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Abstract— 3D LiDAR-based perception has made remarkable
advancements, leading to the widespread adoption of LiDAR in
autonomous driving systems. Despite these technological strides,
variations in LiDAR sensors and environmental conditions
can significantly deteriorate the performance of perception
models, primarily due to changes in the density of point
clouds. Recent studies in domain generalization have aimed
to mitigate this challenge; however, they often rely on the
availability of sequential data and ego-motion, which limits
their applicability. To address these limitations, we propose two
novel methods that enable network operation in a density-aware
fashion without any constraints, thereby ensuring consistent
performance despite fluctuations in point cloud density. First,
we design the network to be density-aware by utilizing the
kernel occupancy information from the 3D sparse convolution
as geometric features. Subsequently, we further enhance density
awareness by incorporating voxel-wise density prediction as
an auxiliary task in a self-supervised manner. Our method
demonstrates superior performance over current state-of-the-
art approaches, achieving this without the need for specific
data prerequisites. Our approach is compatible with a variety
of 3D backbone architectures, enhancing domain generalization
performance by 18.4% while adding a minimal computational
overhead of only 7ms.

I. INTRODUCTION

3D LiDAR plays a critical role in autonomous driving
systems due to its precision in measuring three-dimensional
distances and its extensive coverage area. The application
of LiDAR-based models has shown promising outcomes
in a variety of autonomous driving perception tasks such
as segmentation, detection, and tracking. Nevertheless, as
shown in Fig. 1, these advancements face challenges as
perception models significantly underperform when deployed
in environments different from their training data or when
there is a switch in the LiDAR equipment. Variations in
region (e.g., USA [1], Singapore [2], Germany [3]) lead
to differences in object size and class distribution, and
differences in sensor technology (e.g., HDL-64E [3], HDL-
32E [2]) result in disparities in point cloud density (Fig. 2).
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Fig. 1. Semantic segmentation results on the 32-ch nuScenes
dataset (top) and the 64-ch Waymo dataset (bottom), after
training on the nuScenes dataset. The vanilla baseline (middle)
encounters a significant performance drop due to density
mismatch as the domain changes, while applying our method
(right) leads to remarkable improvements in unseen domains.

These environmental and sensor differences ultimately have
a negative impact on model performance.

Various Domain Adaptation (DA) studies [4], [5], [6], [7]
have made strides in addressing these domain-induced per-
formance degradations. However, they often require detailed
knowledge of the target domain and a dedicated fine-tuning
stage. As a result, the focus has shifted towards Domain
Generalization (DG) as a more flexible approach. Existing
DG methods [4], [8] focus on identifying and countering
the challenges posed by variations in point cloud density, a
principal cause of performance degradation across domains.
To address density variations caused by sensor disparities,
numerous studies [4], [9], [10] utilize sequential data and
ego-motion in the training or inference phases. This reliance
on specific prerequisites restricts the practicality of these
approaches, particularly when the available training or test
datasets do not meet these conditions, such as in scenarios
lacking ego-motion data [4], [10] or consisting of non-
sequentially labeled data [4], [9].

In this paper, we present a new domain generalization
framework designed to enhance model density awareness,
thus improving their robustness and performance across
varied domains without relying on specific preconditions.
First, we propose a new density-aware sparse convolution
technique that overcomes the limitations of the conventional
sparse convolution method by directly integrating local density
information. By utilizing each convolution kernel’s occupancy
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pattern as additional geometric features, we allow the model
to directly address local density variations. This strategy
significantly improves the model’s ability to generalize across
a wide range of datasets and conditions. Second, we introduce
a self-supervised density prediction auxiliary task to enhance
the model’s capability to perceive and adjust to variations
in point cloud density. This sub-task compels the encoder
to directly learn both density and semantic information,
enhancing its responsiveness to fluctuations in density.

The proposed method stands out by not requiring any
specific conditions related to the training or testing datasets,
offering broad applicability across various backbone archi-
tectures. Our comprehensive experimental evaluations affirm
the effectiveness of our method, showcasing its superior per-
formance against both condition-independent and condition-
dependent DA/DG approaches. This advancement signifies a
substantial breakthrough in domain generalization, offering
improved adaptability and performance for autonomous
driving systems across a variety of environments.

The contributions of our work are summarized as follows:
• We propose a density-aware sparse convolution module

that innovatively utilizes the occupancy pattern of
3D sparse convolution kernels as additional geometric
features, thereby enhancing the network’s ability to
perceive local density variations.

• We introduce a self-supervised auxiliary task focused
on density prediction, further augmenting the model’s
ability to recognize variations in point cloud density.

• Our approach demonstrates superior performance over
the current state-of-the-art domain generalization meth-
ods without relying on any prerequisites.

II. RELATED WORK

A. LiDAR Data Processing
LiDAR point clouds, characterized by their unstructured,

irregular, and unordered nature, pose significant challenges
for direct convolution operations, leading to the development
of three primary approaches for thier processing: Point-
based [11], [12], [13], Projection-based [14], [15], [16], [17],
[18], [19], and Voxel-based [20], [21], [22], [23] methods.
Point-based techniques directly process LiDAR point clouds
in their raw form, preserving the intricate details and spatial
relationships. However, they are computationally intensive
and demand high resources. Projection-based methods project
3D point clouds onto 2D planes, enabling efficient processing.
Despite their efficiency, these methods can distort the three-
dimensional receptive field due to the limitations of 2D
convolution in accurately representing 3D spaces. Voxel-based
methods utilize 3D convolution to maintain the integrity of
the three-dimensional receptive field, with sparse convolution
techniques [24], [25] mitigating the computational load for
feasible real-time operations. To handle irregular density dis-
tributions in point clouds, PointConv [26] utilizes point cloud
density to re-weight the convolution kernel to compensate
for uneven sampling. Li et al. [27] propose a density-aware
convolution module that re-weights convolution kernels based
on point density.

SemanticKITTI nuScenes

Fig. 2. SemanticKITTI (HDL-64E) has a narrower FOV than
nuScenes (HDL-32E) and also has four times the number of
points, resulting in a significantly higher density.

B. LiDAR Domain Adaptation

Semantic segmentation models achieve satisfactory per-
formance within the same domain but face performance
degradation due to the domain gap when applied to new en-
vironments or sensor configurations. To mitigate this without
extensive re-labeling or training, various Domain Adaptation
(DA) strategies [28], [29], [30], [31] have been explored: Yi et
al. [4] address the variance in point cloud density caused by
differences in LiDAR sensors by transforming point clouds
to a canonical domain using consecutive frames. Rochan et
al. [5] introduce an unsupervised domain adaptation approach
based on range views, which aligns beam positions across
training and target datasets to maintain spatial consistency
in the sensor data, facilitating model adaptation. LiDAR-
UDA [7] utilizes LiDAR beam subsampling to simulate
various LiDAR sensors, employing cross-frame ensembling
and a Learned Aggregation Model (LAM) to generate more
accurate pseudo labels. While these DA techniques provide
satisfactory performance, they are limited by the need for
target data statistics and require time-consuming fine-tuning.

C. LiDAR Domain Generalization

Domain Generalization (DG) approaches aim to overcome
the limitations of DA by preparing models to perform well
across unseen domains without requiring access to target
data or undergoing fine-tuning. DGLSS [8] utilizes Sparsity
Invariant Feature Consistency and Semantic Correlation
Consistency to prevent performance degradation from density
and scene distribution variations, respectively. LiDomAug [9]
uses ego-motion and sequential data for data completion and
generating new data forms through random LiDAR sensor
configurations. BEV-DG [32] proposes Density-maintained
Vector Modeling for domain-invariant feature extraction
using bird’s-eye view representations. LiDOG [33] enhances
generalization performance by joint training in 3D and 2D
birds-eye-view, bypassing the 3D density discrepancy with
lower dimensions. Sanchez et al. [10] propose a strategy for
improving generalization through label propagation and multi-
frame aggregation with known ego motion. However, its use
of the computationally heavy KPConv [11] limits real-time
applications. Our work contributes to this field by presenting
a novel DG method that enhances model adaptability to
density variations in point clouds without relying on specific
conditions like ego-motion or sequential data.
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Fig. 3. Overall framework and density-aware sparse convolution method. The kernel occupancy binary vector is computed
by checking for the presence of voxels in the kernel area, K×K×K region centered on each voxel.

III. PROPOSED METHOD

In this section, we present a density-aware domain gener-
alization method illustrated in Fig. 3. First, we detail novel
density-aware sparse convolution, focusing on adapting sparse
convolution to leverage density information effectively in
Section III-A. We then describe a self-supervised density
prediction task designed to enhance model generalization in
Section III-B. Lastly, we outline the loss functions used in
training our framework in Section III-C.

A. Density-aware sparse convolution

1) Preliminary: sparse tensor and sparse convolution:
LiDAR sensors produce sparse point cloud data by emitting
rays and generating points upon contact, leaving most
space empty. Traditional dense convolution on this data
demands substantial memory and computational resources.
To mitigate this, we adopt sparse voxel-based approaches,
transforming sparse point cloud data into a sparse tensor
representation, thereby enabling efficient processing through
sparse convolution techniques [24], [25]. The construction of
a sparse tensor T, comprising M voxels, is defined as follows:

T = {(pi, fi) | pi ∈ P, fi ∈ F}, (1)

where pi and fi represent the position and feature vector
of each voxel, respectively. The sets P and F consist of 3D
coordinates and C-dimensional feature vectors for each voxel:

P = {pi ∈ R3 | i = 1, ...,M},
F = {fi ∈ RC | i = 1, ...,M}.

(2)

Sparse convolution operations are then applied to T for
efficient data processing, focusing solely on non-empty voxels.
To ensure computational efficiency, we employ submanifold

sparse convolution [25] that maintains the output indices
identical to the input indices.

2) Local occupancy embedding: Sparse convolution per-
forms weight multiplication and summation only for the
occupied parts of the kernel, but it does not directly employ
the occupancy status within the kernel as a feature. This
means that the local density information is not directly
accessible during the convolution process. To bridge this
gap, we introduce a method that embeds kernel occupancy
information within the sparse convolution operation to make
it density-aware. Occupancy information for voxels in a
sparse tensor T = (P,F) is encoded by conducting a kernel
occupancy search within the kernel area DK , defined as:

DK =

{
(x,y,z) | x,y,z ∈

[
−K−1

2
,

K +1
2

]
∩Z
}
. (3)

This approach allows us to compute the kernel occupancy
binary vector BT ∈ RM×K×K×K , representing the presence or
absence of voxels within the kernel’s vicinity, as follows:

BT[pi,d j] =

{
1 if (pi−d j) ∈ P
0 otherwise

, where d j ∈ DK . (4)

Finally, the occupancy vector BT is flattened to B̂T ∈RM×K3

for further processing. Through embedding local occupancy
information, our method enhances the density-awareness of
sparse convolution, potentially improving the processing of
sparse point cloud data.

3) Sparse convolution residual block: The kernel oc-
cupancy binary vector encodes critical information about
sparsity and the geometric shape from the occupancy data.
To effectively leverage this information alongside traditional
sparse convolution operation, we integrate the occupancy
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information via a 1×1 convolution, referred to as Conv1×1,
generating kernel occupancy features. These features are then
concatenated with the original input features F to enrich them,
as follows:

F̂ = [F; Conv1×1(B̂T)]. (5)

This process enhances the input features by adding spatially
relevant occupancy information, providing a more compre-
hensive input for the subsequent convolution steps.

With the enhanced sparse tensor T̂ = (P, F̂) prepared,
sparse convolution is applied to yield the output sparse tensor
Tout = (Pout ,Fout). To mitigate the imbalance in sparse kernel
weights for the feature fout

i ∈Fout , we normalize these features
by the count of contributing input tensors, thereby adjusting
for the variance in kernel occupancy:

f̂out
i = fout

i / ∑
d j∈DK

(BT[pi,d j]). (6)

In the design of networks utilizing sparse convolution, it
is common practice to compute sparse convolution layers
multiple times within the same spatial area, with changes
to the spatial size between layers being infrequent. Based
on this observation, we propose a strategy to compute the
kernel occupancy binary vector and its embedding just once
per module block, instead of after each sparse convolution
operation. This methodology, as depicted in the bottom right
of Fig. 3, streamlines the integration of occupancy information
into the convolution process, significantly enhancing the
efficiency of our density-aware sparse convolution framework.

B. Self-supervised density estimation

To train a model that is both density-aware and capable
of capturing a generalized representation, we introduce an
auxiliary task focused on predicting the local density at
a voxel level. Our framework is architecturally designed
with a shared encoder Φenc, which processes input features
V = [v1,v2, ...,vM] ∈ RM×3 into a latent representation Z ∈
Rm×feat. Here, M represents the voxel count prior to encoding,
and m denotes the voxel count post-encoding. This latent
representation is then utilized by two distinct decoders: one
for semantic segmentation ΦS

dec and the other for density
estimation ΦD

dec. The operations of these components are
formalized as follows:

Z = Φenc(V), Spred = Φ
S
dec(Z), D

pred = Φ
D
dec(Z), (7)

where Spred ∈RM×class and Dpred ∈RM×1 represent semantic
segmentation and density prediction, respectively. This dual-
decoder approach facilitates an exhaustive understanding and
representation of scenes, presenting a robust framework for
self-supervised learning in density estimation and semantic
segmentation tasks.

Self-supervised label generation. In addressing the chal-
lenge of generating voxel-wise density labels, we introduce
a self-supervised method utilizing k-Nearest Neighbor (k-
NN) search, which leverages the distance from the nearest
k neighbor points for each point, as shown in Fig. 4. First,
neighboring voxels are searched in voxel space with k = 10.

: Volume : Number of voxels

Fig. 4. Density calculation based on the k-Nearest Neighbors
(k-NN) algorithm. Density is defined as the number of points
within a sphere.

As our framework operates on a voxel-based 3D network,
k-NN is applied to the voxelized input V ∈ RM×3 in the
following manner:

{v1
i ,v

2
i , . . . ,v

k
i }= k-NN(V,k), ∀i ∈ {1, . . . ,M}. (8)

By employing the Euclidean distance to neighboring voxels
from each voxel, we compute the inter-voxel density. The
concept of density, typically defined as mass per volume, is
analogously applied to measuring the concentration of voxels
within a given volume. Specifically, density ρ is proportional
to the number of occupied voxels n within the volume of a
sphere with radius r, expressed as ρ ∝ n/r3. This approach
allows for the estimation of density based on voxel count
within a specified volume.

To mitigate noise in the density labels, we compute
the density for each number of adjacent voxels ranging
from 1 to k, subsequently averaging these calculations.
This smoothing technique ensures a more reliable density
estimation. Furthermore, to normalize the variance in scale,
a logarithmic transformation is applied to the density values.
Consequently, the density label Dlabel

i for each voxel i is
determined through the following refined process, which
encapsulates the steps from neighbor searching to logarithmic
adjustment for scale variance as follows:

Dlabel
i = log

1+
1
k

k

∑
j=1

j+1∥∥∥vi−v j
i

∥∥∥3

2

 , ∀i ∈ {1, . . . ,M}. (9)

C. Loss function

For the prediction of inter-voxel density, we employ the
Smooth-L1 loss. For semantic segmentation, our model
utilizes a dual-loss approach, incorporating both Cross-
Entropy loss and Lovasz-Softmax loss [36] as follows:

LDensity = SmoothL1(D
pred−Dlabel),

LSemantic = CE(Spred,Slabel)+Lovasz(Spred,Slabel).
(10)
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TABLE I
COMPARISON OF DOMAIN GENERALIZATION PERFORMANCE USING WAYMO, SEMANTICKITTI, AND NUSCENES DATASETS. † DENOTES THE

DOMAIN ADAPTATION SCHEME. BOLD FONT INDICATES THE HIGHEST PERFORMANCE, WHILE UNDERLINING DENOTES THE SECOND HIGHEST

PERFORMANCE.

Method W→W W→K W→N K→K K→W K→N N→N N→W N→K
Base 75.37 49.40 47.83 57.31 35.24 37.42 65.78 38.65 36.24
IBN-Net [34] 75.47 51.13 44.72 57.74 36.99 38.74 65.31 36.53 36.93
MLDG [35] 72.47 48.94 48.64 56.26 35.39 36.77 61.32 36.33 32.70
COSMIX (W) [30]† - - - 49.35 39.46 38.94 - - -
COSMIX (K) [30]† 66.68 44.71 49.96 - - - - - -
COSMIX (N) [30]† 65.68 40.99 47.98 49.98 38.05 43.25 - - -
DGLSS [8] 75.28 51.23 49.61 59.62 40.67 44.83 65.32 40.93 38.98
Ours 74.61 53.87 52.98 58.23 42.78 46.92 67.64 45.29 40.09

The aggregated loss function utilized during training, which
combines the contributions from both the semantic segmen-
tation and density prediction tasks, is defined as:

LTotal = λ1 ·LSemantic +λ2 ·LDensity, (11)

where λ1 and λ2 are weighting coefficients that balance the
relative importance of the semantic segmentation and density
prediction losses, respectively. Through empirical evaluation,
we have determined the optimal values for these coefficients
to be λ1 = 1 and λ2 = 10, ensuring a balanced contribution to
the total loss and thereby optimizing our model’s performance
across both tasks.

IV. EXPERIMENTS

This section outlines the comprehensive experimentation
conducted to validate the effectiveness of our method. We
detail the model implementation and experimental setups
in Section IV-A. We compare our method against existing
condition-free domain generalization techniques in Section IV-
B. We evaluate the proposed method alongside condition-
required domain adaptation and generalization methods
in Section IV-C. Subsequently, Section IV-D is dedicated
to dissecting the influence of each component within our
framework. Throughout these experiments, we adhere to
the class map settings established in prior studies to ensure
our evaluations are consistent with recognized benchmarks.
Additionally, Section IV-E investigates the computational
demands of our approach.

A. Implementation details

Our evaluation encompasses datasets such as the Waymo
(64-ch) [1], SemanticKITTI (64-ch) [3], and nuScenes (32-
ch) [2] datasets. Since each dataset has its own class
categorization, we adopt the label unification protocol from
previous research [4], [5], [8] to consolidate them. We
utilize the mean Intersection over Union (mIoU) for our
primary quantitative evaluation. Voxelization is performed
with a voxel size of 20cm, and our training scheme includes
a learning rate scheduler that decreases the rate by 0.99
every epoch, beginning at 1e-3. With a batch size of 8 and
the Adam optimizer for training, we further enhance the
model with various augmentation techniques such as rotation,

scale adjustment, translation, and beam sampling, as per the
strategies in [8].

B. Comparison to condition-free DG method

Our method stands out by functioning without the specific
conditions often required by many Domain Adaptation (DA)
and Domain Generalization (DG) techniques. To demonstrate
its efficacy, we compare it with DGLSS [8], a leading
condition-free DG method. DGLSS employs the Waymo,
SemanticKITTI, and nuScenes datasets for training, focusing
on a common set of 11 classes across these platforms. We
adopt MinkowskiNet [21] as the backbone network, just as
with DGLSS, for a fair comparison.

The comparative results in Table I, spanning a total of 9
scenarios, involve using each of the three datasets—Waymo
(W), SemanticKITTI (K), nuScenes (N)—as the source data,
with the other two serving as unseen data. In the source-to-
source scenarios (W→W, K→K, N→N), the proposed method
exhibits comparable performance to DGLSS. However, in
the six scenarios testing on unseen datasets (W→K, W→N,
K→W, K→N, N→W, N→K), the proposed method achieves
an average performance improvement of 18.38% over the
base model and significantly outperforms the state-of-the-
art domain generalization method, DGLSS by a margin of
5.88%.

Further analysis, including class-wise performance on
the SemanticKITTI dataset after training with it as the
source, is presented in Table II. While our method shows
a slight decline of 2.33% in source-to-source scenarios
(K→K) compared to DGLSS, it registers substantial gains on
unseen datasets—nuScenes and Waymo—with improvements
of 4.66% and 5.19%, respectively. More impressively, our
method surpasses DGLSS across all key classes crucial for
autonomous driving environments, such as ‘Car’, ‘Pedestrian’,
‘Drivable surface’, and ‘Sidewalk’, across the three datasets.
These findings underscore our method’s resilience to domain
shifts and its superior generalization capabilities.

C. Comparison to condition-required DG/DA methods

Our method excels even without the need for specific
conditions such as ego-motion or sequential data, showcasing
its effectiveness against DA/DG methods that rely on these
prerequisites. The comparison results in Table III, using the
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TABLE II
QUANTITATIVE COMPARISONS BY CLASS WHEN USING SEMANTICKITTI AS THE SOURCE. BOLD FONT INDICATES THE BEST PERFORMANCE.

Scenario Method Car Bicycle Motor-
cycle Truck Other

vehicle
Pedes-
trian

Drivable
surface

Side-
walk

Walk-
able

Vege-
tation mIoU

K→K
Base 91.23 10.04 35.69 52.89 37.95 40.99 83.86 62.78 66.34 91.33 57.31
DGLSS [8] 92.76 11.99 27.09 72.50 45.95 36.39 84.76 65.64 67.98 91.28 59.62
Ours 92.99 14.20 33.68 33.84 37.02 52.98 87.32 67.91 70.45 91.90 58.23

K→N
Base 68.91 2.51 12.18 11.30 20.35 29.47 80.17 31.91 40.19 77.18 37.42
DGLSS [8] 76.36 1.51 35.18 26.47 25.49 37.09 82.03 38.12 44.20 81.79 44.83
Ours 80.47 1.27 19.45 33.74 27.16 49.87 85.85 42.37 46.54 82.51 46.92

K→W
Base 72.12 2.52 4.52 7.77 13.36 40.86 64.92 30.12 34.84 81.40 35.24
DGLSS [8] 82.26 4.85 9.72 16.80 17.67 52.55 68.20 35.91 33.33 85.41 40.67
Ours 86.65 4.06 8.22 21.58 16.39 58.15 72.74 35.97 36.71 87.37 42.78

N
 →

 K

(a) Ground-truth (b) Baseline (c) Ours

K
 →

 N

car drivable sidewalk walkable vegetation other-vehicle truck pedestrian bicycle motorcycle

Fig. 5. Qualitative comparison when using the C&L semantic network as backbone. The top row represents results trained
on nuScenes and tested on SemanticKITTI (N→K), while the bottom row represents results trained on SemanticKITTI and
tested on nuScenes (K→N).

TABLE III
QUANTITATIVE COMPARISONS WHEN USING THE COMPLETE &

LABEL BACKBONE. BOLD FONT INDICATES THE HIGHEST

PERFORMANCE, WHILE UNDERLINING DENOTES THE SECOND HIGHEST

PERFORMANCE.

Backbone Methods K→N N→K

C&L [4]

Base 27.9 23.5
SWD [37] 27.7 24.5
3DGCA [28] 27.4 23.9
C&L [4] 31.6 33.7
LiDAR-UDA [7] 41.8 34.0
LiDomAug [9] 39.2 37.9
Ours 43.1 39.0

semantic network from Complete & Label [4] as the backbone,
highlight our method’s performance against various condition-
required DA/DG approaches. Following the class types and
experimental setups of LiDAR-UDA [7] and LiDomAug [9],
we conduct tests using the SemanticKITTI and nuScenes
datasets.

The outcomes demonstrate that our method surpasses the
state-of-the-art domain adaptation technique LiDAR-UDA [7],
achieving a performance boost of 3.11% on the nuScenes
dataset when trained with SemanticKITTI (K→N) and a
significant 14.71% improvement in the reverse scenario

(N→K). This is noteworthy, especially considering LiDAR-
UDA’s reliance on multi-frame data for DA, whereas our
approach, a condition-free DG method, attains superior results.
Furthermore, our method also shows a 9.95% performance
increase against LiDomAug [9] in the (K→N) scenario and a
2.90% enhancement in the opposite direction, underlining its
robustness and adaptability across different domain settings.
Qualitative results are illustrated in Fig. 5.

Table IV shows the comparison of the proposed method
with the range view based domain adaptation methods. Our
experiments utilize MinkowskiNet [21] as the 3D backbone
network, highlighting the inherent advantage of the voxel-
based 3D network in achieving superior generalization
performance over 2D rangeview-based alternatives. With
MinkowskiNet as the backbone, the improvements are 6.90%
and 28.62% for the (K→N) and (N→K) scenarios, respec-
tively. These findings underscore the efficacy of our approach,
demonstrating its potential for application in diverse settings
without the dependency on specific conditions for training or
testing phases.

D. Ablation studies

We conduct ablation studies to further validate the efficacy
of each component of our method. The ablation experiments in
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TABLE IV
QUANTITATIVE COMPARISON WITH RANGE-VIEW BASED DA

METHODS. BOLD FONT INDICATES THE HIGHEST PERFORMANCE, WHILE

UNDERLINING DENOTES THE SECOND HIGHEST PERFORMANCE.

Backbone Method K→N N→K

SalsaNext [14]

Base 20.1 12.6
CORAL [38] 33.3 23.2
MEnt [39] 33.1 17.1
AEnt [39] 30.4 18.3
(M+A)Ent [39] 32.0 22.8
SWD [37] 30.1 18.1
Rochan et al. [5] 34.5 23.5

MinkNet [21] Base 40.6 31.8
Ours 43.4 40.9

TABLE V
ABLATION STUDY ON THE PROPOSED DENSITY-AWARE SPARSE

CONVOLUTION (DASC) METHOD AND THE DENSITY PREDICTION

AUXILIARY TASK.

Backbone DASC Density pred K→N N→K

C&L [4]

35.9 31.6
3 41.3 37.4

3 39.5 34.4
3 3 43.1 39.0

Table V, using C&L [4] as the backbone network, specifically
assess the contributions of Density-Aware Sparse Convolution
(DASC) and the auxiliary density prediction task. For a fair
comparison, the results of the baseline are reproduced using
the beam augmentation [8], along with various schemes,
including rotation and scale augmentation.

DASC alone accounts for a substantial performance uplift
of 15.04% in the SemanticKITTI to nuScenes (K→N)
scenario and an even more significant 18.35% in the reverse
nuScenes to SemanticKITTI (N→K) setting, compared to
the baseline. Applying the auxiliary density prediction task
results in a performance increase of 10.03% for (K→N) and
8.86% for (N→K). The synergy of DASC with the auxiliary
density prediction task culminates in even more pronounced
improvements, pushing performance gains to 20.06% for
(K→N) and 23.42% for (N→K) over the baseline.

Notably, even though our method is density-aware, it shows
additional performance gains when using Mix3D.

Moreover, we explore the integration of our method with
established augmentation techniques such as Mix3D [40]
and PolarMix [41] as presented in Table VI. Notably, even
though our method is density-aware, it shows additional
performance improvements when using Mix3D. Mix3D
enhances performance by expanding the range of densities
encountered during training, allowing our model to handle
unseen density regions more effectively.

TABLE VI
QUANTITATIVE EVALUATION OF AUGMENTATION APPLICATION.

Backbone Methods K→N N→K

C&L [4]
Ours 43.1 39.0
Ours+Mix3D [40] 45.7 41.2
Ours+PolarMix [41] 44.8 41.5

E. Computational costs

Autonomous vehicles require real-time processing capa-
bilities, making factors like usage pivotal, especially given
the challenge of incorporating high-performance desktop
GPUs into such compact systems. The proposed Density-
Aware Sparse Convolution (DASC) comprises simple 1×1
convolutions, ensuring the added computational overhead
is kept to a minimum. On an NVIDIA RTX A6000, the
MinkowskiNet base model exhibits a computational speed
of 33 ms per frame, and adding DASC increases the
computational load by 7 ms, totaling 40 ms of operation time
in the SemanticKITTI. The density task operates only during
the training phase; thus, it does not affect the computation
speed or memory during the test phase. In an RTX A6000
setup, the MinkowskiNet base model takes 11 minutes per
epoch, whereas incorporating the density task extends this
duration by merely 4 minutes per epoch. Given the substantial
enhancements, our method brings to domain generalization
performance, such a minor increase in computational demands
is considered inconsequential.

V. CONCLUSION

In this paper, we propose a novel approach aimed at
enhancing the robustness of 3D networks against domain
shifts, particularly addressing the challenge of varying point
cloud densities. First, we propose a density-aware sparse con-
volution module that leverages additional geometric features
derived from the kernel occupancy information in submanifold
sparse convolution. In addition, we introduce a voxel-wise
density prediction as an auxiliary task to enhance density-
aware feature extraction. These strategies collaboratively
endow any 3D backbone network with density awareness,
thereby significantly boosting domain generalization capa-
bilities. Our extensive experimental evaluations demonstrate
that our method not only excels in condition-free domain
generalization scenarios but also outperforms existing domain
adaptation and domain generalization methods that depend
on specific prerequisites. In the future, we plan to research
on multi-source domain generalization that can be effectively
used even in the presence of multiple source data.
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