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Supplementary Material

A. More Implementation details

In this section, we provide additional details regarding to the
overall workflow, proposed components and configurations
during training and inference.

Evaluation Metrics Following prior works, we as-
sess the performance using Intersection-over-Union (IoU)
and Accuracy (Acc) for each class, and calculate the
mean Intersection-over-Union (mIoU) and mean Accuracy
(mAcc) across all classes.

A.1. Detailed Overview

Each step in the training and testing process is detailed in
Fig. 1. To maximize the efficiency, the sequence of pre-
processing and data augmentation steps is fixed. WPD+ is
applied first, before Geometric Data Augmentation (GDA),
to avoid performing the same geometric transformation on
all sampled frames. Once these two point-level steps are
completed, the augmented point cloud is downsampled and
divided into multiple sub-clouds, on which projection is
performed. Multi-Cloud Fusion (MCF) is applied last, con-
ducting pixel-wise fusion on the range images from each
sub-cloud. The same steps are repeated for ground-truth
labels to obtain their 2D representation. The final input
and ground-truth label are then used to train the 2D se-
mantic segmentation network. During testing, only the pre-
processing steps are included, and all range images are fed
into the network. Ultimately, we apply NNRI to upsam-
ple 2D outputs to gather 3D predictions in an unsupervised
manner.

A.2. Geometric Data Augmentation

The standard augmentation is utilized commonly in the pre-
vious works [2, 4, 15]. Hence, we follow the default con-
figurations and include the following geometric transforma-
tions in our pipeline:

• Random Flipping The point cloud is randomly flipped
along the X-axis.

• Random Translation The point cloud is randomly jit-
tered in translation. The jittering values range from -5m
to 5m, -3m to 3m, and -1m to 0m for X-axis, Y -axis, and
Z-axis, respectively.

• Random Rotation The point cloud is randomly and glob-
ally rotated along yaw, pitch and roll direction. The
ranges are set at [-5, 5] in degrees for all axes.

• Probability the value of randomness is set at 0.5 for all
augmentation components.

A.3. Runtime Measurement
In Table 2, we report the inference time of various methods.
All measurements are conducted using a single NVIDIA
GTX 1080Ti GPU with a fixed batch size of 1. To elim-
inate the impact of initialization overhead, we discard the
first 100 iterations and compute the average runtime over
the subsequent 100 iterations. For methods that could not
be measured directly due to GPU limitations, we report the
inference times provided in their original papers, most of
which were obtained using more powerful GPUs. Notably,
all our reported times include data loading, pre-processing,
and post-processing steps to ensure a fair comparison.

A.4. Weighted Paste Drop+
We directly follow the configuration of Weighted Paste
Drop (WPD) introduced by Gu et al. [11]: we first com-
pute the normalized weights from the class-wise frequen-
cies and set the threshold of classifying long-tail and non-
long-tail classes at 0.1. More specifically, we paste the
points of classes with weights greater than 0.1 and drop
them vice versa. The normalized weight of each class
is directly utilized as the probability of pasting and drop-
ping. For reference, we provide the relevant statistics on
SemanticKITTI1 [3] and nuScenes2 [10] in Fig. 3.
When applying WPD+ to the point clouds in the Se-
manticKITTI dataset, we observe that the resulting range
images sometimes contain artifacts outside of the contextual
distributions. As shown in Fig. 4, points at farther distances
are left unlabeled in the dataset, as they are less relevant
for most perceptual tasks. However, these points can in-
troduce additional noise into the projection when non-long-
tail foreground points are excluded. Such outliers can ad-
versely impact training stability, so we further clean the pro-
jected range images by filtering out unlabeled representa-
tions when training the model with SemanticKITTI dataset.

A.5. Synthetic Dataset
In addition to copy-pasting points of long-tail classes from
the same dataset, we use Carla Simulator [9] to further en-
hance class balance. This subsection details the process of
data collection.
Since WPD+ pastes points without spatial transformation
and does not account for sensor difference, it is essential
that the simulator precisely matches the sensor configu-
ration of the target dataset to prevent introducing out-of-

1https://github.com/PRBonn/semantic-kitti-api
2https://www.nuscenes.org/nuscenes

https://github.com/PRBonn/semantic-kitti-api
https://www.nuscenes.org/nuscenes


Figure 1. Detailed workflow overview: During training, the raw point cloud is pre-processed and augmented to generate the range image.
A 2D segmentation network is then trained to predict 2D semantic labels. In testing, all augmentation steps are removed, and range images
are stacked as a batch. The 2D predictions are then gathered and processed by NNRI, our proposed post-processing component, to map
them into 3D space.

Dataset V.FoV [deg] H.FoV [deg] Range [m]
Sem.KITTI −25 ∼ 3 −180 ∼ 180 2 ∼ 50
nuScenes −30 ∼ 10 −180 ∼ 180 2 ∼ 80

Table 1. LiDAR specifications of two datasets.

context points during augmentation. We therefore config-
ure the simulator separately for each dataset, based on their
respective sensor specifications, as detailed in Tab. 1. Next,
we set up the scene-related contexts. Based on statistics
shown in Fig. 3, we initialize the scene with 20 dynamic ac-
tors randomly selected from vehicle categories busses, mo-
torcycles and bicycles in the Carla Simulator, along with 30
pedestrians with random movement. Town10 serves as the
static background map for the scene, and we record 2000
frames each for SemanticKITTI and nuScenes.
After collecting the dataset, we manually define a class
mapping scheme between the real and synthetic datasets.
The complete mapping function is detailed in Tab. 2. Gen-
erally, positive correspondences can be identified; however,
an exception exists where the rider class in the synthetic
dataset represents both motorcyclist and bicyclist. To make
more effective use of the synthetic dataset, we split and re-
assign the labels for this class. Since rider always appears
alongside motorcycle and bicycle in the scene, we assign
new labels by finding the nearest neighbor in 3D space for
each rider point and categorizing it in a binary manner. We
provide an example of the pasting process with the synthetic
data in Fig. 2 for the comprehensive understanding.

Sem.KITTI Carla

bicycle bicycle
motorcycle motorcycle

truck truck
other vehicle bus, train

person pedestrian
bicyclist rider*

motorcyclist rider*
other ground ground

trunk -
pole pole

traffic sign traffic sign

nuScenes Carla

barrier -
bicycle bicycle

bus bus
const. vehicle -

motorcycle motorcycle
pedestrian pedestrian
traffic cone -

trailer -
other flat ground

Table 2. Class mapping dictionaries: we map only the long-tail
classes and omit mappings where there is ambiguity in finding cor-
responding class names.

A.6. Multi-Cloud Fusion

To better illustrate the impact of Multi-Cloud Fusion (MCF)
during data augmentation, we provide an example in Fig. 5.
Notably, range images with high azimuth resolution tend
to have a greater number of empty pixels, which are dis-
tributed randomly and can distort object geometry within
the scene. Reducing the azimuth resolution produces a more
complete range image; however, occupancy declines again
if only the sub-cloud is available for projection. MCF ad-
dresses this issue by filling unoccupied pixels, revisiting
data from other sub-clouds at the same 2D positions. In
this way, MCF effectively mitigates the problem while pre-
serving the underlying geometry of the scene.



Figure 2. An example of pasting points of long-tail classes from synthetic data onto real-world data is shown, with the fused point cloud
and range image visualized in the bottom right. Since WPD+ does not account for spatial differences in scene-related contexts, some
unrealistic scenarios may arise, such as a motorcyclist riding on a non-drivable surface. Nevertheless, these augmentation steps enhance
the semantic richness of the scene. Given that long-tail classes typically correspond to small and dynamic objects, the negative impact of
domain differences remains minimal in this case.

A.7. Multi-range KNN

The KNN-based post-processing approach [19] has been
widely used in prior works. To apply this method with the
FLARES setup, we extend it to handle multiple range im-
ages, allowing us to infer 3D semantic labels for a single
full point cloud. The pseudo code is provided in Algo. 1.

Briefly, we gather KNN votes for all points from each image
iteratively, accumulating them across images. Each point is
then assigned the class with the highest vote count.

A.8. Pre-training
In our main experiments, we test the effectiveness of
FLARES using four different networks: SalsaNext [6], FID-



(a) SemanticKITTI [3] (b) nuScenes [10]
Figure 3. Statistical results of class-wise normalized weights on two datasets.

Figure 4. An example of dropping points of non-long-tail classes in a point cloud from SemanticKITTI [3] dataset: since the dataset is
only annotated within the range of 50 meters, points that are out of this range can result in some artifacts in the projection after points of
foreground objects are dropped in the scene. Hence, we insert an additional cleaning step after projection for the dataset.

Net [35], CENet [4], and RangeViT [2]. For specific net-
work designs, we refer readers to the respective original pa-
pers. Notably, RangeViT [2] demonstrated the advantages
of using pretrained models on image datasets [25]. Fol-
lowing this approach, we experiment with initializing net-
work weights pre-trained on Cityscapes [5]. While we ap-
ply this pre-training strategy to the other three convolution-
based networks, it yields only minor improvements com-
pared to random initialization. We hypothesize that Con-
volutional Neural Networks (CNNs) are less effective than
Vision Transformers (ViTs) in terms of transferability and

scalability, as ViTs are better equipped to learn long-range
dependencies within the dataset and significantly less bi-
ased towards local textures than CNNs [8, 27]. Conse-
quently, we do not conduct further experiments with other
pre-trained weights on the three CNNs.

B. More quantitative results

B.1. Detailed Results

In Tab. 7, we present the class-wise evaluation results of
FLARES-boosted approaches compared to various LiDAR



(a) FC, 64× 2048

(b) FC, 64× 512 (c) SC, 64× 512 (d) SC, 64× 512 (MCF)
Figure 5. Visualization of cropped range images with varying resolutions and configurations of point clouds. Here, FC denotes the full
cloud, and SC indicates the sub-cloud. The final image is augmented with Multi-Cloud Fusion (MCF).

Algorithm 1 Multi-range KNN
Define : N = Nmax sub-clouds.

The annotation contains C classes
Input : Range images Rranges with size N ×H ×W ,

Label images Llabels with size N ×H ×W ,
Arrays Rall(p) with range values for all points,
Image coordinates (uall, vall) for all points,

Output: Array Labels with predicted labels for all points.

V ote(p) = Zeros(p)
foreach i in 1 : N do

Rrange = Rranges(i)
Llabel = Llabels(i)
V ote(p) += KNN(Rrange, Llabel, Rall, (uall, vall))

end
Labels = argmaxc∈C(V otes(p))

semantic segmentation methods on SemanticKITTI [3], in-
cluding point-wise, voxel-wise, hybrid, and range-wise ap-
proaches. In Tab. 8, we additionally demonstrate the results
from nuScenes [10] leaderboard. Due to a limited number
of entries, we do not categorize methods by publication year
and evaluate only a single model using FLARES. Clearly,
FLARES enables the model to achieve superior accuracy
compared to most methods and delivers performance com-
parable to the best-performing approach, all while maintain-
ing significantly higher computational efficiency.
Since range-view methods generally offer greater effi-
ciency, it is valuable to compare performance without the
use of test-time augmentation. We summarize the results in
Tab. 9. Rather than comparing with a broad set of range-
view approaches introduced over the past decade, we focus
on a selection of the most recent and representative meth-
ods, as they demonstrate the best performance among them.
Although FLARES-boosted networks may not exhibit sig-
nificantly superior segmentation accuracy compared to the
latest approaches, they excel in computational efficiency
and usage flexibility. For instance, RangeFormer [15] re-
quires high computational resources due to its multiple Vi-

sion Transformer blocks [8], which contain a substantial
number of model parameters. Similarly, TFNet [17] pro-
cesses a sequence of LiDAR data rather than a single frame
to incorporate temporal features, and its performance is
highly dependent on the sequence length.

B.2. RangeFormer
To further asses the potential of our method in approaching
the state-of-the-art performance, we reproduced the code
for RangeFormer [15], the current best-performing range-
view method. Results are shown in Tab. 3. Due to the ab-
sence of official code, minor discrepancies exist between
our reproduced results and the original paper. Nonetheless,
integrating our method significantly boosts inference speed
while achieving comparable accuracy to SOTA methods of
other representations.

Model Params. S.KITTI val nuScenes val Lat.
*RangeFormer 24.3M 68.1 77.1 -
RangeFormer - 67.0 76.5 87 ms

+FLARES 24.1M 68.9 78.2 55 ms
Cylinder3D [36] - 65.9 76.1 -

SphereFormer [16] - 67.8 78.4 -
PVKD [12] - 66.4 76.0 -
Table 3. *: Results reported in the original paper [20].

B.3. Comparison of Data Augmentation
We compare our two data augmentation methods with ex-
isting approaches that share the same objective. The results
are presented in Tables 4 and 5, evaluated on the val set of
the SemanticKITTI dataset [3].

Aug. mIoU
RangePaste [15] 65.4

Mix3D [20] 64.6
Ins. CutMix [30] 66.2

WPD+ 67.5
Table 4. Augmentation meth-
ods for class imbalance.

Aug. mIoU
RangeUnion [15] 66.1

RangeIP [31] 66.9
MCF 67.5

Table 5. Augmentation meth-
ods for projection noise.

B.4. Do other standard hyper-parameters matter?
For consistency, we unify the hyperparameter settings
across all experiments. To ensure that improvements in seg-



mentation accuracy are not simply due to changes in hyper-
parameters, we additionally retrain each network using the
default settings specified in their respective original papers.
The corresponding results are reported in Table 6.

Model
Baseline FLARES

mIoU Lat. mIoU Lat.
CENet [5] 62.6 44 ms 65.7 24 ms

FIDNet [49] 58.9 46 ms 63.4 26 ms
SalsaNext [7] 59.0 51 ms 64.1 29 ms

Table 6. We retrain the networks with default parameter settings
of the original baselines on SemanticKITTI val set. These include
batch size, optimizer, learning rate, weight decay, training epochs
and loss weights.

C. More qualitative results
We provide additional qualitative results of various net-
works, with and without the integration of FLARES, in
Fig. 6∼9. Compared to the baseline, FLARES enhances
predictions in scenes with diverse geometries. Notably, seg-
mentation accuracy is significantly improved for foreground
and close-to-sensor objects, which are more critical for per-
ception systems than distant ones.

D. Video Demo
In addition to the figures, we have included two video de-
mos per network tested (eight videos in total) in the sup-
plementary materials to showcase a more comprehensive
evaluation of our approach. Each video contains hundreds
of frames, with each frame presenting three visualizations:
groundtruth, baseline prediction, and FLARES prediction.
Each visualization includes both top-down-view and range-
view images of the LiDAR point cloud. For videos labeled
with the suffix errormap, predictions are displayed in a bi-
nary format, with incorrect predictions shown in red and
correct ones in gray.



SemanticKITTI test set

Method (year) mIoU car bicy moto truc o.veh ped b.list m.list road park walk o.gro build fenc veg trun terr pole sign

RandLA-Net [13] [’20] 50.3 94.0 19.8 21.4 42.7 38.7 47.5 48.8 4.6 90.4 56.9 67.9 15.5 81.1 49.7 78.3 60.3 59.0 44.2 38.1
PolarNet [34] [’20] 54.3 93.8 40.3 30.1 22.9 28.5 43.2 40.2 5.6 90.8 61.7 74.4 21.7 90.0 61.3 84.0 65.5 67.8 51.8 57.5
SqSegV3 [29] [’20] 55.9 92.5 38.7 36.5 29.6 33.0 45.6 46.2 20.1 91.7 63.4 74.8 26.4 89.0 59.4 82.0 58.7 65.4 49.6 58.9
KPConv [26] [’20] 58.8 96.0 32.0 42.5 33.4 44.3 61.5 61.6 11.8 88.8 61.3 72.7 31.6 95.0 64.2 84.8 69.2 69.1 56.4 47.4

FusionNet [23] [’20] 61.3 95.3 47.5 37.7 41.8 34.5 59.5 56.8 11.9 91.8 68.8 77.1 30.8 92.5 69.4 85.6 69.8 68.5 60.4 66.5
AMVNet [18] [’20] 65.3 96.2 59.9 54.2 48.8 45.7 71.0 65.7 11.0 90.1 71.0 75.8 32.4 92.4 69.1 85.6 71.7 69.6 62.7 67.2

�SalsaNext� [6] [’20] 64.8 95.1 55.5 56.5 60.1 53.7 69.6 74.1 11.4 93.0 68.9 78.9 20.4 91.1 67.6 82.0 66.7 65.0 58.1 64.1
MPF [1] [’21] 55.5 93.4 30.2 38.3 26.1 28.5 48.1 46.1 18.1 90.6 62.3 74.5 30.6 88.5 59.7 83.5 59.7 69.2 49.7 58.1

KPRNet [14] [’21] 63.1 95.5 54.1 47.9 23.6 42.6 65.9 65.0 16.5 93.2 73.9 80.6 30.2 91.7 68.4 85.7 69.8 71.2 58.7 64.1
LiteHDSeg [24] [’21] 63.8 92.3 40.0 55.4 37.7 39.6 59.2 71.6 54.3 93.0 68.2 78.3 29.3 91.5 65.0 78.2 65.8 65.1 59.5 67.7

JS3C-Net [32] [’21] 66.0 95.8 59.3 52.9 54.3 46.0 69.5 65.4 39.9 88.9 61.9 72.1 31.9 92.5 70.8 84.5 69.8 67.9 60.7 68.7
Cylinder3D [36] [’21] 68.9 97.1 67.6 63.8 50.8 58.5 73.7 69.2 48.0 92.2 65.0 77.0 32.3 90.7 66.5 85.6 72.5 69.8 62.4 66.2
�FIDNet� [35] [’21] 67.4 95.8 56.7 60.7 58.1 60.3 72.5 72.9 15.8 93.2 69.2 79.9 34.2 91.9 69.0 84.6 68.7 70.3 59.9 66.9

Meta-RSeg [28] [’22] 61.0 93.9 50.1 43.8 43.9 43.2 63.7 53.1 18.7 90.6 64.3 74.6 29.2 91.1 64.7 82.6 65.5 65.5 56.3 64.2
PCSCNet [21] [’22] 62.7 95.7 48.8 46.2 36.4 40.6 55.5 68.4 55.9 89.1 60.2 72.4 23.7 89.3 64.3 84.2 68.2 68.1 60.5 63.9

GFNet [22] [’22] 65.4 96.0 53.2 48.3 31.7 47.3 62.8 57.3 44.7 93.6 72.5 80.8 31.2 94.0 73.9 85.2 71.1 69.3 61.8 68.0
MaskRange [11] [’22] 66.1 94.2 56.0 55.7 59.2 52.4 67.6 64.8 31.8 91.7 70.7 77.1 29.5 90.6 65.2 84.6 68.5 69.2 60.2 66.6

GASN [33] [’22] 70.7 96.9 65.8 58.0 59.3 61.0 80.4 82.7 46.3 89.8 66.2 74.6 30.1 92.3 69.6 87.3 73.0 72.5 66.1 71.6
�CENet� [4] [’22] 68.0 95.9 61.1 62.1 57.2 59.0 77.2 74.2 12.2 92.2 69.9 78.7 32.9 91.8 68.8 84.7 71.3 69.9 62.9 70.3

Table 7. The class-wise IoU scores of different LiDAR semantic segmentation approaches on the test set of SemanticKITTI [3]. All IoU
score are given in percentage (%). All approaches are categorized by the year of publication. In each block, bold and underline indicate
the best and second best result in the column.

nuScenes test set

Method (year) mIoU barrier bicy bus car const moto ped traffic.c trailer truck driv o.flat side terrain manm veg

PolarNet [34] [’20] 69.4 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
JS3C-Net [32] [’21] 73.6 80.1 26.2 87.8 84.5 55.2 72.6 71.3 66.3 76.8 71.2 96.8 64.5 76.9 74.1 87.5 86.1
AMVNet [18] [’20] 77.3 80.6 32.0 81.7 88.9 67.1 84.3 76.1 73.5 84.9 67.3 97.5 67.4 79.4 75.5 91.5 88.7

Cylinder3D [36] [’21] 77.2 82.8 29.8 84.3 89.4 63.0 79.3 77.2 73.4 84.6 69.1 97.7 70.2 80.3 75.5 90.4 87.6
RangeFormer [15] [’23] 80.1 85.6 47.4 91.2 90.9 70.7 84.7 77.1 74.1 83.2 72.6 97.5 70.7 79.2 75.4 91.3 88.9

�CENet� [’22] 77.5 82.2 31.1 85.2 90.7 65.1 82.5 74.9 72.3 84.7 70.5 97.4 69.5 79.6 76.1 90.5 90.1

Table 8. The class-wise IoU scores compared with different LiDAR semantic segmentation approaches on the test set of nuScenes [10].
All IoU score are given in percentage (%). Due to limited number of submission times, we only test FLARES with CENet [4]. Bold and
underline indicate the best and second best result in the column.

SemanticKITTI test set

Method (year) #params mIoU car bicy moto truc o.veh ped b.list m.list road park walk o.gro build fenc veg trun terr pole sign

RangeFormer [15] [’23] 24.3M 69.5 94.7 60.0 69.7 57.9 64.1 72.3 72.5 54.9 90.3 69.9 74.9 38.9 90.2 66.1 84.1 68.1 70.0 58.9 63.1
LENet [7] [’23] 4.7M 64.5 93.9 57.0 51.3 44.3 44.4 66.6 64.9 36.0 91.8 68.3 76.9 30.5 91.2 66.0 83.7 68.3 67.8 58.6 63.2
TFNet [17] [’24] - 66.1 94.3 60.7 58.5 38.4 48.4 74.3 72.2 35.5 90.6 68.5 75.3 29.0 91.6 67.3 83.8 71.1 67.0 60.8 68.7
�SalsaNext� [’20] 6.7M 63.3 94.7 52.9 55.7 57.3 50.2 65.5 70.9 13.0 92.6 69.0 77.7 20.5 90.4 65.8 80.8 65.0 63.4 55.4 62.4
�FIDNet� [’21] 6.1M 65.1 95.3 51.0 57.0 54.8 58.1 68.1 68.9 14.4 92.3 68.3 78.0 32.3 91.6 67.6 83.7 66.6 68.8 55.1 64.8
�CENet� [’22] 6.8M 66.6 95.6 58.5 61.6 51.7 50.2 74.5 72.4 23.2 91.4 69.6 77.1 31.7 91.1 66.6 83.8 69.9 68.3 60.3 68.7
�RangeViT� [’23] 23.6M 66.1 95.6 56.3 60.5 52.4 57.1 72.0 69.7 16.0 91.6 71.1 77.3 32.7 91.4 67.4 83.1 68.0 68.1 58.0 67.5

Table 9. The class-wise IoU scores compared with latest range-view LiDAR semantic segmentation approaches on the test set of Se-
manticKITTI [3]. All IoU score are given in percentage (%). All approaches are evaluated without test-time augmentation. Bold and
underline indicate the best and second best result in the column.



Figure 6. Additional qualitative results of SalsaNext [6]: points in red and gray represent incorrect and correct predictions, respectively.
The groundtruth image is color-coded to differentiate between classes.



Figure 7. Additional qualitative results of FIDNet [35]: points in red and gray represent incorrect and correct predictions, respectively.
The groundtruth image is color-coded to differentiate between classes.



Figure 8. Additional qualitative results of CENet [4]: points in red and gray represent incorrect and correct predictions, respectively. The
groundtruth image is color-coded to differentiate between classes.



Figure 9. Additional qualitative results of RangeViT [2]: points in red and gray represent incorrect and correct predictions, respectively.
The groundtruth image is color-coded to differentiate between classes.
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