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Abstract. Current state-of-the-art point cloud-based perception meth-
ods usually rely on large-scale labeled data, which requires expensive
manual annotations. A natural option is to explore the unsupervised
methodology for 3D perception tasks. However, such methods often
face substantial performance-drop difficulties. Fortunately, we found that
there exist amounts of image-based datasets and an alternative can be
proposed, i.e., transferring the knowledge in the 2D images to 3D point
clouds. Specifically, we propose a novel approach for the challenging
cross-modal and cross-domain adaptation task by fully exploring the
relationship between images and point clouds and designing effective fea-
ture alignment strategies. Without any 3D labels, our method achieves
state-of-the-art performance for 3D point cloud semantic segmentation
on SemanticKITTI by using the knowledge of KITTI360 and GTA5,
compared to existing unsupervised and weakly-supervised baselines.

Keywords: Point Cloud Semantic Segmentation · Unsupervised
Domain Adaptation · Cross-modal Transfer Learning

1 Introduction

Accurate depth information of large-scale scenes captured by LiDAR is the key
to 3D perception. Consequently, LiDAR point cloud-based research has gained
popularity. However, existing learning-based methods [10,11,37] demand exten-
sive training data and significant labor power. Especially for the 3D segmenta-
tion task, people need to assign class labels to massive amounts of points. Such
high cost really hinders the progress of related research. Therefore, relieving the
annotation burden has become increasingly important for 3D perception.
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Recently, plenty of label-efficient methods have been proposed for semantic
segmentation. They try to simplify the labeling operation by using scene-level
or sub-cloud-level weak labels [24], or utilizing clicks or line segments as object-
level or class-level weak labels [19,20]. However, these methods still could not
get rid of the dependence on 3D annotations. Actually, annotating images is
much easier due to the regular 2D representation. We aim to transfer the knowl-
edge learned from 2D data with its annotations to solve 3D tasks. However,
most related knowledge-transfer works [12,23,31] focus on the domain adaption
under the same input modality, which is difficult to adapt to our task. Although
recent works [27,35] begin to consider distilling 2D priors to 3D space, they use
synchronized and calibrated images and point clouds and leverage the physical
projection between two data modalities for knowledge transfer, which limits the
generalization capability (Fig. 1).

Fig. 1. Our method performs 3D semantic segmentation by transferring knowledge
from RGB images with semantic labels from arbitrary traffic datasets.

In this paper, we propose an effective solution for a novel and challenging
task, i.e., cross-modal and cross-domain 3D semantic segmentation for LiDAR
point cloud based on unpaired 2D RGB images with 2D semantic annotations
from other datasets. However, images and point clouds have totally different rep-
resentations and features, making it not trivial to directly transfer the priors. To
deal with the large discrepancy between the two domains, we perform alignment
at both the data level and feature level. For data level (i.e., data representation
level), we transform LiDAR point clouds to range images by spherical projec-
tion to obtain a regular and dense 2D representation as RGB images. For the
feature level, considering that the object distributions and relative relationships
among objects are similar in traffic scenarios, we extract instance-wise relation-
ships from each modality and align their features from both the global-scene
view and local-instance view through GAN. In this way, our method makes 3D
point cloud semantic features approach 2D image semantic features and fur-
ther benefits the 2D-to-3D knowledge transfer. To prove the effectiveness of our
method, we conduct extensive experiments on KITTI360-to-SemanticKITTI and
GTA5-to-SemanticKITTI. Our method achieves state-of-the-art performance for
3D point cloud semantic segmentation without any 3D labels.
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2 Related Work

LiDAR-based Semantic Segmentation: Lidar-based 3D semantic segmen-
tation [5,21] is crucial for autonomous driving. There are several effective rep-
resentation strategies, such as 2D projection [7,33] and cylindrical voxelization
[37]. However, most methods are in the full-supervision manner, which requires
accurate manual annotations for every point, leading to high cost and time con-
sumption. Recently, some research has been concentrated on pioneering labeling
and training methods associated with weak supervision to mitigate the annota-
tion workload. For instance, LESS [19] developed a heuristic algorithm for point
cloud pre-segmentation and proposed a label-efficient annotation policy based on
pre-segmentation results. Scribble-annotation [30] and label propagation strate-
gies [28] were also introduced. However, these methods still require expensive
human annotation on the point cloud. Several research studies [13,27,35] have
explored complementary information to enhance knowledge transfer from images
and facilitate 2D label utilization. Our work discards the need for any 3D labels
by transferring scene and semantic knowledge from 2D data to 3D tasks, which
reduces annotation time and enhances practicality for real-world scenarios.

Unsupervised Domain Adaptation (UDA): UDA techniques usually trans-
fer the knowledge from the source domain with annotations to the unlabeled
target domain by aligning target features with source features, which is most
related to our task. For many existing UDA methods, the source and target
inputs belong to the same modality, such as image-to-image and point cloud-to-
point cloud domain adaptation. For image-based UDA, there are several popular
methodologies for semantic segmentation, including adversarial feature learn-
ing [12,31,34], pseudo-label self-training [9,36] and graph reasoning [17]. For
point cloud-based UDA, it is more challenging due to the sparse and unordered
point representation. Recent works [2,23] have proposed using geometric trans-
formations, feature space alignment, and consistency regularization to align the
source and target point clouds. In addition, xMUDA [13] utilizes synchronized 2D
images and 3D point clouds with 3D segmentation labels as the source dataset to
assist 3D semantic segmentation. However, xMUDA assumes all modalities to be
available during both training and testing, where we relax their assumptions by
requiring no 3D labels, no synchronized multi-modal datasets, and during infer-
ence, no RGB data. Therefore, existing methods are difficult to extend to solve
our cross-domain and cross-modality problem. To the best of our knowledge, we
are the first to explore the issue and propose an effective solution.

3 Methodology

3.1 Problem Definition

For the 3D semantic segmentation task, our model associates a class label with
every point in a 3D point cloud X ∈ RN×4, where N denotes the total number of
points. Location information in 3D coordinates, and the reflectance intensity, are
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Fig. 2. The pipeline of our method with feature extraction module, instance-wise rela-
tionship extraction module, and feature alignment module (LIA, LSA).

provided for each point, denoted by {x, y, z, i}. Without any 3D annotations, we
conduct 3D segmentation by using only 2D semantic information on RGB images
from arbitrary datasets in similar scenarios. Unlike existing UDA methods that
perform adaptation under the same data modality, our task is more challenging
because our source and target data are from different domains and different
modalities, and can be named as Unsupervised Domain-Modality Adaptation
(UDMA). UDMA transfers knowledge from 2D source domain (images IS ∈
RH×W×3 with semantic labels YS ∈ RH×W×C , where H and W are height and
width of the image, and C is the number of classes) to 3D target domain (point
clouds XT ). For UDMA 3D segmentation, we have {IS , YS ,XT } as the input
data for training. During inference, only 3D point clouds (projected to range
images) are input to the model to produce 3D predictions of the shape RN (i.e.,
no RGB data are needed).

3.2 Method Overview

As shown in Fig. 2, our model consists of three important modules: Feature
Extraction, Instance-wise Relationship Extraction, and Feature Alignment.

Feature Extraction: This module is used to encode various input data to
a certain feature representation. We apply UNet [26] as the feature extraction
backbone, where the size of the output feature map retains the same as the input
image size, which allows us to obtain pixel-level dense semantic features.

Instance-Wise Relationship Extraction (IRE): This module carries the
functionality of learning object-level features that encode local neighbor-
hood information, therefore enhancing object-to-object interaction. The learned
features are complementary to the mutually-independent pixel-level features
learned by Feature Extraction module. Encoding more spatial information rather
than domain- or modality-specific information enhances the efficiency of feature
alignment.

Feature Alignment: To solve UDMA tasks (defined in Sect. 3.1), we need to
narrow down the 2D-3D domain gap to transfer label information. We achieve
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this through adversarial learning [8] in both scene level and instance level, which
learns to project inputs from different modalities to a common feature space and
output domain- and modality-independent features.

3.3 Data Pre-processing

LiDAR Point Cloud Pre-segmentation: Point clouds often contain valuable
semantic information that can be used as prior knowledge without the need for

Fig. 3. Visualization of Data-Pre-processing: Top: Point cloud pre-segmentation result.
Bottom left: the range image after the spherical projection of the point cloud pre-
segmentation. Bottom right: semantic labels in the RGB image. (Color figure online)

any training. We utilize a pre-segmentation method proposed by LESS [19] to
group points into components such that each component is of high purity and
generally contains only one object. The top image in Fig. 3 displays the pre-
segmentation result. The approach involves using the RANSAC [6] for ground
points detection. For non-ground points, an adaptive distance threshold is uti-
lized to identify points belonging to the same component. We then utilize com-
ponent information, such as mean or eigenvalues of point coordinates, to identify
component classes. By using this heuristic approach we can successfully identify
common classes (e.g., car, building, vegetation) with a high recall rate, and rare
classes (e.g., person, bicycle) with a low recall rate. Due to the limited useful-
ness of low recall rate classes, we finally use three prior categories: car, ground
(includes road, sidewalk, and terrain), and wall (building and vegetation) to
assist the instance feature alignment in our method. In future work, we will
explore the combination of learning-based and heuristic algorithms to improve
the quantity and quality of the component class identification. For example,
feature matching between unidentified and already identified components.

Range Image Projection: 2D and 3D data have huge a gap in their repre-
sentations, e.g., structure, dimension, or compactness, which brings difficulties
in knowledge transfer. To bridge the gap, we leverage another representation
of 3D point cloud, range image [15,21,33]. 2D range images follow similar data
representation as RGB (both represented in height × width). As shown in the
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bottom two plots in Fig. 3, the road (in gray and olive colors) is always located
at the bottom of the picture with cars on top in both range and RGB images.
The range image is generated by spherically projecting [33] 3D points onto a 2D
plane:

u =
1
2
· (1 − arctan(y · x−1)/π) · U

v = (1 − (arcsin(z · r−1) + fdown) · f−1) · V,
(1)

where u ∈ 1, ..., U and v ∈ 1, ..., V indicate the 2D coordinate of the projected
3D point (x, y, z). r =

√
x2 + y2 + z2 is the range of each LiDAR point. We

set U = 2048 and V = 64, respectively, which is ideal for Velodyne HDL-64E
laser scan from SemanticKITTI dataset [1]. 2D range images retain the depth
information brought by LiDAR and provide rich image-level scene structure
information. This helps in scene alignment. During training, we use [r, r, i] for
three input channels of range images, where r and i denote the range value
defined above and the reflectance intensity, respectively.

3.4 Instance-Wise Relationship Extraction

Based on the consideration that traffic scenarios share similar object loca-
tion distribution and object-object interaction, we extract relationship features
by proposing a novel graph architecture connecting instances as graph nodes.
Therefore, it enhances the feature information with object-object interaction
details and benefits the following feature alignment. Our Instance-wise Rela-
tionship Extraction (IRE) consists of two parts: Instance Node Construction
and Instance-level Correlation.

Instance Node Construction: With the motivation of learning object-object
relationships in an image, we regard every instance as a node in the input image
instead of the whole class as a node. For range images, we use pre-segmentation
components as nodes, while for RGB images, we use ground truth to create node
masks during training. Initial node descriptors Pi are computed as follows:

Agg(F pixel ⊗ Maski) = Pi, ∀i = 1, ..., n (2)

The operation is the same for source and target data. F pixel represents the
pixel-level dense feature map extracted by UNet, with the shape RH×W×d for
source images (F pixel

S ) and RV ×U×d for target images (F pixel
T ). Boolean matrices

Maski denote the binary node mask for the ith component, where the value 1
denotes the pixel belonging to this component. The mask has the shape H × W
in the source domain and V × U in the target domain. We denote n by the
total number of nodes in the current input image. With element-wise matrix
multiplication operation ⊗, we obtain mi nonzero pixels features for each node,
with shape Rmi×d, i = 1, ..., n. We apply an aggregation function Agg to obtain
a compact node descriptor Pi ∈ Rd. Agg is composed of a pooling layer followed
by a linear layer. Then, node descriptors are forwarded to EdgeConv to extract
instance-level correlation.
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Instance-Level Correlation: This submodule aims to densely connect the
instance-level graph nodes and enhance recognizable location information for
object interaction. After the Instance Node Construction, we embed local struc-
tural information into each node feature by learning a dynamic graph G = (V,E)
[32] in EdgeConv, where V = {1, ..., n} and E ⊆ V ×V are the vertices and edges.
We build G by connecting an edge between each node Pi and its k-nearest neigh-
bors (KNN) in Rd.

P ′
i = !

{j|(i,j)∈E}
fΘ(Pi, Pj) (3)

fΘ learns edge features between nodes with learnable parameters Θ. All local
edge features of Pi are then aggregated through an aggregation operation ! (e.g.,
max or sum) to produce P ′

i ∈ Rd which is an enhanced descriptor for node i that
contains rich local information from neighbors. Instance-level correlation helps
the model extract domain- and modality-independent features by focusing more
on spatial-distribution features between instances. We then expand the instance
features by replicating each P ′

i for mi times to obtain node-level feature map
Fnode that is of the same size as F pixel (note that we omit the subscript here
since the operation is the same for source and target data). We concatenate pixel-
wise feature F pixel with instance-wise feature Fnode to form F , which keeps both
dense individual information and local-neighborhood information to assist the
feature alignment in the next section.

3.5 Feature Alignment

To transfer the knowledge obtained from RGB images to range images, we make
the feature of range images approach that of RGB images from two aspects: the
global scene-level alignment and local instance-level alignment.

Scene Feature Alignment (SA): Traffic scenarios in range and RGB images
follow similar spatial distribution and object-object interaction (e.g., cars and
buildings are located above the road). Therefore, we align the global scene fea-
tures for two modalities. Specifically, we implement the unsupervised alignment
through Generative Adversarial Networks (GAN) [8]. Adversarial training of
the segmentation network can decrease the feature distribution gap between the
source and target domain. Given the ground truth source labels, we train our
model with the objective of producing source-like target features. In this way,
we can maximize the utilization of low-cost RGB labels by transferring them to
the target domain. This can be realized by two sub-process [22]: train the gener-
ator (i.e., the segmentation network) with target data to fool the discriminator;
train the discriminator with both target and source data to discriminate features
from two domains. In Scene Feature Alignment, we use one main discriminator
to discriminate global features of the entire scene.

Instance Feature Alignment (IA): Accurate classification for each point is
critical for 3D semantic segmentation. We further design fine-grained instance-
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level feature alignment for two domains to improve the class recognition perfor-
mance. To perform the instance-level alignment, we build extra category-wise
discriminators to align source and target instances features. For target range
images, as no labels are available, we use prior knowledge described in Sect. 3.3
to filter prior categories, while for RGB we use ground truth. Then, we compute
target features and align them with the corresponding source features of each
prior category.

3.6 Loss

Our model is trained with three loss functions, with one supervised Cross-
Entropy loss (CE loss) on source domain and two unsupervised feature alignment
losses. Formally, we compute the CE loss for each pixel (h,w) in the image and
sum them over.

LCE(IS , YS) = −
∑

h

∑

w

∑

c

Y (h,w,c)
S logP (h,w,c)

S , (4)

where h ∈ {1, ...,H}, w ∈ {1, ...W}, and class c ∈ {1, ...C}. PS is the prediction
probability map of the source image IS . For Scene Feature Alignment (SA), the
adversarial loss is imposed on global target and source features FT , FS :

LSA(FS , FT ;G,D) = − logD(FT ) − logD(FS) − log(1 − D(FT )). (5)

The output of discriminator D(·) is the domain classification, which is 0 for
target and 1 for source. In SA, we use one main discriminator to discriminate
range and RGB scene global features. For Instance Feature Alignment (IA),

LIA(F
E
S , FE

T ;G,DE) =
E∑

e=1

−ye
T logDe(F e

T ) − ye
S logDe(F e

S) − ye
T log(1 − De(F e

T )),

(6)
where F e

T and F e
S are the target and source features for each prior category

e. yeS = 1 if category e occurs in the current source image, otherwise yeS = 0,
similarly for yeT . Therefore, we only compute losses for the categories that are
present in the current image.

We use fine-tuning to further improve the performance. We apply weak label
loss [19] (Eq. 7) for the prior categories that contain more than one class and CE
loss LCE(Xe

T , Y
e
T ) for the prior category that has fine-grained class identification,

where Xe
T ∈ R1×ne×3 and Y e

T ∈ R1×ne×C . In our experiments, the weak label
loss is applied to ground and wall, and the CE loss is applied to car,

Lweak = − 1
ne

ne∑

i=1

log(1 −
∑

kic=0

pic), (7)

where ne indicates the number of pixels in the range image belonging to this
prior category. kic = 0 if the class c is not in this prior-category. pic is the
predicted probability of range pixel i for class c. By using weak labels, we only
punish negative predictions.
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4 Experiments

4.1 Datasets

We evaluate our UDMA framework on two set-ups:KITTI360 → SemanticKITTI
and GTA5 → SemanticKITTI. KITTI360 [18] contains more than 60k real-world
RGB images with pixel-level semantic annotations of 37 classes. GTA5 [25] is a
synthetic dataset generated frommodern commercial video games, which consists
of around 25k images and pixel-wise annotations of 33 classes. SemanticKITTI [1]
provides outdoor 3D point cloud data with 360◦ horizontal field-of-view captured
by 64-beam LiDAR as well as point-wise semantic annotation of 28 classes.

Table 1. The first row presents the results of a modern segmentation backbone [4].
The medium five rows are 2D UDA methods [12,16,29,31,34]. Ours is the result of our
trained model with fine-tuning.

(a) KITTI360 → SemanticKITTI.

Method

R
o
a
d

S
id

ew
a
lk

B
u
il
d
in

g

V
eg

et
a
ti
o
n

T
er

ra
in
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mIoU

DeepLabV2 17.96 6.79 5.34 33.24 1.07 0.71 10.85
AdvEnt 20.34 10.87 14.48 34.13 0.06 0.21 13.35
CaCo 27.43 8.73 18.05 34.65 6.15 0.43 15.91
CCM 0.01 5.63 24.15 20.83 0 7.11 9.62
DACS 19.35 7.44 0 0.13 0 6.64 5.59

DANNet 15.30 0 13.75 31.46 0 0 10.09
Ours 45.05 21.50 2.18 45.99 4.18 28.49 24.57

(b) GTA5 → SemanticKITTI.

Method
R
o
a
d

S
id

ew
a
lk

B
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d
in

g
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n

T
er

ra
in

C
a
r

mIoU

DeepLabV2 18.87 0 24.19 17.46 0 0.97 10.24
AdvEnt 0.65 0 11.96 12.32 0 1.45 4.40
CaCo 12.06 13.85 17.21 21.69 3.14 2.61 11.76
CCM 0 2.18 20.47 20.14 0.27 0.83 7.32
DACS 23.73 0 17.02 0 0 0 6.79

DANNet 1.67 18.28 28.19 0 12.17 0 10.05
Ours 37.63 1.23 27.79 31.40 0.03 30.00 21.35

4.2 Metrics and Implementation Details

To evaluate the semantic segmentation of point clouds, we apply the commonly
adopted metric, mean intersection-over-union (mIoU) over C classes of interests:

1
C

C∑

c=1

TPc

TPc + FPc + FNc
, (8)

where TPc, FPc, and FNc represent the number of true positive, false positive,
and false negative predictions for class c. We report the labeling performance
over six classes that frequently occur in driving scenarios on SemanticKITTI
validation set.

Implementation Details: We use the original size of KITTI360 and resize
GTA5 images to [720,1280] for training. Our segmentation network is trained
using SGD [3] optimizer with a learning rate 2.5 × 10−4. We use Adam [14]
optimizer with learning rate 10−4 to train the discriminators which are fully
connected networks with a hidden layer of size 256.
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4.3 Comparison

Comparison with UDA Methods: We evaluate the performance of adapting
RGB images to range images under five 2D UDA state-of-the-art frameworks
and one modern 2D semantic segmentation backbone (DeepLabV2). As shown
in Table 1, our method outperforms all existing methods in terms of mIoU under
both set-ups. Compared to AdvEnt, CaCo, and DANNet which perform scene-
level alignment through either adversarial or contrastive learning, our method
achieves 8.66 ∼ 14.48 mIoU performance gain in KITTI360 and 9.59 ∼ 16.95
mIoU gain in GTA5 in terms of mIoU. This is attributed to our instance-level
alignment and instance-wise relationship extraction modules. As for CCM and
DACS, they show inferior results on both source datasets (even compared to
other 2D UDA methods). DACS mixes images across domains to reduce the
domain gap, which is more compatible when both domains follow the same color
system. However, in our case, mixing [R,G,B] pixels with [r, r, i] range images is
unreasonable and may distort the feature space. Similarly, the horizontal layout
matrix used in CCM may fail in our setting as we have different horizontal
field-of-view in range (360◦) and RGB images (90◦). They focus more on data-
level modification. Our method accomplishes both data-level and feature-level
alignment. In our case, KITTI360 achieves higher mIoU, this may attribute to
the fact that KITTI360 is using real-world images, whereas synthetic data in
GTA5 may cause a large domain gap for learning.

Table 2. Comparison with two 3D
baselines.

Method Road Side-
walk

Building Vegetation Terrain Car mIoU

Cylinder3D 7.63 5.18 9.30 19.01 26.39 31.81 16.55
LESS 6.63 6.88 9.15 41.15 23.18 39.42 21.07
Ours 45.05 21.50 2.18 45.99 4.18 28.49 24.57

Table 3. Ablation Study:
effectiveness of IRE, SA,
IA.

Label # of WeChat

accounts

Identifiable 11 (13.4%)

Partially
anonymous

44 (53.7%)

Anonymous 23 (28.0%)

Unclassifiable 4 (4.9%)

Comparison with 3D Segmentation Methods: We evaluate Cylinder3D
[37] and LESS [19] with prior labels obtained from pre-segmentation in Table 2.
Cylinder3D is trained using CE loss for car and weak label loss for ground and
wall. For LESS, we employ their proposed losses except Lsparse. Comparing with
them, our method delivers a minimum of 3.50 mIoU increase in performance. 3D
baselines may produce suboptimal outcomes as they depend on the number of
accurate 3D label annotations, while our approach utilizes rich RGB labels. We
note that 3D-based methods provide better results in some classes (e.g., cars),
which may be due to that they leverage 3D geometric features and representa-
tions more effectively, while our range image projection causes spatial informa-
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tion loss. Future work will explore the possibility of modifying our framework to
function directly on the 3D point cloud without the need for projection.

4.4 Ablation Studies

Thorough experiments on KITTI360 → SemanticKITTI are conducted in Table 3
for the effectiveness of network modules and fine-tuning. w/o denotes deleting
the corresponding module in our network and ∗ denotes adding fine-tuning. We
validate the effectiveness of IRE, SA, and IA based on their 6.95, 3.66, and 2.17
boost in mIoU, respectively (compared to 22.53). Through fine-tuning, we obtain
another +2.04 in mIoU.

Fig. 4. Analysis for different num-
bers of training data.

We also analyze how the number of train-
ing data in the source domain affects the
result in the target domain in Fig. 4 under
the setting KITTI360 → SemanticKITTI.

The different number of training data is
randomly sampled from KITTI360 with the
same training protocol. The mIoU is lifted by
6.13 with 55k more source data. More data
allow the model to learn more comprehen-
sive scene features capturing object interac-
tion in driving scenarios. This demonstrates the potential efficacy of our proposed
method, where further improvement in 3D mIoU is expected to be achieved with
more annotated 2D training data.

5 Conclusion

In this work, we propose and address the cross-modal and cross-domain knowl-
edge transfer task for 3D point cloud semantic segmentation from 2D labels to
alleviate the burden of 3D annotations. We tackle the challenges via two comple-
mentary modules, Instance-wise Relationship Extraction and Feature Alignment.
Extensive experiments illustrate the superiority and potential of our method.

Acknowledgments. This work was supported by NSFC (No.62206173), Natural Sci-
ence Foundation of Shanghai (No.22dz1201900).
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