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Abstract— Range-View(RV)-based 3D point cloud segmen-
tation is widely adopted due to its compact data form.
However, RV-based methods fall short in providing robust
segmentation for the occluded points and suffer from distortion
of projected RGB images due to the sparse nature of 3D
point clouds. To alleviate these problems, we propose a new
LiDAR and Camera Range-view-based 3D point cloud semantic
segmentation method (LaCRange). Specifically, a distortion-
compensating knowledge distillation (DCKD) strategy is de-
signed to remedy the adverse effect of RV projection of
RGB images. Moreover, a context-based feature fusion mod-
ule is introduced for robust and preservative sensor fusion.
Finally, in order to address the limited resolution of RV
and its insufficiency of 3D topology, a new point refinement
scheme is devised for proper aggregation of features in 2D
and augmentation of point features in 3D. We evaluated the
proposed method on large-scale autonomous driving datasets
i.e. SemanticKITTI and nuScenes. In addition to being real-
time, the proposed method achieves state-of-the-art results on
nuScenes benchmark.

I. INTRODUCTION
Semantic segmentation is a core computer vision task

in the perception systems of autonomous vehicles (AVs).
This detailed semantic information needs to be acquired
in real-time to enable the AVs to better understand their
surroundings to make safer decisions.

Outdoor 3D semantic segmentation has been receiving
increasing attention due to the availability of public datasets
such as nuScenes [4] and SemanticKITTI [5]. For better and
more robust scene understanding, AVs are usually equipped
with multiple types of sensors such as camera and LiDAR.
Camera images have dense pixel representation that provides
rich textural information. However, cameras face inherent
challenges under adverse weather conditions and poor illumi-
nation. On the contrary, LiDAR sensors are less susceptible
to lighting conditions, whilst providing accurate geometric
and distance information.

For alleviating weaknesses and leveraging complementary
information of each sensor, fusion-based strategies were
proposed. One approach for multi-sensor feature fusion is
to project the image features to 3D LiDAR coordinates
using spherical (Range-View (RV)) projection to augment
corresponding point features [6]. Despite the efficiency of
RV-based methods due to compact representation, most of

∗ indicates equal contribution.

the appearance information is lost due to the sparse nature
of 3D point clouds. Recently, PMF [9] exploits perspective
projection to project points onto the camera coordinates to
preserve appearance information. Nevertheless, this approach
comes with large computational complexity when multiple
cameras are involved. The trade-off between information
preservation and computational cost poses a non-trivial yet
imperative challenge for the fusion of camera and LiDAR in
real-time semantic segmentation.

Additionally, as RV-based methods only process a subset
of the input point cloud, prior works usually resort to k-
nearest-neighbors (kNN) post-processing technique to predict
a label for every 3D point [12], [11]. This imposes a large gap
between segmentation performance on RV-projected points
and the entire point cloud.

In this paper, we seek to extend the capability of RV-based
methods while still preserving its low latency advantage. We
propose LaCRange, a new LiDAR and Camera Range-
view-based semantic segmentation method for 3D point
clouds. To address the appearance information loss caused
by RV projection of RGB images, we devise a distortion-
compensating knowledge distillation (DCKD) strategy by
using a teacher model, which is pre-trained to learn how
to extract detailed and structurally intact information from
original images. Compared to prior works [9], [6], our image
encoder is lightweight yet powerful since it is guided by
the teacher. For fusing the camera and LiDAR features, a
new context-based feature fusion module is proposed. In this
strategy, the camera and LiDAR features are concatenated
and processed to generate global context information of these
features. Then, their global context information interact with
each other through Modality Look-Up (MLU), which retrieve
information from each modality to supplement the initially
fused features.

Moreover, in order to further close the segmentation per-
formance gap between the projected points and the full point
cloud, a new point refinement scheme is proposed. In this
method, a Semantic-Range-Remission Feature Aggregation
(SR2FA) module with a dynamic kernel is proposed, which
aggregates features in each pixel of the RV image that has
a projected point. Then, a 3D neighborhood-aware feature
augmentation (3D-NAFA) module is used to augment the
point features after re-projection from 2D to 3D. More specif-
ically, a coarse-to-fine 3D voxelization strategy is leveraged
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to provide 3D neighborhood context to every point. Our
experiments have shown that this point refinement strategy
not only improves our network’s segmentation performance
significantly, it can be easily attached to other existing RV-
based segmentation methods as a plug-and-play solution.

Our contributions can be summarized into threefold. (1)
We propose a distortion-compensating knowledge distillation
(DCKD) strategy to reduce the information loss due to
RV projection of RGB image. (2) We devise a context-
based feature fusion module to better combine the two
modalities. (3) A new portable and universal point refinement
scheme is proposed to fix errors in back-projection. We per-
formed comprehensive experiments on two public datasets,
SemantickKITTI [5] and nuScenes [4] to further validate the
effectiveness of our method.

II. RELATED WORKS
A. Camera-based Semantic Segmentation

These methods predict the semantic labels for each pixel
of the input 2D images. FCN [17] is the pioneering work
leveraging a 2D fully Convolutional Neural Network (CNN)
for creating an end-to-end pipeline for image semantic seg-
mentation. Recently, multi-scale feature learning [18], [19],
dilated convolution models [20], [21], attention-based models
[22], [23], [24] and Transformer-based models [25], [26]
all contributed to improvements in better segmenting 2D
images.
B. LiDAR-based Semantic Segmentation

These methods can be categorized based on the strategy
they use to process 3D point clouds. Point-based methods
process the unstructured 3D point clouds directly. PointNet
[27], uses a Multi-Layer Perception (MLP) to approximate a
permutation-invariant set function. PointNet++ [28] extends
PointNet by sampling at different scales for extraction of
relevant features both locally and globally. These methods re-
quire large memory and computational resources, especially
for processing outdoor scenes [10]. Voxel-based methods
divide the 3D scene into volumetric grids known as voxels
[58], [30]. In order to address the varying point density and
sparsity, Cylindere3D [13] uses cylindrical voxel partitions
and applies asymmetrical 3D CNN to process the voxels.
However, voxel-based methods are computationally expen-
sive and their performance drops sharply when the voxel grid
resolution decreases [16]. Projection-based methods project
the 3D point clouds onto 2D planes through either RV [31],
[11], [12], Bird’s-Eye-View (BEV) projections [32], [33] or
both [34]. As projection-based methods produce compact
data representation that can be processed by 2D CNN, they
are more efficient and appropriate for real-time applications
than point- and voxel-based methods.
C. Multi-sensor Semantic Segmentation

Multi-sensor methods attempt to properly fuse the infor-
mation from both camera and LiDAR for improving accuracy
and robustness of semantic segmentation [37]. RGBAL [6]
uses RV projection for both camera and LiDAR sensors and

aggregates them by doing early- and mid-fusion of image
and point cloud features. PMF [9] projects the LiDAR point
cloud to the camera coordinate using perspective projection
and uses two separate streams for processing camera and
LiDAR data by fusing the multi-sensor features in every
encoder stage. However, this method is computationally
expensive due to higher resolution of camera images, and
the requirement to process multiple cameras.

III. METHOD
The overview of the proposed LaCRange framework is

shown in Figure 1. Given an input LiDAR point cloud,
we project it into RV image [12], [11], where the features
are Cartesian coordinates (𝑥, 𝑦, 𝑧), remission and range.
Also, its corresponding RGB image(s) is projected to LiDAR
coordinates using RV projection.

The original RGB image is passed to a pre-trained teacher
encoder, while the RV-RGB image is processed by the stu-
dent encoder. Extracted multi-scale teacher features are used
to guide the student encoder via distortion-compensating
knowledge distillation (DCKD) only during the training
phase. Then, features from the student encoder are fused with
the LiDAR features in the fusion encoder by context-based
feature fusion modules. Finally, the RV segmentation output
is processed by our proposed learnable point refinement.
A. Distortion-Compensating Knowledge Distillation
(DCKD)

RV projection is suitable for real-time semantic segmenta-
tion of LiDAR point clouds due to its compact representation,
but RV projection of RGB image suffers from the distortion
of appearance information due to the sparsity of point clouds.
We propose DCKD for alleviating this distortion in the
feature space by transferring the knowledge from a teacher
encoder that is pre-trained on original (distortion-free) RGB
images to a student encoder that receives the corresponding
RV-RGB image.

In this approach, we first pre-train a complex teacher
model on a large image semantic segmentation dataset. When
training the student with RV-RGB image, the frozen teacher
encoder receives the corresponding original RGB image. For
transferring knowledge, the student features at each encoder
block need to be aligned with the teacher features. As shown
in Figure 1, this process is done in the DCKD block.

Given the 𝑘th scale teacher feature maps, it is first matched
to the original image resolution using bilinear up-sampling
and projected to RV. Our student encoder adopts a shallower
version of the teacher’s architecture, hence the need for a
feature adapter to match the depth with that of the teacher.
In 𝑘th scale student features, the feature adapter block (1x1
Conv + Leaky ReLU + BatchNorm) changes the number
of channels to be the same as the 𝑘th scale teacher, and
up-samples to the original RV resolution. Both features are
masked by the RV-RGB projection mask to ignore the not
projected locations and obtain teacher and student features
𝑇𝑘 and 𝑆𝑘 needed for distillation. The distillation loss 𝐿𝑑 is
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Fig. 1. Overview of the proposed LaCRange framework. The blocks and arrows with dashes are only used during the training process. The blocks shown
in green are the proposed components. Best viewed in color

obtained by calculating the average distance between 𝑇 and
𝑆 in all scales as:

𝐿𝑑 = 1
𝐾

𝐾
∑

𝑘=1
||𝑇𝑘 − 𝑆𝑘|| (1)

where 𝐾 is the total number of scales considered. By
minimizing the above loss term, the student encoder can
learn to mimic the teacher encoder. Despite receiving a
distorted RGB image, the student can retrieve more coherent
textural and appearance information from the teacher. In
contrast to conventional KD approaches, our teacher is not
only superior to the student in terms of model complexity,
it is also more comprehensive in terms of the appearance
integrity of its input and features.
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Fig. 2. Context-based feature fusion module. 𝐶𝑝𝑟𝑒∕𝐿𝑝𝑟𝑒 and 𝐶𝑐𝑜𝑚𝑝∕𝐿𝑐𝑜𝑚𝑝represent the original camera/LiDAR and retrieved camera/LiDAR features,
respectively. Additionally, 𝐶𝑠∕𝐶𝑐 , 𝐿𝑠∕𝐿𝑐 and 𝐹𝑠∕𝐹𝑐 are the space-/channel-
wise pooled camera, LiDAR and initially fused features.

B. Context-based Feature Fusion (CFF)
Camera and LiDAR are two complementary sensors that

each capture sensor-specific information in the scene. Preser-
vative fusion of these two sensors is of utmost importance
in multi-sensor semantic segmentation.

The block diagram of the proposed feature fusion module
is shown in Figure 2, which is comprised of two stages. In the

first stage, the camera and LiDAR features are concatenated
and fed to the ResBlock in the encoder for initial feature
fusion. In the second stage, the initially fused features are
complemented with sensor-specific information using global
context of each feature, which are obtained by applying av-
erage and max pooling space- and channel-wise. The global
context of initially fused features (denoted as 𝐹𝑠∕𝐹𝑐) can be
used to interact with both camera global context (denoted
as 𝐶𝑠∕𝐶𝑐) and LiDAR global context (denoted as 𝐿𝑠∕𝐿𝑐)in the Modality Look-Up block as shown in Figure 2 to
retrieve each sensor’s unique pre-fusion features (𝐶𝑝𝑟𝑒∕𝐿𝑝𝑟𝑒).The captured information from each of the modalities are
processed separately and fused together using several con-
volutional blocks and added to the initially fused features.
Here, we discuss two strategies that can be used for the
implementation of the MLU block, which are Convolutional
Block Attention-based (CBAM) [48] and Cross-Attention-
based [49].

1) CBAM-based Modality Look-Up: In this strategy, the
global context information of initially-fused features along
space/channel (𝐹𝑠∕𝐹𝑐) are added to that of the camera
and LiDAR global context information (𝐶𝑠∕𝐶𝑐 and 𝐿𝑠∕𝐿𝑐).Then, a Conv/MLP layer with a sigmoid activation is used
for selecting complementary information 𝑀𝑐𝑜𝑚𝑝 from the
original camera and LiDAR features (𝐶𝑝𝑟𝑒∕𝐿𝑝𝑟𝑒) as:

𝑀𝑐𝑜𝑚𝑝 =
[

𝐵𝐶𝑠
(

𝜎
(

𝑀𝐿𝑃
(

𝑀𝑐 + 𝐹𝑐
)))

+

𝐵𝐶𝑐
(

𝜎
(

𝐶𝑜𝑛𝑣
(

𝑀𝑠 + 𝐹𝑠
)))

]

×𝑀𝑝𝑟𝑒, 𝑀 ∈ {𝐶,𝐿}
(2)

where 𝑀 and 𝜎 indicate the modality type and sigmoid acti-
vation function, respectively. 𝐵𝐶 indicates the broadcasting
operation along space (𝐵𝐶𝑠) and channel (𝐵𝐶𝑐).

2) Cross-Attention-based Modality Look-Up: In this strat-
egy, a similar approach to [49] is used. Conversely, the at-
tention operates on the global level (spatial/channel pooled).
Furthermore, we decorate the fused features with both
modalities, rather than just complementing LiDAR features
with camera features, as we recognize the inherent flaws of
each individually. The initially fused features attend to each
of the two modalities to select complementary information
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𝑀𝑐𝑜𝑚𝑝 as follows:
𝑀𝑐

𝑐𝑜𝑚𝑝 = 𝐵𝐶𝑠
(

𝜎
(

𝑀𝐿𝑃
(

𝐴𝑡𝑡
(

𝑄𝑐 , 𝐾𝑐
𝑀 , 𝑉

𝑐
𝑀
))))

,

𝑀𝑠
𝑐𝑜𝑚𝑝 = 𝐵𝐶𝑐

(

𝜎
(

𝐶𝑜𝑛𝑣
(

𝐴𝑡𝑡
(

𝑄𝑠, 𝐾𝑠
𝑀 , 𝑉

𝑠
𝑀
))))

,

𝑀𝑐𝑜𝑚𝑝 =
[

𝑀𝑐
𝑐𝑜𝑚𝑝 +𝑀

𝑠
𝑐𝑜𝑚𝑝

]

×𝑀𝑝𝑟𝑒, 𝑀 ∈ {𝐶,𝐿}

(3)

where 𝑄𝑐∕𝑄𝑠 represent the embedded query obtained from
the pooled initially fused features along channel/space,
𝐾𝑐
𝑀∕𝐾𝑠

𝑀 and 𝑉 𝑐
𝑀∕𝑉 𝑠

𝑀 are the key and value for the pooled
features from modality 𝑀 , respectively. 𝐴𝑡𝑡 indicates the
cross-attention followed by a linear layer. 𝑀𝑐

𝑐𝑜𝑚𝑝∕𝑀
𝑠
𝑐𝑜𝑚𝑝 are

the retrieved features from modality 𝑀 along channel/space.
In the experimental results section, the effect of using each
of these MLU blocks will be investigated.
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Fig. 3. Semantic-Range-Remission-based Feature Aggregation (SR2FA)
module. ■ and ▲ represent the locations selected based on semantic and
range-remission, respectively.

C. Point Refinement
Despite real-time performance advantage of RV-based

segmentation methods [12], [11], their accuracy is limited.
Motivated by this limitation, a new point refinement scheme
is proposed, which includes a feature aggregation on the RV-
level (SR2FA) and a feature augmentation on the point-level
(3D-NAFA).

1) Semantic-Range-Remission-based Feature Aggregation
(SR2FA): Due to down-sampling operations in the encoder,
some useful low-level geometry information is lost. To
retrieve this information, we fuse low-level features before
entering the encoder with the features from the last block
of the decoder. These features need to be aggregated locally
based on the context using operations such as convolution,
but the restrictions in geometric transformation modeling ca-
pacity of the standard convolution due to fixed grid structure
makes it a naive approach [47].

Here, we designed the SR2FA module, which is shown in
Figure 3. The RV projection mask is used to filter out the
un-projected locations on the RV plane. Then, for each target
pixel, the nearest neighboring pixels are selected twice based
on different selection metrics: estimated semantic proba-
bility absolute difference (S) and range-remission absolute
difference (R2). For the neighbors selected based on range-
remission, their absolute differences in terms of xyz, range,
remission and RGB with respect to the center are used to
form a set of feature distances. For the neighbors selected

Features Semantics ∆𝑿𝒀𝒁

Coarse-scale Voxels

+ +

Fine-scale Voxels

PFE

MLP

Average Pool

Softmax

Fig. 4. 3D Neighborhood-Aware Feature Augmentation (3D-NAFA)
module. Best viewed in color.
based on semantic probability, their semantic probability
absolute differences are used to form another set of feature
distances. These feature distances are passed through a
Point Feature Encoder (PFE) and MLP layers for individual
processing of each neighbor. PFE is composed of an MLP
layer followed by max- and average-pool layers and outputs
the concatenation of processed features with the average-
and max-pooled features along neighbors. Finally, a Softmax
function is applied in each branch to produce a set of weights,
which are used for calculating weighted sums of selected
neighbors’ features 𝛿𝑆 and 𝛿𝑅2 that are based on semantics
and range-remission, respectively.

For combining these two sets of aggregated features (𝛿𝑆
and 𝛿𝑅2 ), a dynamic confidence-based soft selection pro-
cedure is designed. In this procedure, the mean semantic
confidence Φ𝑚,𝑛, of the neighborhood for every center pixel
is calculated as follows:
Φ𝑚,𝑛 =

1
𝑁𝜓(𝑚,𝑛)

∑

(𝑖,𝑗)∈𝜓(𝑚,𝑛)

[

1 + 1
log𝐶

𝐶
∑

𝑐=1
𝑆𝑖,𝑗,𝑐 log𝑆𝑖,𝑗,𝑐

]

(4)
where 𝑆𝑖,𝑗,𝑐 is the estimated semantic probability for 𝑐th
class on location (𝑖, 𝑗). 𝜓(𝑚, 𝑛) and 𝑁𝜓(𝑚,𝑛) indicate the
neighboring coordinates of (𝑚, 𝑛) and number of neighbors,
respectively. The two sets of aggregated features are com-
bined to produce 𝛿, the confidence-based fused features as:

𝛿 =
[

1 − exp−𝜆(1−Φ)] 𝛿𝑅
2
+
[

exp−𝜆(1−Φ)] 𝛿𝑆 (5)
where 𝜆 is a hyper-parameter controlling the mean confi-
dence effect. Based on the above equation, in the neighbor-
hoods with low mean semantic confidence, the aggregated
features from the semantic branch are down-weighted while
the range-remission branch aggregated features are attended
more, and vice-versa. The aggregated features 𝛿 are added
to the center feature at (𝑚, 𝑛) and further processed to yield
the final features on RV image.

2) 3D Neighborhood-Aware Feature Augmentation (3D-
NAFA): Solely re-projecting RV features to 3D neglects
scene topology and relations of point geometries. To fur-
ther augment the features of each point to be more 3D
neighborhood-aware, a coarse-to-fine augmentation process
is utilized.

The diagram of the 3D-NAFA is shown in Figure 4. For
every 3D point and its projection location on the RV image,
its 𝐾 nearest neighbors in terms of range are considered. For
every selected neighbor, its features obtained from SR2FA
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TABLE I
RESULTS ON SEMANTICKITTI [5] VALIDATION SET. (∗) RESULTS OBTAINED FROM [9]. L AND C DENOTE LIDAR AND CAMERA, RESPECTIVELY.

Method Input mIOU car bicy
cle

motor
cycl

e
truc

k
othe

r-ve
hicl

e

pers
on

bicy
clist

motor
cycl

ist
road park

ing
side

walk

othe
r-gr

oun
d

buil
ding fenc

e
veg

etat
ion

trun
k

terr
ain pole traffi

c-si
gn

spee
d (ms)

RangeNet++ ∗ [12] L 51.2 89.4 26.5 48.4 33.9 26.7 54.8 69.4 0.0 92.9 37.0 69.9 0.0 83.4 51.0 83.3 54.0 68.1 49.8 34.0 17.1
SqueezeSegV3 ∗ [57] L 53.3 87.1 34.3 48.6 47.5 47.1 58.1 53.8 0.0 95.3 43.1 78.2 0.3 78.9 53.2 82.3 55.5 70.4 46.3 33.2 40.9

PolarNet [33] L 56.4 93.2 43.7 46.5 56.3 30.6 67.2 78.2 0.0 94.1 29.3 75.0 0.1 87.6 49.9 86.4 61.7 72.5 59.2 40.7 15.5
SalsaNext ∗ [11] L 59.4 90.5 44.6 49.6 86.3 54.6 74.0 81.4 0.0 93.4 40.6 69.1 0.0 84.6 53.0 83.6 64.3 64.2 54.4 39.8 8.0

PointPainting ∗ [7] L + C 54.5 94.7 17.7 35.0 28.8 55.0 59.4 63.6 0.0 95.3 39.9 77.6 0.4 87.5 55.1 87.7 67.0 72.9 61.8 36.5 -
RGBAL ∗ [6] L + C 56.2 87.3 36.1 26.4 64.6 54.6 58.1 72.7 0.0 95.1 45.6 77.5 0.8 78.9 53.4 84.3 61.7 72.9 56.1 41.5 9.8

PMF [9] L + C 63.9 95.4 47.8 62.9 68.4 75.2 78.9 71.6 0.0 96.4 43.5 80.5 0.1 88.7 60.1 88.6 72.7 75.3 65.5 43.0 83.8
LaCRange (Ours) L + C 64.1 95.2 51.5 46.0 86.6 60.4 76.4 88.9 0.0 95.7 45.5 79.9 0.0 89.2 63.8 88.2 68.8 73.8 65.5 42.7 49.5

TABLE II
SEMANTIC SEGMENTATION RESULTS ON THE NUSCENES [4] TEST BENCHMARK. (†) TIME REPORTED, ONLY INCLUDES THE 6 IMAGE PASSES TO THE

MODEL PER LIDAR SCAN AND THE PREDICTION MERGING STEP IS NOT INCLUDED. (‡) WE TRAINED AND SUBMITTED FOR EVALUATION.
Method Input mIOU

FW mIOU
barr

ier
bicy

cle bus car
con

stru
ctio

n

motor
cycl

e

ped
estr

ian

traffi
c con

e
trail

er
truc

k
driv

able
Other

-flat

side
walk

terr
ain

manm
ade

veg
etat

ion

spee
d (ms)

SalsaNext ‡ [11] L 66.8 85.0 68.9 13.8 78.0 78.2 43.1 64.4 59.3 58.3 74.9 59.8 95.1 63.7 73.4 69.8 85.0 82.3 8.4
PolarNet [33] L 69.4 87.4 72.2 16.8 77.0 86.5 51.1 69.7 64.8 54.1 69.7 63.5 96.6 67.1 77.7 72.1 87.1 84.5 32.1

PMF-ResNet34 [9] L + C 75.5 88.9 80.2 35.7 79.7 86.0 62.5 76.4 77.0 73.7 78.5 66.9 97.1 65.3 77.6 74.4 89.5 87.7 1505.7†
PMF-ResNet50 [9] L + C 77.0 89.4 82.1 40.3 80.9 86.4 63.7 79.2 79.8 75.9 81.2 67.1 97.3 67.7 78.1 74.5 90.0 88.5 1883.3†
LaCRange (Ours) L + C 75.3 89.1 78.0 32.6 88.3 84.5 63.9 81.5 75.6 72.5 64.7 68.0 96.6 65.9 78.6 75.0 90.4 88.3 50.1

module, estimated semantics, and relative 3D distance from
the target point are concatenated and passed to a PFE layer.

These features only consider the 2D neighborhood for
assigning a feature vector to a point, yet the selected
neighbors are not necessarily the nearest in 3D. Therefore,
we augment the point features by injecting multi-scale 3D
neighborhood information. Here, a multi-scale coarse-to-fine
cylindrical voxelization [13] is leveraged for 3D point feature
augmentation. Specifically, the 3D scene is first voxelized
with a coarse-scale voxel grid, and all the points in each
voxel are average-pooled and passed through two MLP
layers, which are then broadcast to every point inside the
voxel to generate the coarsely aggregated features. The point
features are added to these aggregated features with a skip
connection and passed through a MLP layer to generate
coarsely augmented features. As shown in Figure 4, the
same process is repeated but with a fine-scale voxel grid
for augmenting the coarsely augmented point features with a
more fine-grained 3D neighborhood. Finally, the multi-scale
augmented point features are average-pooled along the 𝐾
neighbors and passed through a softmax function to provide
the point labels. It will be shown in the experimental results
section that overall point refinement module can be attached
to any RV-based semantic segmentation method as a plug-
and-play solution to uplift RV predictions.

IV. EXPERIMENTS
A. Dataset and Metric

SemanticKITTI [5] is a large-scale dataset for dense
semantic segmentation task that is captured by 64 beams
LiDAR sensor. Although the LiDAR sensor provides 360◦
FOV, it only includes the front-view camera limited to 90◦.

nuScenes [4] is another popular large-scale autonomous
driving dataset that includes 1,000 driving scenes captured in
different cities and under different illumination and weather
conditions. The data is recorded by a 32 beams LiDAR
sensor and a total of six cameras that cover the full 360◦.

Similar to other segmentation methods, the mean intersec-
tion over union (mIoU) is used as evaluation metric, which
is defined as the average IoU over all classes.

B. Implementation Details
For the implementation, we used the Pytorch deep learning

library [51]. For the teacher-student image encoders, we
relied on ResNet family architectures [59]. For any teacher
encoder architecture, the respective student’s model number
of channels are halved. In all experiments, the teacher and
student encoders are based on ResNet18 unless otherwise
specified. Under nuScenes- and SemanticKITTI-based exper-
iments, the teacher model is pre-trained on nuImages dataset
[4], and KITTI-STEP dataset [52], respectively.
C. Results on SemanticKITTI

Similar to PMF [9], as SemanticKITTI [5] only provides
the images of the front-view camera, we only evaluate on
the colored points. This is obtained by projection of point
clouds to the camera coordinates and only keeping the
points that have corresponding RGB values. We compare
LaCRange with several state-of-the-art single-view 2D meth-
ods. These results are shown in Table I. As can be observed,
our performance surpasses all compared methods in terms
of mIOU. Compared to all RV-based methods, LaCRange
obtains higher IOU in majority of the classes. It is also
worth noting that LaCRange performs much better or on
par with PMF [9] (which does not rely on RV projection)
in some small object classes with complex shapes such as
bicycle, bicyclist, pole, and traffic-sign. These classes are
more sensitive to distortion in RV projection and errors in
kNN when re-projecting to 3D.
D. Results on nuScenes

The results of our method and state-of-the-art published
single-view 2D methods on nuScenes test set are shown
in Table II. These results demonstrate that LaCRange has
significantly higher mIOU than the LiDAR-only models. Fur-
thermore, LaCRange performs on par with PMF-ResNet34
but worse than PMF-ResNet50, yet it should be noted that
it runs considerably faster. This is mainly because PMF [9]
needs to process 6 camera images for each LiDAR frame to
fully cover 360◦ FOV, while our method only processes a
single RV image for the same FOV.
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TABLE III
ABLATION STUDY ON THE SEMANTICKITTI [5] VALIDATION SET.

Method DCKD CFF 3D-NAFA SR2FA mIOU
Baseline 57.8

✓ 58.5
✓ ✓ 59.5
✓ ✓ ✓ 64.0
✓ ✓ ✓ ✓ 64.1

E. Ablation Studies
1) Effects of Network Components: As shown in Table

III, each of our new components amounts to an improve-
ment in the overall mIoU. The biggest gain is obtained
by the 3D-NAFA module leading to 4.5% increase. The
context-based feature fusion module introduced 1.0% higher
mIOU. Moreover, the DCKD strategy brings 0.7% mIoU
improvement. Note that although the SR2FA module only
shows 0.1% improvement in mIOU, it brings 0.6% increase in
mIOU on nuScenes validation set. This is because nuScenes
[4] was collected using 32-beam LiDAR rather than the
64-beam LiDAR of SemanticKITTI [5], resulting in much
sparser point clouds that benefit more from neighborhood
information aggregation.

TABLE IV
DIFFERENT TEACHER-STUDENT ARCHITECTURES IN DCKD.

Method Encoder mIOU
Student ResNet18-Like 57.8

Student(DCKD) ResNet18-Like 58.5 (+0.7)
Student ResNet34-Like 57.8

Student(DCKD) ResNet34-Like 58.7 (+0.9)
2) Effects and Analyses of DCKD: In Table IV, the effects

of using different teacher-student architectures are shown. It
can be seen that the DCKD is able to consistently improve
the performance of the student network. It should also be
noted that DCKD does not introduce any additional latency
compared to the standalone student.

TABLE V
DIFFERENT MLU STRATEGIES IN CAMERA-LIDAR FEATURE FUSION.

Method mIOU ↑ Inference Time ↓

Baseline 58.5 23.1 ms
CBAM-based Look-Up 59.2 (+0.7) 29.1 ms

Cross-Attention-based Look-Up 59.0 (+0.5) 45.5 ms
Combined 59.5 (+1.0) 31.1 ms

3) Modality Look-Up Strategy: The results of using differ-
ent MLU strategies in the fusion module is shown in Table V.
Both CBAM-based as well as cross-attention-based strategies
show mIOU gain over the baseline. However, the compu-
tational complexity and memory usage of cross-attention
calculation increases with feature resolution. By combining
these two approaches (2 CBAM + 2 Cross Attention), not
only is the model more mobile due to less memory usage,
the inference time is also reduced. The mIOU improvement
is more significant because higher-level features encapsulate
more global context, which can be captured by the global
receptive field of the cross-attention.

4) Point Refinement Design Analysis: We investigated
the effect of different voxel grid scales and sizes in 3D-
NAFA performance as shown in Table VI. In all exper-

TABLE VI
EFFECTS OF DIFFERENT SCALES AND SIZES OF VOXEL GRIDS.

Grid Size(s) mIOU ↑ Inference Time ↓

[480, 90, 64] 63.2 40.4 ms
[30, 3, 2] 63.5 39.7 ms

[360, 45, 32], [480, 90, 64] 63.4 44.9 ms
[120, 12, 8], [240, 23, 16] 63.9 44.0 ms

[30, 3, 2], [60, 6, 4] 64.0 43.8 ms
TABLE VII

EFFECTS OF USING THE PROPOSED POINT REFINEMENT BLOCK IN OTHER
RV-BASED LIDAR SEMANTIC SEGMENTATION METHODS.

Method Point Refinement mIOU

SqueezeSegV3 [57] ✗ 48.1
✓ 52.5 (+4.4)

SalsaNext [11] ✗ 55.8
✓ 61.1 (+5.3)

iments, coarser grid sizes result in better mIOU due to
larger neighborhoods that provide interactive information
to correct wrong labels. Moreover, multi-scale voxel grid
achieves a better mIOU than the single-scale grid with only
slight inference time increase. In Figure 5, the effects of
the proposed point refinement module are shown. As can
be seen, it is able to correct labels near the border of objects
after re-projection from 2D to 3D.

Without Point Refinement With Point Refinement

Fig. 5. Results of segmentation with (right) and without proposed point
refinement (left). Best viewed in color.

5) Universality of Point Refinement: We performed a
set of experiments to investigate the effectiveness of the
proposed point refinement scheme on improving the accuracy
of the other well-known RV-based semantic segmentation
methods, namely SqueezeSegV3 [57] and SalsaNext [11].
We fine-tuned our point refinement module on these methods
for 60 epochs. Table VII compares results of the proposed
point refinement module attached to different methods. The
results demonstrate that the effectiveness of this module is
universal across different RV-based segmentation methods.

V. CONCLUSION
In this paper, we have proposed LaCRange, a LiDAR and

Camera Range-view-based point cloud semantic segmenta-
tion method. Specifically, for alleviating the adverse effect
of RV projection of RGB images, a distortion-compensating
knowledge distillation (DCKD) strategy is proposed. More-
over, a context-based feature fusion module is proposed to
preserve the sensor-specific information through Modality
Look-Up. Finally, a new portable and universal point re-
finement scheme is devised to address the shortcomings
of RV projection. Extensive experiments are performed on
SemanticKITTI and nuScenes datasets to demonstrate the
effectiveness of each proposed component.
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