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Abstract

3D scene understanding is a critical yet challenging task
in autonomous driving due to the irregularity and sparsity
of LiDAR data, as well as the computational demands of
processing large-scale point clouds. Recent methods lever-
age range-view representations to enhance efficiency, but
they often adopt higher azimuth resolutions to mitigate in-
Sformation loss during spherical projection, where only the
closest point is retained for each 2D grid. However, pro-
cessing wide panoramic range-view images remains inef-
ficient and may introduce additional distortions. Our em-
pirical analysis shows that training with multiple range
images, obtained from splitting the full point cloud, im-
proves both segmentation accuracy and computational ef-
ficiency. However, this approach also poses new chal-
lenges of exacerbated class imbalance and increase in pro-
Jjection artifacts. To address these, we introduce FLARES, a
novel training paradigm that incorporates two tailored data
augmentation techniques and a specialized post-processing
method designed for multi-range settings. Extensive exper-
iments demonstrate that FLARES is highly generalizable
across different architectures, yielding 2.1%—7.9% mloU
improvements on SemanticKITTI and 1.8%—3.9% mloU on
nuScenes, while delivering over 40% speed-up in infer-
ence.!

1. Introduction

LiDAR is one of the most common sensors for perception
in autonomous driving. Semantic segmentation on LiDAR
point clouds is essential for getting useful and reliable in-
formation of the surrounding 3D environment. To solve this
3D scene understanding task, many prior works propose to
integrate deep learning techniques because of its remark-
able advancements in the past few years. The publication
of various annotated datasets [13, 14, 34] in the domain of
autonomous driving further promotes research in the field.
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Figure 1. Visual comparison among different training proce-
dures for range-view LiDAR semantic segmentation: (D Split-
ting, @ Range-view projection, 3) Network prediction, @ Post-
processing, 3 Image concatenation.

In general, those methods can be categorized based on
LiDAR data representation into point-based [30, 42, 51],
voxel-based [17, 53] and projection-based methods [6, 28,
50, 52]. Both point and voxel-based approaches typically
require substantial computational resources due to the need
to process data through networks with numerous 3D convo-
lutional layers, intensive feature pre-processing, and deep
architectures involving multiple downsampling and upsam-
pling operations. These requirements can result in slow in-
ference speeds, limiting their suitability for real-time appli-
cations [25]. In contrast, rasterizing point cloud into range-
view images [8] is more advantageous in fast and scalable
LiDAR perception, because it allows the use of 2D opera-
tors for efficient computation and facilitates the transfer of
knowledge from camera images [1, 21].

Nevertheless, learning from range-view representations
can suffer from a “many-to-one” conflict among adjacent
points. This issue causes an irreversible loss of spatial in-
formation and leads to inferior performance compared to
other methods that utilize 3D LiDAR representations. Al-



though increasing the azimuth resolution of range images
can alleviate this loss, it forces the network to process wide
panoramic images (Fig. 1a), which significantly increases
computational overhead [0, 8, 16, 21, 28, 52]. Building
on this standard setting, recent work introduces a scalable
training framework with range-view images (STR) to im-
prove efficiency [21]. As shown in Fig. 1b, by splitting the
point clouds into multiple distinct views, STR processes all
crops in a batch during inference. The resulting predictions
are then merged to reconstruct the full range image, which
is subsequently post-processed to generate 3D coordinates.
However, the splitting strategy of STR is heuristic and com-
promises scene completeness. Empirical results in [21] re-
veal a slight performance drop within some networks. Fur-
thermore, the gain in inference speed is limited when main-
taining the high resolution of range images during the pro-
jection and post-processing stages. To solve these chal-
lenges, we propose FLARES, a novel training paradigm
for range-view LiDAR semantic segmentation. Its proce-
dure is visually illustrated in Fig. 1c. In contrast to carte-
sian grid splits of STR [21], FLARES divides point clouds
along the LiDAR’s spherical coordinate and then projects
each split into lower-resolution range images. This design
preserves local geometric coherence and scene integrity
during partitioning, which enables more effective seman-
tic context sharing across generated range images com-
pared to STR. Furthermore, our method exclusively pro-
cesses low-resolution images, achieving greater efficiency
than both STR and standard settings.

Moreover, multi low-resolution range-view images created
by FLARES are generally a more informative and power-
ful representation compared to the high-resolution projec-
tion. Due to ego-motion and sensor calibration error, points
mapped to identical azimuthal positions often misalign with
actual laser beam orientations [49]. This inherent mismatch
demonstrates that jointly prioritizing azimuth and eleva-
tion resolutions, rather than solely expanding image width,
achieves higher projection fidelity. Statistically, as quan-
tified in our occupancy measurement (Fig. 2), doubling the
elevation resolution achieves approximately 80% of the pro-
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Figure 2. Statistics on SemanticKITTI [2]: 3D validity (proportion
of projected points) with different azimuth (W) and elevation (H)
resolutions. Comparable increases are observable when doubling
azimuth and elevation resolution (AV,.;, AVee).
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(a) Before splitting
Figure 3. An example from SemanticKITTI [2] dataset is visual-
ized in top-down view and range-view. Three crops are magnified
to specify three limitations brought by the splitting of point clouds.
1) Exacerbated class imbalance: objects with small sizes, like-
wise low occurrences in annotations, tend to fade away in the range

image after downsampling (e.g. in the left crop). 2) Intensi-
fied noise: reduction in points results in increasing clutters (mid-
dle crop) that may disrupt the training stability. 3) Deteriorated
distortion: decrease in point density can introduce more projec-
tion artifacts, thus corrupting the sharpness of local geometry (e.g.
blurry boundaries of car in the right crop).

jection gain obtained by doubling the azimuth resolution in

SemanticKITTI [2] dataset. This property indicates that our

new representation can restore more 3D points, thereby al-

leviating the “many-to-one” conflict among adjacent points
more effectively.

While FLARES offers significant advantages, it introduces

three key challenges, as visualized in Fig. 3.  First,

point cloud splitting exacerbates class imbalance issues [5],

where classes representing small objects with inherently

sparse distributions become further undersampled. Sec-
ond, the splitting operation increases point cloud sparsity,

causing substantial reductions in occupancy of range im-

ages. These unoccupied pixels act as noise that destabilize

training convergence [21]. Finally, the resulting projection
artifacts degrade image sharpness, particularly at partition
boundaries where geometric discontinuities emerge.

To tackle these incidental issues, we extend the pipeline

with two data augmentation steps. Furthermore, we inves-

tigate in exploring a more effective post-processing tech-
nique tailored to the multi-range settings to further enhance
the advantages of our method.

In summary, our contributions are:

1. FLARES, a scalable training paradigm that enhances Li-
DAR semantic segmentation with improved speed, accu-
racy, and architectural agnosticism.

2. Two specialized data augmentation techniques address-
ing exacerbated class imbalance and noise amplification
within FLARES.

3. A novel interpolation-based post-processing method that
refines range-view predictions using precise nearest-
neighbor information.

. Comprehensive experiments across four network archi-
tectures and two benchmarks demonstrating consistent
superiority over baselines.
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2. Related Works

Point and Voxel-based methods Some recent works [30,
41, 51] use raw point cloud data as direct network in-
put, eliminating the need for post-processing after predic-
tion. However, these methods often face high computational
complexity and memory usage. To address these issues, Hu
et al. [20] introduced sub-sampling and feature aggregation
techniques for large-scale point clouds to reduce compu-
tational costs. Despite these efforts, performance degra-
dation remains significant. Other works [22, 53] use 3D
voxel grids as input, achieving point-based accuracy with
reduced computational costs by utilizing sparse 3D convo-
lutions [7]. Nonetheless, voxelization and de-voxelization
steps continue to be time- and memory-intensive.

Range-view-based methods To address inefficiencies,
some prior works [28, 39, 40] convert the large-scale point
cloud to panoramic range image through spherical projec-
tion and leverage image segmentation techniques for Li-
DAR data. SalsaNext [8] uses a Unet-like network with
dilated convolutions to broaden receptive fields for more ac-
curate segmentation, while Lite-HDSeg [32] introduces an
efficient framework using a lite version of harmonic con-
volutions. Additionally, FIDNet [52] and CENet [6] inter-
polate and concatenate multi-scale features with a minimal
decoder for semantic prediction. These methods share the
benefit of lightweight network design, significantly improv-
ing efficiency and enabling real-time applications. Never-
theless, they generally underperform 3D methods due to
the “many-to-one” issue, where multiple points project to
the same pixel. To offset the performance drop caused by
the problem, some other recent works propose to use Vision
Transformer (ViT) [10, 38, 44]. RangeViT [1] deploys stan-
dard ViT backbone as encoder, followed by a light-weight
decoder for refining the coarse patch-wise ViT representa-
tions, while RangeFormer [21] utilizes a pyramid-wise ViT-
encoder to extract multi-scale features from range images.
ViTs offer higher model capacities and excel at capturing
long-range dependencies by modeling global interactions
between different regions, enhancing segmentation perfor-
mance over traditional CNNs [9]. However, the quadratic
computational complexity of self-attention mechanisms in
ViTs introduces challenges in achieving an optimal balance
between efficiency and accuracy.

Training Paradigm While existing methods address in-
efficiencies in high-resolution range images by employ-
ing compact networks to reduce model capacity [6, 8, 52],
these approaches still require substantial memory for pro-
cessing high-resolution inputs, limiting scalability in batch
size and data throughput. Reducing resolution mitigates
memory demands but worsens spatial information loss, de-
grading segmentation accuracy. To resolve this trade-off,
Kong et al. [21] introduced Scalable Training from Range-

view (STR), which splits range images into sub-images
from multiple perspectives to lower memory consumption.
However, STR’s use of partial scene views during train-
ing inherently limits segmentation accuracy. Furthermore,
the method does not optimize for computational efficiency,
leaving runtime improvements unaddressed.

Post-Processing Addressing the prevalent “many-to-one”
problem in range-view representations often necessitates a
post-processing step to upsample 2D predictions, a critical
yet under-explored area in prior research. RangeViT [1] in-
troduced a trainable 3D refiner using KPConv [36]. How-
ever, while it directly optimizes 3D semantics, the perfor-
mance improvement is limited, and the approach adds sig-
nificant computational overhead. Some methods rely on
conventional unsupervised techniques to infer semantics for
3D points. For instance, Milioto et al. [28] proposed a
KNN-based voting approach, and Zhao et al. [52] intro-
duced Nearest Label Assignment (NLA), which assigns la-
bels based on the closest labeled point in 3D space. Never-
theless, these unsupervised techniques often struggle with
accurately predicting boundaries and distant points, with
performance further declining as range-image resolution
decreases. To overcome these limitations, we design a new
post-processing method that adaptively weights neighbor-
ing contributions for interpolating predictions in 3D space.

3. Methodology

3.1. Proposed Framework

A LiDAR point cloud consists of points captured during a
single revolution, denoted as P = {py, ..., p, }, Where each
measurement represents a 4D point including the cartesian
coordinates p; = {z;,¥;,2;} and intensity ¢;. In seman-
tic segmentation task, each point has an additional feature
of class label, denoted as c;, for training. Our splitting
configuration operates as follows: given a predefined parti-
tion count NV, we distribute points into sub-clouds by along
the spherical coordinate of the scan pattern. Specifically,
a sub-cloud is derived as P, = {p;|j mod N = ¢ — 1}
for i € {1,2,..N}. This modulo-based assignment ensures
equal partitioning while preserving spatial coherence within
each sub-cloud. For the spherical projection, we specify the
function f as following:
W — Warctan(¥)
[@mw}z@mm * Oz — arcsin(3))
ey
, where W and H as the image width and height, while v
and u correspond to the elevation and azimuth angles of Li-
DAR points. Angular values O,,,, and ©,,;, define the up-
per and lower bound of the LiDAR’s vertical field of views
and the depth value is calculated by d = /22 + y2 + 22.
Note that H is typically determined by the number of Li-
DAR sensor beams, while W can be assigned with ran-



dom value based on the requirements. Similar to prior stud-
ies [0, 8, 52], we adopt a five-channel input representation

(I7 y’ Z’ t’ d)’
Next, we project all sub-clouds into range images simul-
taneously R; = f(P;). During fraining, since our split-

ting strategy leverages shared semantic contexts across sub-
clouds, we randomly select only one for network optimiza-
tion. During inference, all images R; are stacked as a
batch and processed by the network to extract the 2D pre-
dictions. Unlike STR [21], which wraps all images to the
original resolution, we treat each sub-cloud as an inde-
pendent complete scene and apply post-processing to low-
resolution range images individually. Final 3D predictions
are reconstructed by merging outputs from all sub-clouds.
An discussed in Sec. |, FLARES offers three key advan-
tages: 1) Enhanced restoration of original 3D information
through multi-range projection, 2) Reduced memory con-
sumption by decreasing the image resolution, enabling the
scalable training on smaller GPUs, 3) Preservation of the
full field of view, which maintains contextual integrity de-
spite downsampling.

3.2. Data Augmentation

In particular, the point cloud splitting strategy of FLARES
implicitly introduces two new challenges: exacerbated class
imbalance and amplified projection noise. To address class
imbalance, prior works [12, 16, 46] have primarily pro-
posed augmenting long-tail classes by pasting them from
other frames. While effective to some extent, we find that
the augmentation strength is insufficient to counteract the
heightened imbalance in our setting. To this end, we pro-
pose an enhanced data augmentation strategy specifically
designed for class balancing. As for projection noise, re-
cent approaches [47] attempt to mitigate it by interpolating
pseudo pixels into unoccupied regions. However, this often
introduces new artifacts in the range-view image. In con-
trast, tailored to the multi-range configuration of FLARES,
we leverage the unused sub-clouds to increase pixel occu-
pancy in the sampled range-view image, thereby reducing
projection artifacts.

Weighted Paste-Drop+ (WPD+) To address the problem
of class imbalance, a pervasive challenge in LiDAR se-
mantic segmentation benchmarks [2, 13], Weighted Paste-
Drop (WPD) [16] technique provides a simple yet effec-
tive solution by selectively pasting pixels from rare classes
while dropping pixels from abundant ones. Building on
this approach, we introduce WPD+, a fundamentally re-
engineered augmentation strategy specifically designed for
FLARES.

Unlike traditional methods that apply augmentation uni-
formly on range-view images [16, 21], WPD+ operates di-
rectly in 3D space, This design not only avoids repeated
geometric transformations on sampled and current frames,

but also harnesses multiple scenes to more effectively bal-
ance class distributions and mitigate the severe imbalance
induced by point cloud splitting.

To further enhance occurrence of underrepresented classes,
particularly those corresponding to small and dynamic ob-
jects in the scene, we incorporate a curated synthetic dataset
from the Carla Simulator [11] (more details are provided in
Appendix A.5). From our empirical results, despite inher-
ent domain gaps, this approach has led to notable accuracy
gains in long-tail classes.

Multi-Cloud Fusion (MCF) Due to the point cloud split-
ting in FLARES, the decrease in 2D occupancy leads to in-
tensified projection artifacts in range images. To address the
issue, we propose MCEF, a strategy tailored to multi-range
settings of FLARES. We formalize this process as follows.
Let R; : 2 — RU{@} denote the range image from the i-th
sub-cloud over the pixel domain 2. For each pixel x € (),
We first define the set using other range images:

S(@) = { Ry(x) | j # i and Ry(z) £ 2 }.

Then, for a range image R; over the pixel domain (2, the
occupancy-filled value R;(z) is given by:

Ri(x), ifRi(z)# @,
Ri(z) =< f(S(x)), if Ri(x) =@ and S(x) # 0,
a, otherwise.

Here, f(-) is an aggregation function that combines the oc-
cupied pixel values from the remaining N — 1 range images.
Consequently, this method maximizes the 2D occupancy in
the range image of a sub-cloud while maintaining the struc-
tural consistency of the scene.

Despite their simplicity, both augmentation strategies are
effective in enhancing segmentation performance. More-
over, when combined with the multi-range representations
of FLARES, they significantly outperform prior methods
(see Appendix B.3 for related experiments).

3.3. Post-Processing

After images are processed by the network, their 2D pre-
dictions must be reprojected into 3D space using a post-
processing technique. Conventional methods [28, 52] typ-
ically rely on hard voting from nearest neighbors to infer
predictions for points. However, they are designed for the
single range image and requires an iterative processing of
all images when working on FLARES, which results in in-
creased computational complexity. Furthermore, these ap-
proaches are limited in their ability to appropriately weight
the contributions of each neighbor in 3D coordinates, thus
leading to sub-optimal performance. To leverage the ad-
vantages of multi-range settings and overcome these limita-
tions, we propose a novel algorithm called Nearest Neigh-
bors Range Interpolation (NNRI). Its pseudo-code is shown



in Algo. 1.

Algorithm 1 Nearest Neighbors Range Interpolation
Define : NV sub-clouds.
The annotation contains C' classes
: Range images R,y gcs With size N x H x W,
Softmax scores Ig.ores With size N X C x H x W,
Arrays R, (p) with range values for all points,
Image coordinates (tq;, vq) for all points,
Kernel size k,
Padding pad,
Cut-off factor «,
Mean of all range values 7.,eqn,
Standard Deviation of all range values 7.4
Output: Array Labels with predicted labels for all points.

Input

1: Unfold scores and ranges with & x k kernel:
Ss(n, hyw, k) < unfold(Iscores, k, pad)
Sp(n, h,w, k) <= unfold(Rranges, k, pad)

2: Extract nearest-neighbors for each point p:
Nq(n,p, k) < Ss(n, h,w, K)[..., Uair, Vail]
N,.(n,p, k) < Sr(n, hyw, k)|..., tair, Vau)

3: Compute relative depths:

Nrei(n,p, k) < [|(N(n, p, k) — Rau(p)l|
4: Compute the cut-off value for each point p:
D(p) = exp(HE e x o
5: Filter the valid neighi)ors and compute weights:
Nyatia(n,p, k) < clamp(N,¢(n,p, k),max = D(p))
W(n,p,k) =1—Normalize(Nyqqa(n,p,k))
6: Weighted Sum for 3D Projection:

Scores(p) = Zf2xn W (n,p, k) * Ng(n,p, k)
Labels = argmax cc(Scores(p))

7: Return Labels

After applying softmax to the network output, we begin by
kernelizing 2D predictions and range images using a pre-
defined kernel size (3 x 3 in our experiments). Next, we
assign each point’s nearest neighbors in 2D space with cor-
responding 2D coordinates and stack them along the sub-
cloud dimension. The relative depth between each point
and its neighbors is computed by taking the absolute differ-
ence in depth values. To extract valid data for interpolation,
a threshold is needed to filter out distant neighbors. Ac-
cording to the prior knowledge [19, 23], using a constant
threshold is sub-optimal due to differing point densities in
LiDAR data: closer points are more likely to be affected
by outliers due to high density, while farther points struggle
to find valid neighbors due to sparsity. To fit this underly-
ing geometry, the range value of each point is employed to
determine its cut-off value. By normalizing the range us-
ing pre-computed mean and standard deviation, the cut-off
value is derived from an exponential function, which ap-
proximates the relationship between point-sensor distance

and density [24]. This approach simplifies computation by
avoiding the costly nearest neighbor search in 3D space
to calculate exact density values and adaptively assigns a
threshold to each point. Once valid nearest neighbors are
identified, they are normalized within the range of [0, 1] to
compute interpolation weights. Finally, softmax scores of
all 3D points are interpolated by the weighted sum of their
nearest neighbors.

Overall, NNRI is designed to effectively mitigate the
“many-to-one” issue inherent in range-view methods by
leveraging distance-wise local neighborhood information in
both 2D and 3D. Moreover, the new approach eliminates the
need for sub-cloud concatenation, as used in STR [21], and
processes all range images in parallel, which significantly
reduces the inference time.

4. Experimental Analysis
4.1. Settings

Datasets We conduct experiments on two public LIDAR
semantic segmentation datasets. SemanticKITTI [2]
dataset [2] consists of 22 sequences captured with a 64-
beam LiDAR sensor, encompassing 19 semantic classes.
The dataset is split as follows: sequences 00 to 10 (exclud-
ing 08) are used for training, sequence 08 is reserved for
validation, and sequences 11 to 21 are designated for test-
ing. nuScenes dataset [13] comprises 1,000 driving scenes
recorded in Boston and Singapore using a 32-beam LiDAR
sensor, leading to a relatively sparse point cloud. After
merging similar and infrequent classes, the dataset includes
16 distinct semantic classes.

Networks We revisited prior works and selected three light-
weight CNN-based networks: FIDNet [52], SalsaNext [8]
and CENet [6]) for integration. To further test the effec-
tiveness across heterogeneous architectures, we addition-
ally deploy RangeViT [1], a network composed of a se-
ries of Vision Transformer blocks [10], in the experimental
phase. Original RangeViT uses a trainable KPConv-based
3D projector to get the point-wise predictions. We replace it
with our post-processing component to achieve the full inte-
gration of our framework and train the model from scratch.

Implementation Details Prior works experimented mostly
with the resolution of 64 x 2048 for SemanticKITTI [6, 8,
28], and 32 x 960 [21] or 32 x 2048 [1] for nuScenes. In
contrast, we reduce the azimuth resolution while increas-
ing the projection rate in FLARES mode: resolutions of
64 x 512 for SemanticKITTI and 32 x 480 for nuScenes
are fixed for the input and the full point cloud is split into
up 3 and 2 sub-clouds during training and inference, re-
spectively. FLARES uses the same loss configurations of
prior works [1, 6, 8, 52], including a cross-entorpy loss (fo-
cal loss for RangeViT) and Lovasz—Softmax loss [3]. For
training the selected models (excluding RangeViT) on the



Groundtruth Baseline FLARES
% :;’;’ N »,‘.’;"; R PP W
I3 oot Lot 1 Logestiniy
z - /‘AJZ A ’4/@/ i
v
N -
w) - w Grs -
by P = B
o} S o i >~ i > i
Z $ o & &2 e
= " . o
—_ 2 %
= g F 2
b} . .ﬁ«‘ X 29
: oA
a Rl .
E ¥ ’ ot ) S
= G2 v == J o= 7
> : , é X , ’é 4
T, \‘\..r?ij”’ N S
o 2 S B S A
g 2 LA A
= S L o~ A A

Figure 4. Qualitative results on SemanticKITTI[2] Points in red
and gray represent incorrect and correct predictions, respectively.
*More examples are provided in the supplementary material.

nuScenes dataset, we standardize the hyperparameter set
since no default configurations are provided. Specifically,
we use the AdamW optimizer [26] along with a OneCycle
scheduler [33], setting the maximum learning rate to le ™3
and training for 150 epochs. All models are trained on four
NVIDIA GeForce GTX 1080Ti in distributed mode.

4.2. Comparative Study

We compare FLARES with baseline models across two
datasets. As shown in Tab. 1, all four networks see sig-
nificant improvements: SalsaNext has mloU gains of 5.3%
on SemanticKITTI and 2.3% on nuScenes, FIDNet im-
proves by 7.9% and 3.9%, and CENet by 3.3% and 3.1%.
RangeViT, as a ViT-based network, also exhibits huge
enhancement in performance, confirming FLARES’s gen-
eralization across different architectures. This improve-
ment is especially prominent for smaller, dynamic, and
under-represented classes such as truck, motorcycle, bicy-
cle, pedestrian and bicyclist. Notably, with the support of
FLARES, the network demonstrates improved accuracy in
segmenting foreground objects. For instance, as shown in
Fig. 4, our method’s predictions exhibit significantly higher
correctness compared to the baseline.

An exception arises with the motorcyclist class in Se-
manticKITTI, where IoU scores decrease compared to the
baseline. Diving into the problem, this can be traced back to
the extremely low occurrence of annotations for that class in
the dataset. In standard training on low-resolution range im-
ages, this class already suffers from poor representation. In
FLARES mode, the occurrence is further reduced by split-
ting of the point cloud. This accumulation of downsampling
prevents the network from optimizing on that rare class ef-
fectively and lead to inferior performance. In contrast, the

improvement on nuScenes is more consistent as class fre-
quencies are better balanced. We regard this as a corner
case when testing on an class-imbalanced dataset. As a fu-
ture work to resolve the issue, we aim to explore 3D re-
construction techniques to generate real-world-like pseudo
LiDAR point clouds for enhanced augmentation [4, 27].

In Tab. 2, we compare the performance of networks boosted
by FLARES with other state-of-the-art approaches across
various modalities. Despite using relatively fewer param-
eters, FLARES-enhanced models achieve segmentation ac-
curacy comparable to other point- or voxel-based methods
that deploy much larger and deeper networks. Moreover,
our approach significantly outperforms these alternatives in
terms of latency, achieving an excellent trade-off between
accuracy and efficiency.

4.3. Ablation Study

To perform the ablation study, we test with CENet [6] on
val set of SemanticKITTI [2] dataset.

Component Design In Tab. 3, we evaluate the contributions
of each component in FLARES. Starting with the baseline
results, we observe that applying STR [21] slightly reduces
mloU with the limited improvement in latency. Incorpo-
rating FLARES into the framework then yields a signifi-
cant boost in performance compared to the baseline. How-
ever, since KNN post-processing must be iteratively ap-
plied to multiple range images, the inference speed becomes
lower. Next, our two data augmentation methods effectively
addressing the exacerbated class imbalance and amplified
noise introduced by FLARES. Consequently, this leads to
a further increase of 1.7% in mloU. Finally, replacing the
standard post-processing with NNRI not only improves the
overall performance but also achieves a remarkable speed-
up in inference due to its ability to run parallel computa-
tions across multiple range images. Essentially, compared
to the baseline performance, we achieve 4.4% mloU gain
and around 45% speed-up through the new framework.
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Figure 5. a) Ablation on the number of sampled frames for WPD+.
b) Comparative plot of IoU scores for top rare classes with and
without the synthetic dataset, alongside the class frequency distri-
bution in the validation set. For all inferences, KNN [28] is used
as the post-processing approach.

WPD+ To address the challenge of class imbalance within
FLARES, WPD+ is incorporated as a data augmentation



SemanticKITTI fest set

Method mloU ‘ car  bicy moto truc o.eh ped blist mlist road park walk o.gro build fenc veg trun terr pole  sign
SalsaNext [8] 59.5 91.9 483 386 389 319 602 590 194 91.7 637 758 29.1 902 642 81.8 63.6 665 543 62.1
SalsaNext 63.3 | 94.7 529 55.7 57.3 50.2 655 709 130 926 69.0 777 205 904 658 80.8 65.0 634 554 624
°lSalsaNext' 64.8 | 951 555 56.5 60.1 537 696 741 114 930 689 789 204 91.1 676 820 66.7 650 581 64.1
TFIDNet [52] 51.3 90.4 28.6 309 343 27.0 439 489 16.8 90.1 587 714 199 842 512 782 519 64.5 32.7 50.3
FIDNet 59.5 93.9 54.7 489 276 239 623 598 23.7 90.6 59.1 758 26.7 889 605 84.5 644 69.0 53.3 62.8
FIDNet 65.1 | 95.3 51.0 57.0 54.8 581 68.1 689 144 923 683 780 323 916 676 83.7 66.6 688 551 64.8
°FIDNet' 674 | 958 56.7 60.7 581 603 725 729 158 932 692 799 342 919 69.0 846 68.7 703 599 669
°TCENet [6] 60.7 92.1 454 429 439 46.8 564 638 29.7 91.3 66.0 753 31.1 889 604 819 60.5 67.6 49.5 59.1
°CENet 64.7 | 91.9 58.6 50.3 40.6 423 689 659 435 90.3 609 751 31.5 91.0 66.2 845 69.7 700 615 67.6
CENet 66.6 | 95.6 585 61.6 51.7 50.2 745 724 232 914 696 771 317 91.1 66.6 83.8 69.9 683 60.3 68.7
©7CENet’ 68.0 | 959 61.1 621 572 590 772 742 122 922 699 787 329 91.8 688 847 713 699 629 703
RangeViT [1] 64.0 95.4 558 435 298 421 639 582 381 931 702 80.0 325 920 69.0 853 706 71.2 608 64.7
RangeViT' 66.1 | 956 56.3 605 524 571 720 69.7 160 91.6 711 773 327 914 674 831 680 681 580 67.5
nuScenes val set

Method (year) ‘ mloU ‘ barrier bicy  bus car const moto ped traffic.c trailer truck driv o.flat side terrain manm  veg
SalsaNext 72.2 74.8 34.1 859 884 422 724 722 63.1 61.3 765 96.0 70.8 71.2 71.5 86.7  84.4
SalsaNext 74.5 75.0 346 904 900 438 794 729 58.8 658 799 965 70.1 740 739 876 85.6
FIDNet 72.7 73.0 36.0 87.8 86.0 456 741 739 62.5 67.1 777 943 69.8 722 72.1 86.1  84.5
FIDNet 76.6 776 435 929 881 565 795 777 653 67.0 831 966 728 750 745 88.5 86.8
CENet 73.7 73.6 329 927 871 535 76.1 69.0 58.7 66.8 81.6 95.6 T1.1 73.7 73.2 87.5  85.7
CENet 76.8 76.7 452 935 903 496 83.1 78.1 66.4 69.0 825 966 739 751 746 88.3 86.3
RangeViT 75.2 75.5 40.7 883 90.1 493 793 772 66.3 65.2 8.0 96.4 714 738 73.8 899 87.2
RangeViT 77.0 76.7 392 93.0 920 552 816 7T7.2 64.9 709 84.1 968 741 756 751 88.6  86.7

Table 1. Comparisons of state-of-the-art LIDAR semantic segmentation methods on the fest set of SemanticKITTI [2] and val set of
nuScenes [13] in standard and FLARES mode. IoU scores are reported in percentages (%). For each method block, bold and underline
indicate the best and second best result in the column. TBaseline results trained on low-resolution (64 x 512) range images. *Models
inferred with test-time augmentation [21]. Note that we did not use model ensembling to further boost the model performance.

Method (year) | Size | Lat. | Modality | @ | 8 | O
SalsaNext 6.7M 29 Range 74.5 | 64.8 | 64.8
PolarNet [50] ['20] | 13.6M | 71 Polar 71.0 | 549 | 57.5
SPVNAS [35] ['20] | 12.5M | 259 Voxel - 64.7 | 66.4
RandLA-Net [45] ['20] | 1.2M | 55 Point - - 539
Tornado-Net [15] [20] - - Multiple - 64.5 | 63.1
FIDNet 6.1M 26 Range 76.6 | 65.6 | 67.4
Cylinder3D [53] ['21] | 56.3M | 170 Voxel 76.1 | 67.8 | 65.9
RPVnet [46] ['21] | 24.8M | 168 | Multiple | 77.6 | 68.2 | 70.3
FPS-Net [43] ['21] | 55.7M | 48 Range - 549 | 57.1
Lite-HDSeg [32] ['21] - 50 Range - 64.4 | 63.8
CENet 6.8M 24 Range 76.8 | 67.5 | 68.0
Meta-RSeg [37] ['22] | 6.8M 46 Range - 60.3 | 61.0
PVKD[18][22] | 14.1M | 76 Voxel | 76.0 | 66.4 | 71.2
PTv2 [41][°22] | 12.8M | 213 Point 80.2 | 70.3 | 72.6
2DPASS [48]['22] | 26.5M | 119 | Multiple | 79.4 | 69.3 | 72.2
GFNet [31] ['22] - 100 | Multiple | 76.8 | 63.2 | 65.4
Walfflelron [29] 23] | 6.8M | 143 Point 79.1 | 68.0 | 70.8
SphereFormer [22] ['23] | 32.3M | 165 Multi 784 | 67.8 | 74.8
PTv3 [42][24] | 46.2M | 67 Point 804 | 70.8 | 74.2

Table 2. Comparisons of state-of-the-art LIDAR semantic seg-
mentation methods in accuracy (mloU [%]) and efficiency (La-
tency [ms]). All methods are categorized by year of publication.
@ represents val set of nuScenes [13], while B and [] stand for
val and fest set of SemanticKITTI [2]. Latency with integration of
FLARES is measured by processing all sub-clouds.

step. It includes two tunable parameters: the number of
sampled frames from the original dataset and the inclusion
of the synthetic dataset. To determine the optimal config-
uration, we conducted two ablation experiments. Fig. 5a
shows that sampling 6 frames results in the optimal perfor-
mance, while increasing the number of frames beyond this
point leads to performance degradation. Fusing too many

STR [21] | FLARES | WPD+ | MCF | NNRI | mloU Lat.
63.1 44 ms
v 62.6 | 41 ms
v 64.2 | 46 ms
v v 65.5 -
v v v 65.9 -
v v v v 67.5 | 24 ms

Table 3. Full ablation study on SemanticKITTI [2] dataset. The
first row denotes the baseline results trained in standard mode with
high-resolution range images (64 x 2048). For STR [21], we split
the full range image into 4 sub-images, each has the resolution
of 64 x 512. For all experiments without NNRI, we employ the
conventional KNN [28] post-processing.

frames can introduce noise and redundant information that
may overwhelm the model, for instance, excessive fusion
might result in overlapping objects and distorted bound-
aries when too many new objects are pasted into the scene.
Furthermore, Fig. 5b illustrates that the synthetic dataset
plays a key-role in refining semantic prediction of top-rare
classes. Notably, using the synthetic dataset is both efficient
and practical, as it allows us to customize sensor configura-
tions to align with the target dataset and define specific ob-
jects within the scene for downstream applications without
incurring any labor cost.

Post-Processing We explore the performance of various
post-processing techniques on both efficacy and efficiency
in Fig. 6. Regarding conventional KNN [28] as the base-
line, NLA [52] demonstrates similar performance in both
accuracy and latency. In contrast, we deploy our approach



—o— mACcC - mloU Latency
807. ...................................................... ) 70
N TTTTTTTITTT TTTTTTIITIIT] CEPPTTTTPPPE SIIe X IoT 68
-
76- e AR -66
-
[ - -
72- -62
o wh W O o
Figure 6. Ablation on various post-processing approaches:

KNN [28], NLA [52], and NNRI are first compared in a single-
range setting. *NNRI denotes the multi-range variant of our post-
processing method. For fair evaluation, we also extend KNN to
operate on multiple range images (*KNN). Dotted lines indicate
the metrics for 2D predictions.

TNk =

(a) Scene
Figure 7. Segmentation results with different cut-off values in
NNRI: in the case of constant value (set at 1), overlapping points of

(c) Constant

(d) Adaptive

Road are partially misclassified as in the top image. Similarly,
in the bottom image, half of the points that belong to are
incorrectly predicted as Vegetation.

(NNRI) in the standard setting as well and observe a signif-
icant improvement: inference time is cut nearly 16% com-
pared to KNN, while mAcc and mloU increase by 2.8%
and 2%, respectively. Unlike KNN, NNRI avoids the com-
putational cost of Gaussian kernel calculations for distance
weighting and directly performs nearest neighbor searches
on the range image instead of in 3D space, which further
reduces computational overhead. NNRI interpolates class-
wise scores based on relative depths rather than directly vot-
ing on hard labels, relying more on weighted information
from nearest neighbors, which is the major reason why it
outperform other post-processing approaches.

Next, switching to FLARES mode, we first implement an
extension of KNN, which iteratively gathers votes from all
points in each sub-cloud and aggregates them for the final
prediction. While this extension improves the accuracy, it
comes at approximately doubled latency cost. Conversely,
when NNRI is adapted to all sub-clouds, it consistently
provides notable improvements in both efficacy and effi-
ciency. As a reference, we included evaluation scores on
2D predictions, showing that FLARES with NNRI signifi-
cantly narrows the accuracy gap between 2D and 3D predic-
tions. This suggests that our approach effectively mitigates
the “many-to-one” problem and offers substantial gains in
segmentation performance. Furthermore, we optimize the

implementation of NNRI by leveraging an adaptive cut-off
value to filter valid nearest neighbors. This parameter is de-
rived by approximating the internal LiDAR geometry and
the distance-density relationship of 3D points. To illustrate
its impact, qualitative results are provided in Fig. 7. As
shown, the adaptive cut-off refines semantic predictions by
better accommodating objects with varying density scales.

—e— mAcc  -=- mioU Latency —— mAcc  -= mloU
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Figure 8. (a) Ablation on number of sub-clouds (/N) with fixed
image resolution of 64 x 512. (b) Ablation on image width W (N
is fine-tuned for each configuration, respectively).

Input Configuration In Fig. 8a, we investigate in the effect
on the number of splitting. It shows that increasing the num-
ber of sub-clouds beyond 4 degrades performance due to
insufficient occupancy and projection artifacts. Conversely,
fewer sub-clouds speeds up the inference but compromises
accuracy. Overall, our choice of 3 sub-clouds optimally bal-
ances efficiency and accuracy. In Fig 8b, we further test var-
ious azimuth resolution of input images. The experimental
results indicate that width of 512 delivers the best mloU
scores. Increasing or decreasing the azimuth resolution be-
yond this point causes a slight performance drop.

5. Conclusion

In this work, we introduce FLARES, an optimized multi-
range training paradigm designed for range-view LiDAR
semantic segmentation. Our framework seamlessly inte-
grates into any range-view-based network. We also develop
two data augmentation techniques to address the challenges
of exacerbated class imbalance and amplified projection
noise within FLARES. Additionally, we propose a novel
post-processing method tailored to multi-range settings to
effectively tackle the “many-to-one” issue. Our approach
yields significant improvements in both accuracy and effi-
ciency over baselines across various network architectures
on two widely used LiDAR benchmarks. The limitations
of our current work are twofold: (1) although our data aug-
mentation is powerful, it remains limited in corner cases
of extremely low occurrence of certain classes, motivating
further exploration of solutions to class imbalance; and (2)
the fixed nature of the splitting step may result in the loss
of critical information. In future work, we aim to address
these limitations and develop a more robust framework that
can be generalized to more challenging scenarios, such as
adverse weather conditions or limited annotations.
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