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Abstract—Recently, there has been a growing interest in
image/video coding tailored for intelligent analysis tasks, such
as Image/Video Coding for Machines (ICM/VCM). These ap-
proaches have shown remarkable results when compared to
human perception-based coding methods. However, point cloud
coding methods for machine intelligence have not been extensively
studied. Inspired by current LiDAR point cloud intelligent
analysis methods which convert point cloud into bird’s-eye-view
(BEV) perspective, we propose an end-to-end learnt point cloud
coding framework for 3D machine intelligent tasks with BEV
representation, named PC4M. Specifically, the PC4M system
consists of a LiDAR encoder, a learnt BEV feature codec and
a BEV region proposal network with a task-specific head. To
achieve better rate-distortion performance for analysis tasks, we
propose an efficient Res-NeXt fusion block with powerful multi-
scale modeling ability to compress sparse BEV features, and
design a long-distance adaptive attention module by using VanAt-
ten block. Experimental results demonstrate that our method
outperforms the state-of-the-art MPEG standard Geometry-
based Point Cloud Coding (G-PCC) on the object detection and
BEV map segmentation by 83.12% and 85.32% of BD-rate gain
on nuScenes, respectively. To the best of our knowledge, this is
the first end-to-end learnt task-oriented point cloud codec.

Index Terms—Point cloud coding for machine, Point cloud
compression, Bird’s-eye-view representation, Multi-task learning.

I. INTRODUCTION

Over the recent years, point clouds have become a sig-
nificant data format for providing high-accuracy depth infor-
mation of objects for autonomous driving systems. However,
huge volume of data generated by LiDAR remains a challenge
for data communication. Efficient compression of LiDAR
point clouds to meet storage and bandwidth requirements can
improve the efficiency of autonomous driving systems.

Traditional point cloud coding (PCC) algorithms have
rapidly developed under the efforts of the MPEG expert
group [1]. They are mainly divided into two typical PCC
architectures: Geometry-based PCC methods (G-PCC) which
compresses point cloud by utilizing the octree structure and
Video-based PCC methods (V-PCC) which compresses the
projected plane from point cloud using a video codec. Fur-
thermore, increasing studies have begun to focus on learnt
PCC methods. Due to the sparsity and irregularity of point
clouds, these methods change the original 3D representation
of point clouds, such as regular voxels [2], [3], octree [4]-
[6], or depth image [7], [8], etc. They all aim to maintain the
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signal fidelity of reconstructed point clouds as the compression
target without considering joint optimization for downstream
tasks which make these decoded point clouds bear obvious
perception accuracy loss in the tasks with low bitrate.

The rapid development of deep learning has led to break-
throughs in autonomous driving. The intelligent perception
system of a single vehicle converts LiDAR point cloud into
bird’s-eye-view (BEV) representation, demonstrating real-time
and high-precision sensing ability, giving rise to various
perception tasks under BEV, such as BEV object detection
and tracking [9]-[12], and BEV map segmentation [12]-
[14]. Besides, in order to compensate for the limitation of
single-vehicle perception range, collaborative perception meth-
ods [15]-[17] improve the perception quality by transmitting
the intermediate BEV feature of point clouds between vehicles.

Recently, increasing research has been devoted to task-
oriented image and video compression. They compress im-
age/video for intelligent analysis tasks with joint optimiza-
tion. Existing Image/Video Coding for Machine (ICM/VCM)
methods either compress image/video in their original domain
[18], [19] for specific task or compress intermediate feature
representation of image/video in feature domain [20]-[22]
for task analysis. Currently, compressing intermediate feature
methods become the mainsteam branch of ICM/VCM schemes
which take task loss and entropy loss as optimized target and
outperform the state-of-the-art Versatile Video Coding (VVC)
standard on intelligent analysis tasks.

Motivated by ICM/VCM, we present a novel point cloud
coding framework optimized for machine analysis tasks based
on BEV representation, as shown in Fig. 1. We propose an
intelligent feature codec with BEV feature as compressed ob-
ject, and design a Res-NeXt fusion block and VanAtten block
specially for sparse BEV feature whose coding efficiency is
obviously better than that of ordinary image codec.

This paper has the following major contributions:

e We establish a novel research direction and propose an
end-to-end learnt point cloud codec for machine intelli-
gence based on bird’s-eye-view representation.

o We have confirmed that considering machine intelligence
accuracy in optimizing coding schemes can significantly
improve coding efficiency with task accuracy.

« We propose an intelligent feature codec by utilizing
spatially sparse convolutional kernels with large receptive
fields, which effectively adapt to the spatial sparsity
characteristic of BEV features, resulting in a significant
improvement in coding efficiency.
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Fig. 1: The proposed LiDAR Point Cloud Coding For Machines (PC4M) architecture. Q refers to quantization. AE and AD
are arithmetic encoding and decoding, respectively. 1 2 and | 2 represent the up/down-sample operation. (-) represents the dot

multiplication operation.

II. RELATED WORK

ICM/VCM methods convert image/video into an unified
intermediate feature representation and utilze learnt image
codec to compress the feature for intelligent analysis tasks.
Therefore, we rethink current BEV-based point cloud analysis
and learnt image compression (LIC) methods.

BEV-based point cloud analysis: The BEV representa-
tion has gradually become a natural and simple candidate
view as a unified representation in the field of autonomous
driving [23]. Various LiDAR object detection methods firstly
convert point cloud into regular grids such as 3D voxels [24]
or 3D pillars [9]. And then, sparse 3D convolution/standard 2D
convolution is used respectively to aggregate local voxel/pillar
features and fuse height channel information, finally flatten 3D
features into the 2D BEV space. BEV representation can easily
identify problems such as object blocking and cross-traffic
and serve as an unified feature space to complete multiple
downstream tasks [12], such as object detection and map
segmentation.

Learnt image compression: LIC utilizing auto-encoder
structures has shown remarkable progress and performance.
Ballé [25] proposed an end-to-end CNN-based compression
model, followed by a VAE architecture and the incorpo-
ration of hyperpriors for improved compression [26], and
[27] utilized a local context model to enhanced the entropy
model. Building upon these frameworks, various approaches
have emerged to enhance the backbone of image compres-
sion. Cheng [28] introduced residual networks and attention
modules, while [29] employed multi-scale residual blocks
and a content-adaptive bit allocation strategy using an impor-
tance scaling map. Some studies utilized Vision Transformers
(ViT) [30] to extract global context information. In contrast,
TCM [31] incorporated the local modeling ability of CNNs
with the non-local modeling ability of transformers, achieving
impressive coding performance.

LiDAR point cloud analysis methods transform the point
cloud into image-like 2D BEV features. It becomes possible
to leverage the existing learnt image compression techniques.
In our work, we organically combine both above approaches
to realize the PC4M framework.

III. METHODOLOGY
A. Architecture

The overall PC4M framework we proposed is shown in
Fig. 1, which comprises a LiDAR Encoder, an end-to-end
BEV codec, and a BEV Region Proposal Network (RPN) with
specific Head for downstream tasks. The LiDAR point cloud
P € RN*Fin j5 fed into the LIDAR Encoder, where N denotes
the size and Fj,, represents the coordinates and corresponding
attributes of the point cloud. It voxelizes the point cloud and
gradually extracts the BEV features Fppy € REXHXW by
using 3D sparse convolution and height flattening. The BEV
codec are responsible for compressing and reconstructing the
BEV representation. The BEV RPN further extracts more
detailed features from the decoded BEV features. The task-
specific heads generate final prediction results for each specific
task. In this paper, we focus on two downstream tasks: 3D
object detection and BEV map segmentation, to evaluate the
point cloud compression efficiency for machine analysis.

Our end-to-end BEV codec consists of three sub-models:
Analysis Transform g,, Entropy Model and Synthesis Trans-
form g,. The g, learns the compact latent representation
y of the input BEV feature, the Entropy Model learns the
side information z to capture spatial dependencies among
the elements of y, and estimates the probability distribution
parameters (u, o) for arithmetic coding and decoding. The g,
outputs the reconstructed BEV features through the decoded
potential representation from bitstreams.

Inspired by the feature fusion method of TCM [31] and
MSRB [29], we employ two stages of an advanced Res-
NeXt fusion block in the g, and g, network to enhance the
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Fig. 2: (a) Res-NeXt fusion block. (b) The enhanced Con-
vNeXt block. (¢) VanAtten block.

compression performance. The detailed structure of the Res-
NeXt fusion block is illustrated in Fig. 2 (a). Specifically,
the input BEV feature Fpgy is firstly input into a 1 x 1
convolutional layer which outputs two channel branches. One
is passed through the residual block to generate local features
Fresnet, the other is fed into the enhanced ConvNeXt block
to extract larger-scale features and inter-channel relationships,
resulting in Feonvnert- Subsequently, these two features are
concatenated into a new feature Fpp . It is then passed
through a 1 x 1 convolutional layer to reorganize the channels
and added with a shortcut output. Afterwards, we employ two
1 x 1 convolutional layers with generalized divisive normal-
ization (GDN) [25] operators to split Ff; 5y, into two branches
again, and repeat the previous operation to finally output an
representation that fully integrates multi-scale features.

ConvNeXt [32] are constructed entirely from standard Con-
vNet modules and outperforms Transformers in terms of both
accuracy and scalability. In the Res-NeXt fusion block, we
enhanced the ConvNeXt block by incorporating 7 x 7 depth-
wise convolution with dilation 3 (DW-D-Conv) to expand the
receptive field, as depicted in Fig. 2 (b). Additionally, we de-
sign a VanAtten block by introducing the VAN [33], illustrated
in Fig. 2 (c). VAN decomposes large kernel convolution into
a depth-wise convolution (DW-Conv), depth-wise dilatation
convolution (DW-D-Conv) and point-wise convolution (1 x 1
Conv), reducing the computational cost and obtaining spatial
and channel adaptability. The detail of VAN is presented in
Fig. 3, we adopt 5x 5 DW-Conv and DW-D-Conv with dilation
3. The designed VanAtten block can capture local information
by residual blocks (RB) and enable long range correlations
by VAN, making the network more capable of preserving
downstream task perception accuracy with lower bitrate.

The input BEV features are gradually downsampled by
residual block with stride (RBS) of 2, we utilize two layers of
spatial downsampling in g,. At the end of g,, we utilize the
importance scaling method [29] to achieve content-adaptive bit
allocation, which makes the model focus more on the crucial
regions for machine analysis. The g, is symmetrical to the g,,
and two upsampling layers are used to gradually restore the
original BEV features.

B. Rate-distortion optimization combined with task analysis

Rate-distortion optimization (RDO) applied in learnt image
and point cloud compression typically considers both entropy
rate and reconstructed image distortion. Given a BEV feature
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Fig. 3: The detail of VAN module.

x and a set of analysis transform g, and synthesis transform
gs, the BEV feature codec can be formulated by:

Y = go(; @)
Y=Qly—p)+p (1)
= g,(y;0)

where « and & here represent the raw BEV feature and
decompressed BEV feature, respectively. y is the latent rep-
resentation of BEV feature, ¥ is the quantized latent.

We aim to strike a balance between bitrate and accuracy of
machine analysis. To further preserve the semantic information
in a deeper feature level, the original feature a and its
reconstructed one & are both fedding into BEV RPN network,
obtaining multi-layers features f and f before specific Head.
And then, we calculate task feature loss L, utilizing Mean
Square Error (MSE) loss between those multi-layers features
of x and &. By the way, we also calculate Lpgy which
denotes MSE distortion between original and reconstructed
BEV features. Our particular loss function is defined as:

3
E:XR(@)—&—)\-R(%)—&—a-D(az,ﬁz)—i—Zwi'D(fi,fﬂ

Lrate LBEVv =1
Ltask
=A-E [— log, (P@\z(.@ \ 2))] +A-E [—logz (pz\w(i | ¢m
3
+o-D(x, &)+ Y wi D(fi f),
i=1

2
where \ controls the rate-distortion tradeoff. v and w are both
hyperparameters which control the importance of different
distortions, and the number of layers is 3.

1V. EXPERIMENT
A. Dataset and Settings

To evaluate the compression ability and quality with differ-
ent tasks, we choose nuScenes as training and testing dataset.
The nuScenes [34] dataset is a large-scale autonomous driving
benchmark supporting for object detection and BEV map
segmentation including 1,000 driving scenes in total, which
are split into 700, 150 and 150 scenes for training, validation
and testing, respectively.

Model details We initialize LiDAR Encoder, BEV RPN
and detection/segmentation heads using pretrained Bevfusion-
L [12] models. We voxelize the LiDAR point cloud with
0.075m for detection, and 0.1m for segmentation on nuScenes.
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Fig. 4: Baseline curves and ablation on feature codec.

Training details We train the BEV feature codec with fixed
parameters of other models in the PC4M framework. Op-
timization is carried out using AdamW [35] with a batch
size of 8. The learning rate is maintained at a fixed value
of 1 x 10™* during the training process, and is reduced to
1 x 107" for the last 5 epochs. ) in Eq. 2 belongs to the set
{0.005,0.01,0.02,0.04,0.08}, « is experimentally set to 0.5,
w1, way, wy are set to 0.25, 0.25 and 0.5, respectively. All the
methods are trained on 8 RTX 3090 GPUs.

Evaluate setting For 3D Object Detection, we use the mean
average precision (mAP) [36] across 10 foreground classes
on nuScenes as our detection perception metrics. For BEV
Map Segmentation, we report mean Intersection-over-Union
(mloU) [37] of 6 background classes as our segmentation
perception metric.

B. Baseline Experimental Results

Fig. 4 (a) and (b) report our rate-performance curve result,
compared with G-PCC (tmc13v21) [38] anchor on 3D object
detection and BEV map segmentation. Specific results are
illustrated in Table I, the PC4M method achieves 83.12% BD-
rate gain on detection. Meanwhile, after using channel split in
Res-NeXt fusion block, we can save a lot of parameters and
FLOPs, while we can still get a comparable BD-rate. Baseline
results prove that the efficiency of PC4M optimized with
machine analysis is significantly higher than that of traditional
LiDAR point cloud codec.

C. Ablation Study

Feature codec ablation We implement ablation study on
the BEV feature codec, compared with the learnt image
compression methods applied into our PC4M system including
Cheng20 [28], MSRB [29], as shown in Fig. 4 (c) and (d).
Our BEV feature codec outperforms Cheng20 by 59.53% and
50.75% detection and segmentation BD-rate gains, respec-
tively. MSRB using multi-scale residual blocks achieves better
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Fig. 5: Ablation study on task feature loss.

performance than Cheng20, ours on average saves 27.54%
and 16.00% bitrate for the same task performance level on
detection and segmentation than MSRB, respectively. As we
can see, our feature codec specially designed for sparse BEV
feature can achieve much better coding performance.

Loss function ablation We implement ablation study on 3D
object detection task using our designed loss function, Fig. 5
illustrates the result that validate the contribution of the task
feature loss. The w/o task feature loss represents that we
remove the task feature loss in Eq. 2. The inclusion of the
task loss in the compression process leads to a 57.93% BD-
rate gain compared to the absence of the task loss. This result
indicates that the distortion of multi-layer features can signif-
icantly contribute to preserving downstream task information.

TABLE I: Bjgntegaard Delta rate (BD-rate) with respect to
detection performance against G-PCC anchor as in Figure 4.

Methods BD-rate  Parameters(/M)  FLOPs(/G)
Cheng20 [28] -74.66 34.03 221.52
MSRB [29] -79.18 42.43 402.97
Ours (w/ channel split) -82.09 44.94 450.25
Ours (w/o channel split) -83.12 62.43 852.82

V. CONCLUSIONS

In this paper, we proposed the first end-to-end learnt point
cloud coding for machines, named as PC4M. We transform the
point cloud into BEV representation, utilizing a learnt feature
coding method to compress the BEV feature. We proposed a
Res-NeXt fusion block and introduced a VanAtten block to the
feature codec for achieving better compression performance.
Finally, we introduced a special loss function that combines
machine intelligence tasks to jointly optimize the BEV feature
codec. Our PC4M method totally outperforms traditional G-
PCC method and our feature codec also shows outstanding
performance than learning-based approaches. In the future, we
will continue to explore the potential of point cloud coding
schemes for machine intelligence.
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