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Abstract

3D object detection is one of the most important tasks
in fields of autonomous driving and robotics. Our research
focuses on the low efficiency issue of point-based methods
on large-scale point clouds. Existing point-based methods
adopt farthest point sampling (FPS) strategy for downsam-
pling, which is computationally expensive in terms of in-
ference time and memory consumption when the number
of point cloud increases. In order to improve efficiency of
downsampling, we propose the Centroid Instance Fusion
Sampling Strategy (CIFSS) and effectively replace the first
and the most complicated Set Abstraction (SA) layer. Be-
sides, we believe that excessive background information is
unnecessary for 3D object detection. Thus a local feature
diffusion based background point filter (LFDBF) is con-
structed to exclude most invalid background points. LFDBF
and CIFSS are combined to develop a highly efficient point-
based 3D object detection framework, which can be embed-
ded to any point-based models. Extensive experiments on
multiple public benchmarks have demonstrated the superi-
ority of CFDS3D. On Waymo dataset [22] , the proposed
framework significantly improves performance of baseline
model and accelerates inference speed by 3.8 times. For
the first time, real-time detection of point-based models in
large-scale point cloud scenario is realized.
Keywords: 3D object detection, point-based method, far-
thest distance sampling.

1. Introduction

In recent year, as a common 3D representation, point
cloud has been widely applied in 3D tasks, among which 3D
object detection is crucial for autonomous driving. How-
ever, due to the orderless, sparse and irregular nature of
point cloud, it is still challenging to predict 3D detection
box with multiple degrees-of-free. Early works project
point clouds to multi-view [1,8,9,11,20,21,27,37], or vox-
elise point clouds [4, 10, 26, 29, 30, 34, 35, 38] and extract

Figure 1. Comparison of performance and inference time of vari-
ous models on Waymo dataset [22]. CFDS3D baseline is IA-SSD
[33]. Experiment results are derived by using OpenPCDet [23]
framework on a single A40 GPU. More details can be found in
Table 1.

features through 3D convolution. Although these methods
have achieved outstanding results, it is unavoidable to lose
information when point cloud is converted to intermediate
representation such as voxel. And it inevitably leads to de-
clined model performance.

As we know, point-based methods [13–15, 19, 24, 25,
28, 33] extract point cloud features layer by layer, and
rely on sophisticated downsampling strategies, such as
Distance-Farthest Point Sampling (D-FPS) and Feature-
Farthest Point Sampling (F-FPS) [14,28,33], to obtain cen-
ter points. However, computational costs of these strategies
are too expensive to afford when applied for large-scale 3D
object detection. As shown in Table 1, the first layer of
downsampling costs most of the inference time. On large
datasets like Waymo [22] and Nuscenes [2], when the num-
ber of input points reaches 100k, it takes 498.1ms for D-FPS
to sample 16,384 points, which severely hinders the appli-
cability of point-based models on tackling large-scale point
cloud tasks. While for 3D object detection, to the best of
our knowledge, existing works have not provided an effi-
cient and effective sampling strategy.

1
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Moreover, as an object-oriented task, 3D detection does
not need dense background context. SASA [3] employs
MLP to encode point features, combing with FPS to in-
crease the number of instance points. While IA-SSD [33]
utilizes MLP to replace the last two layers of FPS for center
point selection, in order to improve the recall rates of in-
stance targets. However, current methods depend on com-
plicated downsampling strategies or neighboring features
extraction by the preceding SA layers to separate forground
and background points. And it leads to a large amount of
inefficient computations in the first few SA layers.

Firstly, to reduce runtime of the downsampling module,
we propose Centroid Instance Fusion Sampling Strategy
(CIFSS) as an alternative to FPS. CIFSS significantly im-
proves the inference speed of the model, thus make it pos-
sible for point-based models to achieves real-time detection
in large-scale point cloud scenes. In addition, we propose
a Centroid Point Offset Module to preserve the original ge-
ometry of instance targets, which helps the model to accu-
rately regress bounding box size. Secondly, we present a
Local Feature Diffusion Background Filter (LFDBF) that
effectively discriminates foreground and background points
and extracts voxel-based features before SA layer. It also
provides multi-dimensional features of point clouds for fur-
ther computations. We find that LFDBF tends to sample
highly densed regions and ignores sparse foreground points
at the far end. Thus we propose Density Distance Focal
Loss based on density and distance of point clouds regions,
to guarantee that sparse foreground points are sampled. Fur-
thermore, we construct a 3D object detection framework
CFDS3D that is compatible to almost all the point-based
models. And real-time detection of point-based models in
large-scale point cloud scenarios is realized.

To summarize, our contributions are listed as follows,

• We introduce a point-based 3D detection framework
CFDS3D, which achieves efficient and accurate detec-
tion in large-scale point cloud scenes when inserted to
existing point-based methods.

• We propose a Local Feature Diffusion Background Fil-
ter (LFDBF) to extract multi-dimensional features and
exclude invalid background points in the raw point
cloud input.

• We propose Centroid Instance Fusion Sampling Strat-
egy (CIFSS) to realize real-time inference of point-
based models in large-scale point cloud scenarios, as
an efficient alternative of complicated downsampling
strategies such as FPS.

• Extensive experiments on multiple large datasets
have demonstrated effectiveness and superiority of
CFDS3D.

2. Related Works

Due to the intricate properties of point clouds, re-
searchers attempt to represent features by projecting into
voxel grids [4, 9, 26, 29, 30, 34, 35, 38]. But these static
projection methods results in information loss. Point-based
methods directly use raw point cloud information as the in-
put, and apply top-down aggregation on global features of
point cloud. Moreover, combining two different forms of
point cloud information can effectively improve model per-
formance. Section 2.1 briefly introduces voxel-based meth-
ods for 3D object detection, followed by point-based meth-
ods in Section 2.2 and voxel-point based methods in Section
2.3.

2.1. Voxel-based Methods

In order to process unstructured 3D point cloud, voxel-
based 3D detectors convert point clouds to regular voxel
grids, such that the commonly used convolutions can be
applied. VoxelNet [38] voxelizes the point cloud, and em-
ploys a voxel feature encoding layer to aggregate global and
local information. However, computation and storage cost
of 3D convolution increase along with resolution and bring
unaffordable burden. SECOND [26] alleviates this issue by
introducing 3D sparse convolution to substitute traditional
convolution, and effectively optimizes memory usage and
computation speed. PointPillars [9] further improves detec-
tion speed. It simplifies voxel to pillar with two dimensions,
projects features to bird’s eye view and applies 2D convolu-
tions to extract deep features. SE-SSD [36] utilizes teacher-
student network for data augmentation. SA-SSD [5] em-
ploys segmentation and center point prediction to facilitate
model for further extraction of structural information.

2.2. Point-based Methods

Different to voxel-based methods, point-based methods
use original information as the input, and adopt top-down
learning to extract unstructured features of point cloud.
Existing point-based methods normally adopt architectures
similar to PointNet++ [14], which aggregates features by
using symmetric aggregation function. PointRCNN [17] is
the first 3D object detection model based on the original
point cloud. It uses foreground segmentation network to ob-
tain valid points for detection box regression, and predicts
detection box by basing on bin. 3DSSD [28] is a single-
stage detection framework that combines advantages of D-
FPS and F-FPS. IA-SSD [33] uses FPS and instance-aware
downsampling modules to extract features point by point,
and utilizes contextual clues around bounding box to pre-
dict centroids. Nevertheless, existing methods cannot fully
achieve fast and accurate downsampling. Constrained by
complicated strategy in SA layer, existing methods are in-
feasible for large-scale 3D object detection.
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2.3. Voxel-Point Based Methods

Voxel-point based methods combines the two methods
above. Voxel-based methods are able to select region pro-
posal effectively, but their receptive fields are limited due to
the size of voxel. While, point-based methods have flexi-
ble receptive fields to capture accurate contexts. PV-RCNN
[16] adopts 3D convolutional networks and set abstraction
of PointNet [13] to learn features. Learnt voxel features are
encoded to constitute a set of keypoints that can be used
to transform features to different dimensions. HVPR [12]
is a single-stage detection framework that effectively in-
tegrates voxel-based and point-based features to a single
3D representation. Memory modules are used to enhance
point-based features and generate voxel-based features. Al-
though accuracy has obvious improvement when compared
to voxel-based and point-based methods, voxel-point based
methods require extraction of multi-modal features and ex-
tra computational resources, which makes it impracticable
in real-life scenario.

The proposed CFDS3D framework not only preserves
advantages of common downsampling strategies such as
FPS, but also improves efficiency of downsampling mod-
ules. Besides, CFDS3D extracts both voxel-based and
point-based features for subsequent models to learn multi-
modal information.

3. The Proposed Centroid Feature Diffusion
Sampling Framework

3.1. Overview

Compared to intensive perception tasks like 3D seman-
tic segmentation, 3D object detection pays more attentions
to target objects. Existing 3D detection models use a great
amount of background points as the input, which burdens
subsequent models with huge computational load. Besides,
complicated downsampling strategies such as FPS are un-
avoidable for existing point-based methods, causing ineffi-
cient computation and long inference time. To address these
problems, we propose the Centroid Feature Diffusion Sam-
pling (CFDS3D) framework for point cloud 3D object de-
tection. CFDS3D is comprised of Local Feature Diffusion
based Background Point Filter (LFDBF), Centroid-Instance
Fusion Sampling Strategy (CIFSS) and SA layer.

As shown in Figure 2, LFDBF and CIFSS are combined
to classify foreground and background points, and conduct
highly efficient downsampling. Then Neighborhood Fea-
ture Diffusion Module (NFDM) further enlarges diffusion
range of voxle centroid features, for reducing information
loss due to downsampling. CFDS3D can be inserted to any
point-based 3D object detection models and perform end-
to-end training.

3.2. Local Feature Diffusion based Background
Point Filter

We propose the Local Feature Diffusion based Back-
ground Point Filter (LFDBF) to efficiently remove
background points. Given a set of points P =
{pi | i = 1, · · · , N} ∈ Rn×c, n and c denote the number of
input points and channels, respectively. In Figure 2, points
are voxelized to obtain a matrix of the size m×s×c , where
m is the number of valid voxels, s is the number of points
in voxel. For extraction of local features in every voxel, we
use the method proposed in PointPillars [9] to acquire rel-
ative position information in voxels. We concatenate these
6-dimensional local features to original voxel features along
feature dimension to obtain relative positional features with
dimension R[m,s,(c+6)]. After that, we flatten these rela-
tive positional features to R[m,s×(c+6)] for further compu-
tations.

MLPs supervised by instance labels are used to encode
voxel-based neighboring features of point cloud. Inspired
by RandLA-Net [6], we construct a Neighborhood Feature
Diffusion Module (NFDM), where multi-scale ball query
replaces K nearest neighbors in RandLA-Net to accelerate
processing. As shown in Figure 3, for each voxel, after
the neighborhood is derived, neighboring features are dif-
fused to other voxels in its neighborhood. Thus each voxel
contains contextual information from voxels in the vicinity.
Such method can effectively improve accuracy of classifi-
cation network and reduce information loss of foreground
points caused by downsampling.

After NFDM, each voxel is rated by voxel features. MLP
is employed as the classification network to calculate clas-
sification confidence of voxels. With a classification con-
fidence higher than α, the voxel is selected and considered
as the foreground voxel. And its features are expressed by
Fv ∈ Rms×c1 , where ms is the number of foregound vox-
els and c1 is the number of channels. Points in foreground
voxels are regarded as foreground points.

Since dense regions in the vicinity are more likely to be
chosen, small and sparse regions in the distant foreground
are normally neglected. To solve this problem, we pro-
pose the Density Distance Focal Loss LDDFL based on nor-
mal distribution. It prevents object instances at a distance
from exclusion. Density constraint MDen assigns various
weights according to point density in voxels, and is written
as follows,

MDen =
1√
2πσ

exp

(
−
( Nv

NMax
− µ)2

2α2

)
×
√
2πσ (1)

where µ and σ are position and scale parameters of normal
distribution. Nv and Nmax represent the number of valid
points in voxel and the maximum value, respectively. Dis-
tance constraint MDis assigns more weights on objects at a
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Figure 2. Diagram of CFDS3D framework. V to P represents the conversion from voxel to point. n, m, ms, m1, and m2 represent the
input number of point cloud, the number of valid voxels, the number of selected voxels, the number of selected centorid points and the
number of selected Instance points, respectively. Voxels colored in orange are selected as the foreground voxels. c and c1 represent the
number of input channel and feature channel respectively.

Figure 3. Diagram of Neighborhood Feature Diffusion Module.
(a) represents neighbourhood features in voxel. (b) represents the
diffusion process. (c) demonstrates the diffusion process after sec-
ond NFDM module. Yellow regions are valid voxels, orange re-
gions are the diffusion coverage of voxels. Each voxel uses ball
query to obtain its neighbourhood, and diffuses its neighbourhood
features to other valid voxels. After the first NFDM module, a
voxel can obtain information from neighboring voxels. After the
second NFDM module, the voxel can perceive information outside
the neighborhood.

distance, and is expressed as follows,

MDis =
exp

(
D

MD

)
e

(2)

where D is the distance between the point and the origin in
the coordinate system, MD is the distance from the farthest
point to the origin. And density distance focal loss LDDFL

is written as follows,

LDDFL = (1− pt)
γ
log (pt)×MDen ×MDis (3)

where pt represents the difference between predicted value
and ground truth value, γ is an adjustable factor.

3.3. Centroid-Instance Fusion Sampling Strategy

CIFSS aims to sample center points with high efficiency,
and replace FPS in the first SA layer. Reasons for the suc-
cess of FPS are twofold. One is that FPS adaptively selects
center points according to point density, i.e. more center
points are selected in regions of high density. The other
is that FPS samples from the original point cloud and pre-
serves geometric structural information, which is beneficial
to improve accuracy of the following detection box regres-
sion. Therefore we add part of foreground points to cen-
ter points, in order to increase sample density of instance
objects. A centroid point offset module is constructed to
restore the original geometric structure of point cloud.

Raw Instance Points Sampling. After foreground vox-
els are derived, centroid positions of voxels are calculated
and noted as Di ∈ Rms×3. We sort centroid points ac-
cording to classification confidence from the highest to the
lowest, and select the highest m1 points. In addition, we
select m2 points that have shortest distances to the origin.
Both instance points and centroid points are regarded as the
center points for the first SA layer in subsequent models.
Algorithm 1 is the detailed procedure of CIFSS.

Voxel Centroid Points Offset. Adding positional infor-
mation of the original point cloud to the following network
layer by layer helps adapting to the original point cloud
structure. However there exist deviations between centroid
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and actual point cloud position. Direct use of centroids
might cause losing the original positional information, and
the model to fail in predicting accurate size of bounding
box during regression. Consequently, we propose a cen-
troid point offset module that moves centroid to the nearest
instance point, for effective restoration on original size of
targets. And the centroid point offset loss function LCB is
written as follows,

LCB = SmoothL1
(
b×Mask, b̃

)
(4)

where b is the predicted offset between the centroid and its
nearest instance point, b̃ represents the actual offset of the
centroid point to the nearest instance point. Mask is a ma-
trix to denote whether centroid is present in the instance box
or not. If true, the corresponding value in the matrix is set
to 1, otherwise set to 0.

Algorithm 1 CIFSS

Input: foreground voxel index i, foreground voxel feature
Fv ∈ Rms×c1 , classification confidence σ, raw point
cloud position P ∈ Rn×3, hashtable that maps voxel to
point HashMap().

Output: center point feature FC ∈ R(m1+m2)×(3+c1).
1: m1 = the number of selected centroid points
2: m2 = the number of selected instance points
3: Calculate centroid point position of each foreground

voxel Pctr ∈ Rms×3 and centroid point feature Fctr ∈
Rms×(3+c1) ← Concat(Pctr, Fv).

4: Calculate foreground point position Pins ∈ Rns×3 ←
HashMap(P, i) and foreground point feature Fins ∈
Rns×(3+c1) ← Concat (Pins, HashMap (Fv, i)).

5: Sort centroid points according to classification confi-
dence σ in descending order, and select the centroid
feature Fc ∈ Rm1×(3+c1) from Fctr.

6: Select the instance feature Fi ∈ Rm2×(3+c1) from Fins

by distance.
7: Derive center point feature by merging centroid fea-

ture and instance feature : FC ∈ R(m1+m2)×(3+c1) ←
Concat(Fc, Fi).

3.4. Centroid Feature Diffusion Sampling frame-
work

As a plug-and-play framework, CFDS3D is compatible
to any point-based 3D object detection models. We apply
another Neighborhood Feature Diffusion Module to enlarge
diffusion range of each centroid feature. Through stacking
two NFDMs, CFDS3D can effectively reduce information
loss due to downsampling and replace the sophisticated and
first SA layer.
Total Loss. The proposed CFDS3D framework can be inte-
grated with other models for end-to-end training. Multiple

loss functions are combined for optimization. Total loss in-
cludes density distance focal loss LDDFL, centroid point
offset loss LCB , classification loss Lcls and bounding box
generation loss Lbox, as given in Equation 5.

Ltotal = LDDFL + LCB + Lcls + Lbox (5)

4. Experiments and Discussions
4.1. Implementation Details

We choose IA-SSD [33] as the baseline and construct
our model. Extensive experiments are conducted to demon-
strate the effectiveness of our method. First of all, we
voxelize the input point cloud, and set voxel size to
[0.075, 0.075, 1]. In LFDBF module, after dimensional ex-
pansion, point clouds are fed into three MLP layers of size
(16, 16, 32). Diffusion radius of the first and the second
NFDM are set to 0.4 and [0.2, 0.8]. The maximum number
of diffusion points of both NFDMs are set to 16. Confidence
threshold is set to 0.45 in voxel classification module. We
set µ = 0.5 and σ = 0.5 in the density distance focal loss
function (Equation 3). Centroid offset module in CIFSS
contains two MLP layers with size of (16, 3).

Following the configuration of IA-SSD [33], multi-scale
grouping is applied in the last three SA layers. Multi-
scale receptive fields with radius [0.8, 1.6], [1.6, 4.8] and
[4.8, 6.4] are provided. In contextual centroid prediction
module, three MLP layers of size (256, 256, 3) are em-
ployed to predict offsets of instance centroids. All exper-
iments are conducted on NVIDIA A40 GPU and AMD
EPYC 7402 CPU with a batch size of 8. We apply Adam [7]
optimizer with learning rate 0.01 and weight decay 0.01.

4.2. State-of-the-art Comparison

3D Detection on Waymo. To validate performance of
CFDS3D on large-scale point cloud scenes, we conduct
quantitative experiments on Waymo [22] dataset. Waymo
dataset [22] contains 160K samples in training set and 40K
samples in validation set with two difficulty levels of chal-
lenge, Level1 and Level2. We construct two CFDS3D
frameworks in two different settings. The maximum num-
ber of sampled centroid points and instance points are set to
16384/2048 and 30720/8197, respectively. The number of
sampling points of the last three SA layers are set to 4096,
2048 and 1024. IoU threshold is set to 0.25.

Table 1 demonstrates that the proposed CFDS3D
significantly improves the inference speed and accu-
racy of baseline model. Compared to the baseline
model IA-SSD [33], on Level1 CFDS3D(16384/2048)
improves 0.35%/0.24%, 4.01%/5.59%, 0.53%/1.17% in
terms of mAP/mAPH. Inference speed is improved by
3.8 times. For CFDS3D(30720+8192) with more in-
put points, on Level2 mAP/mAPH are improved by
(1.14%/1.45%, 4.42%/5.36%, 1.04%/1.49%). Inference
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Table 1. Comparison of different works on the Waymo val set. 20% of training set ( 32K) is used for training. Evaluation metrics are
mean average precision (mAP) and mAP weighted by heading accuracy (mAPH). L1 and L2 denote Level1 and Level2. FPS represents the
inference speed of the model when batch size is set to 1. Bold texts are our results and the best results are underlined. For fair comparison,
inference time and performance evaluation metrics are derived by reproducing methods under OpenPCDet framework [23].

Method Type
Veh.(L1)

mAP/mAPH
Veh.(L2)

mAP/mAPH
Ped.(L1)

mAP/mAPH
Ped.(L2)

mAP/mAPH
Cyc.(L1)

mAP/mAPH
Cyc.(L2)

mAP/mAPH
FPS

SECOND [26] 1-stage 70.96/70.34 62.58/62.02 65.23/54.24 57.22/47.49 57.13/55.62 54.97/53.53 33.4
Pointpillars [9] 1-stage 70.43/69.83 62.18/61.64 66.21/46.32 58.18/40.64 55.26/51.75 53.18/49.80 26.1

CenterPoint [31] 1-stage 71.33/70.76 63.16/62.65 72.09/65.49 64.27/58.23 68.68/67.39 66.11/64.87 22.9
PV-RCNN [16] 2-stage 75.41/74.74 67.44/66.80 71.98/61.24 63.70/63.95 65.88/64.25 63.39/61.82 2.8
Part−A2 [18] 2-stage 74.66/74.74 65.82/65.32 71.71/62.24 62.46/54.06 66.53/65.18 64.05/62.75 8.1

IA-SSD [33] 1-stage 70.53/69.67 61.55/60.80 69.38/58.47 60.30/50.73 67.67/65.30 64.98/62.71 2.7
CFDS3D(16384/2048) 1-stage 70.88/69.91 67.75/60.96 73.39/64.06 64.27/56.01 68.20/66.47 65.79/64.02 12.9
CFDS3D(30720/8192) 1-stage 71.47/70.81 62.84/62.25 73.80/64.18 64.80/56.09 68.71/66.65 66.17/64.20 8.5

Table 2. Quantitative results on Waymo val set for 3D object detection. † indicates that the whole scene is divided into four parts in the
first SA layer to accelerate FPS.

Method
Veh.(L1)

mAP/mAPH
Veh.(L2)

mAP/mAPH
Ped.(L1)

mAP/mAPH
Ped.(L2)

mAP/mAPH
Cyc.(L1)

mAP/mAPH
Cyc.(L2)

mAP/mAPH
FPS

IA-SSD† [26] 70.38/69.82 61.33/60.19 68.23/58.44 60.11/50.33 66.84/65.06 64.32/62.61 9.5
CFDS3D† (16384/2048) 69.29/69.37 60.88/60.06 72.50/63.08 63.35/55.05 66.91/65.39 64.66/62.89 17.9
CFDS3D† (30720/8192) 71.19/70.48 62.62/61.99 72.93/63.11 63.72/55.21 67.22/65.49 64.75/63.09 12.6

speed is improved by 2.1 times. Since CIFSS circumvents
heavy computational burden in the first SA layer, the pro-
posed CFDS3D is enabled to become the first point-based
framework that realizes real-time detection on large-scale
point cloud dataset. The visualization results are shown in
Figure 4. For more visualization results, please refer to Fig-
ure 5, 6 and 7. In Table 2, we divide the whole scene into
four parts to accelerate FPS at the first SA layer, and com-
pare accuracy and inference speed before and after inserting
CFDS3D to IA-SSD [33]. Note that this acceleration strat-
egy improves the inference speed but degrades the model
performance to some extent. Nevertheless, after inserting
CFDS3D models approximate and even surpass baseline
performances. The two CDFS3D frameworks accelerate in-
ference by 88.4% and 32.6%.

3D Detection on Nuscenes. We further conduct compar-
ison experiments on Nuscenes dataset [2] to verify the ro-
bustness of CFDS3D. Nuscenes dataset [2] contains 40K
annotated keyframes with 23 object categories. mAP and
NDS denote mean Average Precision and Nuscenes detec-
tion score. The maximum number of sampled centroid
points and instance points are set to 30720 and 8197. The
number of sampling points for the last three SA layers are
set to 4096, 2048 and 1024. IoU threshold is set to 0.25.
Visualization results are shown in Figure 8.

We report our results on Nuscences dataset [2] in Table
3. Our CFDS3D outperforms baseline model by 0.3% and
0.2% in NDS and mAP while accelerating inference by 1.8
times. Results on Nuscences [2] and Waymo [22] datasets

Figure 4. Visulization results of Waymo dataset V ehicle. (a)
ground-truth, (b) IA-SSD, (c) CFDS3D+IA-SSD. Red boxes rep-
resent differences of various results.

demonstrate robustness and good performance of CFDS3D
in a variety of large-scale point cloud scenarios.

4.3. Ablation Study

We conduct various ablation experiments on Waymo
dataset [22] . As shown in Table 4, we construct three dif-
ferent CFDS3D variants by ablating each proposed module.
Experiment results indicate that: (1) NFDM alleviates the
information loss caused by downsampling while enhancing
model performance. (2) LFDBF can separate foreground
and background points better by adding distance and den-
sity constraints, especially for small objects in the far dis-
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Table 3. Comparison results of various methods on Nuscenes val set. Bold texts are our results and best results are underlined. For fair
comparison, inference time and performance evaluation metrics are derived by reproducing methods under OpenPCDet framework [23].

Method NDS mAP Car Truck Bus Tra. C.V. Ped. Motor Bicy. T.C. Barrier FPS
Pointpillars [9] 46.8 28.2 75.5 31.6 44.9 23.7 4.0 49.6 14.6 0.4 8.0 30.0 37.4
3D-CVF [32] 49.8 42.2 79.7 37.9 55.0 36.3 - 71.3 37.2 - 40.8 47.1 -

SASA [3] 61.0 45.0 76.8 45.0 66.2 36.5 16.1 69.1 39.6 16.9 29.9 53.6 1.9
3DSSD [28] 56.4 42.6 81.2 47.2 61.4 30.5 12.6 70.2 36.0 8.6 31.1 47.9 2.0
IA-SSD [33] 48.8 44.0 73.8 45.1 67.0 29.7 17.0 66.9 40.6 14.6 32.0 53.2 2.4

CFDS3D + IA-SSD 49.1 44.2 74.8 45.7 66.2 29.8 16.8 70.5 40.7 14.8 29.4 53.6 6.8

Table 4. Ablation study on CFDS3D. We report mAP value of Waymo [22] dataset on LEV EL1, where NFDM stands for Neighbourhood
Feature Diffusion Module, DDFL denotes Density Distance Focal Loss, and Ctr-bias represents Centroid Point Offset Module.

NFDM DDFL Ctr-bias
Veh.(L1)

mAP
ped.(L1)

mAP
Cyc.(L1)

mAP
× × × 64.89 59.71 61.49√

× × 67.02 60.75 63.66√ √
× 68.15 68.33 67.18√ √ √

71.47 73.80 68.71
Improvement +6.58 +14.09 +7.22

Table 5. Ablation study of CFDS3D variants using different downsampling strategies in the first layer. mAP values of Waymo [22] dataset
in L1 difficulty are reported. Ins. Points represent using instance points as center points. Ctr. Points represent using centroid points as
center points. FPS represents using the farthest distance sampling strategy to calculate center points. FPS represents the model inference
speed when batch size is set to 1.

Ins. Points Ctr. Points FPS
Veh. (L1)

mAP
ped. (L1)

mAP
Cyc. (L1)

mAP
FPS

× ×
√

70.53 69.38 67.67 2.7
×

√
× 70.17 70.51 67.08 13.3√ √
× 70.88 73.39 68.20 12.9

Improvement +0.35 +4.01 +0.53 +10.2

Figure 5. Complementary visualization of Waymo Dataset Vehi-
cle, (a) ground truth, (b) IA-SSD, (c) CFDS3D + IA-SSD. Bound-
ing boxes in red are the difference, blue are the Vehicle.

Figure 6. Complementary visualization of Waymo Dataset Pedes-
trian, (a) ground truth, (b) IA-SSD, (c) CFDS3D + IA-SSD.
Bounding boxes in red are the difference, green are the Pedestrian.
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Figure 7. Complementary visualization of Waymo Dataset Cyclist,
(a) ground truth, (b) IA-SSD, (c) CFDS3D + IA-SSD. Bounding
boxes in red are the difference, purple are the cyclist.

Figure 8. Complementary visualization of our methods on Nus-
cences Dataset.

tance. (3) Retrieving raw point cloud geometry from voxels
helps subsequent network to better capture scale informa-
tion of instance object. Figure 9 compares results before
and after adding DDFL. We can find that distant targets are
sampled, which effectively improves model recall rate.

Table 5 reports ablation study of CFDS3D on various
downsmapling strategies. It is shown that centroid-point-
based downsmapling significantly improves the inference
speed of CFDS3D. But it does not refer to the density dis-
tribution of instance target, resulting in decreasing accuracy.

Figure 9. Visualisation results before and after DDFL. (a) original
point cloud input, (b) Without DDFL, (c) With DDFL. White dots
are foreground points. Bounding boxes in red are the difference.

Figure 10. Distribution of sample points by various sampling
strategies, (a) original point cloud input, (b) CIFSS, (c) FPS. White
dots are real instance points, blue dots are background points.

Combining instance points with centroid points as sampling
center not only improves the performance of baseline by
0.35%, 4.01% and 0.53%, but also still realizes real-time
detection (12.9 FPS). As given in 10, compared to FPS,
CIFSS samples more foreground points while excluding
most of the background points, which allows the model to
better focus on the instance target.

5. Conclusions
In this paper, an efficient framework is proposed for ac-

celerating point-based 3D object detection model, termed
as CFDS3D. It contains a fast center sampling strategy
CIFSS, which effectively avoids huge computational bur-
dens brought by FPS strategy in the first SA layer. To ex-
tract sufficient information from foreground points and ex-
clude invalid background points, LFDBF is built to reduce
information loss during downsampling. Experiment results
on Waymo and Nuscences datasets have demonstrated that
our proposed CFDS3D framework is capable of surpassing
baseline model performance and increasing inference speed
significantly. Moreover, it is the first time that real-time
detection of point-based model is realized in large-scale
point cloud scenario. And it indicates a promising future
for point-based 3D object detection methods to be applied
in autonomous driving and other related areas.
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