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Abstract

LiDAR point cloud segmentation is central to autonomous
driving and 3D scene understanding. While voxel- and
point-based methods dominate recent research due to their
compatibility with deep architectures and ability to capture
fine-n geometry, they often incur high computational cost,
irregular memory access, and limited runtime efficiency due
to scaling issues. In contrast, range-view methods, though
relatively underexplored - can leverage mature 2D seman-
tic segmentation techniques for fast and accurate predic-
tions. Motivated by the rapid progress in Visual Foundation
Models (VFMs) for captioning, zero-shot recognition, and
multimodal tasks, we investigate whether SAM2, the current
state-of-the-art VFM for segmentation tasks, can serve as
a strong backbone for LiDAR point cloud segmentation in
the range view representations. We present RangeSAM, to
our knowledge, the first range-view framework that adapts
SAM2 to 3D segmentation, coupling efficient 2D feature ex-
traction with projection/back-projection to operate on point
clouds. To optimize SAM2 for range-view representations,
we implement several architectural modifications to the en-
coder: (1) a novel Stem module that emphasizes horizon-
tal spatial dependencies inherent in LiDAR range images,
(2) a customized configuration of Hiera Blocks tailored to
the geometric properties of spherical projections, and (3)
an adapted Window Attention mechanism in the encoder
backbone specifically designed to capture the unique spatial
patterns and discontinuities present in range-view pseudo-
images. Our approach achieves competitive performance
on SemanticKITTI while benefiting from the speed, scalabil-
ity, and deployment simplicity of 2D-centric pipelines. This
work highlights the viability of VFMs as general-purpose
backbones for point cloud segmentation and opens a path
toward unified, foundation-model-driven LiDAR segmenta-
tion. Results let us conclude that range-view segmentation
methods using VFMs lead to promising results.

1. Introduction

Reconstructing urban scenes with 2D and 3D semantics is
crucial for autonomous systems (vehicles, drones, robots),
requiring real-time viewpoint synthesis, semantic segmen-
tation, depth generation, and dynamic object tracking.
Among these, LiDAR point cloud semantic segmentation is
fundamental for differentiating vehicles, pedestrians, road
signs, and infrastructure. Recent research focuses on voxel-
and point-based methods [26, 43, 63, 76, 77, 95], which
achieve strong performance but impose substantial com-
putational and memory costs on large-scale outdoor data
[18, 46, 47, 49, 64, 67, 70, 75, 85] and struggle with ir-
regular, unordered point clouds. In contrast, range-view
segmentation [2, 13, 33, 41, 48] projects 3D point clouds
into dense 2D representations, enabling reuse of mature 2D
models with reduced memory and faster inference. Though
previously overlooked due to limitations in handling oc-
clusions and resolution loss, recent advances in attention
mechanisms [66], multi-scale fusion [93], and context-
aware architectures [40] warrant reassessing the range-
view paradigm. We propose RangeSAM, which adapts
the Segment Anything Model 2 (SAM2) [50] for range-
view LiDAR segmentation (Figure 1). Our approach lever-
ages SAM2’s robust zero-shot capabilities for 2D under-
standing and extends them to 3D via range-view repre-
sentation. The methodology includes: (1) range projec-
tion preprocessing to transform unordered LiDAR scans,
(2) a multi-component architecture incorporating Receptive
Field Blocks [37], (3) postprocessing with k-NN label prop-
agation, and (4) a composite loss function addressing class
imbalance and boundary accuracy. Our main contributions
are:
• We introduce RangeSAM, the first framework adapting

SAM2 for LiDAR point cloud segmentation via range-
view representations.

• We have designed a multi-component encoder architec-
ture with a pretrained Hiera backbone, custom Stem mod-
ule, novel embedding matrix, and Hiera blocks utilizing
localized and global Multi-Head Attention (Figure 1).
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• We demonstrate competitive performance on Se-
manticKITTI [4], validating our approach’s viability, and
conduct ablation studies on training strategies and data
augmentation.

2. Related Work

Visual Foundation Models
Recent large-scale vision models have revolutionized im-
age tasks [6, 38, 79, 88]. The Segment Anything Model
(SAM) series achieved promptable segmentation with zero-
shot transferability [30, 36, 53, 56], while SAM2 extends to
videos and complex scenarios [12, 28, 39, 50, 80, 87], and
has been adapted to 3D [7, 83, 86]. Other VFMs include
self-supervised transformers (DINO series [9, 42, 57]), mul-
timodal models [45, 97], and the EVA series [20, 21, 60,
61], offering strong generalization and label-efficient learn-
ing. For instance, DINOv2 features improve 3D seman-
tic segmentation [83, 89], while CLIP’s image-text embed-
dings enable zero-shot 3D understanding [11, 45, 62, 90].

2.1. Methods on Projection-Based representations

Convolutional Neural Networks (CNNs): Projection-
based methods transform point clouds into structured 2D
representations (range-, bird’s-eye-, or perspective-view)
to leverage mature 2D CNN architectures [4, 5, 10, 16,
27, 31, 34, 41, 51, 64, 65, 81, 91, 96]. The Squeeze-
Seg series [68, 72, 73, 81] pioneered real-time segmenta-
tion with lightweight CNNs and CRF post-processing [17].
Methods like DarkNetSeg [4], SalsaNext [16], KPRNet
[31], RangeNet++ [41], Lite-HDSeg [51], and Squeeze-
SegV3 [81] employ a two-stage approach: range projec-
tion followed by U-Net-style architectures [54]. RangeSeg
works [13, 69] incorporated multi-scale context modeling
for spherical projections.
Vision Transformers (ViTs): ViT architectures have
driven significant advances: RangeViT and FRNet [2, 84]
introduced hybrid CNN-Transformer backbones combin-
ing convolutional inductive biases with global attention,
benefiting from 2D transfer learning [15], while Range-
Former [33] established a fully transformer-based archi-
tecture achieving state-of-the-art performance on outdoor
benchmarks [4, 5, 8, 44, 59].

3. Methodology

We introduce RangeSAM, a projection-based LiDAR seg-
mentation model leveraging VFMs. We detail the range
projection preprocessing, architectural modifications, and
postprocessing procedures. Figure 1 illustrates the pipeline,
including the stem module, SAM2-based encoder, and de-
coder components.

3.1. Range Projection
Each LiDAR scan is initially represented as an unordered
point set P = (x, y, z, f), where (x, y, z) denotes the Carte-
sian coordinates and f represents auxiliary sensor measure-
ments such as intensity or remission values. Subsequently,
the point cloud undergoes transformation to a range view
representation via projection onto the sensors spherical co-
ordinate system [41]:

θ = arctan
(y
x

)
, ϕ = arcsin

(z
r

)
, r =

√
x2 + y2 + z2

(1)
Specifically, the 3D points are discretized through raster-
ization into a 2D cylindrical projection with dimensions
H ×W :(

u

v

)
=

( 1
2

[
1− arctan(y, x)π−1

]
w

[1− (arcsin (zr−1) + fup) f−1]h

)
, (2)

where (u, v) represent the projected coordinates of point
pn in the range image coordinate system, and h and w de-
note the image height and width parameters, respectively.
r =

√
x2 + y2 + z2 denotes the range between a point and

its sensor, the sensors vertical field of view f comprises the
sum of (fup + fdown) viewing angles. For our method, we
configured the imaging system to operate at the commonly
used spatial resolution of 64×2048 pixels [2, 13, 33]. Mul-
tiple points projecting to the same pixel were resolved by
retaining the minimum-range feature. Unprojected pixels
were zero-filled.

3.2. Model Architecture
SAM2 is a state-of-the-art VFM trained on the SA-V dataset
[50]. SAM2-UNet [80] achieves superior performance
across multiple segmentation tasks while maintaining sim-
plicity. RangeSAM adopts a similar paradigm (Figure 1),
incorporating Receptive Field Blocks (RFB) [37] for en-
hanced feature decoding. Stem: Transforms input tensors
from (B,6,H,W) to (B,96,H,W) via linear transformation,
layer normalization [3], and GELU activation [25] (Fig-
ure 1 top), then features were partitioned into overlapping
7×7 patches with unit stride. We replace SAM2’s positional
embedding with a novel (4,128) embedding matrix to en-
hance horizontal spatial sensitivity. Encoder: Uses the pre-
trained Hiera [50, 55] backbone with a multi-component ar-
chitecture (Figure 1 right) comprising: Hiera block: Each
stage of the backbone consists of a customized number of
Hiera blocks, and each block includes two modules: 1)
Multi-Head Attention module, in early stages, attention is
restricted within a window, while later stages may also use
global attention. The operation can be written as

Xout = X + DropPath(MHA(LayerNorm(X))) (3)

MHA(Q,K, V ) = Concat(head1, . . . , headh)W
O (4)
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Figure 1. Overview of our SAM2-based point-cloud segmentation model. The stem reshapes range-view point clouds into a tensor suitable
for the encoder. The encoder is built from stacked Hiera blocks—each containing a multi-head self-attention module and a feed-forward
network [50]. The decoder comprises of Receptive Field Blocks [37] (RFB) with LayerNorm [3] and GELU [25], concatenates multi-scale
features, and projects them to Nclasses while also adding auxiliary head (Aux) on corresponding output.

where

headi = Attention
(
QW i

Q,KW i
K , V W i

V

)
,

Attention(Q,K, V ) = σ

(
QK⊤ +M√

dhead

)
V

(5)

where DropPath represents the stochastic depth regular-
ization technique [35], and LayerNorm denotes the layer
normalization method [3], which provides batch size-
independent normalization capabilities. 2) Feed-forward
network:

O = DropPath(MLP(LayerNorm(O)))⊕Xout , (6)

F = Lin (GELU (DWConv 2D3×3(GELU(O)))) + O
(7)

where DWConv2D3×3 denotes the 3×3 depthwise convo-
lution operation that introduces spatial locality inductive
bias while maintaining computational efficiency through
minimal parameter overhead. The SAM2-tiny backbone
architecture comprises four Hierarchical stages containing
[1, 2, 7, 2] Hiera blocks respectively. Global attention mech-
anisms are implemented at blocks [5, 7, 9, 11] to capture
long-range spatial dependencies.
Attention Window: In the early stages, Hiera employs
local windowed attention with a masking strategy where
Mij = 0 for tokens i and j within the same mask unit, and
Mij = −∞ otherwise. Later stages utilize global atten-
tion with M = 0. Given the range-view image resolution of
64 × 2048, we propose an asymmetric attention window de-
sign that emphasizes horizontal spatial relationships: 8×64
for the first and fourth stages, and 16 × 128 for the second
and third stages. This horizontally-elongated window con-
figuration, while empirically motivated, demonstrates su-

perior performance compared to conventional square atten-
tion windows, effectively capturing the inherent horizontal
structure of range-projected LiDAR data.
Decoder: While the outputs of the encoder are multiscale
features F1, F2, F3, F4 with spatial size,[

(H,W ),

(
H

2
,
W

2

)
,

(
H

4
,
W

4

)
,

(
H

8
,
W

8

)]
(8)

and channel dimensions [96, 192, 384, 768]. Following
[80], we standardized the output channel dimensions to 256
using a modified Receptive Field Block [37] architecture
that substitutes LayerNorm and GELU activations for the
conventional BatchNorm [29] and ReLU, thereby achieving
better compatibility with contemporary transformer archi-
tectures. Consistent with [22], we concatenate these four
normalized feature maps and progressively reduce the di-
mensionality to match the number of target classes while
incorporating auxiliary classification heads at correspond-
ing feature levels to enhance gradient flow during training.
Postprocessing: Dense evaluation on datasets like Se-
manticKITTI requires label propagation from processed
points to the full-resolution point cloud via k-NN interpo-
lation with majority voting. We use k = 7, balancing effi-
ciency and noise robustness within the typical range of 3-7
[2, 13, 33, 69].
Loss: We follow the training objective of the pro-
posed SAM2-UNet [80] model which incorporates a
multi-component loss function comprising weighted cross-
entropy (LWCE), Dice loss (LDice ), boundary loss
(LBoundary ) and Jaccard index loss (LIoU ). This com-
posite loss formulation addresses class imbalance through
weighted cross-entropy [98], enhances region-level seg-
mentation accuracy via Dice and Jaccard losses [58, 71],
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Table 1. Comparisons among different Hiera backbones on the test set of SemanticKITTI [4]. Interestingly, the SAM2-tiny model out-
performs its larger counterparts despite having fewer parameters, demonstrating that model capacity does not necessarily correlate with
performance in this task domain.

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

Hiera-tiny 63.3 61.5 95.0 44.3 47.3 60.0 55.2 68.2 79.6 2.6 94.8 49.6 82.1 1.2 88.6 62.0 85.1 68.2 71.3 64.8 48.2
Hiera-small 70.2 60.5 94.7 47.2 47.7 72.2 39.7 63.1 82.5 0.0 95.3 32.1 80.8 0.1 88.3 60.0 88.4 68.6 78.4 64.9 45.5

Table 2. Experiments with and without training augmentations. We observe a strong performance gain when introducing the proposed
training augmentations from [33]. Comparisons among SAM2-tiny on SemanticKITTI test set [4].

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

off 55.0 93.1 36.2 37.2 53.9 36.7 53.7 59.7 0.0 93.4 35.3 79.3 0.0 85.5 55.8 86.4 59.3 76.7 57.1 45.3
on 61.5 95.0 44.3 47.3 60.0 55.2 68.2 79.6 2.6 94.8 49.6 82.1 1.2 88.6 62.0 85.1 68.2 71.3 64.8 48.2

Table 3. Experiments with and without transfer-learning techniques using Cityscapes dataset [15]. We observe that overall our model does
not benefit from extensive transfer-learning strategies introduced by [2]. Comparisons among SAM2-tiny on SemanticKITTI [4] test set.

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

yes 59.7 94.2 43.2 38.0 82.2 45.3 56.4 65.5 0.0 94.8 43.7 81.9 0.1 87.9 60.7 86.0 68.10 73.7 64.3 46.0
no 61.5 95.0 44.3 47.3 60.0 55.2 68.2 79.6 2.6 94.8 49.6 82.1 1.2 88.6 62.0 85.1 68.2 71.3 64.8 48.2

Table 4. Comparisons among state-of-the-art LiDAR range view semantic segmentation approaches on the validation sequence of Se-
manticKITTI [4]. We compare our best performing model using SAM2 with the tiny Hiera backbone. Notably, our model is the first and
only approach that leverages VFMs for this task.

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

KPRNet[32] (2020) × 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[52] (ICRA21) × 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
MPF[1] (WACV21) × 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
FIDNet[94] (IROS21) × 59.5 93.9 54.7 48.9 27.6 23.9 62.3 59.8 23.7 90.6 59.1 75.8 26.7 88.9 60.5 84.5 64.4 69.0 53.3 62.8
RangeViT[82] (ICCV21) × 64.0 95.4 55.8 43.5 29.8 42.1 63.9 58.2 38.1 93.1 70.2 80.0 32.5 92.0 69.0 85.3 70.6 71.2 60.8 64.7
CENet[14] (ICME22) × 64.7 91.9 58.6 50.3 40.6 42.3 68.9 65.9 43.5 90.3 60.9 75.1 31.5 91.0 66.2 84.5 69.7 70.0 61.5 67.6
MaskRange[24] (2022) × 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
RangeFormer[92] (NeurIPS22) × 73.3 96.7 69.4 73.7 59.9 66.2 78.1 75.9 58.1 92.4 73.0 78.8 42.4 92.3 70.1 86.6 73.3 72.8 66.4 66.6
RangeSAM(Ours) ✓ 60.9 91.7 42.0 44.3 41.2 36.1 55.9 54.4 30.2 92.2 67.5 77.2 28.6 89.8 62.8 84.5 66.9 69.8 58.9 62.4

and promotes precise boundary delineation through the
boundary loss [74] component. The combined loss function
is expressed as a weighted sum:

Ltotal = λ1LWCE+λ2LDice +λ3LBoundary +λ4LIoU , (9)

where λi represent empirically determined weighting coef-
ficients. In our experimental configuration, we set λi = 1,
assigning equal importance to each loss component.

4. Dataset and implementation details

We now describe the datasets used, the training configura-
tions applied, and the evaluation metrics employed.

4.1. Dataset selection and metrics:
We used SemanticKITTI [4] and nuScenes [8] as our pri-
mary training datasets. SemanticKITTI consisted of ur-
ban driving scenes captured with a 64-beam LiDAR, split
into 19,130 training scans (sequences 00-07, 09-10), 4,071

validation scans (sequence 08), and 20,351 test scans (se-
quences 11-21) across 19 semantic classes. NuScenes con-
tained 1,000 urban scenes from Boston and Singapore cap-
tured with a 32-beam LiDAR, providing 28,130 training and
6,019 validation frames across 16 categories. We converted
nuScenes to SemanticKITTI format for consistency and re-
ported mean Intersection over Union (mIoU) [19] on the
SemanticKITTI validation split.

4.2. Data Augmentations:
We applied standard augmentations including global rota-
tion, coordinate jittering, flipping, and random point elim-
ination (all with probability 1.0), along with range-view-
specific augmentations from [33], mixing, union, shifting,
and copy-paste with probabilities [0.9, 0.1, 0.9, 1.0], respec-
tively.

4.3. Training strategy:
All experiments used 8 A100 GPUs (40GB) with a per-GPU
batch size of 2 (effective batch size of 16). Training em-
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ployed a 5-epoch linear warm-up followed by cosine an-
nealing [23]. Following recent works [2, 33, 77, 78] show
that transformer-based architectures benefit from pretrain-
ing, we adopted the training protocol from [2, 33] and pre-
train on nuScenes [8] (converted to SemanticKITTI format)
for 60 epochs. We selected SAM2-tiny as our backbone,
as heavier SAM2 variants yielded negligible performance
gains (Table 1) while significantly increasing computational
cost and inference latency. The final model contains ap-
proximately 63 million parameters. Optimization: We use
AdamW with differentiated learning rates: the Hiera back-
bone uses lr = 0.0004 and weight decay α = 0.001, while
the rest of the model uses lr = 0.001 and α = 0.0001.

4.4. Evaluation
We present RangeSAM’s experimental results on Se-
manticKITTI [4]. Table 4 shows validation results on se-
quence 08, while Tables 1, 2, and 3 report test set perfor-
mance. Our approach achieves competitive results com-
pared to state-of-the-art methods.

(a) (b) (c)

Figure 2. Qualitative segmentation examples of increasing diffi-
culty using our model. (a) Urban intersection, (b) Suburban envi-
ronment and (c) Highly cluttered scene.

4.5. Quantitative evaluation
Table 1 compares SAM2 Hiera backbones: tiny and small
variants show comparable mIoU, with tiny offering compu-
tational advantages through reduced parameters and faster
inference.

Table 4 benchmarks our model against baselines.
While recent state-of-the-art achieves 65–75% mIoU, our
model reaches 60.9%, successfully integrating the SAM2
VFM [50]. Performance stratifies across three tiers:
• High IoU (80–90%): Large, frequent classes (cars, road,

building, vegetation) perform competitively with state-of-
the-art.

• Mid IoU (60–70%): Mid-frequency categories (trucks,
fences, terrain) remain competitive.

• Low IoU (29–47%): Rare, small objects (motorcycles, bi-
cycles, persons) prove challenging, consistent with mod-
ern approaches.

While lower performance on long-tail categories reflects
limited training examples relative to our 63M parameters,
results remain competitive on well-represented categories

( highlighted in Table 4). Dataset expansion and design re-
finement should close the gap on tail classes.

4.6. Qualitative evaluation
Figure 2 illustrates three segmentation scenarios: (a) Ur-
ban intersection: The model accurately segments vehi-
cles, static elements (trees, walls, fences), and fine struc-
tures (fence posts). (b) Suburban environment: Dominant
classes (cars, vegetation, fences) are correctly segmented,
but the model struggles with unseen classes like transmis-
sion towers. (c) Highly cluttered scene: Despite overlap-
ping objects (trees, fences, poles, signs), major classes are
captured. Small or distant structures exhibit noise, but over-
all segmentation remains robust.

4.7. Ablation Study
We conduct a comprehensive ablation study to systemati-
cally evaluate the impact of different training strategies on
model performance.
Transfer learning: We followed a transfer learning ap-
proach established by other baseline methods[2] in this area
of research. For the experiments in Table 3, we pretrained
our model on the Cityscapes [15] dataset for 25 epochs
to enhance feature learning before training on the target
dataset. However, this approach led to reduced perfor-
mance. We believe this may be due to the SAM2 model
being extensively pretrained on large-scale image datasets,
which could have caused a domain mismatch affecting
transfer learning. Further investigation is needed to con-
firm this hypothesis and explore other adaptation strategies.
Range View Augmentations: The results (see Table 2)
indicate that adding augmentations introduced by [33] to
the training process improves performance across nearly all
datasets, achieving a 10% gain in mIoU.

5. Conclusion
This work, to our knowledge, is the first to adapt VFMs
for range-view LiDAR point cloud segmentation. Despite
the domain gap between RGB images and range-view rep-
resentations, our targeted architectural modifications to the
SAM2 encoder and decoder effectively bridged this modal-
ity shift and achieved competitive performance. We have
integrated augmentation strategies and training protocols
from prior work [2, 13, 33, 77]. Notably, we find that multi-
dataset training across diverse 3D benchmarks outperforms
extensive 2D pretraining as in [2]. We will release source
code and model weights.
Future Work: The primary limitation is computational
complexity. The convolution-free Hiera backbone [55]
struggles with point cloud sparsity, requiring RFBs [37] for
competitive performance. However, RFBs constitute the
main computational bottleneck, currently preventing real-
time deployment—a key target for future optimization.
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