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3D point cloud semantic segmentation, a pivotal task in fields such as autonomous driving and urban planning,
confronts the challenge of performance degradation under adverse weather conditions. Current methodologies
primarily focus on optimal weather scenarios, leaving a significant gap in handling various environmental
adversities like fog, rain, and snow. To bridge this gap, we propose a comprehensive deep learning framework
featuring unique components — an Adaptive Feature Normalization Module (AFNM) for effective normalization
and calibration of features, a Dual-Attention Fusion Module (DAFM) for integrating cross-domain features, and
a Proxy Label Generation Module (PLGM) for generating reliable proxy labels within the domain. Utilizing
the SemanticKITTI and SynLiDAR datasets as source domains and the SemanticSTF dataset as the target
domain, our model has been rigorously evaluated under varying weather conditions. When trained on the
SemanticKITTI dataset as the source domain with the SemanticSTF dataset as the target, our approach surpasses
the current state-of-the-art models by a margin of 6.2% in terms of overall mean Intersection over Union (mIoU)
scores. Similarly, with the SynLiDAR dataset as the source and SemanticSTF as the target, our performance
exceeds the best existing models by 3.4% in mIoU. These results substantiate the efficacy of our model in
advancing the field of 3D semantic segmentation under diverse weather conditions, showcasing its notable
robustness and superiority. The code is available at https://github.com/J2DU/WADG-PointSeg.

1. Introduction

In the domain of computer vision, semantic segmentation of 3D
point clouds is a fundamental field. This intricate task involves the
precise segmentation of each point in the 3D scan into specific seman-
tic classes, providing a comprehensive understanding of the environ-
ment (Guo et al., 2021). Its applications are extensive and diverse,
ranging from assisting autonomous vehicles in making precise, real-
time decisions to advancing urban planning with sophisticated remote
sensing technologies. The integration of semantic segmentation with
these varied applications highlights its significance in the advancement
of smart technologies, autonomous systems, and sustainable urban
development. The 3D semantic segmentation field has undergone a
transformative evolution, driven by rapid strides in deep learning and
the emergence of sophisticated 3D sensing technologies.

However, a review of commonly used semantic segmentation
datasets such as S3DIS (Armeni et al., 2016), ScanNet (Dai et al., 2017),
Semantic3D (Hackel et al., 2017), Toronto-3D (Tan et al., 2020), and

SemanticKITTI (Behley et al., 2019) reveals a significant gap: these
datasets do not account for different weather conditions such as fog,
rain, and snow, which are crucial for developing robust, weather-
aware segmentation models. This limitation is critical, as real-world
environments are ever-changing, and autonomous systems must be
reliable under all weather scenarios. Recognizing this need, the re-
search community has made efforts to address this gap. The emergence
of the SemanticSTF dataset (Xiao et al., 2023b) in 2023 represented
a significant milestone, providing the first extensive adverse-weather
benchmark for 3D semantic segmentation with high-quality, point-wise
annotations across various weather conditions including dense fog,
light fog, snow, and rain.

Despite this progress, several challenges persist. Most current deep
learning models (Cortinhal et al., 2020; Zhu et al., 2021) are optimized
in ideal weather scenarios, leading to notable performance degradation
when confronted with real-world environmental variabilities such as
fog, rain, or snow (Xiao et al., 2023b). These conditions change the fun-
damental characteristics of data, impacting visibility and density, and
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thus posing a significant challenge to the domain adaptability of these
models. Consequently, the challenge is not just about achieving high
accuracy in the source domain but ensuring consistent performance
across these challenging conditions. Furthermore, while datasets like
SemanticSTF have started to address this issue by providing bench-
marks for adverse-weather conditions, the overall scarcity of diverse
datasets that cover various weather scenarios still exacerbates the prob-
lem, as creating labeled datasets for training deep learning networks is
both labor-intensive and time-consuming (Xiao et al., 2023a).

To address these challenges, our research is motivated by several
key objectives. We aim to introduce a robust deep learning frame-
work capable of withstanding the challenges posed by environmental
variabilities in diverse weather scenarios, ultimately enhancing the
practical applicability and reliability of 3D point cloud segmentation
technologies. Additionally, we seek to design models that can be trained
on a variety of detailed outdoor point cloud datasets, both real and
synthetic, to enhance generalization capabilities. Finally, we intend
to utilize existing datasets that encompass a broad range of semantic
categories and environmental scenarios to mitigate the annotation
bottleneck.

In order to achieve these objectives, we propose a domain gener-
alization approach to realize these objectives. Domain generalization
aims to train models on multiple source domains with the goal of gener-
alizing well to unseen target domains. The proposed framework seeks to
bridge the gap between controlled training environments and the var-
ied complexities encountered in real-world settings. Through extensive
experiments on benchmark datasets, the proposed model demonstrates
the ability to maintain consistent performance across varying environ-
mental conditions. By addressing these critical challenges, our research
strives to advance the field of 3D semantic segmentation, contributing
to the development of more robust and adaptable autonomous systems
that can operate safely and reliably in dynamic and unpredictable
environments.

The main contributions of our work can be summarized as follows:

» We propose a comprehensive deep learning framework that incor-
porates unique components such as the Adaptive Feature Normal-
ization Module (AFNM), Dual-Attention Fusion Module (DAFM),
and Proxy Label Generation Module (PLGM). These modules work
in concert to enhance the model’s stability and performance under
diverse conditions, including various weather scenarios.

We present a sophisticated, multi-faceted loss function that ef-
fectively directs the learning process. This innovative approach
allows the model to efficiently leverage two types of inputs and
proxy label learning, enhancing the model’s generalization capa-
bilities across unseen data.

Through extensive experiments on benchmark datasets, our
framework consistently demonstrates superior performance
across a multitude of weather conditions. Specifically, in dense
fog scenarios, utilizing the SemanticKITTI dataset as the source
domain and the SemanticSTF dataset as the target, our approach
outstrips the state-of-the-art model (Xiao et al., 2023b), achieving
a significant 8.2% lead in performance. Similarly, under rainy
conditions, when employing the SynLiDAR dataset as the source
and the SemanticSTF as the target, our model surpasses the best
existing method (Xiao et al., 2023b) with a remarkable 6.1% edge
in mIoU.

2. Related work
2.1. 3D point cloud semantic segmentation

In the rapidly advancing field of 3D point cloud semantic seg-
mentation, significant strides have been made (Wang and Yao, 2022;
Liu et al., 2022; Tang and Cham, 2022). Innovations in deep learn-
ing (Wang and Yao, 2022; Liu et al., 2022) have markedly reduced
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the necessity for manual labeling while simultaneously improving accu-
racy. Further advancements in feature extraction (Wang et al., 2022a),
annotation efficiency (Hu et al., 2022), and cross-domain segmen-
tation (Yuan et al., 2023; Shuai and Liu, 2023) reflect the exten-
sive progress within this area. The adoption of semi-supervised tech-
niques (Li et al., 2023b) and the integration of multi-modal data (Li
et al.,, 2023a) are significantly propelling the discipline forward, en-
hancing the utilization of resources. Moreover, the emerging develop-
ments in novel class discovery (Riz et al., 2023) and few-shot segmenta-
tion (He et al., 2023) hold substantial promise, potentially transforming
applications in sectors such as autonomous driving and robotics.

The collection of large-scale, precisely-annotated training data for
point clouds is notably time-consuming and costly, limiting dataset
scalability and creating obstacles for the efficient utilization of point
cloud data across diverse tasks and applications. Label-efficient learn-
ing emerges as a viable solution, facilitating efficient deep network
training with significantly less annotation effort (Xiao et al., 2023c). In
response to the challenge of labeling large-scale point clouds, a novel
deep-learning framework (Wang and Yao, 2022) has been proposed,
significantly reducing labeling efforts through the utilization of unla-
beled data and the application of innovative prediction constraints,
complemented by entropy regularization. Concurrently, recognizing the
necessity for enhanced labeling efficiency in outdoor scenes, the LESS
framework (Liu et al., 2022) adopts a comprehensive approach, incor-
porating geometry-aware sampling, prototype learning, multi-scale fea-
ture aggregation, and multi-scan distillation. This approach markedly
diminishes manual labeling while simultaneously improving semantic
segmentation and the utilization of point cloud data in outdoor set-
tings. Annotator (Xie et al., 2024) introduces a groundbreaking active
learning framework, addressing the high cost and labor intensity of an-
notating vast point clouds. This method innovates with a voxel-centric
online selection strategy, utilizing a novel metric, voxel confusion
degree, to efficiently identify and annotate key voxel grids based on
their local topology and structure.

To address the increasing complexity and scale of point cloud
datasets, several innovative solutions have been proposed. FPS-Net
(Xiao et al., 2021) introduces an innovative convolutional fusion net-
work designed for large-scale environments. Distinctively, it separates
point attributes into modalities, processes them through a modality-
specific encoder, and then fuses them using a high-dimensional feature
space. Furthermore, addressing the demand for a scalable and ro-
bust solution to manage intricate, large-scale datasets, the Mask Point
Transformer (Tang and Cham, 2022) has been developed. This innova-
tion utilizes mask tokens and a transformer-based decoder to achieve
enhanced, context-rich feature extraction and segmentation in point
cloud data. Additionally, confronting the inadequacies of traditional 3D
convolution kernels in handling the irregularities and sparsity of point
clouds, Wang et al. (2022a) introduces a feature extraction method
that bolsters the effectiveness of the spherical interpolated convolution
network. This method integrates a spherical interpolated convolution
operator with a self-learned distance-feature density metric, thereby
capturing local geometric features more effectively. Hu et al. (2022) has
innovated in large-scale point cloud segmentation with the Semantic
Query Network (SQN), which combines query-based sampling with
self-supervised learning. Additionally, addressing the challenges in cap-
turing global structural knowledge and infusing semantic information
into mid-level features, Wang et al. (2022b) unveils SemAffiNet. This
approach, utilizing semantic-affine transformation and attention mech-
anisms, significantly improves accuracy and category comprehension in
point cloud segmentation.

Confronting the challenges of domain gaps and data scarcity in
outdoor point cloud cross-domain segmentation, a novel category-level
adversarial framework (Yuan et al., 2023) has been introduced. This
comprehensive framework includes a backbone network for feature
extraction, a multi-scale domain conditioned block, and a category-
level adversarial training module, collectively enhancing segmentation
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Fig. 1. Framework of the proposed approach. The symbol @ represents the average operation. The symbol © indicates the multiplication operation. The symbol @ signifies the
summation operation. Additionally, within the framework, ‘ScaleP’ stands for Scale Predictor, ‘LN’ refers to Layer Normalization, and ‘ShiftP’ denotes Shift Predictor.

performance by aligning features across domains. DGLSS (Kim et al.,
2023) innovatively employs a domain augmentation technique by sub-
sampling LiDAR scans to simulate sparse unseen domains. It introduces
two novel constraints: Sparsity Invariant Feature Consistency and Se-
mantic Correlation Consistency, aiming to align features and maintain
semantic correlations across domains. Lastly, 3DLabelProp (Sanchez
et al., 2023) innovates in domain generalization for 3D semantic seg-
mentation by leveraging the geometry and sequentiality of the LiDAR
data. This method enhances model generalization by utilizing partially
accumulated point clouds, allowing for effective label propagation and
domain alignment across diverse environments.

2.2. Diverse weather scene understanding

Exploring diverse weather scene understanding, several studies have
proposed innovative solutions to enhance autonomous vehicle percep-
tion and adaptation in challenging conditions. Zhang et al. (2023)
comprehensively examines the impact of adverse weather conditions
on autonomous vehicle perception and sensing, highlighting the chal-
lenges and advancements in sensor technology and machine learning.
It discusses state-of-the-art solutions for weather-related perception is-
sues, including sensor fusion, weather classification, and enhancement
techniques.

In a related vein, Liao et al. (2022) introduces the Target-Domain
driven pseudo label Diffusion (TDo-Dif) framework, an unsupervised
domain adaptation (UDA) method for foggy scene understanding,
which leverages spatial-temporal knowledge to diffuse sparse, con-
fident pseudo labels across similar and temporally related pixels in
sequential driving scene images. Utilizing superpixels and optical flows,
the method enhances both the density and accuracy of pseudo labels
through spatial similarity and temporal correspondence. Further ex-
panding on domain adaptation strategies, Liao et al. (2023) proposes
a Candidate labels disambiguation-based Domain Adaptation (CanDA)
model for domain-adaptive semantic segmentation in foggy conditions,
replacing traditional one-hot pseudo labels with a Candidate Label Set
(CLS) to address labeling uncertainty. By employing a prototypical con-
trastive learning framework, CanDA refines pixel embeddings towards
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real semantics, progressively ranking ground truth labels higher within
the CLS.

Additionally, Hoyer et al. (2023) proposes Masked Image Consis-
tency (MIC), a novel module enhancing UDA by leveraging spatial
context relations in target domains without annotations. Applicable
across various tasks such as image classification, semantic segmen-
tation, and object detection, MIC significantly boosts performance in
challenging domain shifts like synthetic-to-real and clear-to-adverse
weather conditions. PanopticRoad (Sakaino, 2023) introduces an in-
novative approach to panoptic road condition segmentation under
adversarial conditions. This system enhances segmentation accuracy
by refining failures in local road condition recognition through the
synergistic application of weather and physical constraints. By com-
bining techniques such as depth estimation, obstacle recognition, and
condition classification, PanopticRoad significantly enhances the accu-
racy, stability, and robustness of panoptic segmentation across various
adverse scenarios. Moreover, Kalwar et al. (2023) presents a Gated Dif-
ferentiable Image Processing (GDIP) block designed to enhance object
detection in autonomous vehicles under adverse weather and light-
ing conditions. Integrated with existing detection frameworks, GDIP
leverages a unique gating mechanism to weight outputs of various
image processing techniques, directly informed by object detection loss.
Demonstrated on synthetic and real-world datasets, GDIP significantly
advances object detection under challenging conditions like fog and low
light.

3. Method
3.1. Method overview

The proposed methodology integrates four key modules designed to
process and segment 3D point cloud data efficiently. This integration is
comprehensively depicted in Fig. 1. Input data comprises original point
clouds and their transformed counterparts, enhanced through opera-
tions like rotation, scaling, and flipping, ensuring the model’s resilience
and accuracy across varied environmental settings. At the core of this
approach is the MinkowskiNet-based feature extraction module, adept
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at handling sparse 3D data with remarkable precision. Building on this,
the Adaptive Feature Normalization Module (AFNM) skillfully regulates
the scale and variance of features, promoting model stability and
consistent performance. The model’s adaptability is further fortified by
the incorporation of a Dual-Attention Fusion Module (DAFM), which
integrates self-attention mechanisms with both stochastic sampling and
Gaussian block attention to achieve a robust refinement of features. To
effectively tackle the complexities of domain generalization, the Proxy
Label Generation Module (PLGM) is utilized, adeptly generating high-
confidence proxy labels. This module plays a pivotal role in enabling
the model to adapt and perform accurately across diverse domain shifts.
The method culminates in a multifaceted loss function that harmonizes
various learning paradigms, offering an intricate balance of robustness
and versatility in interpreting 3D point cloud data, thereby enhancing
the overall performance in semantic segmentation tasks.

3.2. Feature extraction module

In the field of 3D point cloud semantic segmentation, especially
under diverse weather conditions like snowy, dense-foggy, light-foggy,
and rainy scenarios, the challenges are manifold. These include the
inherent sparsity and uneven distribution of point cloud data, com-
pounded by visibility and clarity issues in adverse weather. To ef-
fectively confront these challenges, we employ MinkowskiNet (Choy
et al.,, 2019) as the core feature extraction module. It begins with
an array of initial convolutional layers designed to make the first
critical contact with the input data, denoted as X = {x;,X,,....Xy}.
These layers play a foundational role in generating the initial feature
maps and spotting elementary patterns from point clouds, a task that
becomes significantly more challenging in adverse weather conditions
due to issues like reduced visibility and increased data sparsity. As the
data moves through the network, it encounters a series of transfor-
mational blocks that incrementally increase the complexity of feature
representations. This progression is essential for adapting to the varied
and unpredictable nature of environmental changes, ensuring that key
details in the point cloud are preserved and accurately represented.
In the latter stages, the integration of up-sampling and feature fusion
processes enhances the accuracy of segmentation by synergizing high-
level abstract features with detailed low-level data. This structured
approach to feature extraction is critical for the network to perform
reliable and precise semantic segmentation across different weather
scenarios.

The operation of these initial convolutional layers can be denoted
as:

C,= 7:‘Conv,,((\))ﬂ (@D)]

where Fgony, (1) is the operation performed by the nth convolutional
layer. The network then leads into a series of transformational blocks.
Each block is capable of systematically augmenting the complexity of
the feature representations and simultaneously reducing the data’s spa-
tial resolution. These blocks are structured with residual connections
alongside initial layers, effectively mitigating the vanishing gradient
problem and enabling the network to learn complex features as the
depth increases. The operation of the transformation block can be
denoted as:

B, = 7:‘Block,,,(cn)’ (2)

where Fyjoi, () denotes the operation performed by the mth block.
The output of each block undergoes a downsampling layer, which
can be represented as:

D, = Fps,(By), 3

where Fpg, () represents the downsampling operation performed by the
Ith layer. Upon transformation, the network incorporates a set of up-
sampling modules that aim to recuperate the spatial resolution that was
reduced during the downsampling process. These modules serve a dual
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purpose: they not only up-sample the feature maps but also conduct
feature fusion by integrating high-level abstract features with low-level
detailed features from previous layers. This fusion process results in a
richer feature representation, thereby enhancing the accuracy of the
segmentation process. The up-sampling operation can be represented
as:

Vi = Fus, (D, C))

where Fyg, () represents the up-sampling operation performed by the
kth module. The feature fusion operation can be represented as:

F* = Frusion (D> Vi) (5)

The feature maps output from the up-sampling modules are then
directed to a decision-making layer. This layer plays a pivotal role in
assigning class labels to each point in the point cloud data, translating
the complex high-level features into discrete class predictions necessary
for the semantic segmentation tasks. This process can be represented as:

L= FClassify(F* [iD), 6)

where Fjagify () Tepresents the classification operation and 7*[i] is the
feature vector corresponding to the ith point.

Lastly, the MinkowskiNet integrates a dimensionality reduction
module. This module is vital for tasks such as feature visualization and
clustering. It maps high-dimensional features into a lower-dimensional
space, thereby easing the interpretation and understanding of the
learned feature representations. This can be represented as:

F*™ = Freducedim(F s @)

where Frequcenim(+) represents the dimensionality reduction operation
and F** is the reduced-dimension feature map.

3.3. Adaptive feature normalization module

In addressing the complex challenges of 3D point cloud semantic
segmentation under varying weather conditions, the Adaptive Feature
Normalization Module (AFNM) plays a pivotal role. This module is
specifically designed to refine the feature representations extracted
by MinkowskiNet, denoted as @y, ensuring they are robust and
generalizable. The AFNM effectively tackles the internal covariate shift,
a prevalent issue in deep learning architectures, particularly critical
when handling the complex and variable nature of point cloud data
influenced by adverse weather conditions. By normalizing the feature
data on a per-channel basis and adaptively scaling it, the AFNM sig-
nificantly enhances the stability and performance of our model. This
process is crucial for maintaining the integrity of feature representa-
tions despite the fluctuating visibility and sparsity induced by diverse
weather conditions. The ability to dynamically adjust the scale and
shift of features allows the model to more effectively interpret and
segment point clouds across various environmental contexts. Therefore,
the AFNM serves as a targeted solution to the specific challenges posed
by weather-influenced 3D point cloud segmentation.

The AFNM operates on a per-channel basis and starts by computing
the mean of the incoming features, thereby getting a measure of the
central tendency of the features. The mean of the features is computed
as:

N
1 .
oy, = 3 2 Pyink[il- ®
i=1
Subsequently, Layer Normalization is applied to the features, nor-
malizing the statistics of the features within each sample. This normal-
ization step ensures that the learned features are not overly dependent
on the scale and variance of the input data, thereby enhancing the
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model’s stability and performance. The normalized features, denoted
as Pyorm, are obtained as:

Dink 1] = ey
VVar(@yink)

The module then predicts scale and shift factors to rescale the nor-
malized features adaptively. The scale factor, denoted as «, is predicted
by the Scale Predictor, a sub-module within the AFNM that consists of
two linear layers with a Layer Normalization and a ReLU activation in
between. This predictor takes the mean of the input features, applies
a sigmoid activation to ensure the scale factor remains positive, and
multiplies it with a learnable parameter gamma, denoted as y. The
operation of the Scale Predictor can be represented as:

9

Dnormlil =

a=y- Sigmoid(ScalePredictor(yd)Mmk ). (10)

The scaled features, denoted as ®g,., are obtained by multiplying
Dyorm With the scale factor a:

Dgeale = & - Prorm- an

The shift factor, denoted as f, is predicted by the Shift Predictor,
another sub-module within the AFNM. This predictor follows a similar
architecture to the Scale Predictor, with the addition of an extra linear
layer to reduce the feature dimension by half. The operation of the Shift
Predictor can be represented as:

Dgpie = F - ShiftPredictor(yd)Mmk). 12)

The final output of the AFNM, denoted as ®g;,,;, is obtained by adding
the shift features &gy to the scaled features ®g et

Prinal = Pscale + Pshift- 13)

In summary, the AFNM enhances the network’s ability to extract
meaningful features by adaptively normalizing and scaling the output
from the MinkowskiNet. By reducing the internal covariate shift and al-
lowing the network to restore the original feature statistics adaptively,
the AFNM contributes significantly to the robustness and generalization
capabilities of the proposed network.

3.4. Dual-attention fusion module

The Dual-Attention Fusion Module (DAFM) merges stochastic
sampling-based self-attention and Gaussian block self-attention to ef-
fectively address the challenges of analyzing point cloud data within a
domain generalization framework. The stochastic sampling technique
targets the computational intensity typically associated with processing
vast, sparse datasets characteristic of diverse weather scenarios. This
innovative approach achieves a critical balance between computational
efficiency and data fidelity, ensuring high-quality segmentation despite
environmental variability. Furthermore, the design of the stochastic
sampling-based self-attention mechanism is particularly suitable for the
domain generalization paradigm. It allows for a comprehensive under-
standing of the global context of the data, facilitating the recognition
of broad patterns and structures crucial in scenarios where training and
testing environments differ significantly.

Complementing this, the Gaussian block self-attention zeroes in on
local contextual nuances within segmented blocks of point cloud data.
This localized approach is particularly effective in adverse weather,
where diminished visibility and clarity can obscure critical data fea-
tures. By applying Gaussian filters, the DAFM enhances the model’s
capacity to discern fine details, critical for precise segmentation in chal-
lenging conditions. The combination of these two attention strategies
within the DAFM fosters a robust and versatile module. It is instru-
mental for nuanced and accurate interpretation of point clouds across
varying weather conditions. Consequently, the DAFM emerges as a key
component in addressing the challenges of domain generalization for
semantic segmentation of 3D point clouds in varied weather conditions.
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3.4.1. Self-attention with stochastic sampling

Given an input matrix Z € RVN*¢, where N is the number of points
and d is the dimensionality of the feature space, we propose a stochastic
sampling strategy to address the high computational demands of tra-
ditional self-attention mechanisms. By randomly selecting a subset of
size n:

Zsampled = Z [RandomIndices(N, n)], 14)

where n is the size of the sampled subset, we achieve significant
computational efficiency without substantial loss of information.

The Query, Key, and Value transformations are obtained using
learnable linear transformations:

0= VVq * “sampled>
K=W,- Zsampleds
V=w,- Zsampled’

(15)

where W, W,, and W, are the transformation matrices. The attention
weights are then computed as:
0-K

)

The softmax ensures that the weights are normalized. The attention
output is given by:

T

Al = softmax< 16)

AS

out

=A°

w

V. 17)

The final output for each point is obtained by averaging the attention
output across the sampled dimension and replicating it across all points:

A, =mean(A4’ ,dim=0)1 N, 18)

out?

where A, is the final output matrix with the same averaged attention
output repeated N times, and mean(A; . dim = 0) represents the mean
of the attention output across the specified dimension, resulting in a 2D
tensor with one row. This tensor is then broadcast across the N points
via the 1 operation, defined here as replicating the mean vector to
form an N-row matrix where each row is identical to the mean vector,
thereby assuring that each point in the final output matrix A, is as-
signed the same global attention value. This operation effectively aligns
the attention mechanism’s focus uniformly across the point cloud.
This approach significantly reduces the complexity from O(N?) to
O(n?), where n < N, achieving computational efficiency. Despite the
stochastic sampling, the average operation ensures that the original
relationships between the features are preserved. This method skillfully
balances between efficiency and integrity, rendering it suitable for
various applications where both speed and fidelity are required.

3.4.2. Self-attention with Gaussian block attention

For the second strategy, we segment the input matrix into blocks,
and apply Gaussian attention within each block. This approach en-
hances the local context modeling within the data. The input matrix
is segmented into blocks of size b:

Zyock = Z start_idx:end_idx> (19)

where start_idx and end_idx define the block boundaries. The squared
Euclidean distances within a block are computed:

2
(20)

Dists; ; = szlock,f - Zblock,j) .
where Dists; ; denotes the squared Euclidean distance between the ith
and jth data points within the block, and Zy,o.k; and Zy,, ; represent
the corresponding data points.

Next, the Gaussian attention weights are computed based on these

distances:

Dists

Ai, = exp <— > d 21
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where A% denotes the attention weights within the block, and d is
the dimensionality of the data, controlling the scale of the Gaussian
function. The final attention output within the block is:

ASy = A% Zlock- (22)
The overall attention output across all blocks is:
A8 "
A, = Aggregate <{ %“ } ) s (23)
i=1

where m is the total number of blocks, the aggregate function denotes
the process of combining these normalized block-wise attention outputs
into a single comprehensive attention representation.

This approach inherently takes into account the similarity between
points, ensuring that closer points have higher attention weights. The
block-based processing allows handling of larger data efficiently, as the
computational requirements are determined by the block size rather
than the entire data size.

3.4.3. Attention fusion module

We introduce an attention fusion module that combines the two
aforementioned attention strategies. The final output integrates the
stochastic sampling-based and Gaussian block attention outputs:

Afimzl =wyp - As +tuw;- Ag’ 24)

where w; and w, are learnable parameters controlling the fusion of the
two self-attention strategies.

The fusion of both self-attention mechanisms offers a synergis-
tic blend of advantages, maximizing computational efficiency without
compromising the essential data dependencies. By employing both
the random sampling and the block-based processing with Gaussian
attention, this comprehensive methodology provides substantial appli-
cability across various research domains.

3.5. Proxy label generation module

The Proxy Label Generation Module (PLGM) utilizes the nuanced,
context-rich feature representations processed by the DAFM, denoted
as ®papv- Unlike traditional methods in transfer learning, This mod-
ule operates as a transformative bridge, converting the intricate fea-
ture space into a semantic label space, achieved through a fully-
connected layer adept at mapping the interplay between features and
their corresponding semantic classes.

L = F(®papy)- (25)

where L denotes the generated proxy labels, and F represents the
fully-connected layer.

In response to the intrinsic complexities of domain generalization,
the PLGM plays a crucial role in bridging the gap between domain-
specific variations and a unified segmentation model. By generating
high-confidence proxy labels, the PLGM enables a self-supervised learn-
ing paradigm, integral to training models in scenarios where direct
domain correlation is challenging. This approach not only enhances the
model’s ability to generalize across various domains but also establishes
a feedback loop within the model. This loop facilitates continuous
improvement and refinement of the model’s understanding of data,
thereby addressing the limitations commonly faced in domain gener-
alization, such as the variance in data distribution and environmental
conditions.

In summary, the PLGM effectively integrates feature representations
from the DAFM with a robust mechanism for proxy label generation.
This capability allows the model to learn from the inherent structures
and patterns of the input data, an essential factor for adapting to the
fluctuating visibility and clarity nature of point cloud data in adverse
weather conditions.
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3.6. Loss function

In our proposed model, we incorporate a comprehensive and nu-
anced loss function structure that utilizes various aspects of learning
paradigms. This holistic approach ensures the robustness and ver-
satility of the model when interpreting 3D point cloud data. The
multifaceted loss structure is composed of five harmonized compo-
nents: Raw Cloud Semantic Loss (RCSL), Transformed Cloud Semantic
Loss (TCSL), Raw Cloud Proxy Consistency Loss (RCPCL), Transformed
Cloud Proxy Consistency Loss (TCPCL), and Mutual Information Loss
(MIL). The locations where each element operates within the overall
learning process are illustrated in Fig. 1.

Raw Cloud Semantic Loss: The RCSL is instrumental in processing
the raw 3D point cloud data. Represented by L g, this loss function
employs the conventional cross-entropy metric to quantitatively assess
the congruence between the predicted semantic labels L;. and their
corresponding ground truths G;.. RCSL is integral to the system’s
analytical accuracy, ensuring precise and reliable interpretations of
the original point cloud. This loss function contributes significantly
to the model’s robustness in segmenting complex raw point cloud
structures and enhances overall performance in semantic analysis. Its
mathematical expression is as follows:

Lresp =— Z Z G, log(L; ). (26)
1 c

Transformed Cloud Semantic Loss: The TCSL, denoted as Ly,
is also derived from the cross-entropy loss function. It quantifies dis-
crepancies between predictions and ground truth for the transformed
point cloud input, denoted as L] and G/ _ respectively. By processing
the transformed point cloud data the TCSL enables the model to
assimilate and learn from varied data representations. This approach
significantly enhances the model’s environmental perception, allowing
for a more comprehensive understanding of the spatial information
within point clouds. The mathematical formulation of the TCSL is as
follows:

Lrest = ZZG’ log(L; ).

Raw Cloud Proxy Consistency Loss: The RCPCL, represented by
L rcpcr, evaluates the discrepancy between the proxy labels, generated
from the raw 3D point cloud data, denoted as P, ., and the correspond-
ing ground truth labels G; .. The optimization of RCPCL aims to refine
the accuracy of proxy labels, aligning them more closely with the actual
labels, thus enhancing the functionality of the PLGM. This loss is crucial
for ensuring the fidelity of the model’s predictions in relation to the
original point cloud structures. The mathematical expression for the
RCPCL is:

Lrepcr == Z Z G log(P; )
i ¢

Transformed Cloud Proxy Consistency Loss: The TC-PCL, indi-
cated as Lycpcp, evaluates the discrepancy between the proxy labels
generated from the transformed point cloud data, denoted as P[’ .» and
the corresponding ground truth labels Gj, . This loss function plays
a pivotal role in ensuring that the proxy labels derived from the
transformed point cloud input align accurately with the ground truth,
thereby providing a crucial dimension of feedback for the learning
process. The TCPCL, enhancing the model’s adaptability to diverse data
transformations, is mathematically expressed as:

Lrcper = 2 2 G; log(P)).

27)

(28)

(29

Mutual Information Loss: To ensure the extracted features from
both raw point cloud and transformed point cloud inputs encapsulate
shared semantic information, a Mutual Information Loss, indicated as
L 11, is utilized. This loss assesses the commonality in the feature rep-
resentations derived from the raw point cloud, F, and the transformed
point cloud, F’. Minimizing this loss fosters a learning environment
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Table 1
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target.
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ADDA (Tzeng et al., 2017) 65.6 00 0.0 21.0 1.3 2.8 1.3 167 647 12 354 00 665 418 572 326 422 233 264 315 279 274 234 263
Ent-Min (Vu et al.,, 2019) 69.2 00 101 31.0 53 2.8 26 0.0 659 2.6 357 00 725 428 524 325 447 247 211 314 286 303 249 272
Self-training (Zou et al., 2019) 715 00 103 331 74 59 13 00 651 65 366 00 678 413 517 329 429 251 250 31.8 293 279 251 276
CoSMix (Saltori et al., 2022) 650 17 221 252 77 332 00 00 647 115 311 09 625 378 446 305 411 309 28.6 316 303 331 329 284
Baseline 559 00 0.2 1.9 109 103 6.0 0.0 61.2 109 320 00 679 416 498 279 408 296 175 295 26,0 284 21.4 244
Dropout (Srivastava et al., 2014) 621 00 155 3.0 115 54 20 0.0 584 128 267 1.1 721 436 529 342 435 284 155 293 256 294 248 257
Perturbation 74.4 0.0 0.0 23.3 0.6 19.7 0.0 0.0 60.3 108 339 07 720 452 587 175 424 221 97 263 278 30.0 245 259
PolarMix (Xiao et al., 2022a) 578 1.8 3.8 16.7 3.7 265 0.0 20 65.7 2.9 325 03 71.0 487 538 205 454 259 158 29.7 250 286 25.6 26.0
MMD (Li et al., 2018) 63.6 00 26 0.1 114 281 0.0 0.0 67.0 141 379 03 673 412 571 274 479 282 162 304 281 328 252 269
PCL (Yao et al.,, 2022) 659 00 0.0 17.7 0.4 8.4 0.0 0.0 59.6 120 350 16 740 475 607 158 489 261 275 289 27.6 301 246 264
PointDR (Xiao et al.,, 2023b) 67.3 00 45 196 9.0 188 27 0.0 626 129 381 06 733 438 564 322 457 287 274 313 297 319 262 286
Ours 720 00 329 37.0 19 377 68 529 599 107 318 22 760 488 627 340 493 236 204 395 325 317 294 348

where the model is encouraged to capture consistent and shared infor-
mation across these different input modalities, thus bolstering its ability
to generalize. The MIL is mathematically expressed as:

Lyn=-2 Y P(fsf,)10g< LR >

!
JeF fraw p(Hp(f")

The final loss function is a weighted sum of the five loss compo-
nents, denoted as L,,,. The flexibility in determining these weights,
denoted as «;, provides control over the importance of each learning
objective. It can be represented as:

(30)

Lipar =01Lpese + @ Lresy + 3Lrepert 1)

ayLrcper + #sLprr-

This multifaceted loss structure not only ensures the model’s robust
performance on the semantic segmentation task but also leverages
transformed inputs and proxy label learning, while maintaining the
harmony between different input perspectives. Therefore, this compre-
hensive loss structure significantly contributes to our model’s superior
performance on 3D point cloud semantic segmentation tasks.

4. Experiments
4.1. Dataset

The SemanticKITTI dataset (Behley et al., 2019), grounded in the
KITTI Vision Benchmark’s odometry set, includes diverse scenes from
inner-city traffic to countryside roads in Karlsruhe, Germany. It pro-
vides 23,201 full 3D training scans and 20,351 testing scans, making
it the largest publicly accessible dataset of its kind. The dataset fea-
tures point cloud data from a commonly used automotive LiDAR, the
Velodyne HDL64E, allowing research into the impact of aggregating
sequential scans on semantic segmentation performance and moving
object recognition. The 28 annotated classes overlap with Mapillary
Vistas (Neuhold et al., 2017) and scapes datasets (Cordts et al., 2016)
to suit the sparsity and vertical field-of-view inherent to point cloud
data. Around 1700 man-hours were invested to ensure accurate and
high-quality annotations.

The SynLiDAR dataset (Xiao et al., 2022b), created with Unreal
Engine 4, offers a detailed collection of LiDAR point cloud sequences
from diverse virtual outdoor scenarios, such as urban areas, small
towns, and harbors. The dataset comprises 198,396 scans with a total of
19 billion points, averaging 98,000 points per scan. It provides accurate
coordinates and precise point-wise annotations across 32 semantic
classes, contributing to an in-depth understanding of each scene. With
its substantial scale and variety of semantic classes, SynLiDAR is an
invaluable resource for research in synthetic-to-real point cloud transfer
learning. To overcome the challenge of simulating intensity in LiDAR
point clouds, SynLiDAR incorporates a model trained on real-world
LiDAR data, thereby ensuring a comprehensive, realistic dataset.

SemanticSTF (Xiao et al., 2023b) is an expansive adverse-weather
3D semantic segmentation benchmark, meticulously created from the
STF dataset (Bijelic et al., 2020). It comprises 2,076 LiDAR scans,
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carefully selected from diverse geographical locations such as Ger-
many, Sweden, Denmark, and Finland to minimize data redundancy.
The scans include diverse weather conditions with 694 snowy, 637
dense-foggy, 631 light-foggy, and 114 rainy scenarios. Manual, highly
detailed point-wise annotations were painstakingly applied, with a la-
borious over 6,600 man-hours dedicated to quality control, verification,
and correction. The dataset, divided into 1,326 training, 250 validating,
and 500 testing scans, is a pivotal resource for the development of
robust 3D semantic segmentation models designed to perform reliably
across all weather conditions.

4.2. Evaluation and visualization results

4.2.1. Evaluation results: from SemanticKITTI to SemanticSTF

Table 1 presents the performance of our proposed network in 3D
semantic segmentation tasks, using SemanticKITTI as the source and
SemanticSTF as the target. The results are compared with several other
state-of-the-art methods. Our model clearly outperforms other methods
in terms of mloU, scoring a remarkable 34.8%. This suggests that,
on average, our model has a superior capability to correctly segment
points across all categories. Drilling down to individual categories, our
model demonstrates particularly strong performance in ‘“motorcycle”,
“truck”, “person”, “motorcyclist”, and “terrain” categories, where it
outperforms all other models. For instance, in the “truck” category, our
model achieves an impressive accuracy of 37.0%, significantly higher
than the nearest network, while in the “terrain” category, our model
reaches a high score of 49.3%, exceeding all other models. The high
precision in these categories can be attributed to the distinctive fea-
tures of our proposed network, which include specialized convolutional
structures, sophisticated attention mechanisms, and advanced fusion
modules. These features enhance the network’s ability to discern and
correctly segment these larger objects, which tend to have consistent
shape and size characteristics. However, there are categories where our
model’s performance could be improved, such as “pole” and “traffic-
sign”. These categories often include smaller and more variably shaped
objects, which present a unique set of challenges for 3D semantic
segmentation. Nevertheless, the overall high performance of our model
suggests its effectiveness across diverse segmentation tasks. Future
research could focus on improving performance in these more challeng-
ing categories, potentially through implementing additional attention
mechanisms, or introducing novel methods for handling complex object
categories.

Leveraging SemanticKITTI dataset as the source and SemanticSTF
dataset as the target, we exhibit the model’s performance under varying
environmental adversities. These conditions, including dense fog, light
fog, rain, and snow, present significant challenges to model accuracy
due to reduced visibility and increased noise in the data. The proposed
model demonstrates notable performance across a range of adverse
weather conditions, surpassing other leading semantic segmentation
models in mIoU scores. Beginning with dense fog, a condition that
typically plummets model performance, our model achieves a remark-
able mIoU of 39.5% as shown in Table 2. It should be noted that the
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Table 2
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target (dense fog).
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Method S a2 E B S & =8 E = a @ o & & > =] ] a =] mloU
Baseline 747 - - 78 00 64 89 00 722 0.6 33.8 0.0 59.6 48.7 569 27.4 56.4 27.2 21.1 295
Dropout (Srivastava et al., 2014) 675 - - 19 0.0 89 28 00 709 56 29.0 08 64.6 44.0 60.0 31.6 60.6 28.1 21.3 29.3
Perturbation 68.6 - 88 0.0 6.0 00 00 666 148 243 0.1 522 435 60.1 194 541 16.3 11.5 26.3
PolarMix (Xiao et al., 2022a) 523 - - 172 0.0 36 0.0 193 752 00 287 0.6 624 49.5 60.5 29.0 554 20.8 30.7 29.7
MMD (Li et al., 2018) 755 - - 03 00 42 00 00 754 11.2 336 05 648 51.7 647 26.1 623 23.0 23.0 304
PCL (Yao et al., 2022) 643 - - 117 00 06 00 00 724 38 31.3 08 631 465 657 194 64.3 185 289 28.9
PointDR (Xiao et al., 2023b) 69.2 - - 71 00 24 67 00 735 85 336 0.2 656 476 63.6 31.0 60.7 244 38.8 31.3
Ours 788 - - 40.6 00 7.0 47.7 67.3 716 03 29.8 1.4 650 48.0 66.5 33.0 60.8 21.3 33.0 39.5
Table 3
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target (light fog).
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Baseline 60.0 0.0 00 1.3 109 123 0.0 00 68.6 45 36.0 0.0 61.5 53.1 556 38.0 44.7 29.2 18.2 26.0
Dropout (Srivastava et al., 2014) 63.2 0.0 0.0 3.2 10.2 55 0.0 0.0 63.8 49 294 0.1 625 53.1 58.6 425 46.6 27.8 14.3 256
Perturbation 76.6 0.0 0.0 382 0.0 21.9 00 0.0 66.6 8.8 346 0.1 624 56.1 63.2 253 46.2 224 6.5 27.8
PolarMix (Xiao et al., 2022a) 42.6 0.2 0.0 294 33 17.0 0.0 0.2 69.8 0.7 33.1 0.1 56.2 56.3 54.9 24.7 44.8 24.1 16.6 25.0
MMD (Li et al., 2018) 63.6 0.0 00 0.1 13.3 259 0.0 00 73.9 56 428 0.1 64.1 553 619 36.6 50.7 29.2 9.9 28.1
PCL (Yao et al., 2022) 66.3 0.0 0.0 26.7 0.2 87 0.0 00 67.8 50 36.7 04 643 58.0 66.1 21.2 53.1 255 24.6 27.6
PointDR (Xiao et al., 2023b) 659 0.0 0.0 29.7 44 11.4 0.9 00 709 8.8 43.3 0.0 66.5 551 61.3 43.0 49.1 29.1 24.3 29.7
Ours 68.5 0.0 0.0 54.0 48 43.8 0.0 0.0 69.1 43 343 0.5 68.4 58.6 66.6 43.8 55.3 24.2 20.7 32.5
Table 4
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target (rain).
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Baseline 72.4 0.0 0.0 163 69 0.0 71.6 12.7 581 0.0 70.0 33.0 51.8 9.9 242 333 229 284
Dropout (Srivastava et al.,, 2014) 81.3 0.0 - 0.0 21.2 56 0.0 - 622 11.8 448 0.6 76.8 44.7 56.0 16.3 23.3 328 222 294
Perturbation 839 00 - 24 00 209 00 - 732 126 547 7.0 71.7 43.2 583 59 294 294 169 30.0
PolarMix (Xiao et al., 2022a) 567 40 - 9.1 15 298 0.0 - 682 109 502 05 732 47.2 483 178 223 323 141 286
MMD (Li et al., 2018) 839 00 - 00 89 316 00 - 77.9 179 60.2 0.3 69.6 39.3 584 141 325 340 30.0 32.8
PCL (Yao et al., 2022) 842 00 - 00 01 43 00 - 681 109 555 46 747 439 596 58 273 342 388 301
PointDR (Xiao et al., 2023b) 780 00 - 0.0 13.8 200 00 - 721 147 60.0 1.2 76.1 369 580 183 247 36.1 325 319
Ours 84.3 00 - 04 00 40.6 00 - 651 19.2 51.3 42 77.3 427 61.3 157 228 309 235 317
symbol ‘-’ indicates the absence of instances captured under dense a spectrum of challenging weather conditions, the model demonstrates

fog conditions. This is a clear indication of the model’s robustness
in managing challenging low-visibility situations. Despite the success,
there are areas where performance can be improved, specifically in the
“other-vehicle” and “other-ground” categories, which presented lower
mloUs.

As the conditions shift to light fog, our model maintains its ex-
ceptional performance, achieving an mIoU of 32.5%, as detailed in
Table 3. This consistent performance in light fog conditions exempli-
fies the model’s robustness and adaptability, highlighting its superior
resilience in adverse conditions. Under rainy conditions, a weather
scenario known for inducing substantial noise and visibility challenges,
our model exhibits remarkable performance with an mloU of 31.7% as
shown in Table 4. This accomplishment underlines the model’s ability
to handle complex and noisy environments, while maintaining a high
degree of accuracy.

Under snowy conditions, our model continues to set new standards,
achieving an mlIoU of 29.4%, as indicated in Table 5. Despite the
challenges of reduced visibility in snowy environments, the model’s
performance affirms its exceptional adaptability and resilience. Across
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commendable precision, especially notable in categories such as “mo-
torcycle”, “truck”, “person”, and ‘“vegetation”. This consistent accu-
racy underscores the model’s robustness and versatility. Nonetheless,
there is potential for further refinement, particularly in enhancing
its performance in more complex categories like “other-vehicle” and
“other-ground”.

4.2.2. Visualization results: from SemanticKITTI to SemanticSTF

Figs. 2, 3, 4, and 5 present the 3D semantic segmentation outcomes,
utilizing SemanticKITTI as the source and SemanticSTF as the target,
under varying weather conditions such as dense fog, light fog, rain,
and snow, respectively. In these figures, (a) shows the ground truth;
(b) and (c) present results from PointDR and our method, respectively,
where different colors represent distinct semantic categories; (d) and
(e) illustrate the right (R) and wrong (W) predictions in bright blue and
bright yellow for PointDR and our method, respectively, to highlight
differences. Although both the PointDR and our proposed method
deliver satisfactory segmentation performance in these challenging vis-
ibility conditions, the latter demonstrates superior ability in discerning
and segmenting intricate details.
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Table 5
3D semantic segmentation results (%) with SemanticKITTI as source and SemanticSTF as target (snow).
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Baseline 49.5 0.0 0.3 0.5 11.6 10.8 - 421 149 239 00 71.5 26.7 29.3 240 17.8 30.8 10.1 21.4
Dropout (Srivastava et al.,, 2014) 58.5 0.0 30.5 54 132 52 - - 419 18.0 204 25 764 30.5 31.8 327 19.8 282 7.0 248
Perturbation 73.6 0.0 00 55 1.1 19.8 - 45.7 109 34.4 0.1 80.6 32.8 45.2 12.8 20.0 244 9.5 245
PolarMix (Xiao et al., 2022a) 665 34 93 35 58 324 - - 553 36 301 01 778 36.1 342 126 251 29.8 10.1 25.6
MMD (Li et al., 2018) 59.4 0.0 47 0.0 147 305 - - 508 169 328 0.2 684 244 36.6 24.1 241 300 11.4 252
PCL (Yao et al., 2022) 640 00 00 82 07 92 - - 389 152 316 23 79.6 351 41.3 11.2 23.1 30.1 26.8 24.6
PointDR (Xiao et al., 2023b) 66.2 0.0 104 0.0 16.7 21.3 - - 43.0 152 33.0 1.7 76.8 30.3 36.1 27.6 222 30.0 14.1 26.2
Ours 706 0.1 398 87 09 394 - - 398 138 274 3.4 80.6 36.6 46.8 30.6 26.0 23.5 12.0 29.4

(a) Ground Truth (b) PointDR (c) Ours (d) PointDR (R/W) (e) Ours (R/W)
unlabeled @  car bicycle motorcycle @  truck other-vehicle person bicyclist
motorcyclist @  road parking sidewalk other-ground building fence vegetation
trunk terrain pole traffic-sign invalid @  right wrong

Fig. 2. Qualitative results with SemanticKITTI as source and SemanticSTF as target (dense fog). (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

(a) Ground Truth (b) PointDR

(c) Ours

(e) Ours (R/W)

(d) PointDR (R/W)

Fig. 3. Qualitative results with SemanticKITTI as source and SemanticSTF as target (light fog). (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)

4.2.3. Evaluation results: from SynLiDAR to SemanticSTF

In Table 6, we assess the 3D semantic segmentation results utilizing
SynLiDAR as the source and SemanticSTF as the target. Our method,
showcased in the final row, performs remarkably well across multiple
environmental conditions with the highest mIoU score of 21.9%. This
showcases a higher average precision across categories in comparison
to other methods, with PointDR (Xiao et al., 2023b) trailing behind
at an mloU of 18.5%. Examining category-wise performances, our
model secures exemplary results, specifically in categories such as
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“road” (53.9%), “building” (64.3%), “vegetation” (53.8%), and “pole”
(28.6%). The notable performance in the “road” and “building” cat-
egories, which are imperative for driving scenarios, underscore our
model’s adeptness. The robustness of our model extends to adverse
weather conditions as well - dense fog (D-fog), light fog (L-fog), rain,
and snow. Our method’s resilience in these conditions further solidifies
its superiority over other models. The underpinning factor for this supe-
rior performance can be attributed to our network’s robust architecture,
capable of encapsulating complex data interrelationships and yielding
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(a) Ground Truth (b) PointDR

(c) Ours

(d) PointDR (R/W) (e) Ours (R/W)

Fig. 4. Qualitative results with SemanticKITTI as source and SemanticSTF as target (rain). (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

(a) Ground Truth (b) PointDR

Fig. 5. Qualitative results with SemanticKITTI as source and SemanticSTF as target (snow).

referred to the web version of this article.)

(c) Ours

(d) PointDR (R/W)

(e) Ours (R/W)

(For interpretation of the references to color in this figure legend, the reader is

Table 6
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target.
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Dropout (Srivastava et al, 2014) 280 3.0 14 96 00 171 08 07 342 68 191 01 355 191 423 176 360 140 28 153 166 204 140 152
Perturbation 271 23 23 160 01 237 12 40 270 36 162 08 292 167 353 227 383 179 51 163 167 193 134 152
PolarMix (Xiao et al., 2022a) 392 11 12 83 15 178 08 07 233 13 175 04 452 248 362 201 387 76 19 161 155 192 156 157
MMD (Li et al., 2018) 255 23 21 132 07 221 14 75 308 04 176 02 309 197 776 193 435 99 26 173 163 200 127 151
PCL (Yao et al., 2022) 309 08 14 100 04 233 40 7.9 285 13 177 12 394 185 400 160 386 121 23 178 167 193 141 155
PointDR (Xiao et al., 2023b) 378 25 24 236 01 263 22 33 279 77 175 05 476 253 457 210 375 179 55 195 199 211 169 185
Ours 338 11 29 170 02 268 1.0 43 539 50 206 22 643 271 538 27.0 370 286 86 21.6 234 272 214 219

nuanced segmentation results. Analogous scrutiny into the performance
of other methods offers some insight into their limitations. For instance,
while PointDR (Xiao et al., 2023b) model showcases commendable
results in the “truck” (23.6%) and “parking” (7.7%) categories, it
lacks consistent performance across the board. PolarMix (Xiao et al.,
2022a), albeit performing well in the “car” category (39.2%), is not as
proficient in handling “person”, “road”, and “trunk” categories.

These four tables illustrate the performance comparison of various
methods for 3D semantic segmentation under different environmen-
tal conditions, namely dense fog (Table 7), light fog (Table 8), rain
(Table 9), and snow (Table 10). These conditions, as represented by
the SynLiDAR as source and SemanticSTF as target datasets, showcase
a wide range of complexity and provide an extensive testbed for
evaluating the robustness of our proposed method compared to other
methods.

In the Table 7, our model outperforms the best model, PointDR,
by 2.1% mloU overall. Significant gains can be seen in categories like
“road” (13.7% increase), “building” (11.1% increase), “fence” (2.8%
increase), ‘“vegetation” (1.9% increase), and “pole” (5.2% increase)
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when compared with the second-best accuracy achieved in each cat-
egory. For the light fog condition in Table 8, our model achieves an
mloU of 23.4%, which is a 3.5% improvement over the next best,
PointDR. Remarkable improvements are observed in “person” (3.8%
increase), “road” (19.4% increase), “sidewalk” (3.2% increase), and
“building” (8.3% increase), demonstrating the model’s enhanced per-
formance relative to the next best results in these categories. In the
Table 9, despite the adverse rainy conditions, the proposed network
maintains strong performance, particularly in the categories of “car”
(2.2% increase), “road” (17.8% increase), “building” (13.2% increase),
“fence” (6.1% increase), “vegetation” (9.7% increase), “pole” (8.7%
increase), and “traffic-sign” (5.4% increase). This resilience to adverse
weather indicates the robustness of the proposed model in handling
weather-related challenges in feature extraction.

In the snowy conditions in Table 10, our model excels with an
mloU of 21.4%, surpassing the second-best model, PointDR, by 4.5%.
Compared to the next best performances in each category, our model
displays substantial improvements, with notable advances in “road”
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Table 7
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target (dense fog).
< :z B
3} 2 =
E, ® 2 2 = § o0 5 §°
g g =g 2 g g T P £ § . £ $
o o = o 3] o = = o ) + =1 o=
s g2 £% 2 : ¥ 12 £33 : ¢ :ToE 2 %
Method S a8 E & S a B E 2 a g S & & > =] ] a 5 mloU
Baseline 216 - - 64 00 37 29 189 257 00 7.7 1.0 41.2 225 523 154 55.5 93 24 169
Dropout (Srivastava et al., 2014) 127 - - 7.7 0.0 19 04 25 383 0.1 102 0.3 373 218 574 13.1 445 101 1.0 153
Perturbation 133 - - 104 00 43 28 191 300 0.7 88 1.2 305 17.5 489 184 503 163 5.2 163
PolarMix (Xiao et al., 2022a) 158 - - 106 0.0 1.5 1.7 35 277 00 99 03 462 289 59.2 135 495 44 1.7 16.1
MMD (Li et al., 2018) 265 - - 127 0.0 27 40 223 306 0.0 94 0.0 31.6 21.7 526 139 543 89 25 173
PCL (Yao et al., 2022) 229 - - 201 0.0 22 6.2 283 29.0 0.0 9.2 2.6 379 229 545 11.4 459 85 1.1 17.8
PointDR (Xiao et al., 2023b) 425 - - 166 0.0 24 3.2 122 319 02 9.0 0.8 428 271 59.8 183 44.0 154 5.7 195
Ours 244 - - 131 0.0 35 0.0 199 52.0 0.1 105 0.7 57.3 317 61.7 20.6 42.0 21.5 7.8 21.6
Table 8
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target (light fog).
o) - k]
) E 4 g
3 3 s 2 = B ow g B
g 8 g 2 B g T v E 8§ . £ g
o S o S 2 o 9 © T =]
= 2 8 % £§% z % OE 5 O£ £ % 5 O % %
Method S 5 E kB 5 A B2 g 2 A @ 5 5 & > = s a 5 mloU
Baseline 320 4.2 05 273 0.2 140 6.2 0.0 31.0 0.0 126 09 38.7 248 515 26.7 464 85 1.3 17.2
Dropout (Srivastava et al., 2014) 225 3.0 09 16.0 0.1 100 52 0.2 40.3 1.3 181 0.0 389 221 576 235 385 138 3.7 16.6
Perturbation 311 19 1.6 215 0.0 125 26 0.0 33.2 1.6 143 1.1 343 20.1 48.7 29.8 420 16.7 4.5 16.7
PolarMix (Xiao et al., 2022a) 273 03 04 89 14 82 1.2 0.0 29.0 0.2 155 0.7 399 274 573 288 409 58 1.5 155
MMD (Li et al., 2018) 31.0 21 05 16.0 0.0 105 1.7 0.0 37.7 0.3 163 0.6 29.2 249 51.8 29.6 47.8 83 1.8 16.3
PCL (Yao et al., 2022) 31.7 0.7 08 10.1 0.1 10.2 21.6 0.0 339 0.6 16.1 0.1 37.8 222 525 23.8 426 11.3 2.2 16.7
PointDR (Xiao et al., 2023b) 447 1.7 1.0 339 03 129 47 0.0 36.0 09 158 0.7 444 30.3 60.0 283 424 151 5.7 199
Ours 398 04 12 330 0.1 17.8 53 0.0 59.7 3.8 21.3 5.2 527 31.2 63.2 33.4 40.1 27.1 8.6 23.4
Table 9
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target (rain).
) - =]
) © 2 g
E © 2 E = § 00 .S §°
o 8 g 203 ¥ B P £ & = &
Method § 5 € ©® & E® E S & % ® B & & 5 & & 5 moU
Baseline 458 45 - 68 04 389 00 - 320 0.0 243 00 430 80 338 11.3 239 115 7.7 17.2
Dropout (Srivastava et al., 2014) 47.0 7.6 - 7.7 0.0 340 0.0 - 473 6.9 34.6 0.0 398 11.5 37.5 13.8 296 21.6 86 204
Perturbation 575 53 - 182 00 363 01 - 371 15 269 0.3 349 104 326 122 205 23.2 104 19.3
PolarMix (Xiao et al., 2022a) 596 15 - 6.0 52 246 1.0 - 314 01 304 0.0 555 122 446 13.1 250 11.0 4.7 19.2
MMD (Li et al., 2018) 49.5 48 - 200 47 376 0.0 - 437 00 324 0.0 421 11.3 344 123 251 134 8.1 20.0
PCL (Yao et al., 2022) 51.3 09 - 43 21 356 0.0 - 414 00 320 0.0 548 9.7 37.1 114 242 166 6.3 193
PointDR (Xiao et al., 2023b) 422 33 - 219 00 304 17 - 358 32 319 0.0 540 144 40.7 125 319 236 11.8 21.1
Ours 61.8 1.5 - 22.0 00 384 00 - 651 1.2 31.2 41 68.7 205 543 14.5 29.7 323 17.2 27.2
Table 10
3D semantic segmentation results (%) with SynLiDAR as source and SemanticSTF as target (snow).
) = 9
) e Rz g
E ) 2 E, = § 00 .S go
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[ o 7 = o 3] o ol = o [J] - g = =
s £ 8 2 2% 2£8% 3% o& 2% 2 P o:EOEo% oG
Method S 5 & E ©° A a2 & 2 a @ S A & > B s a E  mloU
Baseline 246 2.7 15 24 00 322 - - 129 04 183 0.0 333 138 157 149 181 101 1.9 119
Dropout (Srivastava et al.,, 2014) 359 2.8 3.7 30 00 219 - - 209 100 228 0.0 332 148 17.1 16.8 165 157 2.6 14.0
Perturbation 271 24 68 6.8 02 310 - - 154 48 197 0.0 263 124 140 22.0 164 190 4.1 134
PolarMix (Xiao et al., 2022a) 534 23 41 60 1.2 279 - - 11.7 19 21.5 0.3 452 208 21.7 188 16.5 105 1.7 15.6
MMD (Li et al., 2018) 208 27 60 48 02 313 - - 201 05 21.0 01 296 122 150 16.6 21.8 11.3 24 127
PCL (Yao et al., 2022) 30.7 1.1 44 62 03 346 - - 191 1.7 22.0 0.3 37.8 126 164 142 199 147 3.0 14.1
PointDR (Xiao et al., 2023b) 342 40 74 7.5 01 362 - - 138 12.0 227 0.0 488 199 199 189 17.0 20.7 3.4 169
Ours 30.7 16 79 26 04 322 - - 46.5 6.1 25.1 0.9 69.9 19.1 30.2 28.0 21.6 33.9 7.5 214
(25.6% increase), “building” (21.1% increase), “vegetation” (8.5% in- Some categories see minor improvements or even slight regressions,
crease), and “pole” (13.2% increase). It is crucial to note that these which suggests room for further model optimization. However, the
performance improvements are not evenly distributed across all classes. significant improvements in most categories validate the effectiveness
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(a) Ground Truth (b) PointDR

Fig. 6. Qualitative results with SynLiDAR as source and SemanticSTF as target (dense fog).

referred to the web version of this article.)

(c) Ours

(d) PointDR (R/W) (e) urs (R/)

(For interpretation of the references to color in this figure legend, the reader is

(a) Ground Truth

(b) PointDR

(c) Ours

(d) PointDR (R/W) (e) Ours

(R/W)

Fig. 7. Qualitative results with SynLiDAR as source and SemanticSTF as target (light fog). (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)

of our proposed model. Specifically, the advanced feature processing,
robustness to varying weather conditions, and efficient handling of
class imbalance in our model contribute to these performance boosts.

4.2.4. Visualization results: from SynLiDAR to SemanticSTF

In this study, we present the visualization results of 3D semantic
segmentation employing SynLiDAR as the source and SemanticSTF as
the target domain. Figs. 6, 7, 8, and 9 illustrate these outcomes across
a spectrum of challenging weather conditions, specifically dense fog,
light fog, rain, and snow, respectively. Comparative analysis reveals
that while the PointDR technique demonstrates notable proficiency in
segmentation under adverse visibility conditions, our proposed method-
ology excels in its ability to discern fine details. This capability leads
to a segmentation that is both more precise and nuanced, highlighting
the advanced interpretative potential of our approach.

4.3. Ablation study

4.3.1. Ablation study on network components

Table 11 illustrates an ablation study that investigates the influence
of various network components — AFNM, DAFM, and PLGM, on the
semantic segmentation performance. The data sources for the study
are SemanticKITTI and SemanticSTF, with SemanticKITTI serving as
the source and SemanticSTF as the target. The data is categorized
based on different weather conditions including D-fog, L-fog, Rain,
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Snow, and an aggregate condition labeled as “All”. Different cate-
gories such as “car”, “bicycle”, “truck”, “person”, “road”, ‘“building”,
“vegetation”, “pole”, and “traffic-sign”, etc., are taken into account.
Table 11 presents the mIoU values for diverse object categories in
each weather condition, given the various combinations of network
components. A holistic evaluation of the table reveals that the full
combination of AFNM, DAFM, and PLGM provides the highest mIoU
values, particularly under the “All” weather conditions with a value
of 34.8%. This signifies the effectiveness of integrating all modules
in improving the overall model’s performance. Upon examining the
impacts of the absence of one or more components, a decrease in mloU
is noticeable. This suggests that each component plays a vital role in
enhancing the model’s performance. For instance, when each module
is successively removed from the full combination, the mloU value
under “All” weather conditions reduces to 27.2%, 30.1%, and 30.0%,
respectively. This reveals the contributions of individual components
and how their absence can degrade the model’s overall performance.
Assessing category-specific IoU, the model exhibits varying perfor-
mances. Certain categories, such as “car”, “building”, and “vegetation”,
consistently maintain relatively high mloU values across all weather
conditions and module combinations. This could be attributed to these
categories being more common and less affected by weather conditions
compared to others. On the other hand, categories like “bicycle”,
“other-ground”, and ‘“other-vehicle”, exhibit much lower and more
inconsistent mIoU values, perhaps due to their more complex shapes
and lower occurrence rates in the data. A noteworthy observation is
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(a) Ground Truth (b) PointDR

Fig. 8. Qualitative results with SynLiDAR as source and SemanticSTF as target (rain).
to the web version of this article.)

(c) Ours

(d) PointDR (R/W)  (e) Ours (R/W)

(For interpretation of the references to color in this figure legend, the reader is referred

(a) Ground Truth (b) PointDR

Fig. 9. Qualitative results with SynLiDAR as source and SemanticSTF as target (snow).
to the web version of this article.)

Table 11

(c) Ours

(d) PointDR (R/W)

(e) Ours (R/W)

(For interpretation of the references to color in this figure legend, the reader is referred

Ablation study on the effects of network components on semantic segmentation performance with SemanticKITTI as the source and SemanticSTF as the target.
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AFNM DAFM PLGM Weather 3 2 £ £ g g2 =z g g g g 2 & ¢ g g g E A = & 5 mloU
Dfog 729 - - 208 00 32 93 42 734 84 311 09 682 435 630 268 624 241 20.6 319
L-fog 586 0.0 00 380 129 25 00 00 703 7.8 376 0.2 694 560 605 363 518 268 19.6 28.9
v N Rain 807 0.0 - 20 17 42 00 - 719 150 554 00 751 352 536 117 27.2 353 320 295
Smow 488 00 343 82 7.6 67 - - 378 187 258 07 709 200 281 259 205 27.0 137 238
All 556 0.0 161 237 73 58 67 33 608 154 324 0.6 706 431 526 281 465 267 221 27.2
Dfog 753 - - 280 00 71 167 00 747 03 304 36 646 505 623 326 601 234 257 327
L-fog 730 00 00 533 56 345 00 00 694 75 398 19 603 540 617 399 512 27.2 147 313
N N Rain 837 00 - 00 00 452 00 - 561 179 537 126 735 396 570 197 194 329 135 30.9
Smow 778 00 00 141 0.6 471 - - 474 110 314 18 770 340 482 285 267 308 7.5 28.5
All 769 0.0 00 346 20 428 59 00 622 100 354 30 719 465 59.6 323 486 280 13.0 30.1
Dfog 601 - - 155 00 23 284 00 638 10 208 08 674 434 602 329 541 235 361 300
L-fog 581 00 00 294 59 325 00 00 57.7 113 206 01 620 426 588 332 480 243 198 27.0
N v Rain 689 0.4 - 02 164 285 00 - 425 86 380 23 766 208 553 208 225 366 13.1 26.5
Smow  73.0 86 412 148 140 403 - - 347 188 309 05 808 303 474 237 264 247 9.1 30.5
All 678 57 335 230 95 363 130 00 505 159 200 07 750 37.8 574 285 452 250 17.0 30.0
Dfog 788 - - 406 00 7.0 477 673 716 03 298 14 650 480 665 330 608 213 330 39.5
L-fog 68.5 0.0 00 540 48 438 00 00 691 43 343 0.5 684 586 666 438 553 242 207 32.5
v v N Rain 843 00 - 04 00 406 00 - 651 192 513 42 773 427 613 157 228 309 235 317
Smow 706 01 398 87 09 394 - - 398 138 274 34 806 366 468 306 260 235 120 29.4
All 720 0.0 329 370 19 377 68 529 599 107 318 22 760 488 627 340 493 236 204 34.8

the significant improvement in mloU values for the “motorcyclist”
category under D-fog weather condition when all components are
active (67.3%), compared to when any of them is inactive (with highest
being 4.2%). This indicates that some categories significantly benefit
from the combination of all components. In conclusion, this ablation
study underlines the importance of incorporating all three components
— AFNM, DAFM, and PLGM, to achieve the optimal performance in
semantic segmentation tasks across a range of weather conditions and
object categories. It emphasizes the individual significance of each
module and the synergy achieved when they work together.

Table 12 extends the ablation study to assess the impact of AFNM,
DAFM, and PLGM on semantic segmentation, using SynLiDAR as the
source and SemanticSTF as the target. The mloU values for various
object categories under different weather conditions are presented,
highlighting how the model performs with different combinations of
network components. Similar to the findings from Tables 11, 12 demon-
strates that the highest mIoU values are achieved when all modules
— AFNM, DAFM, and PLGM — are integrated, particularly under the
“All” weather conditions. This consistent pattern reinforces the notion
that the combined action of these modules significantly elevates the
model’s performance in semantic segmentation tasks. The results from
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Table 12
Ablation study on the effects of network components on semantic segmentation performance with SynLiDAR as the source and SemanticSTF as the target.
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AFNM DAFM PLGM  Weather & i & £ g & 32 B g A s & & g E b 2 B A o & & mloU
D-fog 358 - - 121 00 30 66 241 407 00 94 01 552 258 604 231 447 193 87 217
L-fog 413 15 06 298 06 169 61 00 464 23 162 00 520 255 588 358 419 222 9.9 21.5
v v Rain 431 17 - 144 00 432 00 - 484 33 335 00 721 151 453 186 314 31.0 148 24.5
Snow 308 1.2 06 56 02 438 - - 189 65 235 00 544 191 215 277 175 315 7.3 18.2
All 343 1.0 04 185 03 321 29 49 364 49 183 00 557 230 469 284 380 256 9.1 20.0
D-fog 340 - - 148 00 24 28 580 429 01 111 45 544 256 589 148 405 162 50 227
L-fog 459 28 03 366 16 133 23 00 506 44 195 19 531 271 597 257 404 207 7.4 21.8
v v Rain 67.7 60 - 203 01 337 16 - 572 57 378 06 637 11.0 444 132 330 275 119 25.6
Snow 446 85 22 62 10 379 - - 246 141 261 17 513 187 209 163 200 230 52 19.0
All 450 47 08 232 10 266 14 133 410 100 207 28 532 232 465 184 362 209 63 20.8
D-fog 339 - - 1.6 00 27 33 182 497 00 109 23 509 258 60.6 194 40.8 204 97  21.2
L-fog 493 1.6 08 192 01 130 34 00 541 60 210 01 432 263 594 288 39.2 240 11.2 21.1
v v Rain 69.3 1.9 - 119 00 371 00 - 591 1.9 365 0.6 584 119 448 149 317 271 156 24.9
Snow 374 26 88 62 01 387 - - 329 127 245 00 516 151 207 199 201 302 9.0 19.4
All 416 1.9 23 142 00 278 17 36 468 99 209 11 504 220 467 219 359 258 104 20.3
D-fog 244 - - 131 00 35 00 199 520 01 105 07 573 3L7 617 206 420 215 78  21.6
L-fog 398 04 1.2 330 01 178 53 00 597 38 213 52 527 312 632 334 401 271 86 23.4
v v v Rain 61.8 15 - 220 0.0 384 00 - 651 1.2 312 41 687 205 543 145 297 323 17.2 27.2
Snow 307 1.6 79 26 04 322 - - 465 61 251 09 699 191 302 280 216 339 7.5 21.4
All 338 11 29 170 02 268 10 43 539 50 206 22 643 271 538 270 370 286 86 21.9
Table 13
Ablation study on the effects of loss components on semantic segmentation performance with SynLiDAR as the source and SemanticSTF as the target.
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RCSL TCSL RCPCL TCPCL MIL Weather 5 = & &5 =% & # & & & % % 2 & ¢ £ 5 2 E & I 2 & mw
D-fog 46.8 - 143 00 18 36 258 427 03 103 04 432 327 618 179 390 168 52 213
L-fog 56.6 3.2 1.6 37.0 7.9 164 43 00 461 44 176 0.2 438 331 631 330 372 205 6.7 228
v v v v Rain 687 56 - 203 04 403 18 - 47.4 55 342 00 541 149 439 157 304 337 156 25.4
Snow 489 71 81 57 27 412 - - 21.2 117 247 00 473 229 226 228 193 262 59 19.9
All 51.6 43 31 237 38 304 23 56 374 85 192 0.2 465 285 491 241 344 225 6.6 21.2
D-fog 92 - - 153 00 27 62 497 558 0.0 127 0.0 491 249 625 121 297 186 3.5 207
L-fog 178 09 09 355 00 139 131 06 605 01 241 00 450 27.8 59.4 211 302 203 7.2 19.9
v v N v Rain 484 27 - 169 00 395 00 - 66.7 0.0 367 00 665 209 500 122 208 293 7.5 24.6
Snow 375 28 47 142 05 340 - - 475 01 281 00 567 181 233 101 159 272 51 19.2
All 245 14 15 266 03 253 42 242 556 01 238 0.0 541 238 491 138 274 231 54 20.2
D-fog 164 - - 86 00 23 103 433 467 01 11.8 29 427 220 599 123 401 194 71 203
L-fog 403 27 00 135 04 157 58 00 515 01 206 26 358 241 59.2 21.9 388 21.9 5.6 19.0
v v v v Rain 640 52 - 132 01 389 15 - 61.6 0.0 387 35 612 168 497 120 281 304 12.6 25.7
Snow 380 42 61 55 02 366 - - 397 01 257 08 583 151 246 158 21.9 298 5.9 19.3
All 368 35 1.6 101 02 277 32 84 472 01 218 24 507 206 491 165 357 248 6.7 19.3
D-fog 358 - - 92 00 30 30 130 542 08 105 03 507 175 59.5 181 355 199 82 199
L-fog 456 21 03 285 1.5 109 28 01 584 3.4 205 0.0 449 183 582 292 325 209 104 20.4
v v v v Rain 635 47 - 150 50 406 24 - 603 25 323 00 61.8 66 459 136 232 316 165 25.0
Snow 405 32 97 35 03 351 - - 435 81 261 00 506 11.8 217 224 17.6 296 9.3 19.6
All 428 23 30 174 1.0 252 1.6 3.2 527 62 206 01 505 152 467 226 308 246 9.8 19.8
D-fog 244 - - 131 00 35 00 199 520 01 105 07 573 317 617 206 420 215 7.8 21.6
L-fog 398 04 12 330 01 178 53 00 597 38 213 52 527 312 632 334 401 271 86 23.4
v v v v Y Rain 618 15 - 220 00 384 00 - 651 1.2 312 41 687 205 543 145 297 323 17.2 27.2
Snow 307 1.6 7.9 26 04 322 - - 465 61 251 09 699 191 302 280 21.6 339 7.5 21.4
All 338 1.1 29 170 02 268 1.0 43 539 50 206 22 643 271 538 270 370 286 8.6 21.9

Table 12 further validate the integral roles of AFNM, DAFM, and PLGM,
especially when dealing with the varying complexities of different
weather conditions.

4.3.2. Ablation study on loss function

Table 13 presented here is an ablation study on the impacts of
various loss components on semantic segmentation performance. This
study utilizes SynLiDAR as the source and SemanticSTF as the target.
The study examines several different environmental conditions: D-fog,
L-fog, Rain, Snow, and a combination of all these conditions (All).
Each row of the table represents a different combination of five loss
components: RCSL, TCSL, RCPCL, TCPCL, and MIL. Each combination
is then evaluated under the various environmental conditions and the
mloU metric is reported. In the rainy condition, when all five loss
components (RCSL, TCSL, RCPCL, TCPCL, and MIL) are activated, the
model achieves the highest mIoU of 27.2%. For individual categories,
the IoU varies greatly. For example, under rainy conditions with all loss
components, “vegetation” segmentation reaches a score of 54.3%. From
the perspective of the impact of different loss modules, the addition
of each component generally contributes to the improvement of the
mloU metric. However, the impact differs. For example, including
RCSL, RCPCL, TCPCL, and MIL results in an mIoU of 25.4% in rainy
conditions, while adding TCSL to these components increases the mIoU
to 27.2% in the same conditions. Therefore, the impact of the TCSL
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component seems particularly significant in this case. Looking at all
the loss components combined, the best performance is observed under
the light fog condition with an mIoU of 23.4%. This indicates that
using all components provides the best performance, suggesting that
each component offers unique benefits that collectively contribute to
improved performance. Regarding weather conditions, it is clear that
the segmentation performance varies greatly depending on the weather.
The best performance is achieved under rainy conditions, which could
suggest that the model is more capable of handling such weather
conditions compared to others. Finally, when looking at the “All” rows,
representing the results under a combination of all weather conditions,
one can notice that the best mloU (21.9%) is achieved when using
the RCSL, TCSL, RCPCL, TCPCL, and MIL components. This might
suggest that this combination of loss components is the most versatile
in handling different weather conditions.

Table 14 delineates a comprehensive ablation study focusing on
the impact of various loss components on semantic segmentation per-
formance, with SemanticKITTI as the source and SemanticSTF as the
target. An in-depth analysis of the table reveals that the combination
of all loss components yields the highest mIoU values, particularly
under the comprehensive “All” conditions, where it reaches 34.8%.
This outcome underscores the collective efficacy of the integrated
loss components in optimizing the overall model performance under
varying weather conditions. The study further explores the influence
of individual loss components on the model’s segmentation accuracy.
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Table 14
Ablation study on the effects of loss components on semantic segmentation performance with SemanticKITTI as the source and SemanticSTF as the target.
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D-fog 771 - 304 00 58 78 00 711 20 318 00 662 505 61.0 338 610 259 39.9 332
L-fog 66.4 0.0 00 579 183 294 00 00 631 7.0 347 00 717 60.8 624 419 487 256 323 32.6
v v v v Rain 855 0.0 - 01 38 406 00 - 66.9 117 495 0.6 777 442 573 19.8 233 335 409 32.7
Snow 642 00 359 129 86 321 - - 359 21.1 242 00 799 339 371 314 188 272 27.6 28.9
All 675 0.0 206 363 97 310 19 00 566 155 307 01 763 493 565 342 437 268 34.2 31.1
D-fog 717 - - 368 00 47 00 234 723 01 308 04 649 495 571 359 552 235 306 328
L-fog 611 00 00 532 11 265 00 00 698 65 373 00 709 591 56.6 466 46.1 255 197 30.5
v v v v Rain 62.4 00 - 01 01 407 00 - 747 182 557 0.2 737 482 567 243 242 316 37.1 32.2
Snow 64.4 00 160 127 1.2 449 - - 358 197 250 1.0 788 315 336 344 186 244 21.0 27.2
All 643 00 58 358 09 393 00 180 598 156 31.8 05 750 478 519 37.6 413 250 249 30.3
D-fog 702 - - 179 00 62 00 16 708 00 332 01 631 459 588 360 50.0 21.1 314 29.8
L-fog 673 00 00 419 126 317 00 00 745 19 459 0.0 637 532 580 484 481 237 234 31.3
v v v v Rain 815 00 - 27 145 470 00 - 80.8 13.6 608 3.5 69.4 397 559 280 31.8 338 295 34.9
Snow 63.4 49 137 108 119 472 - - 588 121 340 0.0 707 256 316 349 221 247 152 28.3
All 663 3.1 40 301 117 411 00 13 689 93 392 03 683 411 520 383 427 240 244 29.8
D-fog 703 - - 9.0 00 35 00 05 660 39 231 06 643 436 668 334 637 227 47.6 305
L-fog 749 00 00 54 04 355 00 00 601 131 285 03 702 60.8 63.9 445 548 27.2 338 30.2
v v v i Rain 859 01 - 00 1.8 396 00 - 613 16.4 482 37 752 448 59.8 242 302 272 385 32.8
Snow 76.4 00 191 12 9.2 442 - - 31.0 189 273 11 760 293 392 321 256 240 27.6 28.4
All 761 01 159 48 48 397 00 04 523 168 286 09 733 452 59.3 353 50.4 247 37.0 29.8
D-fog 788 - - 40.6 00 7.0 477 673 71.6 03 298 14 650 480 665 33.0 608 21.3 33.0 39.5
L-fog 685 0.0 00 540 48 438 00 00 691 43 343 05 684 586 66.6 438 553 242 207 32.5
v v v v v Rain 843 00 - 04 00 406 00 - 651 19.2 513 42 773 427 613 157 228 309 235 31.7
Snow 706 0.1 398 87 09 394 - - 30.8 138 27.4 3.4 806 366 468 30.6 260 235 12.0 29.4
All 720 00 329 370 19 377 68 529 599 107 31.8 22 760 488 627 340 493 236 204 34.8
The removal of any single component results in a discernible de- References

crease in mloU, indicating the integral role of each component in the
segmentation process.

5. Conclusion

In the context of 3D point cloud semantic segmentation, weather
variability presents a significant challenge that can substantially affect
the performance and reliability of autonomous systems. In this work,
we have proposed and validated a novel deep learning framework
aimed at enhancing the robustness of semantic segmentation under
diverse weather conditions, thereby contributing to the safe and effi-
cient operation of systems such as autonomous vehicles. Our research
introduces the incorporation of unique modules, including the Adaptive
Feature Normalization Module (AFNM), Dual-Attention Fusion Module
(DAFM), and Proxy Label Generation Module (PLGM). Together, these
components effectively normalize and calibrate features, fuse cross-
domain features, and generate reliable proxy labels. Furthermore, we
have presented an innovative multi-faceted loss function that guides
the learning process efficiently. Experimental evaluations conducted on
standard benchmarks have demonstrated the effectiveness and superi-
ority of our framework over state-of-the-art methods under a variety of
weather conditions. The results attest to the robustness and resilience of
our proposed method in the face of environmental variability. However,
despite these promising findings, there is room for further investigation
and development. Our future work will focus on refining the frame-
work to improve segmentation performance in more challenging and
less common categories. Additionally, exploring and integrating other
auxiliary data sources may offer avenues to further enhance the model’s
performance under extreme weather conditions. We hope that our work
will inspire further research in this important and challenging area.
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