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Abstract

Modern methods for autonomous driving perception widely
adopt multi-modal fusion to enhance 3D scene understand-
ing. However, existing methods suffer from inferior seman-
tic extraction in image encoders that treat all pixels equally,
ignoring contextual differences. The generated multi-modal
representations also typically lack comprehensive semantic
and spatial geometry information, which is crucial for the 3D
panoptic segmentation task. In this paper, we propose a novel
Semantic-Geometry Fusion Transformer (SGFormer) that
extracts adaptive semantic contexts, aggregates geometric in-
formation and captures the semantic-geometry fusion. First,
in the Image Branch, we tailor semantic contexts for each
pixel with context-guided attention and spatial context align-
ment to refine semantic details. Second, we transform image
and voxel features into point-pixel geometry representations,
simultaneously learning semantic category priors as embed-
dings to better represent scene geometry and semantics. Fi-
nally, to aggregate semantic information with related geom-
etry, we design a semantic-geometry fusion that combines
the transformer, effectively capturing semantic-geometry re-
lationships into multi-modal panoptic representations. No-
tably, SGFormer achieves the state-of-the-art (SOTA) results
on the nuScenes and SemanticPOSS, as well as yielding
competitive performance on the SemanticKITTI. Moreover,
SGFormer exhibits superior robustness compared to leading
methods, marking an improvement of 2% to 10%.

Introduction
3D scene understanding has been a critical task for au-
tonomous driving. One of the key tasks is 3D panoptic seg-
mentation, comprising semantic and instance segmentation
as two sub-tasks. The semantic segmentation aims to assign
semantic labels at the point level, while the instance segmen-
tation intends to identify individual countable objects.

Point clouds and images are two complementary modal-
ities in perception tasks. Point clouds, while rich in spatial
information, are sparse and often struggle to distinguish be-
tween foreground and background. While images can pro-
vide rich visual information on color and shape to generate
semantic contexts. Hence, a recent trend has emerged to ex-
ploit semantic features from image segmentation to improve
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Figure 1: Comparison (a) naive fusion using feature concate-
nation (b) our semantic-geometry fusion integrating seman-
tic and geometric information.

perception. Image semantic segmentation aims to assign a
predefined category label to each pixel in the image. Many
works adopt deep networks to explore scene contexts (Yang
et al. 2018) and spatial details (Lin et al. 2017a) to ensure
accurate semantics. However, they inevitably suffer from
high computation. To achieve real-time inference, various
efforts are made by designing lightweight networks (Lv et al.
2021) or efficient decoders (Peng et al. 2022). Despite reduc-
ing computation, information loss in lightweight networks
leads to misalignment of input and output. Besides, context
modeling methods (Dong et al. 2020; Xu, Xiong, and Bhat-
tacharyya 2023) in existing decoders also lack adaptability
to different inputs. Moreover, we notice most approaches
(Liu et al. 2023; Zhang, Zhu, and Du 2023) in 3D tasks
(e.g., detection, completion) adopt image backbones with
FPN (Lin et al. 2017b) to integrate multi-scale features via
stepwise downsampling, which treats all pixels equally with-
out contextual differences and overlooks representation dif-
ferences between different level features. These motivate us
to consider: can we aggregate adaptive pixel contexts from
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Figure 2: 3D panoptic results of different methods on perfor-
mance and robustness. Our proposed method achieves 2%-
10% relative improvement.

image-modal to provide accurate semantic information?
Further revisiting the difference between LiDAR and im-

age modalities that have been widely used in 3D vision (Yan
et al. 2023; Pan, Wang, and Wang 2024), we observed that it
is beneficial to utilize multi-modal information for enhanc-
ing 3D perception. Yet, existing 3D panoptic segmentation
methods are primarily based on LiDAR data alone (Li et al.
2023b; Xiao et al. 2023), which means that efficient image
and LiDAR fusion for capturing multi-modal information
remains a challenging problem. LCPS (Zhang et al. 2023), a
recent LiDAR-camera panoptic network, has demonstrated
the potential of multi-modal fusion in achieving 3D panop-
tic segmentation. However, the generated multi-modal rep-
resentations still lack comprehensive semantic and geome-
try information. Meanwhile, considering the differences be-
tween LiDAR-modal with positional geometry and image-
modal with semantic context. We further ponder: how to ef-
ficiently capture such semantic-geometry fusion to generate
fine-grained multi-modal panoptic representations?

With the above observations, we introduce a Semantic-
Geometry Fusion Transformer for 3D panoptic segmenta-
tion, termed SGFormer. As shown in Fig. 1, our SGFormer
achieves semantic-geometry fusion within a transformer
structure through aggregating semantic- and geometry-wise
information. Specifically, we devise a new image branch
with Adaptive Semantic-Context Aggregation (ASCA) for
aggregating adaptive contexts to pixels, which includes
Context-Guided Attention (CGA), Spatial Context Align-
ment (SCA) and Point-Pixel Refinement (PPR). Firstly,
the CGA extracts semantic contexts for pixels with pixel-
context attention to enhance semantic discrimination. Then,
the SCA is designed to fuse cross-level features adaptively
with spatial detail alignment. Next, the PPR aims to estab-
lish point-to-pixel mapping for pixel feature refinement.

Further, to generate fine-grained panoptic representations
enriched with semantic and geometry, we also propose a
novel structure called SGTransformer that adopts a trans-
former sub-network to model the complex relationships of
semantic context and spatial geometry. The SGTransformer
involves three phases: i) acquiring 3D voxel point-wise and
2D image point-wise features to generate point-pixel geom-
etry representations; ii) utilizing MLP-based semantic clas-
sifiers to learn semantic category priors from both modal-
ities as feature embeddings; iii) employing a semantic-

geometry fusion module to model potential multi-modal se-
mantic interactions based on self-attention. Meanwhile, to
facilitate fusion of semantic- and geometry-wise features, it
uses cross-attention to aggregate more cross-modal seman-
tic information related geometric points. The proposed SG-
Former effectively captures model-related semantic contexts
and spatial geometry, surpassing existing methods with a rel-
ative improvement of 2%-10%, as illustrated in Fig. 2.

In summary, our contributions are summarized as follows:

• We introduce SGFormer, a novel panoptic segmentation
method based on semantic-geometry multi-modal fusion.

• We design a simple yet effective adaptive semantic-
context aggregation to extract adaptive semantic contexts
for pixels, providing accurate semantic features.

• We propose a semantic-geometry transformer to ag-
gregate semantic information and spatial geometry, in-
cluding a semantic-geometry fusion module to capture
semantic-geometry relationships into fine-grained multi-
modal panoptic representations.

• SGFormer achieves state-of-the-art performance on 3D
panoptic segmentation task. Moreover, it exhibits supe-
rior robustness compared to leading methods.

Related Work
Vision-Based Semantic Segmentation. Image Semantic
segmentation is extensively applied in automatic driving.
Previous methods for semantic segmentation are based on
FCNs (Long, Shelhamer, and Darrell 2015), while they have
an inherent weakness, i.e., the local receptive fields. Recent
progresses mainly employ two strategies to improve perfor-
mance, i.e., context modeling (Zhu et al. 2019) and feature
fusion (Huang et al. 2021). But context modeling in existing
decoders lacks adaptability to different inputs and feature
fusion often ignores feature misalignment problem. Thus,
some works (Fu et al. 2019; Yuan et al. 2021) exploit self-
attention to encode the global contexts for each pixel adap-
tively, but they suffer from high computation. Compared to
these works, we investigate an adaptive semantic context ag-
gregation from a new perspective, leveraging pix-context at-
tention and multi-level spatial alignment, and thus providing
accurate image-modal semantic information.
LiDAR-Based Panoptic Segmentation. The panoptic seg-
mentation task is first proposed in the image domain (Kir-
illov et al. 2019) and later extended to LiDAR point
cloud dataset, e.g., SemanticKITTI (Behley et al. 2019) and
nuScenes (Fong et al. 2022). The LiDAR-based 3D panop-
tic segmentation can be classified into proposal-based and
proposal-free. Proposal-based methods (Sirohi et al. 2021;
Ye et al. 2023) firstly locate objects, predict instance mask
for each bounding box, and then fuse the two results. This
paradigm makes the performance inevitably affected by ob-
ject detection. While proposal-free methods (Hong et al.
2021; Li et al. 2022, 2023a) firstly conduct semantic seg-
mentation and then cluster the “thing” points belonging to
instances based on object center and point offset.
Multi-modal Panoptic Segmentation. Images and LiDAR
points have made considerable progress in 3D perception
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Figure 3: Workflow of the proposed SGFormer, comprising two key modules. The Adaptive Semantic-Context Aggregation
extracts semantic-dependent contexts to pixels with context-guided attention and spatial context alignment. The Semantic-
Geometry Transformer generates fine-grained multi-modal panoptic representations through semantic-geometry fusion.

tasks, e.g., object detection (Bai et al. 2022; Liu et al.
2023) and semantic occupancy (Pan, Wang, and Wang 2024;
Zhang and Ding 2024). However, multi-modal methods for
3D panoptic segmentation remain underexplored. Unlike oc-
cupancy tasks, which assign semantic labels based on the
approximate location of voxels, panoptic segmentation re-
quires accurate spatial position and semantic information to
label each point. Recently, LCPS (Zhang et al. 2023) consid-
ers LiDAR-camera fusion for enhancing perception, bur it is
limited to point-pixel consistent alignment for modal-fusion,
resulting in unsatisfactory performance on SemanticKITTI
when fewer camera images available. In contrast, we adopt
a semantic-geometry fusion for capturing multi-modal in-
formation by aggregating point-wise geometry features and
learning semantic category priors as feature embeddings.

Methodology
Preliminary

Given input point clouds L = {pi|pi ∈ R3+c}Np

i=1 of Np

points, each point has (3+c)-dimensional features and cam-
era images I = {Ii|Ii ∈ R3×H×W }Nc

i=1 from Nc surround-
view cameras. 3D panoptic segmentation aims to precisely
predict unique semantic labels S = {si|si ∈ (1 · · ·K)}Np

i=1
for the points, where K is the number of predicted semantic
classes, and identify points belonging to separate instances
with unique instance ID in some thing classes, e.g., car, bicy-
cle, and pedestrian. In our work, the panoptic segmentation

is formulated as an essential semantic-geometry aggregation
and semantic-geometry fusion problem.

Overall Architecture
An overview of Semantic-Geometry Fusion Transformer
(SGFormer) is presented in Fig. 3. The SGFormer mainly
consists of two key modules: an adaptive semantic-context
aggregation to extract adaptive contexts to pixels for provid-
ing semantic features and a semantic-geometry transformer
structure to generate multi-modal panoptic representations
enriched with semantic and geometry information.

Following voxel encoder (e.g., Cylinder Convolution
(Zhu et al. 2021)) and image encoder (e.g., ResNet-18 (He
et al. 2016)) for LiDAR and image extraction, we first take
raw points L of Np points and images I of Nc cameras
as input to obtain voxel-modal features Fv ∈ RNv×Cv

and multi-scale image-modal features F32
c , F16

c , F8
c , F4

c ∈
RNc×Cc×Hc×Wc , where Nv, Cv are the number of voxels
and feature dimensions, and Cc, Hc,Wc represent the di-
mensions and size of image features. In the following sec-
tions, we provide detailed descriptions of each module.

Adaptive Semantic-Context Aggregation
Multi-modal information has gained attention in recent 3D
tasks. However, the 2D image branch has been somewhat
neglected, leaving the network far from better performance
during semantic perception task. Context information can
provide rich scene category priors. To aggregate adaptive se-
mantic contexts to pixels, we design a new image encoder
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integrating Context-Guided Attention (CGA), Spatial Con-
text Alignment (SCA) and Pixel-Point Refinement (PPR).
Context-Guided Attention. The CGA is used to enhance
semantic discrimination. The core of CGA lies in employ-
ing pixel-context attention as guidance to aggregate contexts
for each pixel. Given features F32

c ∈ R8C× H
32×

W
32 , we first

employs a convolutional layer and reshape operation to gen-
erate Q ∈ RN×2C . Meanwhile, feature F32

c is flattened into
contexts C ∈ R8C×M (where M is the number of con-
texts) from multiple pooling layers, and further delivered
into two Squeeze-and-Excitation layers to produce initial
context representations K ∈ R2C×M and V ∈ R8C×M , re-
spectively. Unlike computing pixel-pixel similarity, we uti-
lize new pixel-context attention to aggregate more semantic-
dependent contexts for each pixel. These context representa-
tions are embedded with matrix multiplication and a softmax
layer to generate pixel-context attention A by:

A =
exp(Qi ·Kj)∑M
j=1 exp(Qi ·Kj)

∈ RN×M (1)

Then, we aggregate semantics MA ∈ R8C× H
32×

W
32 through

matrix multiplication on A and V and reshape operation.
In the end, a residual structure Fres with tanh activation and
convolution layer is exploited to obtain fine-grained seman-
tic contexts F32

s , which suppresses redundant features and
enhances salient ones (e.g., boundaries):

F32
s = F32

c +MA ⊙Fres(MA) (2)

where ⊙ is the Hadamard production.
Spatial Context Alignment. The SCA is responsible for en-
hancing semantic features with low-level details by adaptive
cross-level alignment. A straightforward solution (Lin et al.
2017a,b) is to adopt simple multi-level feature fusion, which
weakens the discrimination of the overall features. In con-
trast, SCA utilizes a feature-group mechanism into multiple
sub-features for spatial alignment and fusion. Since cross-
level fusion is beneficial within the same dimension, we first
transforms high-dimension features F32

s into unified chan-
nels with low-dimension F16

c through a convolution and up-
sampling layer. Next, a spatial-group operation to remedy
the loss of spatial details. The spatio-group takes the con-
catenated feature F ∈ R8C× H

16×
W
16 of F32

s and F16
c as input.

These features are then split into two parts and processed
through a convolution block Fcb with multiple groups g,
each with dimension 4C

g , for predicting offsets η1, η2:

η1[: g, :, :],η2[g :, :, :] = Fcb(Split(F)) (3)

where Fcb with 1×1 Conv, BN, ReLU and 3×3 Conv layer.
Further, to achieve cross-level feature fusion adaptively,

a gate mechanism Fgate is used to bridge representation
gaps. Meanwhile, the features are aligned using an align-
ment function Falg. The above process can be calculated as:

βh,βl = Fgate(Split(F))

F16
f = βh ⊙Falg(F

32
s ,η1) + βl ⊙Falg(F

16
c ,η2)

Falg(F, η) =
∑H

h∈H

∑W

w∈W
Fh,w|h− ηh||w − ηw|

(4)

where Fgate(x) = 1+ tanh(x); h and w represent pixel posi-
tion; βh, βl are two gate masks. Finally, multi-level fusion
F4

f is generated through multiple alignment operations.
Point-Pixel Refinement. The PPR aims to establish point-
to-pixel correspondence for refining image-modal features.
We employ the LiDAR-to-camera projection that transforms
3D point pi = (xi, yi, zi) into 2D position ci = (ui, vi) in
the image plane through camera intrinsic parameters and ve-
hicle parameters. Since only a portion of the LiDAR points
are within the image view, we filter out points outside the
image using binary masks, setting the mask to 1 for points
within the image. This allows us to obtain each point-to-
pixel mapping Mp→c

i , which is used to refine pixel features
based on the projected point index.

Semantic-Geometry Transformer
A key insight behind the panoptic segmentation task is that
it could capture the fine-grained details of perceived ob-
jects in the scene, such as the semantic and geometric prop-
erties. To do so, a novel Semantic-Geometry Transformer
is designed to generate semantic-geometry panoptic repre-
sentations, which involves: geometry aggregation, semantic
learning and semantic-geometry fusion.
Geometry Aggregation. Based on the point-to-pixel map-
ping Mp→c, we firstly transform the image-modal F4

f to ob-
tain 2D point-wise features Fi→p ∈ RNp×Cc . Similarly, us-
ing voxel-to-point mapping through nearest interpolation on
the voxel-model Fv, we can obtain 3D point-wise features
Fv→p ∈ RNp×Cv . Then, we fuse these as point-pixel geom-
etry representations Gf, which can be formulated as:

Gf = Flinear(Fi→p©Fv→p) ∈ RNp×C (5)

where Flinear is a linear layer with C-dimension output.
Semantic Learning. The SGTransformer first builds two
MLP-based semantic classifier S2D and S3D to learn seman-
tic features from image-modal and voxel-modal, and per-
form spatial softmax to generate the probability distributions
of semantic categories, which can be calculated as follows:

Pc = Fsoftmax(S2D(F
4
f )) , Pv = Fsoftmax(S3D(Fv)) (6)

where Pc ∈ R(Hc×Wc)×Ns and Pv ∈ RNv×Ns repre-
sent the semantic category probabilities from image-modal
and voxel-modal, respectively; Ns are the number of se-
mantic categories. To further enhance scene category priors,
we divide the categories into foreground and background
Pc = {Pfg,Pbg}. The Pfg is filtered by a threshold δ to
refine the foreground prediction, represented by:

Pfg = Mfg ·Pfg, Mfg =

{
1, Pfg ≥ δ

0, Pfg < δ
(7)

Then, we update the Pc based on refined foreground distri-
bution. Similarly, the Pv is also updated. Next, these with
rich category priors are embedded as semantics, denoted as
Ev = Pv ⊗ Fv ∈ RNs×Cv and Ec = Pc ⊗ F4

f ∈ RNs×Cc .
Meanwhile, we train the semantic classifiers using cross-
entropy (CE) loss through the point-to-pixel and voxel-to-
point supervision to refine category prediction:

LC = CE(Y3D, Ŷ2D) + CE(Y3D, Ŷ3D) (8)
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Method Venue PQ PQ† SQ RQ PQth SQth RQth PQst SQst RQst mIoU

GP-S3Net (Razani et al. 2021) ICCV’21 61.0 67.5 84.1 72.0 56.0 85.3 65.2 66.0 82.9 78.7 75.8
EfficientLPS (Sirohi et al. 2021) TRO’21 62.0 65.6 83.4 73.9 56.8 83.2 68.0 70.6 83.8 83.6 65.6
Panoptic-PolarNet (Zhou, Zhang, and Foroosh 2021) CVPR’21 67.7 71.0 86.0 78.1 65.2 87.2 74.0 71.9 83.9 84.9 69.3
SCAN (Xu et al. 2022) AAAI’22 65.1 68.9 85.7 75.3 60.6 85.7 70.2 72.5 85.7 83.8 77.4
Panoptic PH-Net (Li et al. 2022) CVPR’22 74.7 77.7 88.2 84.2 74.0 89.0 82.5 75.9 86.8 86.9 79.7
CPSeg HR (Li et al. 2023a) ICRA’23 71.1 75.6 85.5 82.5 71.5 87.3 81.3 70.6 83.6 83.7 73.2
4D-Former (Athar et al. 2023) CoRL’23 77.3 80.9 89.0 86.5 79.6 90.4 87.8 73.5 86.7 84.1 78.9
PUPS (Su et al. 2023) AAAI’23 74.7 77.3 89.4 83.3 75.4 91.8 81.9 73.6 85.3 85.6 -
LCPS (Zhang et al. 2023) ICCV’23 79.8 84.0 89.8 88.5 82.3 91.7 89.6 75.6 86.7 86.5 80.5
CFNet (Li et al. 2023b) CVPR’23 75.1 78.0 88.8 84.6 74.8 89.8 82.9 76.6 87.1 87.3 79.3

SGFormer (Ours) AAAI’25 80.9 85.1 90.4 89.2 83.3 92.2 90.1 76.7 87.3 87.2 81.3

Table 1: Comparison of 3D panoptic segmentation on nuScenes validation set, in which PQ% is the primary metric for compar-
ison. The first- and second-best results are highlighted in bold and underline, respectively.

Method PQ PQ† SQ RQ mIoU

EfficientLPS (Sirohi et al. 2021) 62.4 66.0 83.7 74.1 66.7
SPVNAS + CenterPoint (Tang et al. 2020) 72.2 76.0 88.5 81.2 76.9
AF2S3Net + CenterPoint (Cheng et al. 2021) 76.8 80.6 89.5 85.4 78.8
Panoptic PH-Net (Li et al. 2022) 80.1 82.8 91.1 87.6 80.2
CPSeg (Li et al. 2023a) 73.2 76.3 82.7 88.1 73.7
4D-Former (Athar et al. 2023) 78.0 - 89.7 86.6 80.4
LCPS (Zhang et al. 2023) 79.5 82.3 90.3 87.7 78.9

SGFormer (Ours) 80.4 83.1 90.8 88.2 80.7

Table 2: Comparison on nuScenes test set.

Method PQ PQ† SQ RQ mIoU

DS-Net (Hong et al. 2021) 57.7 63.4 77.6 68.0 63.5
EfficientLPS (Sirohi et al. 2021) 59.2 65.1 75.0 69.8 64.9
Panoptic PH-Net (Li et al. 2022) 61.7 - - - 65.7
4D-Former (Athar et al. 2023) 60.7 65.4 76.0 70.3 66.3
PUPS (Su et al. 2023) 64.4 68.6 81.5 74.1 -
CFNet (Li et al. 2023b) 62.7 67.5 - - 67.4
LCPS (Zhang et al. 2023) 59.0 68.8 79.8 68.9 63.2

SGFormer (Ours) 64.2 73.3 81.8 73.6 68.1

Table 3: Comparison on SemanticKITTI validation set.

where Ŷ2D and Ŷ3D denote the predicted pixel and voxel la-
bel, respectively; Y3D is the ground-truth point label.
Semantic-Geometry Fusion. The semantic-category em-
beddings Ev and Ec possess rich semantic contexts, while
the point-pixel geometry features Gf contain geometry-
consistency information. To integrate these features effec-
tively for fine-grained panoptic representations, a semantic-
geometry attention block is introduced, utilizing the atten-
tion mechanism to model potential semantic interactions
through Multi-Head Self-Attention (MHSA) and facilitate
semantic-geometry fusion via Multi-Head Cross-Attention
(MHCA). To be specific, the self-attention layer takes the
concatenated semantic feature Fe ∈ R2Ns×C , formed by
projecting Ev and Ec as inputs. For each head in the multi-
head self-attention layer, three learnable matrices WQ, WK

and WV project the Fe to query Qs ∈ R2Ns×d, key Ks ∈
R2Ns×d and value Vs ∈ R2Ns×d, where d = C/h and h is
the number of heads. Subsequently, the attention matrix As
is calculated by applying a row-wise softmax function on
QsK

T
s . The multi-modal semantic relationships Sf are for-

mulated as AsVs, capturing complex semantic interactions
between the image and LiDAR modalities.

Sf = FNorm(FMHSA(Fe) + Fe) ∈ R2Ns×C (9)

Method PQ PQ† SQ RQ mIoU
TORNADO-Net (Gerdzhev et al. 2021) 33.7 43.3 68.4 46.0 44.5
DS-Net (Hong et al. 2021) 35.6 45.9 68.6 49.2 54.5
GP-S3Net (Razani et al. 2021) 48.7 60.3 61.3 63.7 61.8
CFNet† (Li et al. 2023b) 50.4 61.6 70.2 66.8 60.9
LCPS† (LiDAR) (Zhang et al. 2023) 47.1 58.7 66.2 64.1 57.4
SGFormer (LiDAR) 51.7 64.2 71.4 68.2 61.5

Table 4: Comparison on SemanticPOSS validation set.

Method Stuck (20%) Occlusion FoV (-2π/3, 2π/3)
PQ mIoU PQ mIoU PQ mIoU

Panoptic-PolarNet† 53.6 55.9 - - 41.1 49.2
CFNet† 60.7 65.0 - - 49.4 56.3
LCPS† 66.9 68.5 76.5 77.9 55.7 61.3
SGFormer 69.2 70.3 78.9 79.9 59.1 63.9
Improvement ↑2.3 ↑1.8 ↑2.4 ↑2.0 ↑3.4 ↑2.6

Table 5: Competitive results on different robustness setting.
† means the performance is reported by its official code.

Then, we perform semantic-geometry fusion on the Sf and
Gf using MHCA to generate the semantic-geometry panop-
tic representations. The cross-attention layer takes the ge-
ometry features Gf and semantic relationships Sf as inputs.
Unlike self-attention, the query Qg is derived from the pro-
jection of Gf, while the key Kr and value Vr are updated
from Sf. Thus, the attention matrix formulated as QgK

T
r is to

aggregate more semantics related geometric points. Finally,
we employ a fully connected feed-forward network (FFN)
to produce semantic-geometry fusion features, denoted as
Fsg ∈ RNp×C . The above process is expressed as:

Msg = FNorm(Gf + FMHCA(Gf,Sf))

Fsg = FNorm(Msg + FFFN(Msg))
(10)

Panoptic Network
Following (Zhou, Zhang, and Foroosh 2021), we input
multi-modal Fsg into BEV features FBEV

sg through the grid
index of points and BEV pooling. Then, the panoptic net-
work is divided into semantic and instance heads.
Semantic Head. Based on the predicted logits of each point
on semantic labels Ŝ and ground-truth S, we could get se-
mantic loss LS by cross-entropy loss.
Instance Head. Based on the predicted center offset ô ∈
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Figure 4: Class-wise qualitative visualization on nuScenes validation set. Best viewed with zoom and color. Red circles demon-
strate that our SGFormer performs better in many details than ground-truth labels.
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Figure 5: Comparison under different scene conditions.

RH×W×2 and ground-truth o, the L1 loss (Lo) for optimiz-
ing offset regression. Meanwhile, given the predicted center
heatmap Ĥ ∈ RH×W×1 and ground-truth H, we adopt MSE
loss (Lhm) to optimize heatmap regression. The total loss of
instances LI is formulated as:

LI = λhmLhm + λoLo (11)

Fianlly, a hybrid loss is used to supervise the training pro-
cess:

L = LS + LI + λcLC (12)

Experiments
Experiment Setup
Datasets. nuScenes (Fong et al. 2022) is a large-scale bench-
mark, containing 1000 scenes. SemanticKITTI (Behley et al.
2019) is an outdoor dataset, consisting of 22 sequences. Se-
manticPOSS (Pan et al. 2020) is a challenging benchmark,
including 2988 scenes of 6 sequences.
Metrics. We evaluate performance using panoptic, segmen-
tation and recognition quality (PQ, SQ, RQ), with separate
metrics for stuff (e.g., PQst) and things (e.g., PQth) classes.
Mean IoU (mIoU) is used for semantic segmentation. The
PQ† denotes PQ of stuff classes is replaced by their IoU.
Implementation Details. The specific details are provided
in the supplementary material. In ASCA, the groups g = 8
for alignment. In SGTransformer, we set δ to 0.1 and use
two fusion layers, each layer with four self-attention and one

ResNet ASCA Naive fusion SGTransformer 2× 3× PQ mIoU
✔ ✔ 74.6 76.5
✔ ✔ ✔ 77.1 78.2
✔ ✔ ✔ 78.6 79.4
✔ ✔ ✔ ✔ 80.9 81.3
✔ ✔ ✔ ✔ 80.6 81.0

Table 6: Ablation study of network architecture. 2× and 3×:
the number of semantic-geometry fusion layer.

cross-attention equipped with 128 input channels. In terms
of loss weights, we set λhm = 100, λo = 10 and λc = 1.

Comparison with State-of-the-Arts
Results on nuScenes. As shown in Table 1, SGFormer
outperforms state-of-the-arts with higher panoptic segmen-
tation performance on the nuScenes val set. Specifically,
our method surpasses recent LCPS (Zhang et al. 2023) by
1.1% on PQ and 0.8% on mIoU. Moreover, in Table 2, our
SGFormer achieves top-performing results than Panoptic-
PHNet (Li et al. 2022) and further surpasses LCPS on all
metrics. These results demonstrate SGFormer can better dis-
tinguish objects through semantic-geometry fusion, signifi-
cantly advancing 3D panotic segmentation.
Results on SemanticKITTI and SemanticPOSS. Note that
SemanticKITTI has only two cameras in the front view,
resulting in fewer points matched with images. Results in
Table 3 reveal that SGFormer not only performs competi-
tively with state-of-the-art approach PUPS (Su et al. 2023)
but also outperforms recent LiDAR-camera fusion method
with an obvious 5.2% PQ improvement. Additionally, on Se-
manticPOSS, which features much smaller and sparser point
clouds, SGFormer surpasses existing methods across almost
all metrics in Table 4. These results highlight our SGFormer
in leveraging semantic information and spatial geometry.
Robustness towards Noisy data and Outliers. We adopt
similar ways in nuScenes-R (Yu et al. 2023) to introduce
noisy data and outliers in the point clouds and images, in-
cluding camera occlusion, LiDAR frames 20% stuck (Stuck)
and point with limited Field-of-View (FoV). As depicted in
Table 5, SGFormer outperforms leading methods, showing
a 3.4% PQ improvement on LiDAR FOV and a 2.4% PQ
gain on camera occlusion compared to LCPS. These results
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Figure 6: Qualitative visualization on nuScenes. (a) illustrates semantic perception and panoptic sgemantion among the ground-
truth and SGFormer. (b) represents sequence consistency segmentation among the ground-truth and SGFormer.

Method PQ mIoU
w/o Context-Guided Attention (CGA) 80.0 80.6
w/o Spatial Context Alignment (SCA) 79.8 80.5
w/o Point-Pixel Refinement (PPR) 80.6 81.1
Spatial-Channel Enhancement 80.3 80.8
Context-Guided Attention 80.9 81.3
3DCVF (Yoo et al. 2020) 80.3 80.7
LiraFusion (Song, Zhao, and Skinner 2024) 80.6 81.0
Spatial Context Alignment 80.9 81.3

Table 7: Detailed ablation study for the ASCA.

demonstrate the superior robustness of our method.
Adaptation to Different Scenes. Following the scene de-
scription in nuScenes, we categorize conditions into four
scenes: sunny daytime, rainy day, night, and rainy night. As
detailed in Fig. 5, SGFormer outperforms existing methods
with higher results under changing weather scenarios. Par-
ticularly, during nights and rainy nights, the visibility of both
the LiDAR and camera is compromised, our model performs
more precise predictions, demonstrating that the adaptability
of proposed method to different scene conditions.

Ablation Studies
Analysis of Network Architecture. As shown in Table 6,
introducing ASCA in Row-2 yields a 2.5% PQ and 1.7%
mIoU improvement, indicating the significance of adaptive
semantic context aggregation. Meanwhile, replacing naive
fusion with SGTransformer in Row-3 results in a 4.0% PQ
and 2.9% mIoU boost. Moreover, combining the proposed
modules with two semantic-geometry fusion layers further
enhances performance. However, in the last row, increasing
the number of fusion layers leads to a 0.3% decline in PQ
due to redundant iterations discarding some semantic and
geometric features necessary for 3D panoptic segmentation.
Effectiveness of ASCA. As shown in Table 7, experiments
in the Row-1, 2 and 3 verify each component contributes to
performance improvement. Moreover, we replace CGA with
spatial-channel enhancement and also modify the input of
gated fusion from 3DCVF (Yoo et al. 2020) and LiraFusion
(Song, Zhao, and Skinner 2024) as replacement for SCA to

Method PQ mIoU
w/o Geometry Aggregation 80.0 80.6
w/o Semantic Learning 79.6 80.2
Feature Concatenation 77.1 78.2
Cross-Attention 78.2 79.1
Semantic-Geometry Fusion 80.9 81.3

Table 8: Ablation study for the SGTransformer.

evaluate their abilities. As detailed in Row-4, 6 and 7, it is
evident that our CGA and SCA deliver better results.
Effectiveness of SGTransformer. As shown in Table 8, the
results in Rows 1 and 2 demonstrate the necessity of ge-
ometry aggregation and semantic learning through aggregat-
ing spatial geometry and embedding semantic priors. Fur-
ther, comparing the results of Row-3, 4 and 5, SGFusion
can achieve better performance than using a simple feature
concatenation and cross-attention layer to fuse multi-modal
features, which show the effectiveness of our fusion method.

Further Discussion
Generalization Ability. In Table 9, ASCA is employed as a
plug-and-play module to enhance baselines DDRNet (Pan
et al. 2022) and PIDNet (Xu, Xiong, and Bhattacharyya
2023) on semantic tasks like Cityscapes (Cordts et al. 2016),
PASCAL (Everingham et al. 2010) and CamVid (Brostow,
Fauqueur, and Cipolla 2009). We further assess generaliza-
tion on out-of-distribution data using two corruption datasets
from the Robo3D (Kong et al. 2023) benchmark. As detailed
in Table 10, SGFormer achieves superior results, demon-
strate the strong generalization ability of our method.
Analysis of Semantic and Geometry. In Fig. 7, the left rep-
resents using different semantic labels for class-wise seg-
mentation. It is evident that introducing semantic informa-
tion (w vs. w/o) enhances performance. While replacing the
ground-truth in semantic learning with our semantic predic-
tion achieves close performance, demonstrating our model
can generate accurate semantic information. Meanwhile, the
bar graph on the right (points at varying distance ratio from
the instance center) for class-wise classification shows the
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Method Cityscapes(val) PASCAL VOC(val) CamVid(test)
DDRNet-23† 79.3 58.2 80.4
DDRNet-23* 80.0 ↑ 0.7 59.2 ↑ 1.0 81.0 ↑ 0.6
PIDNet-M† 79.9 57.9 80.0
PIDNet-M* 80.5 ↑ 0.6 58.7 ↑ 0.8 80.5 ↑ 0.5

Table 9: Comparison (mIoU) on different baselines with us-
ing ASCA (*). † denotes our re-implementation.
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Figure 7: Left: The PQ per-class of instance with using dif-
ferent semantic labels. Right: The class-wise classification
accuracy of instance at varying distance.

greatest accuracy increase, suggesting that our model can
effectively capture spatial geometry to improve perception.
Model Efficiency and Accuracy. In Fig. 8, we report the
results of PQ to represent the accuracy of different methods
and latency (ms) to represent the efficiency of the models.
Our SGFormer can maintain lower complexity and latency
than LCPS, while achieving higher accuracy. Additionally,
SGFormer has real-time runtime in 100 ms boundary and
similar latency with LiDAR-based Panoptic PH-Net.

Qualitative Analysis
As shown in Fig. 4, SGFormer achieves accurate class-wise
segmentation on small and rare objects, even outperform-
ing ground-truth. SGFormer also conducts effective seman-
tic perception and panoptic segmentation in Fig. 6 (a), while
delivering robust prediction in a sequence of frames from
moving ego-car (Fig. 6 (b)) with consistent segmentation.
These results demonstrate our semantic-geometry fusion can
generate fine-grained panoptic predictions. More details re-
fer to the supplementary material for analyses.

Conclusion
In this paper, we exploit semantic contexts and spatial geom-
etry for 3D panoptic segmentation. To this end, we propose
SGFormer, a semantic-geometry fusion transformer to gen-
erate semantic-geometry panoptic representations, which
includes: an adaptive semantic-context aggregation and a
semantic-geometry transformer. Comparisons and ablations
demonstrate the effectiveness of our method.
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