation.
Subsequently, we use the statistics of the target domain
features to rescale and offset the source domain features to
obtain the weather-affected source domain features \73 The

specific formulas are as follows:
Ve=ol - Vy+ul. 3)
E. Cross-domain Feature Association

In order to achieve effective cross-domain feature asso-
ciations and thus obtain domain-invariant feature represen-
tations to improve the generalization performance of the
model, we utilize the cross-attention mechanism by treating
source domain data as the query and target domain data as
the key and value. With this approach, we can capture fine-
grained interactions between features from different domains.
It is worth noting that GPU memory is prone to overflow
when applying the cross-attention mechanism to voxel fea-
tures, so we adopt a chunked computation approach.

First, the attention-weighted feature A; for the [-th chunk
is computed as:

% T
Ay=r (5 (WW)) (W Vh), )

where wg, wy, and w, represent the weights for the query,
key and value matrices respectively, d is the dimension of
the key vectors, VSJ denotes the I-th chunk of V5, § (+) refers
to the softmax function, (-) refers to the dropout function.

Then, the cross-domain enhanced feature F is obtained
as follows:

F, = Concat ({4} [4"17) + V4, 5)

where e is the length of Ve, L represents the predefined chunk
size, and Concat(-) indicates concatenation along a specific
dimension.

After the above processing we get the initial feature
F, which is fed into the backbone network for semantic
segmentation of the point cloud and a segmentation header
is used to get the predicted probability Ps and P;. Finally, we
employ the standard cross-entropy loss L. [31] to supervise
the predictions on the source domain.
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F. Point Semantic Knowledge Distillation

Considering that we should not have access to the source
domain data during the inference phase, we use the Point
Semantic Knowledge Distillation module to achieve direct
training on the target domain, employing the teacher model’s
predicted probability P; on the target domain as the supervi-
sion in order to fully transfer the cross-domain point semantic
knowledge learned by the full model to the student model,
which only needs the target domain data. In addition, we use
the Kullback-Leibler (KL) divergence as the supervised loss
during the training of the student model, denoted as Ly .
Therefore, the overall loss L.4 for network training is given
by:

Lseg :Lce(Psvys)+)‘LKL(PtI7Pt)7 (6)

where P; is the predicted probability of teacher model on
source domain, ¥y is the semantic GT on source domain,
P/ is the predicted probability of student model on target
domain, P; is the predicted probability of teacher model on
target domain, and ) is a balancing coefficient.

G. Curriculum Learning

Curriculum learning has been proven its effectiveness by
previous studies [32], [33]. Therefore, after the first training
phase of PDLNet, we introduced the Curriculum Learning
(CL) module to improve the performance of the model in
the target domain. Specifically, we use the inference results
of the student model in the target domain obtained from the
first stage of training as the initial supervision for the second
stage of training. Thereafter we use the predictions of the
model obtained from the previous epoch of training as the
new pseudo-labels for current epoch. For selecting the high-
confidence pseudo-label, we design a confidence condition
function to eliminate the low quality predictions from the
previous epoch.

In the k-th training epoch, given the predicted semantic
probability distribution P/(q) of the point ¢, the pseudo-label
y;(q) can be computed as follows:

yi(q) = argmax (P{(q)) - T(P;(q) > (eo — Ae - k) - M(c)),

@)
where ¢ is the model’s classification result for point g,
€9 — A€ - k represents the threshold, and ¢g — Ae -k > 0, €
is a scalar, Ae is the reduction amount, I(-) is an indicator
function that equals 1 when the condition is met and 0
otherwise, M (c) denotes the maximum probability that the
point predicted by the model in the current LiDAR frame
belongs to category c. Subsequently the selected pseudo-label
y;(q) are used as supervised signal for (k + 1)-th training
epoch with cross-entropy loss.

IV. EXPERIMENTS

A. Datasets and Metrics

1) Datasets.: We utilize synthetic datasets
SemanticKITTI [1] and SyLiDAR [22] as our source
domains, and the adverse-weather SemanticSTF dataset [2]

as our target domain for experimental evaluation.

SemanticKITTI [1] is a real-world LiDAR dataset
extending the KITTI Vision Benchmark [34], providing
dense point-wise annotations for 28 semantic categories
across diverse urban and rural scenes. We adopt the official
split, using sequences 00-07 and 09-10 (19,130 scans)
for training and sequence 08 (4,071 scans) for validation.
SynLiDAR [22] is a synthetic LiDAR dataset generated
via Unreal Engine 4, which provides accurate point-wise
annotations for 32 semantic categories in simulated urban,
suburban, and harbor environments. Following the common
practice [27], [28], [29], [20], we use 19,840 scans for
training and 1,976 for validation. SemanticSTF [2] is
an adverse-weather LiDAR dataset derived from the STF
benchmark [26], offering point-wise annotations for 21
semantic categories across diverse weather conditions,
including 637 dense fog, 631 light fog, 114 rain, and 694
snow scenes. We adhere to the official split, utilizing 1,326
scans for training and 250 scans for validation.

2) Metrics.: For performance evaluation, we employ two
standard metrics: class-wise Intersection over Union (IoU)
and mean IoU (mloU) across all categories. To ensure fair
comparison across domains, we unify the label spaces by
mapping all datasets (SemanticKITTI [1], SynLiDAR [22],
and SemanticSTF [2]) to the 19 common semantic classes
defined in SemanticKITTI, following established practices in
cross-domain segmentation [20].

B. Experimental Settings

In PDLNet, we utilize MinkowskiNet [16] as the backbone
network for point cloud semantic segmentation. The model
is trained using the Stochastic Gradient Descent (SGD)
algorithm with a momentum parameter set to 0.9. Initially,
the learning rate is configured to 0.24 and progressively
diminishes as the number of training epochs increases. Our
training is divided into two stages, in the first stage, we train
the teacher and student models simultaneously, as shown in
Fig. 3, for a total of 15 epochs; in the second stage, we use
curriculum learning for training, for a total of 30 epochs.
The complete training procedure requires approximately 25
hours when executed on four RTX 3090 GPUs. For each
experiment, we set « = 0.1 in cEq. (2). The loss weight
A in Eq. (6) is set to 1. Additionally, we set ¢ = 0.9 and
Ae = 0.1 in Eq. (7) in curriculum learning.

C. Main Results

1) SemanticKITTI to SemanticSTF.: As shown in the top
part of Table I, we use SemanticKITTTI as the source domain
and SemanticSTF with all four weather conditions as the tar-
get, and our PDLNet achieves state-of-the-art performance of
40.6% mloU, which is an improvement of 16.2% mloU over
the source-only model, and an improvement of 3.4% mloU
over the current best method UniMix [20] (37.2% mloU). In
addition, we train a separate model for each specific weather
subset of SemanticSTF, which are trained using only the
corresponding specific weather data, and evaluate the trained
models against the trained weather conditions. From Table II,
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TABLE I
COMPARISON OF SOTA DOMAIN ADAPTATION METHODS ON SEMANTICKITTI—SEMANTICSTF AND SYNLIDAR—SEMANTICSTF.

: % £ z , z Z 2 £ 9 S g % £ 8 .
e 2 2 8 2 £ 2T 2§ EF 2 £ T E B OE L o2 %
Method S = E & e & = = = & @®w © 2 £ g E & a & mloU
Oracle 89.4 42.1 0.0 599 612 69.6 39.0 0.0 822 21.5 582 456 86.1 63.6 80.2 52.0 77.6 50.1 61.7| 54.7
SemanticKITTI— SemanticSTF
Source-only 559 00 02 19 109 103 6.0 0.0 61.2 109 320 0.0 679 41.6 49.8 279 40.8 29.6 175| 244
ADDA [35] 656 00 0.0 210 13 28 13 16.7 647 12 354 0.0 66.5 41.8 572 32.6 42.2 233 264 | 26.3
Ent-Min [36] 69.2 0.0 10.1 310 53 28 26 0.0 659 26 357 00 725 428 524 325 447 247 21.1| 27.2
Self-training [37] | 71.5 0.0 103 331 74 59 13 00 651 65 36,6 00 678 41.3 51.7 329 429 25.1 25.0| 27.6
CoSMix [23] 650 1.7 22.1 252 7.7 332 00 0.0 647 11.5 31.1 0.9 625 37.8 44.6 30.5 41.1 309 28.6| 284
UniMix [20] 753 09 449 11.7 13.6 382 503 319 71.1 150 464 6.5 743 510 49.8 36.8 344 255 289 37.2
PDLNet 843 09 00 313 127 541 0.0 00 77.7 72 52.0 340 82.0 584 76.2 43.5 69.6 39.5 48.8| 40.6
SynLiDAR—SemanticSTF
Source-only 271 3.0 06 158 0.1 252 1.8 56 239 03 146 06 363 199 379 179 41.8 9.5 23| 150
ADDA [35] 558 00 36 261 13 252 75 99 172 234 44 09 439 184 452 21.8 33.6 28.0 19.7| 20.3
Ent-Min [36] 483 0.1 56 287 0.1 233 25 198 193 6.7 226 1.4 469 20.7 432 252 34.1 260 22.2| 209
Self-training [37] | 50.6 0.0 6.1 31.0 05 260 48 120 20.7 4.6 235 15 453 195 44.6 25.0 35.1 29.2 20.8| 21.1
CoSMix [23] 51,5 02 50 281 00 265 170 99 202 3.6 246 22 526 20.6 475 243 34.6 282 24.1| 22.1
UniMix [20] 73.6 0.0 79 269 29 29.1 137 21.8 38.0 8.0 263 34 56.0 21.2 56.1 29.6 38.0 28.2 26.5| 26.7
PDLNet 726 00 00 125 00 161 00 0.0 714 13 387 20.6 70.2 47.8 63.8 86 60.4 27.7 14.5| 27.7

we can learn that our method works better than
methods.

2) SynLiDAR to SemanticSTF.: As shown in the bottom
half of Table I, in terms of synthetic-to-real adaptation
(SynLiDAR—SemanticSTF), PDLNet refreshes the state-
of-the-art with 26.7% mloU, which is an improvement of
12.7% mloU over the source-only model (15.0% mloU),
and 1.0% mloU over UniMix [20] (26.7% mloU). In
addition, PDLNet achieves a performance gap of 12.9%
mloU between the SemanticKITTI—SemanticSTF scenario
and the SynLiDAR— SemanticSTF scenario, which could be
attributed to the additional domain shift encountered when
transitioning from a synthetic dataset to a real-world dataset
[20].

all existing

D. Ablation Studies

As shown in Table III, we performed ablation experiments
on our method, and in the following we analyze the effec-
tiveness of each module we used.

Efficacy of the PDL module. By introducing PDL,
we observed that the mIoU on the SemanticKITTI dataset
increased from 24.4% (Source-only) to 35.3%, and on the
SynLiDAR dataset from 15.0% to 19.3%. This indicates
that PDL enables the source domain point cloud data to
effectively simulate the feature shifts of the target domain
point cloud data due to adverse weather, which improves the
generalization ability of the model.

Efficacy of the CFA module. Further integrating CFA
led to an mloU of 37.4% on the SemanticKITTI dataset,
a significant improvement over using PDL alone. On the
SynLiDAR dataset, the mIoU also improved from 21.4% to
22.6%. This suggests that CFA, by correlating cross-domain

features, can enable the model to effectively learn domain-
invariant feature representations in order to further enhance
the generalization ability of the model.

Efficacy of the PSKD module. Source domain data is not
supposed to be used in the inference phase, and the PSKD
module, which allows the analysis of target domain data only,
is important for PDLNet. After the introduction of the PSKD
module, the mloU of the SemanticKITTI dataset reached
35.7% from 37.4%, and that of the SynLiDAR dataset
increased from 22.6% to 26.9%, indicating that the Point
Semantic Knowledge Distillation module not only allows the
inference network to be lightweight, but also improves the
performance of the model.

Efficacy of the CL module. After further employing
the CL technique, the mloU reaches 40.6% for the Se-
manticKITTI dataset and 27.7% for the SynLiDAR dataset,
which is an increase of 1.4% and 0.8%, respectively, com-
pared to the no-CL technique. These results indicate that
the Curriculum learning technique contributes to the perfor-
mance of model. In addition, we analyze Ae¢, Table IV shows
that 0.1 is the best choice.

V. CONCLUSION

In this paper, we categorize the distortion of point cloud
data due to severe weather into position distortion, intensity
distortion, and quantitative distortion, and propose PDLNet,
a UDA framework that can improve the model’s adaptability
to unknown severe weather conditions, for position distortion
and intensity distortion. In the PDL module, after normaliz-
ing the source-domain voxel features, we simulate the feature
shifts occurring in the point cloud due to severe weather by
rescaling and shifting the source-domain voxel features using
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TABLE I
COMPARISON OF STATE-OF-THE-ART DOMAIN ADAPTATION METHODS ON SEMANTICKITTI—SEMANTICSTF ADAPTATION FOR INDIVIDUAL
ADVERSE WEATHER CONDITIONS.

Method \ Dense-fog Light-fog Rain Snow
Source-Only 26.9 25.2 27.7 23.5
ADDA [35] 31.5 27.9 27.4 234
Ent-Min [36] 314 28.6 30.3 24.9
Self-training [37] 31.8 29.3 27.9 25.1
CoSMix [23] 31.6 30.3 33.1 32.9
UniMix [20] 40.0 32.0 39.3 31.6
PDLNet 40.9 40.3 46.3 39.9
TABLE III
ABLATION STUDY OF PDLNET ON SEMANTICKITTI—SEMANTICSTF AND SYNLIDAR—SEMANTICSTF.
o 2 2 9z . 9w 2 2 E @ 8 8 = % g :
= 2T 2 B £ £ 32T 2 % E S L 2 2L OE OE & %
Method § 2 E &8 © g BB E = & W © &2 & g & & a E |mloU
SemanticKITTI—SemanticSTF
Source-only | 559 0.0 0.2 19 109 103 6.0 00 61.2 109 32.0 0.0 679 41.6 49.8 279 40.8 29.6 17.5| 244
+PDL 81.0 0.6 129 403 19.0 423 7.1 253 60.3 13.8 347 52 749 458 59.1 36.5 469 28.8 36.4| 353
+CFA 81.5 1.0 23.8 42,5 239 41.8 5.6 457 57.0 13.6 36.0 4.0 757 483 60.5 339 498 279 38.1| 374
+PSKD 827 0.0 52.0 454 278 447 1.0 0.0 684 86 427 5.1 79.7 539 573 382 494 29.7 39.6| 38.2
+CL 843 09 00 313 12.7 541 0.0 0.0 77.7 7.2 52.0 34.0 82.0 584 76.2 43.5 69.6 39.5 48.8| 40.6
SynLiDAR—SemanticSTF
Source-only | 27.1 3.0 0.6 158 0.1 252 1.8 56 239 03 146 0.6 363 199 379 179 418 95 23| 150
+PDL 554 63 31 205 28 299 27 48 504 48 223 00 537 154 47.1 256 381 180 59 | 214
+CFA 640 35 23 233 44 261 1.6 46 474 3.1 219 00 539 278 500 226 424 228 7.7 | 22.6
+PSKD 75.8 35 49 363 0.1 428 47 83 621 00 275 00 63.0 31.3 53.6 23.8 324 309 10.5]| 26.9
+CL 726 00 00 125 00 16.1 0.0 00 714 13 387 206 702 478 63.8 8.6 604 277 145| 27.7
TABLE IV
CL PERFORMANCE ON SEMANTICKITTI—SEMANTICSTF WITH VARIOUS Ae.
o 2 2 z 2 2 E w "8 s o= 2 4 .
. 2 £ 2 £ ¢ 2 & % F 2 & 5 2 % E B ¢ %
Ae | 8§ =2 E & e g =& &8 & & ®w 8 =2 & ¢ & & 2a E |mloU
0.08|84.1 09 00 31.1 12.7 544 0.0 0.0 77.3 56 51.8 33.5 82.0 579 76.1 43.6 69.1 39.0 48.5| 404
0.1 |83 09 00 313 127 541 0.0 0.0 77.7 72 52.0 34.0 82.0 584 76.2 435 69.6 39.5 48.8| 40.6
0.12|184.0 22 00 285 94 529 0.0 0.0 77.3 47 515 327 803 56.1 759 424 69.0 38.6 47.5| 39.7

the extracted statistical information of the target domain. In
addition, we further utilize the CFA module to allow the
model to learn the cross-domain invariant feature represen-
tation, which improves the model’s adaptability to the target
domain. We conducted experiments on two benchmarks to
prove the effectiveness of our method and designed ablation
experiments to demonstrate the effectiveness of each module
in our method.
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