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Abstract

LiDAR semantic segmentation (LSS) is a critical task in
autonomous driving and has achieved promising progress.
However, prior LSS methods are conventionally investi-
gated and evaluated on datasets within the same domain
in clear weather. The robustness of LSS models in un-
seen scenes and all weather conditions is crucial for ensur-
ing safety and reliability in real applications. To this end,
we propose UniMix, a universal method that enhances the
adaptability and generalizability of LSS models. UniMix
first leverages physically valid adverse weather simulation
to construct a Bridge Domain, which serves to bridge the
domain gap between the clear weather scenes and the ad-
verse weather scenes. Then, a Universal Mixing operator
is defined regarding spatial, intensity, and semantic distri-
butions to create the intermediate domain with mixed sam-
ples from given domains. Integrating the proposed two tech-
niques into a teacher-student framework, UniMix efficiently
mitigates the domain gap and enables LSS models to learn
weather-robust and domain-invariant representations. We
devote UniMix to two main setups: 1) unsupervised do-
main adaption, adapting the model from the clear weather
source domain to the adverse weather target domain; 2)
domain generalization, learning a model that generalizes
well to unseen scenes in adverse weather. Extensive exper-
iments validate the effectiveness of UniMix across different
tasks and datasets, all achieving superior performance over
state-of-the-art methods. The code will be released.

1. Introduction

LiDAR semantic segmentation (LSS) is a fundamental task
of 3D scene understanding for autonomous driving, aiming
to assign a semantic label for each 3D point. The progress
in deep learning techniques, coupled with the availability
of large-scale datasets, has propelled LSS methods to de-
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Figure 1. UniMix outperforms SOTA methods in both UDA and
DG tasks, using SemanticKITTI [2] as the source and Semantic-
STF [49] in all four weather conditions as the target.

liver promising results. However, traditional LSS models
are typically trained and evaluated using data collected in
clear weather conditions, assuming a consistent domain and
lacking domain adaptive and generalizable ability. This lim-
itation poses challenges in real-world applications where
autonomous driving systems encounter diverse scenes and
weather conditions, each characterized by distinct data dis-
tributions. Adverse weather, in particular, introduces varia-
tions in the spatial positions, intensity values, and semantic
distributions of LiIDAR point clouds [9, 29]. Models trained
in ideal conditions often perform inadequately in adverse
weather scenarios [49]. Therefore, the robust handling of
unseen scenes in diverse weather is essential for ensuring
the reliability and safety of autonomous driving.

While domain adaptation and generalization techniques
have proven effective in 2D semantic segmentation [4, 12,
27], their application in LSS has primarily focused on
adapting or generalizing between synthetic and real scenes
or across different real-world scenes [35, 36]. This leaves a
gap in the exploration for handling unseen scenes in adverse
weather. To be specific, the domain discrepancy arises from
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significant semantic distribution variations between datasets
captured in different scenes, such as structural layout differ-
ences in various cities. Furthermore, adverse weather intro-
duces spatial noise and impacts point cloud reflection inten-
sity, resulting in shifts in data distribution—another form of
domain discrepancy. The coexistence of these dual sources
of domain discrepancy presents formidable challenges for
adapting and generalizing existing LSS models.

To address these challenges, we introduce UniMix, a
universal approach for learning weather-robust and domain-
invariant representations, enabling the adaptation and gen-
eralization of LSS models from clear to adverse weather
scenes. UniMix is structured as a two-stage framework,
consisting of Source-to-Bridge and Bridge-to-Target stages,
grounded in the well-established teacher-student frame-
work [22, 35, 36]. First, we construct a Bridge Domain
through physically realistic weather simulation on source
domain data, generating data with the same scene charac-
teristics but in diverse adverse weather conditions. We then
introduce a Universal Mixing operator that blends point
clouds from two given domains through spatial, intensity,
and semantic mixing. These two techniques significantly
mitigate the domain gap and enhance scene diversity during
model training, thereby improving the model’s adaptabil-
ity and generalizability. Specifically, in the first Source-
to-Bridge stage, even without access to target data, the
model learns weather-robust representations from the mixed
source and Bridge Domain data via Universal Mixing, en-
abling effective generalization to unseen adverse weather
conditions. In the second Bridge-to-Target stage, with ac-
cess to target data, the model further adapts to the target
domain and learns domain-invariant representations from
the mixed Bridge Domain and target domain data. UniMix
thus offers a versatile solution and can be devoted to two
tasks: 1) unsupervised domain adaptation (UDA) and 2) do-
main generalization (DG), boosting the performance of LSS
models across diverse weather conditions and scenes.

We conduct a thorough evaluation of UniMix on both
UDA and DG tasks. We employ large-scale public LIDAR
segmentation benchmarks, utilizing SemanticKITTI [2] and
SynLiDAR [48] as the source datasets and SemanticSTF
[49] as the target dataset. As shown in Fig. 1, experi-
mental results for both tasks demonstrate UniMix’s efficacy
in mitigating the complex domain gap arising from diverse
scenes and adverse weather conditions, surpassing the per-
formance of state-of-the-art (SOTA) methods. Furthermore,
we present comprehensive analysis and ablation studies on
its key components to validate their effectiveness.

In summary, our contributions are as follows:

* We propose UniMix, a universal method that enhances
the adaptability and generalizability of LSS models to un-
seen adverse-weather scenes.

* We construct a Bridge Domain through physically realis-

tic weather simulation, bridging the gap between the clear
weather scenes and the adverse weather scenes.

* We present Universal Mixing, which generates diverse in-
termediate point clouds from given domains to mitigate
domain gaps caused by different scenes and weather.

» UniMix shows its effectiveness and achieves state-of-the-
art performance in both UDA and DG tasks.

2. Related Work

LiDAR Semantic Segmentation refers to predicting se-
mantic labels for each 3D point in LiDAR point clouds.
It has been extensively investigated in existing approaches
with various network architectures and from different per-
spectives. Approaches can be categorized into point-based
(directly handling irregular point cloud data using MLPs
[31, 32], convolution networks [25, 26, 39, 41], and trans-
formers [10, 15]), 2D projection-based (saving computation
costs by projecting points to range-view images [7, 28, 44,
45] or bird’s-eye-view [54]), and voxel-based (representing
point clouds as 3D voxels for employing dense 3D convo-
lutions [30, 46] or sparse convolutions [6, 13]).
Unsupervised Domain Adaptation aims to transfer
knowledge to address domain shift between a labeled source
domain and an unlabeled target domain. In the field of LSS,
some approaches [21, 34, 45, 56] project point clouds to
2D images, leveraging established UDA techniques for 2D
semantic segmentation. Alternatively, some methods per-
form direct domain transfer in 3D space through canoni-
cal domain construction [51], domain mapping [23, 48], or
domain mixing [36]. Notably, CoSMix [36] utilizes point
cloud mixing by assembling semantic patches from differ-
ent domains, demonstrating the efficacy of domain mix-
ing. While these UDA methods make strides in real-to-real
and synthetic-to-real adaptation tasks, none specifically ad-
dresses clear-to-adverse weather adaptation, which is cru-
cial for mitigating adverse weather effects in real-world ap-
plications. Our method is tailored for domain adaptation
and generalization to unseen scenes in adverse weather.
Domain Generalization seeks to train a model using
only source domain data that can generalize well to unseen
target domains. In the 2D vision domain, it has been exten-
sively investigated in previous research [1, 5, 24, 55, 57]. To
address domain shift in 3D scene understanding within LSS,
some DG methods have been proposed recently. Kim et al.
[20] present a single-domain generalization method that en-
forces consistency between the source and augmented do-
main, generalizing from a source domain to a target domain
with distinct LiDAR configuration and scenes. LiDOG [37]
augments the learning network to be robust to sensor place-
ment shifts and resolutions by incorporating an auxiliary
BEV segmentation branch. While these methods prove ef-
fective in synthetic-to-real and real-to-real generalization,
they focus on clear weather conditions. Xiao et al. [49] ex-
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plore adverse weather generalization by creating additional
augmented point cloud views to train the model for learn-
ing perturbation-invariant representations. Our method also
targets learning weather-robust and domain-invariant repre-
sentations and universally addresses domain adaptation and
generalization to adverse weather scenes.

3D Perception in Adverse Conditions has gained sig-
nificant attention among both academic and industrial re-
searchers [8, 9, 58] due to its practical significance. Syn-
thetic data exploration in adverse weather conditions, such
as fog and snowfall, has been conducted by Kilic et al. [19]
and Hahner et al. [16, 17], who propose robust 3D object
detection methods. For real data investigations, Bijelic et al.
[3] introduce the STF dataset, a large multimodal dataset for
3D object detection in adverse weather, along with a fusion-
based model. SemanticSTF [49] extends STF [3] with ad-
ditional semantic labels, facilitating the study of LiDAR se-
mantic segmentation in adverse conditions. In this study,
we adopt SemanticSTF as the target domain for the domain
adaptation and generalization experiments.

3. Method

UniMix offers a universal approach to robust 3D represen-
tation learning for LiDAR semantic segmentation. It ad-
dresses domain discrepancies between clear and adverse
weather conditions, serving both domain adaptation and
generalization tasks. Specifically, two types of domain gaps
between source and target domains are considered: scene-
level and weather-level. To this end, we first introduce a
Bridge Domain through physically valid weather condition
simulation on source data (Sec. 3.1). Then, we present a
Universal Mixing operator to comprehensively blend points
across domains, enriching point cloud data in different spa-
tial, intensity, and semantic distributions (Sec. 3.2). Utiliz-
ing a teacher-student framework [35], UniMix proves ef-
fective for both UDA and DG tasks. The overall pipeline is
outlined in Fig. 2 and Algo. 1 (Sec. 3.3).

3.1. Bridge Domain Generation

Effect of Adverse Weather. Previous studies have shown
that adverse weather significantly impacts active pulsed sys-
tems like LiDAR and hinders the performance of tradi-
tional perception models [8, 58]. In adverse weather such
as fog, rain, and snow, airborne particles interact with the
laser beam, absorbing, reflecting, or refracting its photons
[9, 16, 17]. This interaction notably affects the intensity
values, point count, spatial allocations, and semantic distri-
butions of point clouds. To address this, we propose cre-
ating a Bridge Domain by weather simulation to help train
adaptive and generalizable LSS models for adverse weather.
Bridge Domain. According to prior studies [16, 17, 33],
the LiDAR system can be represented using a linear model
for the received signal power. For non-elastic scattering, the
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Figure 2. The overall pipeline of UniMix. In the first stage
(top part), the clear-weather source domain S, and the simulated
adverse-weather Bridge Domain B, are taken as input to gener-
ate the intermediate domain { PS¢~ Ba pBa=9¢1 via Universal
Mixing, and the student network is trained under the supervision
of Lstage1. In the second stage (bottom part), the Bridge Do-
main and adverse-weather target domain 7, are utilized to gener-
ate the intermediate domain {PP*—T= pTa=5al via Universal
Mixing, and the student network is trained under the supervision
of Lgtage2. The teacher is leveraged to produce pseudo labels and
is updated via EMA [40] of the student’s weights.

range-dependent received power Pp is modeled as the time-
wise convolution of the time-dependent transmitted signal
power Pr and the optical system’s impulse response H:

2R/c ot
Pr(R) = cA/ Pr(t) H <R _ 2) i, (1)
0
where R is the object distance, c is the speed of light and
C'4 is a system constant independent of time ¢ and range.
In challenging weather, adverse conditions affect laser
pulse H due to scattering caused by rain, fog, and
snowflakes, each with distinct properties [14, 33], e.g., rain
and fog consist of small water droplets and snowflakes con-
tain ice crystals with varying densities. These scatterers,
modeled as a statistical distribution of reflective spherical
objects with varying diameters, attenuate the original power
reflectance from solid objects. In this study, we adopt phys-
ically valid weather simulation methods [16, 17] to simulate
scatterers in the air and the wet ground effect. Specifically,
we consider four frequent weather conditions in real life —
dense fog, light fog, snow, and rain. Simulating these con-
ditions for each scene in the source domain constructs the
Bridge Domain, incorporating both the scene characteristics
of the source domain and the weather features of the target
domain. This process can be formulated as:

B, = (PP YB) = Q(P% Y 5). )

Here, we use € to denote the overall weather simulation.
The subscripts ¢ and a denote clear weather and adverse
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Bridge Domain
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Figure 3. Visualization of point clouds in the source domain,
Bridge Domain, and target domain. The Bridge and target domain
are in light fog weather. Better viewed with zoom-in and in color.

weather, respectively. .S, denotes the source domain while
B, denotes the generated Bridge Domain. P and Y denote
the point clouds and corresponding labels, respectively. We
visualize the comparison of point clouds in the source do-
main, Bridge Domain, and target domain in Fig. 3. The
Bridge Domain keeps the scene characteristic of the source
domain while integrating the weather disturbance (fog par-
ticles in blue) encountered in the target domain. More
weather simulation effects can be found in the Appendix.

3.2. Universal Mixing

Since point cloud mixing techniques have been proven ef-
fective in various LSS settings before, including CoSMix
(synthetic-to-real adaptation), PolarMix (data augmenta-
tion), and LaserMix (Semi-supervised LSS), we further dig
into point cloud sample mixing according to the impact
from diverse weather conditions. In our specific clear-to-
adverse scenario, we conduct point cloud mixing regarding
spatial, intensity, and semantic distributions to enrich the di-
versity of mixed intermediate point clouds and help models
learn weather-robust and domain-invariant representations.
Let P € RV*4 denote a LiDAR point cloud with N
points whose label is represented by Y. Each point p; can
be expressed as (x;, v, 2i, I;), where (x;,y;, 2;) is the 3D
Cartesian coordinate of the point and /; is its intensity value
received from the laser scanner. Given a source domain
S = (P%,Y?) and a target domain T = (PT,YT), we de-
fine a Universal Mixing operator W to create an intermediate
domain by blending the samples from the two domains:

VS, T)=(So1-Mg)© (T eoMr), 3

where Mg € {M§ | ® = {&® @, GJ}} and My €
{MS | ® = {6, @, G9}} represent binary masks indi-

cating where to select from source and target point cloud.
D (In), o denote different sampling operators, i.e., spatial
mixing, intensity mixing, and semantic mixing. 1 is a bi-
nary mask filled with ones, ® denotes Hadamard product,
and © represents point cloud concatenation. After bidirec-
tionally applying the Universal Mixing operator (denoted

as @) to the source data and target data, we can obtain the
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Figure 4. Illustration of different sample mixing methods, includ-
ing spatial mixing, intensity mixing, and semantic mixing.
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mixed intermediate domain data and labels as follows:

PS—)T’PT—MS _ E(PS,PT% (4)
YS_>T7YT_>S _ E(YS,YT).

Spatial Mixing. For spatial mixing, we adopt a Cylin-
der coordinate-based partition to both source and target Li-
DAR point clouds. We first transform the Cartesian coor-
dinates (z,y, z) of the 3D points to the Cylinder coordi-
nate (p, 0, z), where the radius p = /(22 + y?) is the ra-
dial distance from the point to the z-axis and the azimuth
0 = tan~!(y/x) is the angle from x-axis to y-axis in-
dicating the rotation angle in the sensor horizontal plane.
Then, the point clouds can be split into a series of non-
overlapping spaces along the three dimensions, as shown in
Fig. 4 (top). For the convenience of exchanging points, we
normalize the Cylinder coordinates of two LiDAR scans to
obtain the same partition spaces. The spatial mixing mask
can be obtained by dividing the intervals on three coordi-
nate axes: M® = {(p, < p < (pn +Ap))N(0; <6 <
(0; + AG)) N (25 < z < (2 + Az))}. Here, Ap, Af, and
Az are preset intervals along three dimensions. py, 6;, and
z; are randomly picked coordinate values within the corre-
sponding valid ranges. Points covered by the masks will be
cut out from the source point cloud and supplemented with
the cut from the target points, and vice versa. The labels of
the point clouds are sampled and mixed in the same way.

Intensity Mixing. For intensity mixing, we conduct the
point cloud partition according to the intensity values of 3D
points. We first normalize the intensities to the range of
[0,1]. Then, the intensity mixing mask is obtained by di-
viding the intensity values into different partitions: MB =
{I,, <I; < I, + AI}. Here, Al is a preset intensity inter-
val and I,,, is a randomly picked intensity value within the
valid range. As shown in Fig. 4 (middle), the points cov-
ered by the masks in both the source and target point clouds
(along with their labels) will be cut out and exchanged, al-
leviating the domain shift caused by intensity variations.

Semantic Mixing. Following CosMix [36], we also con-
duct semantic mixing which randomly selects a subset of
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Algorithm 1 The Pipeline of UniMix for DG and UDA.

1: Input: Shuffled labeled source data (PS¢, Y S¢), Shuffled unlabeled
target data P, weather simulation generator €2, Universal Mixing

s

operator . Student net & 7> @5 and Teacher net 452 s 45;', and train-
ing epochs E1, E», for training stagel and stage2, respectively.
2: fore =1to E; do
3t By = (PBa,YBa) = (P Y"5)
pSe—Ba pBa—Sc — E(PSC7PB(1)
4:  YBa =gl (PBa)
YSe=Ba yBa—Se — E(YS%Y/BQ)

> Bridge domain

> Data mixing
> Pseudo-label gen.

> Label mixing

5: YSe=Ba = ¢4 (PSEHB"') > Student training stagel
6: YBa=S = p3 (PBGHSC) > Student training stagel
7: LSe=Ba = DiceLoss(Y Se—Ba Y Sc—Ba) > Stagel loss
8: LBa—=5c = DiceLoss(Y Ba™Sc yBa—5c) > Stagel loss
9: Lstagel = LSe=Ba 4 [[Ba—5Se > Stagel overall loss

10: Backward(Lstage1), Update( 3 ), UpdateEMA( 453 )
11: end for

12: if DG then

13: Pred = &5 (Ty)

14: else if UDA then

15: fore = 1to E> do

> Evaluation of DG

16: PBa—=Ta pTa—Ba — y(pSa, pTa) > Data mixing
17: YT = ¢4 (PTa) > Pseudo-label gen.
YBa—=Ta yTa—Ba — E(YSG,Y/TG) > Label mixing
18: YBa—=Ta = L (PB@_’TG ) > Student training stage2
19: YTa—=Ba = D5 (PTGHBG ) > Student training stage2
20: LBa—=Ta = DiceLoss(Y Ba=Ta Y Ba—=Ta) 1 Stage2 loss
21: LTa—Ba = DiceLoss(YTa=Ba YTa=Ba) s Stage? loss
22: Lstage2 = LBa—=Ta 4 [ Ta—Ba > Stage2 overall loss
23: Backward(L stage2), Update(®3), UpdateEMA( @5)
24: end for
25: Pred = @5(T4) > Evaluation of UDA
26: end if

semantic patches and their labels from the source and tar-
get point clouds and exchanges them with each other. For-
mally, M® = {y; € {C}}. Here, y; is the ground truth
(or pseudo) semantic label of point p;, and C is the ran-
domly selected semantic category set. By selecting points
from various categories, the mixed point clouds have dif-
ferent semantic distributions with diverse contexts of both
domain samples, as shown in Fig. 4 (bottom).

We employ Universal Mixing in both stages to gener-
ate the intermediate domains: {PScBa pBa=S:1 and
{PBa=Ta pTa—=Ba} " ag shown in Fig. 2. The intermedi-
ate domains comprehensively blend point clouds across do-
mains, which can be utilized to mitigate the domain shift for
training domain adaptive and generalizable models.

3.3. Overall Pipeline

The overall architecture is illustrated in Fig. 2 and the de-
tails are summarized in Algo. 1. We adopt the teacher-
student framework and form a two-stage training pipeline
for handling the UDA and DG tasks universally. In each
stage, the teacher network is used for producing pseudo-
labels for the target data before label mixing and is updated

via the exponential moving average (EMA) of the student’s
weights. As shown in Fig. 2, the intermediate domain data
{PSc=Ba pBa=5c} and their labels {Y S Be Y Ba=Se}
mixed from the clear-weather source domain (P9, Y )
and the generated Bridge Domain with predicted pseudo-
label (PSe,YS%) are fed into the student network &% to
obtain the predictions {Y9=Ba Y Ba=31  The Dice
segmentation loss [18] is adopted to update the learnable
weights of the student network &7:

L%7Be = DiceLoss(Y 7 Ba ySemBa),

LBa=% = DiceLoss(Y Ba™5e yBa=5e) %)
Lstagel _ LSC—>BQ +LBa—>SC_

Here, Lgiqge1 is the overall loss for the first stage of train-

ing. Since the data in the adverse weather target domain is

inaccessible in the first stage, the student network after the

first stage of training can be evaluated on the DG task.

For handling the UDA task, the framework subsequently
forwards to the second stage i.e., Bridge-to-Target adapta-
tion, where the Bridge Domain B, serves the source do-
main to adapt to the adverse-weather target domain 7.
Similar to the first stage, the teacher network is utilized
to produce the pseudo-label for the target domain. The
mixed intermediate domain data { PB=—Ta pTa—=Bal and
labels {Y Ba=Ta yTa=Ba} are obtained through Univer-
sal Mixing. The student network @3 generates the predic-
tions {Y Ba=Ta 'y Ta=Ba} and is trained by minimizing the
loss Lgages = LBe7Ta 4 [Ta=Ba [, 0o is similar as
Ltage1, changing the Source-to-Bridge to Bridge-to-Target
domain adaptation, as shown in Algo. 1. Thus, the student
network can be used for evaluation on the UDA task after
training. Implementation details can be found in Appendix.

4. Experiments

We evaluate the adaptive and generalizable ability of
UniMix for adverse weather conditions in two tasks, i.e.,
UDA and DG. For each task, we adopt two bench-
mark settings, i.e., SemantiKITTI—SemanticSTF and
SynLiDAR—SemanticSTF, where the clear weather real
dataset SemanticKITTI [2] and synthetic dataset SynLi-
DAR [48] are used as the source domain to adapt or general-
ize to the adverse-weather target domain SemanticSTF [49],
respectively. To further demonstrate the adaptation ability
for the synthetic-to-real UDA scenario in clear weather, we
also evaluate UniMix in the SynLiDAR—SemantiKITTI
setting. In addition, we employ Universal Mixing for data
augmentation to evaluate its impact on increasing the per-
formance of supervised LSS models on the source domain.

4.1. Datasets and Metrics

Datasets. SemanticKITTI [2] is a large-scale LiDAR se-
mantic segmentation dataset, extended from the KITTT Vi-
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) 2 A & : 7] z 2 H By < @ .s < &
— <9 ) 1 2] — <9 =] =< > T - Q o = & ) o
i <9 S = = - < 3 * - = = -] &0 = —_

Method s £ 8 E ¥ & 2 B £ & % ¥ £ & & E & & E | mou
Oracle | 894 421 00 599 612 696 390 00 822 215 582 456 861 636 802 520 77.6 501 617 | 547
SemanticKITTI— SemanticSTF
Source-only 559 00 02 19 109 103 60 00 612 109 320 00 679 416 498 279 408 296 175 | 244
ADDA [42] 656 00 00 210 13 28 13 167 647 12 354 00 665 418 572 326 422 233 264 | 263
Ent-Min [43] 692 00 101 310 53 28 26 00 659 26 357 00 725 428 524 325 447 247 211 | 272
Self-training [59] | 71.5 00 103 331 74 59 13 00 651 65 366 00 678 413 517 329 429 251 250 | 276
CoSMix [36] 650 17 221 252 7.7 332 00 00 647 115 311 09 625 378 446 305 41.1 309 286 | 284
UniMix 753 09 449 117 136 382 503 319 711 150 464 65 743 510 498 368 344 255 289 | 372
SynLiDAR— SemanticSTF
Source-only 271 30 06 158 01 252 18 56 239 03 146 06 363 199 379 179 418 95 23 | 150
ADDA [42] 558 00 36 261 13 252 75 99 172 234 44 09 439 184 452 218 336 280 197 | 203
Ent-Min [43] 483 01 56 287 01 233 25 198 193 67 226 14 469 207 432 252 341 260 222 | 209
Self-training [59] | 50.6 00 61 310 05 260 48 120 207 46 235 15 453 195 446 250 351 292 208 | 21.1
CoSMix [36] 515 02 50 281 00 265 170 99 202 3.6 246 22 526 206 475 243 346 282 241 | 221
UniMix 736 00 79 269 29 291 137 218 380 80 263 34 560 212 561 296 380 282 265 | 267
Table 1. Comparison of SOTA domain adaptation methods on SemanticKITTI—SemanticSTF and SynLiDAR— SemanticSTF. Se-

manticKITTI and SynLiDAR serve as the source domain while SemanticSTF with all four weather conditions serves as the target domain.
Our UniMix achieves the best gain of 12.8 and 11.7 mloU over the source-only model in two benchmarks.

sual Odometry benchmark [11]. It covers a wide range of
real-world urban scenes captured in German and provides
point-wise annotations over 19 semantic categories. We
use sequences 00-07 and 09-10 for training and sequence
08 as validation following the official protocol. SynLi-
DAR [48] is a large-scale synthetic LiDAR semantic seg-
mentation dataset, containing virtual urban cities, suburban
towns, neighborhoods, and harbor scenes. It provides point-
wise annotations over 32 semantic categories. Following
the command practice [35, 36, 48, 49], we use 19,840 point
clouds for training and 1,976 for validation. SemanticSTF
[49] is an adverse-weather point cloud semantic segmen-
tation dataset that provides point-wise annotations over 21
semantic categories. It contains 2,076 scans from the STF
dataset [3] that cover various adverse weather conditions in-
cluding 637 dense fog, 631 light fog, and 114 rain and 694
snow scenes. We follow the official protocol using 1,326
scans for training, and 250 for validation.

Metrics. We adopt the evaluation metrics of Intersection
over the Union (IoU) for each segmentation class and the
mean IoU (mloU) over all classes. Note that since the label
set of SemanticSTF is the same as SemanticKITTI, we map
the labels in all the datasets to the 19 common classes of
SemanticKITTI following the common practice.

4.2. UniMix for Unsupervised Domain Adaptation

Setup. In the UDA task, we evaluate UniMix on two bench-
marks: SemantiKITTI—SemanticSTF and SynLiDAR—
SemanticSTF. We compare UniMix with four representative
UDA approaches including ADDA [42], entropy minimiza-
tion (Ent-Min) [43], Self-training [59], and CoSMix [36].
For a fair comparison, all these methods are trained using
the MinkowskiNet [6] as the 3D segmentation backbone.

Performance. As shown in Table 1, we take the whole Se-
manticSTF dataset (including all adverse weather scenes) as

the target domain to show the performance of UDA meth-
ods on the validation set, adapting the model from the Se-
manticKITTI source (top part) and SynLiDAR source (bot-
tom part), respectively. The results of the Oracle model
and the Source-only model are the upper bound and lower
bound for each adaptation scenario. All UDA methods
achieve superior performance than the source-only model
in both benchmarks. Our UniMix achieves the best gain
of 12.8 mloU for SemantiKITTI— SemanticSTF adaptation
and 11.7 mloU for SynLiDAR—SemanticSTF adaption,
with an improvement of 8.8 mloU and 4.6 mloU over the
SOTA synthetic-to-real adaptation method CoSMix [36].
Additionally, the results indicate that the adaptation from a
synthetic dataset is more difficult for all UDA methods than
that from a real dataset, which may be attributed to the addi-
tional domain shift between synthetic and real-world data.

4.3. UniMix for Domain Generalization

Setup. Different from the UDA setting, the target do-
main is supposed to be inaccessible during training for DG.
Following PointDR [49], we compare UniMix with three
augmentation-based methods (i.e., Dropout [38], Noise
perturbation, PolarMix [47]) and two representative 2D
DG methods (i.e., MMD [24] and PCL [50]). We eval-
uate the methods on two benchmarks: SemantiKITTI
—SemanticSTF and SynLiDAR—SemanticSTF.

Performance. In Table 2, we present the generaliza-
tion results of different methods on the two benchmarks.
Source-only model is trained on the source SemanticKITTI
or SynLiDAR dataset without applying any generaliza-
tion techniques. It performs very poorly in the adverse-
weather target domain, due to the large domain gap. The
augmentation-based methods and 2D DG methods improve
the performance over the Source-only baseline but the
gains are very limited in the range of 1.3-2.5 mloU for

14786



EY 80
o S &
@ =2 3 : z £ Gl B o g PO S & 2 28 - S
e T % % £ %8 3 % O} E OS2 &£ % 2 ¥ B E ¢ 4|18 % § %

Method s 2 8 E £ & Z 8 £ £ % 2 £ & & E 2 & E|& 3 & & |mwou
Oracle ‘ 89.4 4211 0.0 599 612 69.6 39.0 00 822 215 582 456 86.1 63.6 80.2 520 77.6 50.1 61.7 ‘ 519 54.6 579 537 ‘ 54.7
SemanticKITTI—SemanticSTF
Source-only 559 00 02 19 109 103 6.0 00 612 109 320 00 679 41.6 49.8 279 40.8 29.6 17.5|29.5 26.0 284 21.4| 244
Dropout [38] 62.1 0.0 155 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 [49] | 744 0.0 0.0 233 0.6 197 0.0 0.0 603 108 339 0.7 720 452 587 175 424 22.1 9.7 |263 27.8 30.0 245| 259
PolarMix [47] 578 18 38 167 37 265 00 20 657 29 325 03 71.0 487 53.8 205 454 259 158|29.7 250 28.6 25.6| 26.0
MMD [24] 636 00 26 0.1 114 281 0.0 00 67.0 141 379 03 673 412 57.1 274 479 282 162|304 28.1 32.8 252 269
PCL [50] 659 00 00 177 04 84 0.0 00 596 120 350 1.6 740 475 60.7 158 489 26.1 275|289 27.6 30.1 24.6| 264
PointDR [49] 673 00 45 196 90 188 27 00 626 129 381 06 733 438 564 322 457 28.7 274|313 29.7 319 262| 28.6
UniMix 827 6.6 86 45 151 355 155 377 558 102 362 13 728 40.1 49.1 334 349 235 335|348 30.2 349 309 | 314
SynLiDAR— SemanticSTF
Source-only 271 3.0 06 158 0.1 252 18 56 239 03 146 06 363 199 379 179 418 95 231|169 172 172 11.9]| 15.0
Dropout [38] 280 3.0 14 96 00 17.1 0.8 0.7 342 68 191 0.1 355 19.1 423 176 36.0 140 28 |153 16.6 204 140 15.2
Perturbation [49] | 27.1 23 23 160 0.1 237 12 40 270 36 162 08 292 167 353 227 383 179 5.1 |163 167 193 134 152
PolarMix [47] 392 1.1 1.2 83 15 178 08 07 233 13 175 04 452 248 462 20.1 387 7.6 19 |16.1 155 19.2 156 15.7
MMD [24] 255 23 21 132 07 221 14 75 308 04 176 02 309 197 37.6 193 435 99 2.6 |17.3 163 20.0 12.7| 15.1
PCL [50] 309 08 14 100 04 233 40 79 285 13 177 12 394 185 40.0 160 386 12.1 23 |17.8 167 193 14.1| 155
PointDR [49] 378 25 24 236 0.1 263 22 33 279 177 175 05 47.6 253 457 210 375 179 55 |195 199 21.1 169 185
UniMix 654 0.1 39 169 53 323 20 193 521 50 273 3.0 494 203 585 22.7 232 269 104|243 229 26.1 209 | 234

Table 2. Comparison of SOTA domain generalization methods on SemanticKITTI—SemanticSTF and SynLiDAR— SemanticSTF.

Bridge UDA mloU DG mloU Mixing UDA mloU DG mloU
Domain | D-fog L-fog Rain Snow All | D-fog L-fog Rain Snow All Method | D-fog L-fog Rain Snow All | D-fog L-fog Rain Snow All
None | 398 316 353 207 316| 29.5 260 284 214 244 Source-only | 269 252 277 235 243|295 260 284 214 244
Lfog | 382 320 379 310 343|326 281 296 221 27.1 Spatial | 416 346 357 27.8 352 330 283 279 233 264
DR’t.Og 400 330 384 313 347) 337 264 294 225 275 Intensity | 41.2 345 374 288 349| 338 256 300 189 258
ain | 402319 393 315 3451345 259 329 232 281 Semantic | 417 343 206 363 354| 374 267 278 223 267
Snow | 305 325 373 316 355| 318 287 329 245 284
Mixed-fog | 403 333 387 322 363|357 268 325 235 297 Al | 402 340 375 332 372 348 302 349 309 314
Al | 402 340 375 332 372 348 302 349 309 314

Table 3. Ablation study of Bridge Domain compositions used in
UniMix for UDA and DG on SemanticKITTI—SemanticSTF. “D-
fog” and “L-fog” denote dense fog and light fog, respectively.

SemanticKITTI—SemanticSTF generalization and 0.1-0.7
mloU for SynLiDAR— SemanticSTF generalization. The
state-of-the-art method PointDR achieves a gain of 4.2
mloU and 3.5 mloU but still lags behind our UniMix, which
achieves a gain of 7.0 and 8.4 mloU over the Source-only
baseline. We also show the generalization results for each
weather in the right part of Table 2, where UniMix also
achieves the best performance among all methods.

4.4. Ablation Study

We conduct ablation studies of UniMix on SemanticKITTI
—SemanticSTF for both UDA and DG tasks, focusing on
three key components of UniMix: the Bridge Domain, Uni-
versal Mixing, and the two-stage training architecture.

Bridge Domain Compositions. Our method produces four
frequent weather conditions in real life, i.e., dense fog, light
fog, rain, and snow to form the Bridge Domain. As shown
in Table 3, we ablate the impact of the simulated weather
conditions in generating the Bridge Domain, including four
single-weather settings and a mixed fog setting, where 50%
dense fog data and 50% light fog data are generated. We
show the results evaluated on the whole validation set with

Table 4. Ablation study of mixing operators for UDA and DG on
SemanticKITTI—SemanticSTFE.

Method | UDA mloU \ DG mloU
Source-only | 24.4 | 24.4
CosMix [36] 354 26.7

PolarMix [47] 33.0 26.0
LaserMix [22] 333 26.9
Universal Mixing 37.2 31.4

Table 5. Comparison of mixing methods in our UniMix pipeline
for UDA and DG on SemanticKITTI—SemanticSTF.

all four weather conditions as well as on the subsets of each
weather condition. As can be seen, UniMix with any of
the choices for generating the Bridge Domain achieves a
gain of 2.7-5.6 mloU (2.7-7.0 mloU) for UDA (DG) over
the vanilla UniMix baseline without using the Bridge Do-
main. Among all the choices, the mixed-fog brings the
largest improvement in both tasks, while the light-fog pro-
duces the smallest improvement. This can be attributed to
the small perturbations brought by the light-fog simulation,
while the mixed-fog domain integrates diverse disturbance
patterns via both dense-fog and light-fog simulation. We
also observe a relatively high performance when the sim-
ulated weather in the Bridge Domain is the same as the
weather of the validation subset, which is reasonable and
implies the necessity of simulating all weather conditions
in the Bridge Domain as validated by the last row.
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Source-only ‘ 420 5.0 48 0.4 23 124 433 1.8 48.7 4.5 31,0 00 186 11.5 602 300 483 193 3.0 ‘ 20.4
ADDA [42] 525 45 119 0.3 39 9.4 279 0.5 52.8 49 274 0.0 610 17.0 574 345 429 232 4.5 23.0
Ent-Min [43] 583 51 143 0.3 1.8 143 445 0.5 504 43 348 0.0 483 197 675 348 520 330 6.1 25.8
ST [59] 620 50 124 1.3 9.2 16.7 442 0.4 53.0 2.5 284 00 571 187 69.8 350 487 325 6.9 26.5
PCT [48] 534 54 74 0.8 109 120 432 03 508 37 294 00 480 104 682 331 400 295 6.9 239
ST-PCT [48] 708 7.3 13.1 1.9 8.4 126 440 06 564 45 31.8 00 667 237 733 346 484 394 117 28.9
CosMix [36] 75.1 6.8 294 271 111 221 250 247 793 149 467 01 534 130 677 314 321 379 13.4 322
PolarMix [47] | 763 84 178 3.9 6.0 266 408 159 703 0.0 444 00 684 147 696 381 37.1 40.6 10.6 31.0
UniMix ‘ 803 6.1 325 292 106 237 300 245 622 159 465 01 609 158 707 349 412 386 171 ‘ 33.7

Table 6. Comparison of SOTA domain adaptation methods on SynLiDAR—SemanticKITTI adaptation scenario. The superior performance
demonstrates the potential of UniMix to perform as a general UDA method for LSS.

o = ) IS A7 ] = S ) = @ - ] &
— B} o T @A - <9 = =< > T = 5] @ =l = [} =
| < = = = 5 < 3 ] = = = g & £ ) o
Dataset ‘ Method ‘ g = E & 3 =4 2 E 2 g 2 K 2 & 2 & g 2 £ | mloU
SemanticKITTI MinkNet [6] | 95.7 37 449 532 421 537 689 00 928 430 80.0 1.8 90.5 60.0 874 645 733 62.1 437 | 559
+UM 902 505 744 823 702 627 675 0.1 73.1 569 685 214 865 432 846 70.1 515 713 435 | 61.5456
SynLiDAR MinkNet [6] | 77.5 120 83.6 875 886 70.6 427 941 807 767 695 937 926 803 852 8.1 654 692 755 | 753
4 +UM 757 707 80.8 86.4 869 657 89.1 944 930 73.1 808 926 938 77.0 878 831 742 654 63.7 | 80.7454

Table 7. Universal Mixing (denoted as “UM”) can also be used as a data augmentation technique to improve the performance of supervised

semantic segmentation.

Sample Mixing Methods. Universal Mixing contains three
kinds of mixing methods, i.e., spatial, intensity, and seman-
tic mixing. As shown in Table 4, we ablate the choice of
mixing methods. According to the results, each of the three
mixing methods enhances the performance of the Source-
only baseline on both UDA and DG tasks. Semantic mixing
delivers the largest improvement on the whole validation set
while performing worse in the rain subset than other mix-
ing methods. Only using intensity mixing brings the small-
est improvement while performing the best in the rain sub-
set. We attribute this to the distinct reflectance attenuation
caused by different weather conditions. By incorporating
all the mixing methods together, UniMix achieves the best
performance on both tasks.

In addition, we compare our Universal Mixing with
some representative point cloud mixing methods, includ-
ing LaserMix [22] proposed for semi-supervised LSS, Po-
larMix [47] for point cloud data augmentation, and CosMix
[36] for synthetic-to-real domain adaptation. We replace
our Universal Mixing with these alternatives in our UniMix
pipeline and evaluate them on both UDA and DG tasks. As
shown in Table 5, the proposed Universal Mixing achieves
the best performance, showing its superiority over others.
Training Stage. Multi-stage training is widely used in 2D
UDA semantic segmentation methods [52, 53]. Our method
adopts a two-stage training framework as well. We show the
UDA results without the Bridge Domain and the first-stage
training, denoted as “None” in the first row in Table 3. The
performance is decreased but still superior to other SOTA
methods. In the DG setting, this version is the Source-only
model, without using any Bridge or target domain data. It
is also noteworthy that our two-stage UniMix for UDA can
generate a DG model after the first training stage, providing

a versatile solution and holding practical significance.

4.5. UniMix in Clear Weather

Although UniMix is tailored for clear-to-adverse weather
domain adaptation and generalization, we also examine
UniMix in synthetic-to-real adaptation in clear weather. In
Table 6, UniMix achieves 33.7 mloU with a gain of 13.3
mloU over the Source-only model. Its superior perfor-
mance over the SOTA methods validates the effectiveness
of UniMix for synthetic-to-real adaptation, implying that it
could be used as a general method for LSS UDA tasks.

4.6. Universal Mixing as Data Augmentation

We also use Universal Mixing as a data augmentation tech-
nique in supervised LSS tasks, using the widely adopted
MinkowskiNet [6] as our baseline. Results in Table 7 show
significant performance enhancement with Universal Mix-
ing on both datasets compared to the baseline model.

5. Conclusion

In this paper, we introduce UniMix, a universal method de-
signed to enhance the adaptive and generalizable capabil-
ities of LiDAR semantic segmentation models in adverse
weather conditions. First, a Bridge Domain is constructed,
capturing scene characteristics of the clear-weather source
domain with adverse weather conditions to learn weather-
robust representations. Universal Mixing is then proposed
and employed in two stages to blend samples from the
source and target domains, considering spatial, intensity,
and semantic distribution, to learn domain invariant fea-
tures. UniMix proves highly effective in UDA and DG
tasks, significantly outperforming state-of-the-art methods.
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