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Abstract

3D panoptic segmentation is a challenging perception
task that requires both semantic segmentation and instance
segmentation. In this task, we notice that images could
provide rich texture, color, and discriminative information,
which can complement LiDAR data for evident performance
improvement, but their fusion remains a challenging prob-
lem. To this end, we propose LCPS, the first LiDAR-Camera
Panoptic Segmentation network. In our approach, we con-
duct LiDAR-Camera fusion in three stages: 1) an Asyn-
chronous Compensation Pixel Alignment (ACPA) module
that calibrates the coordinate misalignment caused by asyn-
chronous problems between sensors; 2) a Semantic-Aware
Region Alignment (SARA) module that extends the one-
to-one point-pixel mapping to one-to-many semantic rela-
tions; 3) a Point-to-Voxel feature Propagation (PVP) mod-
ule that integrates both geometric and semantic fusion in-
formation for the entire point cloud. Our fusion strategy
improves about 6.9% PQ performance over the LiDAR-only
baseline on NuScenes dataset. Extensive quantitative and
qualitative experiments further demonstrate the effective-
ness of our novel framework. The code will be released at
https://github.com/zhangzw12319/lcps.git.

1. Introduction
3D scene perception has become an increasingly impor-

tant task for a wide range of applications, including self-
driving and robotic navigation. Lying in the heart of 3D vi-
sion, 3D panoptic segmentation is a comprehensive percep-
tion task composed of semantic and instance segmentation
[15]. This is still challenging since it not only requires pre-
dicting semantic labels of each point for Stuff classes, such
as tree, road, but also needs recognizing instances for Thing
classes, e.g., car, bicycle, and pedestrian simultaneously.

*Corresponding authors; † equal contributions

Figure 1. The distinctions between LiDAR point cloud and im-
ages. (a) The red box displays a vehicle segment (orange points)
in the point cloud, where points are sparsely and unevenly dis-
tributed. (b) The lower-right green mask demonstrates a vehicle
with dense texture and color features, effectively detected via [40].
The upper-left blue mask (partly occluded) shows image features
that help detect small objects in the distance. Better zoomed in.

Currently, the leading 3D panoptic methods use LiDAR-
only data as input sources. However, We have observed that
using only LiDAR data for perception has some insufficien-
cies: 1) LiDAR point cloud is usually sparse and unevenly
distributed, as illustrated in Figure 1 (a), making it chal-
lenging for 3D networks to capture the notable difference
between the foreground and the background; 2) distant ob-
jects that occupy just a few points appear to be small in
the view and cannot be effectively detected. On the con-
trary, images provide rich texture and color information, as
shown in Figure 1 (b). This observation motivates us to use
images as an additional input source to complement LiDAR
sensors for scene perception. Moreover, most autonomous
driving systems come equipped with RGB cameras, which
makes LiDAR-Camera fusion studies more feasible.

Although LiDAR sensors and cameras complement each
other, their fusion strategy remains challenging. Existing
fusion strategy could be generally split into proposal-level
fusion [16], result-level fusion [27], and point-level fusion
[33, 12, 34], as summarized in PointAugmenting [35]. Yet,
proposal-level and result-level fusion focus on integrating
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2D and 3D proposals (or bounding box results) for ob-
ject detection, which limits their generalizability in dense
predictions like segmentation tasks. The previous point-
fusion methods also suffer: 1) the asynchronous working
frequency between LiDAR and camera sensors is not con-
sidered, which may result in misaligned feature correspon-
dence; 2) point-fusion is a one-to-one fusion mechanism,
and large image areas are unable to be mapped to sparse
LiDAR points, resulting in the waste of abundant informa-
tion from dense pixel features; e.g., for a 32-beams LiDAR
sensor, only about 5% pixels can be mapped to correlated
points, while the 95% of pixel features would be dropped
[23]. 3) previous point-level fusion methods [33, 12, 34] of-
ten use simple concatenation, which excludes points whose
projections fall outside the image plane, as image features
cannot support them.

Motivated by these insufficiencies, we propose the first
LiDAR-Camera Panoptic Segmentation (LCPS) network
to exploit the complementary information from multiple
sensors. In this work, we propose a novel three-stage
fusion strategy involving the Asynchronous Compensa-
tion Pixel Alignment (ACPA) module, Semantic-Aware
Region Alignment (SARA) module, and Point-to-Voxel
feature Propagation (PVP) module. The ACPA module
employs ego-motion compensation operations to achieve
spatial-temporal alignment between the LiDAR and cam-
era modalities, overcoming asynchronous issues in point
fusion. Then, our novel SARA module extends the one-
to-one point-pixel mapping to one-to-many semantic rela-
tions, highly improving the image utilization rate. Specifi-
cally, SARA introduces Class Activation Maps (CAM) for
image branch to localize semantic-related image regions for
each point. Next, the PVP module replaces simple concate-
nation with local attention to propagate information from
point-aligned pixels and regions to the entire point cloud.
Points outside camera frustums can also be preserved and
attached to image features. Finally, we design a Foreground
Object selection Gate (FOG) module to enforce the network
to learn a class-agnostic foreground object mask in addition
to the semantic prediction head. This gate effectively re-
duces incorrect predictions and stabilizes the training pro-
cess. To sum up, our main contributions are:

• To the best of our knowledge, this is the first LiDAR-
Camera fusion network for 3D panoptic segmentation,
which effectively exploits the complementary informa-
tion of the LiDAR and image data.

• We have improved the former point-fusion approach
with our novel Asynchronous Compensation Pixel
Alignment (ACPA), Semantic-Aware Region Align-
ment (SARA), and Point-to-Voxel feature Propagation
(PVP) modules. These contribute to the geometry-
consistent and semantic-aware alignment between Li-

DAR and Camera sensors.

• We present the Foreground Object selection Gate
(FOG) to reduce the incorrect predictions of confusing
points, further boosting panoptic segmentation quality.

• Extensive quantitative and qualitative experiments
demonstrate the effectiveness of our approach. Our fu-
sion approach improves performance at 6.9% PQ on
NuScenes and 3.3% PQ in SemanticKITTI compared
to the LiDAR-only baseline.

2. Related Work

Panoptic segmentation is initially proposed from 2D vi-
sion [15], for the purpose of integrating semantic and in-
stance segmentation. Later, research of panoptic segmen-
tation extends to videos and LiDAR point cloud. Early
work LPSAD [25] handles LiDAR panoptic segmentation
via projecting points into range view and then using 2D
convolution network to extract features. Although pure 2D
network can boost efficiency, it also suffers performance
degradation when mapping 2D predictions back to the point
cloud. Later, 3D LiDAR networks are designed for this
task. Generally, 3D panoptic segmentation can be divided
into two categories, i.e., proposal-based and proposal-free
methods.
Proposal-based 3D Panoptic Segmentation. Proposal-
based methods Panoptic-Deeplab [6] and EfficientLPS [30]
predict bounding-box proposals and then merge them with
semantic results to obtain panoptic predictions, follow-
ing classical object detection framework[5, 9]. However,
proposal-based methods tend to result in inconsistent seg-
mentation between instance and semantic branches. More-
over, the segmentation result is susceptible to the quality of
object detection.
Proposal-free 3D Panoptic Segmentation. Proposal-free
methods abandon object proposals and predict object cen-
ter and point offset instead. The post-processing mod-
ule will cluster points into instance groups according to
object center and point offset. DS-Net [11] proposes a
dynamic-shifting mechanism of instance points toward its
possible centers for Mean Shift clustering. SMAC-Seg [17]
and SCAN [38] attempt to use attention module on multi-
directional or multi-scale feature maps. GP-S3Net [28]
constructs a dynamic graph composed of foreground clus-
ters as graph nodes, processed by graph convolutional net-
work for instance segmentation branch. Panoptic-Polarnet
[41] projects 3D features into BEV and utilizes learnable
BEV heatmap with non-maximum suppression(NMS) to
predict centers. Following Panoptic-Polarnet’s BEV de-
sign, Panoptic-PHNet [19] improves center and offset gen-
eration by replacing NMS with a center grouping module
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Figure 2. The overall pipeline of our LiDAR-Camera Panoptic Segmentation network (LCPS). LCPS consists of multi-modal encoding,
feature fusion, and panoptic prediction modules. The encoding module extracts cylinder features, MLP features, and image features. In the
fusion stage, MLP features are geometrically and semantically aligned with pixel features via ACPA and SARA. Next, the PVP module
merges fused point features with original cylinder features to obtain fused ones. Finally, the panoptic prediction module yields predictions
of four heads, which are post-processed to obtain panoptic segmentation results.

to merge duplicated centers, as well as augmenting off-
set via KNN-Transformer. For now, Panoptic-PHNet has
achieved 1st place on NuScenes and SOTA performance on
SemanticKITTI benchmarks.

Nevertheless, sparse and uneven LiDAR points will im-
pose large variance for center and offset predictions in Bird-
Eye-View and thus becomes a bottleneck for current SOTA
approaches. RGB images can compensate for LiDAR fea-
tures, which motivates us to design LCPS.

LiDAR-Camera Fusion Models. In object detection and
semantic segmentation, pioneering research already consid-
ers modal fusion between images and LiDAR points. For
example, PMF [43] attempts to project LiDAR points to the
perspective view and proposes a two-branch 2D network
to extract semantic features with an attentive fusion mod-
ule. TransFuser [26] and TransFusion [1] consider utiliz-
ing transformers to fuse 3D LiDAR points and 2D images.
DeepFusion [20] focuses on how to avoid feature misalign-
ment when extensive data augmentation is performed in
both LiDAR and camera branches. However, multi-modal
panoptic segmentation has yet to be explored, accompanied
by asynchronous and utilization issues.

3. Methodology

3.1. Overview

Problem Formulation. This paper considers 3D panop-
tic segmentation [7]. Formally, we denote a set of Li-
DAR points as {(x3D

i , f 3D
i )|(x3D

i ∈ R3, f 3D
i ∈ RC}Ni=1,

where N , x3D
i and f 3D

i represent the total number of points,
3D positions, and point features of C dimensions, respec-
tively. This task requires predicting a unique semantic class
{ŷ3D

i }Ni=1 for each point and accurately identifying groups
of points as foreground objects with an instance ID, denoted
as {ID3D

i }Ni=1.
Besides, we assume that K surrounding cameras, which

are cheap and common, capture images associated with the
LiDAR frame for LiDAR-Camera fusion. Similarly, we
represent each image as a set of pixels {(x2D

k,i, f
2D
k,i)|(x2D

k,i ∈
R2, f 2D

k,i ∈ RC}i=N ′,k=K
i=1,k=1 , where N ′, x2D

i , f 2D
i and k repre-

sent the total number of pixels, 2D positions, pixel features,
and the camera index, respectively. Our primary objective
in this paper is to improve panoptic segmentation perfor-
mance by fully exploring the complementary information
in the LiDAR and Camera sensors.
Pipeline Architecture. The framework in Figure 2 consists
of a multi-modal encoding module, a LiDAR-Camera fea-
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ture fusion module, and a panoptic prediction module. In
the encoding stage, the LiDAR points are respectively en-
coded by a cylindrical voxel encoder and an MLP encoder,
while the images are encoded using SwiftNet [36]. In the
fusion stage, the MLP feature and image features, which are
not strictly correlated, are first aligned through the proposed
Asynchronous Compensation and Semantic-Aware Region
Alignment, and then are concatenated into fused point fea-
tures. Subsequently, our Point-to-Voxel Propagation mod-
ule (PVP) accepts the fused point features and outputs the
final cylinder representation. In the prediction stage, the
backbone network includes a proposed FOG head, a se-
mantic segmentation head, a heatmap head, and an offsets
head. The latter two heads follow Panoptic-Polarnet [41],
where we regress a binary object center mask and a 2D
offset among bird-eye-view grids. During inference, the
post-processing shifts the predicted foreground BEV grids
to their nearest centers and clusters the points within the
grids into instances.

3.2. Asynchronous Compensation Pixel Alignment

A straightforward solution [21, 33, 44] for fusing Li-
DAR and Camera is to establish point-to-pixel mappings,
such that points can be directly projected to image planes
and decorated with pixel features. However, this mapping
would lead to false mapping due to the asynchronous fre-
quency between cameras and LiDAR sensors. For instance,
on NuScenes dataset, each camera operates at a frequency
of 12Hz, while the LiDAR sensor operates at 20Hz.

Motivated by this, we improve the point-level fusion
by incorporating additional asynchronous compensation to
achieve a consistent geometric alignment over time. The
fundamental idea is to transform the LiDAR points into a
new 3D coordination system when the corresponding im-
ages are captured at that time. The transformation matrix
is obtained by considering the ego vehicle’s motion matrix.
Specifically, let t1 and t2 denote the time when the LiDAR
point cloud and the related images are captured. Then we
have:

Step-1. Transform LiDAR points from world coordi-
nates to ego-vehicle coordinates at time t1. By multiply-
ing the coordinate transformation matrix TW→V

t1 provided
by the dataset, we can obtain the 3D position in the ego-
vehicle coordinate system, denoted as x̂3D

i .
Step-2. Transform LiDAR points in ego-vehicle coordi-

nates from time t1 to time t2. To achieve this, a time-variant
transformation matrix is required, denoted TV→V

t1→t2 . How-
ever, such a matrix is often not directly available in datasets.
Instead, the ego vehicle’s motion matrices from the current
frame to the first frame are often provided for each sliced
sequence. Therefore, we can divide TV→V

t1→t2 as the prod-
uct of (TV→V

t2→t0)
−1 and TV→V

t1→t0 , where t0 is the time of the
first frame. Using this ego-motion transformation matrix,

Figure 3. (a) Overview of the SARA module, which employs
pixel-wise semantic classifier, constructs CAMs and locates se-
mantic regions. (b) Overview of the PVP Module, which involves
a cylindrical partition of fused point features and attentive propa-
gation. Better zoomed in.

we obtain the point position in ego-vehicle coordinates at
time t2, denoted as x̃3D

i .
Step-3. Obtain pixel features at time t2. By using cam-

era extrinsic and intrinsic matrices (Ek and Ik), we get the
projected 2D position x̃2D

k,i of each point in the kth image
plane at time t2. After excluding the points whose projec-
tions are outside the image plane, the resulting pixel fea-
tures {f̃ 2D

k,i}
Nk
i=1 are indexed by x̃2D

k,i. Nk is the number of
points inside the image plane (Nk < N ).

These homogeneous transformation steps can be sum-
marized in the following equation:[

x̃2D
k,i

1

]
= IkEkT

V→V
t1→t2T

W→V
t1

[
x3D
i

1

]
. (1)

In summary, we obtain pixel-aligned features for each
point using Equation 1. Our approach adopts ego-motion
compensation via Step 2, resulting in a simple but more ac-
curate geometric-consistent feature alignment.

3.3. Semantic-Aware Region Alignment

Due to the sparse nature and limited eyeshot of LiDAR
point clouds, only a small fraction of image features can be
matched with LiDAR points. To address this issue, we pro-
pose to find semantic-relevant regions, extending the one-
to-one mapping to one-to-many relations. Inspired by Class
Activation Maps (CAMs) [39, 24], we present a Semantic-
Aware Region Alignment module by using image CAMs to
localize relevant semantic regions, as illustrated in Figure 3
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(a).
Step-1. We first introduce a pixel-wise semantic classi-

fier ϕ2D(·) to learn the semantic information in the image
branch, and define Θ2D ∈ RM×C as the classifier parame-
ters, where M is the number of semantic categories. Based
on the observation that projected pixels share the same se-
mantic category with matched points, we use point labels to
train the image classifier with cross-entropy loss:

L2D = − 1

Nk

Nk∑
i=1

y3D
i log(ŷ2D

i ), (2)

where ŷ2D
i and y3D

i denote the predicted pixel label and re-
lated ground-truth point label (such alignment is obtained in
Section 3.2), and NK represents the number of points which
can be projected into the k-th image plane.

Step-2. We use this classifier to generate the class ac-
tivation maps (CAMs). Let F2D

k ∈ RC×H2D×W 2D
be the

image feature map extracted by the last convolution layer,
and H2D and W 2D are the height and width of image fea-
ture maps. We can then obtain CAMs using the following
formula:

FCAM
k = Θ2D × F2D

k , (3)

where × denotes the matrix multiplication. The generated
CAMs are represented by FCAM

k ∈ RM×H2D×W 2D
. Each

channel in CAM is a H2D ×W 2D heatmap related to a spe-
cific semantic category.

Step-3. For each LiDAR point, we use the generated
CAMs to localize sets of pixels as semantic-related image
regions. We design a filtering gate Gy

k,i ∈ RH2D×W 2D
,

constructed by selecting a single heatmap of class y from
CAMs FCAM

k according to the ground-truth or predicted
pixel label. The gate is controlled by subtracting a prede-
fined confidence threshold τ . Pixels with heatmap values
lower than that threshold will be set to zero in Gy

k,i. Fi-
nally, we get a set of related pixels:

{fCAM}yk,i = Flatten(σ(Gy
k,i ⊗ F2D

k )), (4)

where ⊗ denotes element-wise multiplication, and σ de-
notes the activation function. Flatten function is adopted
to transform features from matrix format C ×H2D ×W 2D

into a set format (H2DW 2D) × C, followed by discarding
zero vectors which is filtered by Gk,i. Consequently, we ob-
tain a set of pixel features {fCAM ∈ RC}k,i for each LiDAR
point i and each camera k.

We finally average the set of region features to a single
vector, then concatenate it with the MLP output and pixel-
aligned features to constitute the fused point features. In
summary, unlike one-to-one pixel alignment via pure geo-
metric projection, the image regions are directly collected
in a one-to-many semantic-aware manner.

3.4. Point-to-Voxel Feature Propagation

Image features seem to not support the points outside
the camera frustum; therefore, these points are usually ex-
cluded [29, 33, 12]. To overcome this problem, we propose
the Point-to-Voxel Feature Propagation to integrate both ge-
ometric and semantic information for the entire point cloud.
To this end, we choose cylindrical voxels as the bridge to
complete the fusion process since the tensor shape of the
voxel representation is invariant to the alteration of point
numbers, which naturally provides an alignment between
the original point cloud and the image-related point cloud
subset.

As shown in Figure 3 (b), a cylindrical encoder first en-
codes the original point cloud into voxels. Meanwhile, for
the fused point features, we first align their channel dimen-
sions with the original voxel using MLP, and then divide
these fused points into another set of cylindrical voxels,
where features will be scattered and pooled within the same
voxel to obtain voxel features. A noticeable observation is
that a LiDAR point may have alignment with more than one
camera, resulting in multiple fused point features of a single
point. Therefore, we treat such multiple features as multiple
points at the same 3D position during voxelization. Then we
propagate the voxels of the fused point features (denoted as
ϑim) to the original cylindrical voxels (denoted as ϑp) using
modified local attention [32]. In this attention mechanism,
each voxel ϑp acts as queries Q, while the neighboring 27
ϑim voxels act as keys K and values V . Then the computa-
tion is given by:

Att(ϑp, ϑim, ϑim) = Softmax(
QKT

√
C

)V, (5)

where C is the channel dimensions. After that, we add the
attentive voxels with original ϑp to make a residual connec-
tion, as shown in the following equation:

ϑ = Att(ϑp, ϑim, ϑim) + ϑp. (6)

Through this attentive propagation, information from the
entire point cloud and multiple cameras is comprehensively
integrated into a single cylindrical voxel representation ϑ.

3.5. Improved Panoptic Segmentation

Here we briefly describe the Foreground Object selection
Gate (FOG) head and loss functions for panoptic prediction.
Other implementation details are displayed in Section 4.2
and the Appendix.
Foreground Object Selection Gate. In Panoptic-PolarNet
[41], the panoptic network diverges into three prediction
heads for semantic labels, centers, and offset prediction.
However, we find that semantic predictions largely af-
fect the final quality of panoptic segmentation. This is
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because the center and offset head only provide class-
agnostic predictions, while accurate semantic information
is required for post-processing to cluster foreground grids
into the nearest object centers. Inspired by [22], we pro-
pose FOG, a Foreground Object Selection Gate, to en-
hance the original semantic classifier. FOG is a binary
classifier aiming to differentiate foreground objects. Given
voxel features obtained from the backbone network as
ϑb ∈ RH×W×Z , FOG predicts a class-agnostic binary
mask yFOG ∈ [0, 1]H×W×Z , which is supervised by binary
cross-entropy loss LBCE. As a result, the foreground mask
complements the semantic head by filtering out background
points in the post-processing period.
Loss Designs. The total loss is derived in the following
equation:

Ltotal = α1(LCE+LLovasz)+α2LMSE+α3LL1+α4LBCE+α5L2D.
(7)

The top four terms are based on Panoptic-Polarnet [41].
LCE and LLovasz represent cross-entropy loss and Lovasz
loss [4] for semantic supervision. LMSE is a Mean-Squared-
Error (MSE) loss for BEV center heatmap regression. LL1

is an L1 loss for BEV offset regression. In addition, the
last two terms are new in this paper. LBCE represents a bi-
nary entropy loss used for FOG head, and L2D is a pointly-
supervised loss for region-fusion, given by Equation 2. α2

and α3 are set to 100 and 10 respectively, while the other
three weights are set to 1.

4. Experiments

In this section, we evaluate our proposed LiDAR-
Camera Panoptic Segmentation network on NuScenes [7]
and SemanticKITTI [3] dataset, making comparisons with
recent state-of-the-art methods.

4.1. Datasets and Evaluation Metric

NuScenes is a large-scale multi-modal dataset for au-
tonomous driving. It contains a 32-beam LiDAR, 5 Radars,
6 RGB cameras and maps, covering 1000 real-world driv-
ing scenes of 4 locations in Boston and Singapore. There
are 850 annotated scenes for training and 150 for testing.
The panoptic annotations contain 10 Thing classes, 6 Stuff
classes and 1 class for noisy labels.
SemanticKITTI is a pioneering outdoor dataset presenting
the panoptic segmentation tasks on LiDAR data [3, 2, 8].
It provides a 64-beam LiDAR sensor and two front-view
cameras. The dataset contains 8 Thing classes and 11 Stuff
classes, consisting of 19130 frames for training, 4071 for
validation, and 20351 for testing.
Evaluation Metrics. We assess the panoptic segmentation
via panoptic quality (PQ), segmentation quality (SQ), and
recognition quality (RQ) [7]. Metrics with superscripts th

and st (e.g., PQth) represent Thing or Stuff classes perfor-
mance respectively. Meanwhile, we also provide semantic
segmentation metrics (mIoU) [3].

4.2. Implementation Details

Backbone Network. Cylinder3D [42, 11] is adopted as our
backbone network in Figure 2 due to its reliable LiDAR
perception ability for cylinder voxel representation. As for
NuScenes, the entire point cloud is divided into 480×360×
32 voxels for [−100m ∼ 100m, 0 ∼ 2π,−5 ∼ 3m] polar-
ized volume of the scenery. As for SemanticKITTI, we only
change the perception distance from 100m to 60m.
Settings and Hyper-parameters. Following common
practice [19, 38], we apply random flip augmentation along
the y-axis for the point cloud and images accordingly, and
random rotation for the point cloud only. These LiDAR
augmentations are adopted after precomputing the point-
pixel alignment. The performance gains from data augmen-
tations are already included in LiDAR-only baseline results
for fair comparisons, as shown in the first line of Table 4.
We train our model for 120 epochs with a batch size of 2, us-
ing Adam optimizer [14]. The initial learning rate is 0.004
and will be reduced to 0.0004 after 100 epochs. For SARA
described in Section 3.3, the filtering parameter τ is set to
0.7. During inference, all operations are performed in BEV
grids, where centers are picked from a dynamic heatmap us-
ing non-maximum-suppression with a kernel size of 5 and
a value threshold of 0.1. Other setting details are described
in the Appendix.

4.3. Main Results

In this section, we make extensive comparisons with
other state-of-the-art methods and our LiDAR-only base-
line. Specifically, the baseline network excludes the image
branch, feature fusion module, and FOG in Figure 2.
Results on NuScenes. In Table 1, our approach outper-
forms the best Panoptic-PHNet [19] by a margin of 5.1%
PQ (79.8% vs. 74.7%) in validation set. Primarily, we
achieve a large gain of 4.3% RQ and 7.1% RQth, which
mainly increases the overall accuracy. Compared with the
LiDAR-only baseline, our methods show a significant im-
provement of 6.9% PQ in total, demonstrating the effec-
tiveness of our LiDAR-Camera fusion strategy. As for the
test set, we also achieve comparable SOTA results with
Panoptic-PHNet [19] without using test-time augmentation
and 6.7% PQ increase compared with our LiDAR-only
baseline.

Evidence from the class-wise comparison on NuScenes
validation set also consolidates the effectiveness of our fu-
sion strategy. Figure 4 shows that an overall improvement
among various Thing and Stuff categories can be witnessed.
Specifically, for Thing objects like bicycle, bus, construc-
tion vehicle, motorcycle, and traffic cone, our method out-
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Method PQ PQ† SQ RQ PQth SQth RQth PQst SQst RQst mIoU
DS-Net [11] 42.5 51.0 83.6 50.3 32.5 83.1 38.3 59.2 84.4 70.3 70.7
GP-S3Net [28] 48.7 60.3 61.3 63.7 61.6 86.4 71.7 43.8 51.8 60.8 61.8
PanopticTrackNet [13] 50.0 57.3 80.9 60.6 45.1 80.3 52.4 58.3 81.9 74.3 63.1
EfficientLPS [30] 62.0 65.6 83.4 73.9 56.8 83.2 68.0 70.6 83.8 83.6 65.6
SCAN [38] 65.1 68.9 85.7 75.3 60.6 85.7 70.2 72.5 85.7 83.8 77.4
Panoptic-PolarNet [41] 67.7 71.0 86.0 78.1 65.2 87.2 74.0 71.9 83.9 84.9 69.3
SMAC-Seg HiRes [17] 68.4 73.4 85.2 79.7 68.0 87.3 77.2 68.8 83.0 82.1 71.2
CPSeg HR [18] 71.1 75.6 85.5 82.5 71.5 87.3 81.3 70.6 83.6 83.7 73.2
Panoptic PH-Net [19] 74.7 77.7 88.2 84.2 74.0 89.0 82.5 75.9 86.8 86.9 79.7
PUPS [31] 74.7 77.3 89.4 83.3 75.4 91.8 81.9 73.6 85.3 85.6 -
LCPS (Baseline) 72.9 77.6 88.4 82.0 72.8 90.1 80.5 73.0 85.5 84.5 75.1
LCPS (Full) 79.8 84.0 89.8 88.5 82.3 91.7 89.6 75.6 86.7 86.5 80.5

Table 1. 3D panoptic segmentation results on NuScenes validation set. The evaluation metric is provided in PQ%.

Method PQ PQ† SQ RQ PQth SQth RQth PQst SQst RQst mIoU
EfficientLPS [30] 62.4 66.0 83.7 74.1 57.2 83.6 68.2 71.1 83.8 84.0 66.7
Panoptic-PolarNet [41] 63.6 67.1 84.3 75.1 59.0 84.3 69.8 71.3 84.2 83.9 67.0
Panoptic PH-Net [19] 80.1 82.8 91.1 87.6 82.1 93.0 88.1 76.6 87.9 86.6 80.2
LCPS (Baseline) 72.8 76.3 88.6 81.7 72.4 90.2 80.0 73.5 86.1 84.6 74.8
LCPS (Full) 79.5 82.3 90.3 87.7 81.7 92.2 88.6 75.9 87.3 86.3 78.9

Table 2. 3D panoptic segmentation results on NuScenes test set. Our result is compared with other methods without test-time augmentation
and ensemble operations.

performs Panoptic-PHNet by a large margin (9.3% on av-
erage for 5 Thing classes), which demonstrates the ability
of our approach to distinguish the sparse, distant and rare
objects by taking advantages from image features.
Results on SemanticKITTI. Here, we list the compari-
son results of the SemanticKITTI validation set in Table
3. Since SemanticKITTI has only two cameras in the front
view, fewer points can be matched with image features
compared with NuScenes, thus increasing the difficulty of
LiDAR-Camera fusion. Nevertheless, we discover an in-
crease of 3.3% PQ over the LiDAR-only baseline, demon-
strating the robustness and effectiveness of our fusion strat-
egy.

Figure 4. Class-wise PQ% results on NuScenes validation set.

Method PQ PQ† SQ RQ mIoU
PanopticTrackNet [13] 40.0 - 73.0 48.3 53.8
DS-Net [11] 57.7 63.4 77.6 68.0 63.5
Panoptic-PolarNet [41] 59.1 64.1 78.3 70.2 64.5
EfficientLPS [30] 59.2 65.1 75.0 69.8 64.9
Panoptic PH-Net [19] 61.7 - - - 65.7
GP-S3Net [28] 63.3 71.5 81.4 75.9 73.0
PUPS [31] 64.4 68.6 81.5 74.1 -
LCPS (Baseline) 55.7 65.2 74.0 65.8 61.1
LCPS (Full) 59.0 68.8 79.8 68.9 63.2

Table 3. 3D panoptic segmentation results on SemanticKITTI val-
idation set.

ACPA SARA PVP SC FOG PQ
72.9

✓ ✓ 76.8
✓ ✓ 77.5
✓ ✓ ✓ 79.2
✓ ✓ ✓ ✓ 79.8

Table 4. Ablation study on NuScenes validation set. The SC rep-
resents Simple Concatenation compared to PVP.

4.4. Ablation Study

To analyze the source of remarkable performance im-
provements, we conduct an ablation study on various com-
ponents of our approach on NuScenes validation set. As
depicted in Table 4, we divide the ablation study into the
following three parts.
Ablation on Fusion Modules. We separately verify the
effectiveness of the Asynchronous Compensation Point
Alignment (ACPA), Semantic-Aware Region Alignment
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Figure 5. The overview of qualitative results from NuScenes validation set. (a) and (b) are visualization comparisons among the ground-
truth (denoted as GT), the baseline predictions (Baseline), and full LCPS predictions (Full). Red circles emphasize the notable differences.
We find that various Thing and Stuff objects can be predicted more accurately. (c) and (d) demonstrate semantic segmentation quality at
nighttime. (e) and (f) verify the robust instance segmentation ability of our network. Better zoomed in.

Figure 6. The visualization results of semantic-aware regions fil-
tered by CAMs.

(SARA), and Point-to-Voxel feature Propagation (PVP). It
is observed that the ACPA with simple concatenation (SC)
could bring an improvement of 3.9% PQ (contrasting line 1
and line 2) and an improvement of 4.6% PQ with PVP mod-
ule (contrasting line 1 and line 3). Another 1.7% PQ gain
can be achieved combined with SARA (contrasting line 3
and line 4). It verifies our designs on geometry-consistent
and semantic-aware LiDAR-Camera fusion strategy.
Ablation on FOG Mask. We test the influence of the FOG
mask and observe the improvement of 0.6% PQ (contrast-
ing line 4 and line 5). It suggests that FOG Mask may bring
additional supervision to the backbone network and further
augments the semantic prediction in post-processing group-
ing.

4.5. Qualitative results and the Discussion

Visualization of Panoptic Predictions. In Figure 5, we
evaluate our visual predictions compared among ground-
truth (GT), baseline, and full network (Full Predictions).
The following observation can be made: 1) Our architec-
ture achieves effective semantic and instance segmentation
among challenging scenarios, like crowds of pedestrians
and vehicles (see Figure 5 (a)(b)(e)(f)); 2) Our LiDAR-
Camera Fusion strategies can achieve robust segmentation
quality at nighttime with the complementary information

from surrounding cameras (see Figure 5 (c)(d)); 3) FOG
can help filter confusing points and noise points, making
segmentation quality more robust (see Figure 5 (a)(b)).
Visualization of Class Activation Maps. We further ver-
ify the quality of generated Class Activation Maps (CAMs)
in Figure 6, which constitute the semantic-aware regions in
images. The red color illustrates higher semantic correla-
tions, while the blue color refers to lower ones. It demon-
strates that our SARA module generates highly correlated
alignment among various categories, effectively extending
the one-to-one mapping to semantic-aware one-to-many re-
lations.

5. The Conclusion
In this paper, we are the first to propose the geome-

try consistent and semantic-aware LiDAR-Camera Panoptic
Network. As a new paradigm, we effectively exploit com-
plementary information from LiDAR-Camera sensors and
make essential efforts to overcome asynchronous and uti-
lization problems via Asynchronous Compensation Point
Alignment (ACPA), Semantic-Aware Region Alignment
(SARA), Point-to-Voxel feature Propagation (PVP), and
Foreground Object selection Gate (FOG) mask. These
modules enhance the overall discriminability and perfor-
mance. We hope that our thought-invoking multi-modal fu-
sion practice can benefit future research.
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