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Abstract— Common deep learning models for 3D real-
time environment perception often use pillarization/voxelization
methods to convert point cloud data into pillars/voxels and
then process it with a 2D/3D convolutional neural network
(CNN). The pioneer work PointNet has been widely applied
as a local feature descriptor, a fundamental component in
deep learning models for 3D perception, to extract features
of a point cloud. This is achieved by using a symmetric max-
pooling operator which provides unique pillar/voxel features.
However, by ignoring most of the points, the max-pooling
operator causes an information loss, which reduces the model
performance. To address this issue, we propose a novel local
feature descriptor, mini-PointNetPlus, as an alternative for
plug-and-play to PointNet. Our basic idea is to separately
project the data points to the individual features considered,
each leading to a permutation invariant. Thus, the proposed
descriptor transforms an unordered point cloud to a stable
order. The vanilla PointNet is proved to be a special case
of our mini-PointNetPlus. Due to fully utilizing the features
by the proposed descriptor, we demonstrate in experiment a
considerable performance improvement for 3D perception.

I. INTRODUCTION

LiDAR plays a crucial role in 3D environment perception
for autonomous vehicles, robotics, and various other fields.
The task of detecting and localizing objects in 3D space
presents significant challenges. In contrast to image-based
2D computer vision techniques, LiDAR-generated point
clouds are unordered, sparse, and exhibit varying densities
due to the nature of distance information they contain.
These characteristics render LiDAR-based perception tasks
particularly difficult, necessitating advanced algorithms and
methodologies to effectively interpret and utilize the data for
real-world applications.

Most LiDAR-based approaches [4][3][20] to 3D object
detection follow a standardized pipeline, initially converting
the raw point cloud data into pillars or voxels. Subsequently,
a local feature descriptor aggregates the features within
each pillar or voxel from its constituent points. The ag-
gregated features are then processed through a 3D or 2D
CNN/Transformer [17] backbone to create a comprehensive
feature map. Finally, potential bounding boxes (Bboxes) are
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Fig. 1. The detection pipeline for most LiDAR-only 3D real-time object
detection models. In our paper, we propose a new local feature descriptor
module, which is in the highlighted blue circle.

predicted using the information from the feature map. A
process visually is detailed in Figure 1.

To process an unordered point cloud, the pioneering work,
PointNet [2], is proposed for directly operating on the raw
point cloud for 3D indoor object classification and segmen-
tation. Using a symmetric max-pooling layer, PointNet can
handle unordered and irregular point clouds without losing
the fine-grained information of objects.

Considering large-scale LiDAR-based driving scenes, Vox-
elNet [5] is proposed to divide an irregular point cloud into
a set of dense 3D voxels, where a mini-PointNet is used
as a voxel feature extraction module. And then a dense 3D-
CNN is used as the backbone for object detection. After that,
SECOND [4] is developed for real-time 3D object detection,
in which a point cloud is divided into a set of sparse 3D
voxels and thus a sparse 3D CNN on the non-empty voxels
can be used. By projecting the 3D voxels to a 2D BEV
feature map and 2D convolution, SECOND achieves high
detection accuracy with a high speed. The mini-PointNet
is also used in SECOND as a voxelwise feature extractor
(VFE) module [5]. Besides, in a later version of SECOND,
the mean value of the point cloud features is also represented
as a voxel feature.

Inspired by PointNet and SECOND, PointPillars [3] is
developed in which a point cloud is divided into 2D pillars
as vertical columns of points. The features are also extracted
by the mini-PointNet, on pillars instead of voxels. By only
using 2D pillars with vertical spatial information, PointPil-
lars achieves impressively high efficiency and widely used
especially in real-time projects.

In the latest state-of-the-art approaches like [7] [6] [16],
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the mini-PointNet has become a popular and standard com-
ponent to extract unordered point cloud features on vox-
els/pillars. However, is the mini-PointNet really a perfect
approach to feature extraction? The answer we think is
no, since the non-parametric max-pooling used in it leads
to much information loss by ignoring most points. In a
similar case of 2D computer vision [1], it is reported that
replacing the 2D max-pooling layer with a parametric strided
2D convolution can stabilize the model and improve the
performance.

II. RELATED WORK

In this section, the popular LiDAR-based 3D detection
models and the relevant local feature descriptors are re-
viewed.

A. LiDAR-based 3D detection models

In the field of LiDAR-based 3D object detection, the
framework of most detection modules include the pillar-
ization/voxelization module, the local feature descriptor, the
2D/3D backbone and the detection head.

In the backbone module, VoxelNet [5] use dense 3D-CNN
to aggregate the voxel feautures. In SECOND [4], sparse 3D-
CNN is used to aggregate the voxels’ features, and 2D-CNN
to aggregate 2D feature map features. In PointPillars [3], only
2D-CNN is used to aggregate the features information. By
leveraging the power of Transformer [17] for long distance
information aggregation, SST [18] and DSVT [19] use
shifted windows of multiple pillars to better aggregate the
features from pillars.

In the detection head module, the vanilla PointPillars uses
the Single Shot Detector (SSD) [21] setup to perform 3D
object detection. Motivated by 2D CenterNet [22], Center-
Point [20] proposes a new anchor-free key-point detection
head from the feature map to predict the centers of objects
and other attributes. Furthermore, VoxelNeXt [23] proposes
a fully sparse head to directly predict objects based on sparse
voxel features.

B. Local feature descriptors

In the local feature descriptor module, which is the focus
of our work, like the vanilla PointNet, most works [8][9][10]
focus on indoor classification and semantic segmentation
from point clouds. For example. PointNet++ [8] use hierar-
chical architecture to recursively sample and aggregate local
features by PointNet. Point Transformer [9] use multiple self-
attention layers with farthest point sampling and KNN in a
hierarchical neural network for indoor point cloud semantic
segmentation task. These complex architecture makes it
inefficient for outdoor real-time object detection tasks.

In the outdoor LiDAR-based 3D object detection tasks, the
most relevant work is PASNet [11], which uses a learning-
based method to sort an unordered point cloud. However,
for N points in a voxel/pillar, there is N ! permutation
possibilities. Generally, all sorting-based methods map high
dimensional data to a 1D sequence and thus can be sensitive
to the number of points in voxels.

In this study, we consider high dimensional data in a point
loud as a combination of the corresponding 1D dimensional
data. Therefore, we project the data points to individual
dimensions separately. As a result, instead of sorting high
dimensional data, we sort the projected 1D dimension data,
leading to a stable order. Finally, a learning-based weight
extract multiple features of the point cloud.

III. METHODOLOGY

In this section, we present a novel grid feature extractor
(descriptor), mini-PointNetPlus, to aggregate the features of
an unordered point cloud. Here, a grid means a pillar or
a voxel. The proposed module can be used as a standard
component in almost all 3D CNN for object detection in
large-scale driving scenes. At first, the unordered point cloud
problem will be stated and then the solution of vanilla
PointNet analysed.

Let x ∈ RC denote a point with feature dimensions C.
And S = {x1, x2, ..., xN} denotes the point set including N
unordered points in a grid. We would like to find a solution
O ∈ RC , which actually describes the grid features, by
an extractor function O = f(x1, x2, ..., xN ). Since a point
cloud is unordered, the output O and function f should be
permutation invariant, which means

O ≡ f(x1, x2, ..., xN ) ≡ f(xi, xj , ..., xk). (1)

Here i, j, ..., k represent the permuted index set
{1, 2, ..., N}. In PointNet, it is proposed that the extractor
function f is a combination of the multi-layer perceptron,
and an invariant symmetric function by max-pooling,
denoted as follows

O = f(x1, x2, ..., xN ) = Max(h(x1), h(x2), ..., h(xn)),

Max : RN×C → RC

(2)
Here h is the multi-layer perceptron network. It is noted

that the max-pooling function works on the same feature
dimension across different points. Other symmetric functions
include the addition, average pooling etc. Experiment re-
sults [2] show that the max-pooling operator performs better
than the other symmetric functions.

However, one obvious limitation of PointNet is that the
max-pooling operator ignores the less important points. In
our proposed approach, it can be proved that the symmetric
function is in fact not the key to keep the permutation
invariant property, and all the points can be considered with
an adaptive weight.

For N points with dimension C, there exists N ! per-
mutations, and there is no stable order to map the high
dimensional data to 1D sequence. Fig. 2 shows two options
of sorting paths.
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Fig. 2. For illustration purpose, only 2D points are shown. In practice, the
points can be high dimensional data after multi-layer perceptron. The black
and red arrows indicate two possible orders. There is actually no stable
order to sort all the points by a function to map from set to matrix.

However, if projecting high dimensional points to each
individual feature/channel dimension separately, there is a
permutation invariant and a stable order in each dimension,
as illustrated in Fig. 3.

Fig. 3. 2D points are projected to the A1-axis and A2-axis separately.
There is a stable and permutation invariant order, i.e., to sort along the A1-
axis and A2-axis, respectively. Note that PointNet considers only the red
max values d1 and d2.

Therefore, for point set S = {x1, x2, ..., xN}, we define
the set function in Eq. 1 as f(S) = Sort(Proj(S)), where
f is a permutation invariant set function, Proj function
projects all points in each feature dimension, and the Sort
function sorts the points ascendingly in each feature dimen-
sion.

The permutation invariant property of the set function can
be expressed as Eq. 3, corresponding to Fig. 3.

a1 a2
c1 b2
b1 c2
d1 d2

 ≡ f(a, b, c, d) ≡ f(c, d, b, a). (3)

Generally, the output A ∈ RN×C can be written as a
matrix as follows

A = f(h(x1), h(x2), ..., h(xn)))

=


a11 · · · a1C
a21 · · · a2C

...
. . .

...
aN1 · · · aNC

 .
(4)

Here f(S) = Sort(Proj(S)). It means, the elements of
any column index j in A always satisfy a1j < a2j < · · · <
aNj . The final output O of the extractor function will be

O = wTA

=
[
w1 · · · wN

]

a11 · · · a1C
a21 · · · a2C

...
. . .

...
aN1 · · · aNC .

 .
(5)

Here wT is a vector of the learn-able weight parameters.
Especially, in the vanilla PointNet, wT =

[
0 0 · · · 1

]
.

In the context of real-time autonomous driving applica-
tions, the proposed mini-PointNetPlus module relies solely
on the sort or topK operator—ubiquitous across nearly all
platforms. This characteristic facilitates its practical deploy-
ment, ensuring high-speed operation.

IV. EXPERIMENTS

For a numerical verification, we take the pillar-based
method PointPillars [3] and the voxel-based method SEC-
OND [4] as our experiment pipeline. The mini-PointNet
in the vanilla pipeline is replaced and compared with the
adaptive sorting method PASNet [11] and the proposed mini-
PointNetPlus, respectively, for comparison. The KITTI [12]
and nuScenes [13] dataset are employed as point cloud data
in our experiment.

For the pillar-based method using PointPillars, the pillar
size is set as 0.16m × 0.16m × 4m in KITTI and 0.2m ×
0.2m× 8.0m in nuScenes, while the max points number in
a pillar is taken as 32 in KITTI and 20 in nuScenes. For the
voxel-based method using SECOND, the voxel size is set as
0.05m×0.05m×0.1m and the max points number in voxel
is set as 5 in KITTI, respectively.

Except for the grid feature extraction module, all the other
modules and training hyper-parameters are take with the
same values.

In KITTI, the average precision (AP) and the average
orientation similarity (AOS) [12] are used as evaluation
metrics. In nuScenes, the evaluation metrics are AP and the
nuScenes detection score (NDS) [13].

The results based on the KITTI validation set is listed
in Table I and Table II, while the evaluation based on the
nuScenes validation set is listed in Table III.

Table I demonstrates that, for both the pillar-based method
(PointPillars) and the voxel-based method (SECOND), the
proposed mini-PointNetPlus module achieves accuracy im-
provements comparable to those of the PointNet baseline
and PASNet module in terms of mean Average Precision
(mAP), with only a negligible effect on processing speed.
Notably, Table II reveals a significant enhancement in the
object orientation metric (mAOS) attributable to the mini-
PointNetPlus module.

Further experimentation conducted on the more extensive
nuScenes dataset, as shown in Table III, indicates consistent
accuracy enhancements provided by our proposed module,
including a 0.44-point increase in mAP and a 0.47-point
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Method Car Pedestrian Cyclist mAP speed
Easy Moderate hard Easy Moderate hard Easy Moderate hard - -

PointPillars [3] + PointNet [2] 85.17 76.29 74.22 56.66 52.38 47.78 80.69 62.74 58.97 66.10 22.3ms
PointPillars [3] + PASNet [11] 86.77 76.48 74.38 59.11 53.02 47.67 79.32 61.86 59.21 66.42 (+0.32) 25.5ms (+3.2ms)

PointPillars [3] + miniPointNetPlus 87.62 77.63 75.49 57.72 52.06 47.19 79.13 62.88 60.14 66.65 (+0.55) 23.5ms (+1.2ms)
SECOND [4] + PointNet [2] 90.75 89.79 88.91 63.48 60.99 58.41 86.71 78.90 74.56 76.94 34.8ms

SECOND [4] + Mean Point Features 90.79 89.83 89.02 65.03 62.17 58.69 87.91 77.29 74.03 77.19 (+0.25) 33.7ms (-1.1ms)
SECOND [4] + miniPointNetPlus 90.82 89.92 89.08 65.11 61.62 59.00 90.18 77.02 74.58 77.48 (+0.54) 33.0ms (-1.8ms)

TABLE I
RESULTS ON KITTI VAL 3D DETECTION BENCHMARK WITH AP. THE SPEED IS MEASURED ON A TESLA V100 WITH ONE GPU 32G.

Method Car Pedestrian Cyclist mAOS speed
Easy Moderate hard Easy Moderate hard Easy Moderate hard - -

PointPillars [3] + PointNet [2] 90.72 89.39 88.28 45.53 42.34 40.30 84.53 71.70 68.25 69.00 22.3ms
PointPillars [3] + PASNet [11] 90.79 89.52 88.12 47.32 44.81 42.48 84.32 69.18 66.23 69.19 (+0.19) 25.5ms (+3.2ms)

PointPillars [3] + miniPointNetPlus 90.84 89.60 88.59 47.43 44.55 41.81 86.55 73.41 69.79 70.28 (+1.28) 23.5ms (+1.2ms)
SECOND [4] + PointNet [2] 88.12 78.57 77.25 57.78 53.90 49.17 80.15 65.82 61.38 68.01 34.8ms

SECOND [4] + Mean Point Features 88.31 78.37 77.22 57.84 53.72 48.11 80.88 66.85 62.58 68.20 (+0.19) 33.7ms (-1.1ms)
SECOND [4] + miniPointNetPlus 88.38 78.40 77.25 57.54 53.64 48.82 82.78 66.83 62.91 68.50 (+0.49) 33.0ms (-1.8ms)

TABLE II
RESULTS ON KITTI VAL 3D DETECTION BENCHMARK WITH AOS. THE SPEED IS MEASURED ON A TESLA V100 WITH ONE GPU 32G

Method mAP NDS speed
PointPillars [3] + PointNet [2] 44.07 57.71 22.6ms
PointPillars [3] + PASNet [11] 41.73 (-2.34) 56.41 (-1.30) 27.5ms (+4.9ms)

PointPillars [3] + miniPointNetPlus 44.51 (+0.44) 58.18 (+0.47) 22.7ms (+0.1ms)

TABLE III
RESULTS ON NUSCENES VAL 3D DETECTION BENCHMARK. THE SPEED IS MEASURED ON A TESLA A100 WITH ONE GPU 40G

increase in the NDS metric, while only marginally affecting
the time performance (an increase of 0.1ms).

V. CONCLUSION

In this paper, we analyzed the mechanism and limitation
of the widely applied method, PointNet, based on which we
proposed an approach to separately projecting the individual
features to 1D dimensions. It is proved that the PointNet is
only one special case of our proposed mini-PointNetPlus.
The symmetric function has been widely considered as the
key solution to unordered points. But our method shows that
if the points are projected separately in the projected dimen-
sion, we can find a stable and permutation invariant order.
The symmetric function is only one handcrafted function to
handle the projected points.

Experimental evidence indicates that for pillar-based or
voxel-based methods, our proposed method provides a better
performance with only a little cost of efficiency. Given
the straightforward implementation and deploy simplicity of
our proposed module, it emerges as a viable alternative to
PointNet for real-time 3D environmental perception tasks.
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