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Abstract 

3D object detection play an important role in the perception part of autonomous driving. Recent algorithms suggest 

two types of 3D object detection, point-based and voxel-based, have the shortcomings of slow speed and low 

detection accuracy respectively. PointPillars mainly focuses the information on xoy plane, it has precise detection 

performance and fast speed, so it is more suitable for the perception part of autonomous driving. However, 

PointPillars pay the same attention to each pillar, the important information is not given more attention, so that the 

model cannot effectively focus on important information resulting in suboptimal performance. To address this 

issue, we propose AttentPillars, including a new two-branch downsampling structure with max pooling, and 

leveraging the SiLU activation function to build the backbone. Moreover, we fuse the split attention to the 

upsampling module, so that the important information could be highlighted. Apart from this, we find that the 

common problems in autonomous driving, both the sparsity of point cloud, the occlusion, and the diversity of 

objects, would damage the performance of detection. In that case, we change the normal data augmentation strategy, 

The shape-aware data augmentation strategy is added to the data augmentation part to boost the performance of 

our model. Extensive experiments on the KITTI dataset indicate that our proposed AttentPillars outperforms the 

state-of-the-art methods with remarkable margins. In the easy, moderate, and hard difficulties, our AttentPillars 

performs accuracy with 89.54%, 80.25%, and 77.47% respectively. 
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1. Introduction 

Deep learning has been applied across various domains [1]. Computer vision plays a significant role in autonomous 

driving [2], there are three main parts in autonomous driving, perception part, decision-making part, and control 

part. The perception part is to capture information about the surroundings through sensors such as cameras, LiDAR, 

etc., and then recognize the surrounding situation based on this acquired information. 3D object detection is widely 

adopted in the perception part of autonomous driving [3, 4, 5].  

Different from the traditional 2D object detection, 3D point cloud often serve as the input of the 3D object detection. 

Firstly, a point cloud is a set of points, 3D point cloud is very special, characterized by sparsity, disorder, 

interconnectivity, and permutation invariance, which brings tremendous difficulties to the detection [6]. Compared 

with 2D data, like images, 3D point cloud have one more dimension, which requires a larger amount of memory 

and computation, so the detection complexity also rises significantly.  

Current 3D point cloud learning approaches can be separated into point-based [7, 8, 9] and grid-based approaches 

[10, 11, 12, 13]. Point-based approaches directly extract features from raw 3D point cloud from LiDAR, which 

can preserve the local information well, PointNet++ [8] proposed Set Abstraction layer for downsampling, which 

is widely used in point-based approaches, SA layer enables the model to capture the local information of input 

point cloud, but due to the disorder of point cloud, point-based methods require a lot of memory and computation. 

The grid-based approaches are mainly voxel-based [10], voxel-based methods split the whole raw point cloud into 

regularly shaped voxels and then put them into 3D convolutional neural network, which aim to reduce the amount 

of calculation and memory occupation, however, due to the sparsity of point cloud, plenty of empty voxels will 

inevitably be generated in the process of feature encoding, so it is also a huge waste of calculation and memory if 

each voxel is processed. SECOND [11] replaces 3D convolution with sparse convolution, which compute only on 

non-empty voxels to further reduces the amount of calculation. Point-based and voxel-based hybrid methods [14, 

15, 16, 17, 18] combine the advantages of the point-based and voxel-based methods, such as PVRCNN [14], and 

PVRCNN++ [15], which proposed Voxel Set Abstraction, combines the non-voxel features around keypoints. 

PVRCNN has high computational efficiency and flexible receptive field to grasp the context information, it 

improves the detection accuracy and reduces the computational complexity. 
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Figure 1. Pillars with more attention. Pillars, which represents important information, is given more attention and 

is more prominent in the later training 

 

These methods have their advantages and disadvantages. However, in the real scene of autonomous driving, lots 

of challenges in autonomous driving because of various environment [19], the model is embedded in the car, and 

most of the detected objects are attached to the ground plane, so PointPillars [13] is more suitable for autonomous 

driving tasks. PointPillars divides the point cloud into pillars according to the xoy plane, and all the points falling 

in a pillar from the z-axis are regarded in this pillar. It directly obtains the bird's eye view feature and pays more 

attention to the xoy plane without paying too much attention to the information of the z-axis, which also saves a 

lot of calculation and memory. For autonomous driving, PointPillars [13] can reach the balance between detection 

accuracy and speed, but, in a scene, the objects that need to be detected, such as cars, pedestrians, and bicycles, 

only occupy a small part of the point cloud. If every part of point cloud scene is given the same attention, then the 

important information can not be highlighted, which will damage the detection performance. Although PointPillars 

mainly focus on the information of the xoy plane, the sparsity of point cloud seriously affects the convergence of 

the model because there is no mechanism for PointPillars to capture the important points that correspond to objects. 

We aim to highlight the important information, as Figure  1. Therefore, we proposed AttentPillars, which divides 

the point cloud into pillars and designs a two-branch super downsampling block with max pooling [20] and 

convolution. Compared with the downsampling block only with convolution, max pooling can reduce the 

information loss of important information in the downsampling block and capture the important information in the 

pseudo-image more completely. But the increase of model complexity will inevitably lead to more difficult 

optimization of the model, and even gradient disappearance, gradient explosion and other problems, to handle 

these issues, we leverage the SiLU activation function [21, 22] to build the backbone downsampling blocks, SiLU 

activation function is smoother than ReLU activation function [23], which is easier to optimization. In addition, 

after downsampling, feature maps with different sizes have different receptive fields, so they contain different 

information, the larger feature map has a smaller receptive field and is suitable for detecting small objects, such as 

pedestrians and cyclists, while the smaller feature map has a larger receptive field and is suitable for detecting 

larger objects, such as cars. Therefore, in order to make full use of the information obtained from feature maps of 

different sizes, we add split attention [24] to concatenate features after upsampling, it generates an attention 

weights matrix through three input features, and then multiplies the three input features with the attention weights 

matrix before concatenation, then concatenate them as the final feature, so the final feature can retain the important 

information contained in the features with different scales. More than that, we use a hybrid data augmentation 

strategy that includes shape-aware data augmentation, to address the common problem of the real autonomous 

driving scene, such as occlusion of objects, diversity of objects, and sparsity of point cloud caused by the limitation 

of sensor range of the LiDAR, it greatly improves the detection performance of our model. Extensive experiments 

validate the improvements of our work. On the KITTI dataset, our AttentPillars achieve the accuracy with 89.54%, 

80.25%, and 77.47% in easy, moderate, and hard difficulties respectively, it reaches improvement of 0.47% in 3D 

detection. In the BEV detection, AttentPillars achieves 90.17%, 86.45%, and 81.63% in easy, moderate, and hard 

difficulties, it performance exceeds 80% even in the hard difficulty. It is worth mentioning that our work achieves 

a substantial improvement of 5.06%, 2.97%, and 1.94% in average orientation similarity(AOS), this shows that 

the introduction of attention mechanism makes our model more accurate in directional regression. 

Our main contributions are as follows: 

1) We propose AttentPillars framework, which can capture the important information of the point cloud leading 

to better performance and detection speed. 

2) We design a two-branch downsampling block with max pooling and leverage the split attention in the 

concatenation block to concatenation the features of upsampling, which enables features to retain several important 

information to improve model detection accuracy. 
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3) Moreover, we built the backbone with the SiLU activation function instead of the ReLU activation function, 

which is suitable for the optimization of the model. 

2. Related Work 

Computer vision can be mainly divided into image classification, object detection, and semantic segmentation. 

Object detection is the most popular and widely used task, compared with image classification, object detection is 

the task of recognizing the category of an object in a scene, but also accurately locating the position of the object 

in the whole scene by describing the position of the object with a bounding box, the research of object detection 

first started from 2D, and then a lot of work gradually appeared in the field of 3D object detection as well.  

2D object detection  2D image object detection is the localization and recognition of objects in a picture, there 

are mainly anchor-based and anchor-free methods. SSD [25] is a one-stage object detection method, that uses 

anchors in various levels of feature maps for detection, RCNN [26] is the first to use deep learning in object 

detection, Fast RCNN [27] proposes RoI pooling, and Faster RCNN [28] design RPN to search object. Yolo[29] 

is an anchor-free method, which directly finishes the detection work with one forward propagation. DETR [30] 

introduce the attention mechanism to object detection. ViT [31] encoder image into a sequence and then process 

it with a transformer. 

3D object detection  3D object detection was mainly image-based methods before, such as BEV(bird's eye view)-

based methods, MV3D [32], is a multi-view based object detection method, which utilizes information from 

multiple view of the scene, and take both LiDAR point cloud and RGB images as input as to predict oriented 3D 

bounding boxes. Current 3D object detection methods are mainly about point-based, voxel-based, and hybrid, 

Pointnet [7] is the first point-based method proposed, which directly sends point cloud data into the network to 

train by using the symmetric function to deal with the permutation invariance to point cloud. Pointnet++ [8] 

proposes the set abstraction, which makes up for the shortcoming that pointnet cannot learn the local features of 

the point cloud, and through the flexible receptive field capture hierarchical features. [33] achieved Real-world 

detection  by simulating the street environment like a photo. PointRCNN [9] is a two-stage method, the first stage, 

contains a bottom-up network, design bin-based proposal-predict method, and the second stage is a proposal 

refinement network. 3D-SSD [34] proposes a lightweight 3D detection model, which dropout all the upsampling 

layer and refinement stage to save computation and memory costs.  

Although the point-based methods have the advantage of better obtaining the local information and context 

information of the points, their computational and memory costs are generally tremendous, so voxel-based 

methods emerged, Voxelnet [10] split point cloud into regular voxels, and then extract point-wise features from 

every voxel by VSA, and then feed them into 3D convolutional neural network for training, but due to the sparsity 

of 3D point cloud, it may still cause computational resources wastage, SECOND [11] use the sparse convolutional 

neural network instead of the normal convolutional neural network, which greatly reduces the amount of 

computation and also proposed an angel loss regression to predict proposals more precisely. VoxelRCNN [12] 

indicate that the precise location of the original points is not necessary for 3D object detection, and it shows that 

3D structure is significant for 3D detection head. 

Point-based and voxel-based approaches both have advantages and disadvantages, therefore, PVRCNN [14] 

collects the advantages of voxel-based and point-based, it is computationally efficient and captures context 

information, summarizes the 3D scene into a small set of keypoints through a new voxel SA block, and introduces 

RoI-grid pooling, through the keypoints SA layer with multiple receptive fields, the features of proposals are 

extracted from key points to RoI grid points. Based on PVRCNN, PVRCNN++ [15] offered some improvements, 

it proposed sectorized proposal-centric to better sample keypoints and VectorPool aggregation modules to 

aggregate local feature information from large-scale point clouds more efficiently and economically. In addition, 

Fast Point RCNN [18] uses both voxel representations and raw point cloud and introduces the attention mechanism 

into the process of point cloud semantic feature extraction. STD [16] groups points by using spherical anchors. 

Pillar-based methods use another different local point aggregator, pillar, which divides the point cloud data into 

pillars, and then send them to the convolution layer for feature learning, PointPillars [13], which achieves the 

balance between detection accuracy and speed, encodes 3D point cloud information into a 2D pseudo-image, and 

then extracts features hierarchically by downsampling, it pays more attention to the information of xy axis and less 

attention to the information of z axis, and converts 3D point cloud data to 2D data, which greatly improves the 

detection speed and reduces occupation of memory and saves calculation. PillarNet [35] proposed the structure of 

“encoder-neck-head”, and applied SPConv to improve the detection accuracy. FastPillars [36] proposed Max-and-

Attention pillar Encoding(MAPE) module, which takes into account the local detailed geometric information of 

each pillar, and is more conducive to the detection of small and medium-sized objects, such as pedestrians and 
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bicycles. It also designs CRVNet, a lightweight and powerful backbone, which provides a simple and efficient 

alternative for the SPConv-based detector. Centerpoint [37] converts 3D objects to points and converts the 3D 

object detection to a greedy nearest point matching task. PillarNeXt [38] compares local point aggregator, voxel, 

pillar, and multi-view fusion from the perspective of computational budget allocation, and it claims expanding the 

receptive field is very important for 3D object detection. PillarNeSt [39] introduces dense ConvNet pretrain on 

large-scale image dataset as the backbone, and in order to reduce the information loss caused by max pooling, it 

added the mean pooling to extract features. 

Several modules should be applied to different actual scenes according to their advantages and disadvantages, 

taking into account the characteristics of the input data and the need for computational cost and speed. In 

autonomous driving, quickly detecting and classifying the objects on the road is needed. The requirements for 

precise local information are not important compared to other detection tasks. So, voxel-based methods are more 

often applied in autonomous driving tasks, considering most of the objects in autonomous driving usually adhere 

to the xoy plane, it is efficient to focus on the position information of the object in the horizontal plane, Pointpillars 

[13] is proposed to be more suitable for use in autonomous driving. 

In autonomous driving, the detection task needs to be completed faster, we need to focus on the important 

information of the input point cloud data. We proposed AttentPillars, leveraging max pooling, SiLU activation 

function [21], and split attention strategy [24] to ensure our model can capture the important information. Our 

method, can obtain more efficient and accurate detection results in the field of autonomous driving, has a high 

speed of convergence, and shows excellent generalization ability, it can be better applied to autonomous driving. 

Moreover, we tested the influence of various data augmentation strategies, and finally, we leveraged the shape-

aware data augmentation strategy [40], which improved the detection performance by a large margin. 

3. AttentPillars Architecture 

We proposed AttentPillars, which consist of a feature encoding network, backbone, and detection head. The overall 

architecture is shown as Figure 2. The feature encoding network voxelize the input point cloud into pillars, and 

then converts them into 2D pseudo-images and sends them to the 2D backbone for feature representation. The 

backbone downsamples the feature map into three different sizes and channels sub-maps, to obtain multi-scale and 

multi-dimension features. Then upsampling them and sent into the detection head. 

3.1 Feature Encoding 

Point cloud is a set of unordered and sparse points [7], therefore, directly processing point cloud will consume a 

lot of calculation and computer memory, resulting in a slow train speed. Because most of the objects in autonomous 

driving adhere to the xoy plane, such as cars, pedestrians, and cyclists, there is no need to pay too much attention 

to the information on the vertical, so our feature encoding part plan to convert 3D point cloud into 2D pseudo-

image. Firstly, the point cloud is regularly divided into grids according to the xoy plane, the cuboid represented 

by each grid is a pillar, and the points falling in a grid are regarded in this pillar. In the KITTI dataset [41, 42], 

point is represented by a four-dimensional vector, (x, y, z, r), which respectively correspond to the coordinates on 

the XYZ axis and the reflection intensity of the points.  

 

Figure 2. Network overview architecture. Our model contains three components: feature encoding network, 2D 

backbone, and detection head. The raw point cloud is voxelized into pillars, and convert to a pseudo-image, then 

the 2D backbone process the feature, detection head predict the 3D bounding boxes forobjects based the features 

from 2D backbone 
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In AttentPillars, in order to obtain more abundant features, we also add the centroid offset Oc and the grid offset 

feature Og, and adopt L1 norm operation for both offsets Ng, Nc, and add horizontal and vertical offset angels 

θh, θv, as well as depth features Fdep and distance features from the point to the origin Fdis, each of them using 

Eq. 1-Eq. 6, 

Oc = P − Pc                                     (1) 

 

Og = P − Pg                                   (2) 

          θh = arctan(
y

x
)                                    (3) 

θv = arcsin(
z

x2+y2+z2)                                 (4) 

Fdep = √x2 + y2                                (5) 

 

Fdis = √x2 + y2 + z2                                (6) 

then the final feature is concatenated by this features as Eq. 7. These latent features explore the information of 

each pillar, and make up for loss caused by not focus on the z-axis information. 

Y = concat(Og, Oc, Ng, Nc, θh, θv, Fdep, Fdis)                            (7) 

After the grid voxelization and point features representation, due to the sparsity of point cloud, some pillars have 

no or few points, so that a lot of unnecessary memory and computation will be consumed. In order to address the 

problem of the number of points in different pillars, we set a hyperparameter N to limit the number of points in 

each pillar[13]. If the number of points in a pillar exceeds N, then random sample N points, if is less than N, 

padding with zero. In this way, the point cloud can be seen as a tensor with (D, P, N), where D indicates the 

characteristics of point, P represents the number of pillars, and N denotes the number of points. Then a simple 

PointNet [8] is used for this tensor to get a tensor (C, P, N), and then the tensor is transformed into a tensor of 

(C, P) by the max pooling at the N dimension. Finally, the point features are scattered back into their pillars to 

get the pseudo-image (C, H, W), where H, W denote height and width respectively, and C denotes the channels 

of this pseudo-image. 

 
Figure 3. Downsampling block architecture. There are two branches in downsampling block, one with the max 

pooling operation and another one with the convolution operation, both of them can upsampling feature maps, 

the finaloutput of downsampling block is a concatenation of them. 

 

3.2 2D Backbone 

2D backbone consists of two subnetworks, a downsampling network and an upsampling network. In order to get 

better downsampling feature maps, we design a different downsampling block, which is two-branch, containing 

both max pooling [20] and convolutional neural network. And also introduces the SiLU activate function [22]. At 

the same time, in order to improve the accuracy, we added the split attention strategy [24] into the concatenation 

part to generate the final features, which makes the features more representative. 

One is the bottom-up network, which contains three downsampling blocks illustrate as Figure 3. In AttentPillars, 

the pseudo-image is process by a two-branch module, and the size of the input pseudo-image is (C, H, W), firstly, 

the pseudo-image passes through a max pooling layer, in which the step is 2 and the kernel size is 2x2, so that the 

size of the obtain feature map is reduced by half (C, H/2, W/2), and then put it to a 1x1 convolution to halve its 

channels, the size of pseudo-image become (C/2, H/2, W/2), recorded as M1. Secondly, the input pseudo-image 

is sent to a 1x1 convolution network, the number of channels is halved, and then it is sent to a convolution kernel 

step of 2 and kernel size of 3x3, and the feature map size is (C/2, H/2, W/2), which record as M2. Finally, we 

concatenate M1 and M2 among the channel dimension, and the output of the downsampling block is obtained, 
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with the size of (C, H/2, W/2). There are three downsampling blocks in our backbone, we obtain three feature 

maps with different sizes, 2x, 4x, and 8x, their channel numbers are 1C, 2C, and 4C respectively. 

In the downsampling block, each convolutional layer and max pooling layer is followed by a batch normalization 

[43] and a SiLU [21] activation function, instead of a ReLU [23] activation function. We use the SiLU activation 

function to build the downsampling block, which is also called Swich activation function, compared with the ReLU 

activation function, it is smoother and differentiable, so it is conducive to optimization. It can better capture the 

gradient information in the backpropagation and better preserve the input information. The function of SiLU as 

Eq. 8. 

SiLU(x) = x ∗ sigmoid(x) =
x

1+e−x                           (8) 

Through this super downsampling block with max pooling and 2D convolutional neural network at the same time. 

We get feature maps with multi-scale and multi-channel, which is beneficial for our model to acquire richer 

information. The downsampled feature maps can expand the receptive field during training, and neurons can better 

capture the context information. Moreover, due to the max pooling operation, our feature maps pay more attention 

to the useful and important points. 

We acquire three different scale and channel feature maps, (C, H/2, W/2), (2C, H/4, W/4), (4C, H/8, W/8), next, 

we use deconvolution to upsampling them to the same size, and batch normalization and ReLU activate function 

are added, the output of upsampling block as Eq. 9. 

                 Y = ReLU(Bn(Yup(Y)))                             (9) 

After the upsampling, we used the weight redistribution strategy to avoid gradient explosion and disappearance, 

to accelerate the convergence speed and to improve the generalization ability of the model. Moreover, we introduce 

split attention to boost the detection accuracy, as shown in Figure 4. Which sums the three inputs and adopts a 

max pooling operation, then goes through a fully connected layer, a batch normalization, and ReLU activation 

function, and then goes through the fully connect layer respectively, finally using softmax to get the weights, we 

obtain the attention weight matrix, and then multiplies the inputs with the matrix, then obtains the final output 

features. The upsampled feature maps as the input of the split attention block, compared with the directly 

concatenate features in PointPillars, AttentPillars have richer and more comprehensive features, which can 

represent the relevant information of objects in the original point cloud and reduce the loss of raw point cloud, 

boost the robustness and generalization ability of the model. 

Overall, the downsampling blocks include both max pooling and convolution operations, and replace the ReLU 

activation function with the SiLU activation function which is more suitable for training. In the features 

concatenation part, we leverage the split attention strategy. Our model obtains the multi-scale and multi-dimension 

feature maps, it can better capture objects of different sizes, feature maps with large scale, the receptive field is 

relatively small, so it is suitable for capturing small targets. Our model also pay more attention to the relatively 

more important information, for improvement of the detection accuracy. 

 
Figure 4. Split attention architecture. Concatenating three input and using max pooling operation to extract the 

important information, and a weight is obtained. This weight is multiplied by the original input and concatenate 

them to get the final output 
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3.3 Detection Head 

Our work uses SSD [25] as the detection head of the model, different from the 3D detection head, our model 

converts 3D point cloud into 2D pseudo-images for processing, so we use 2D Intersection over Union(IoU) to 

match the ground truth and proposal. Both ground truth boxes and proposals are represented as a 7-dimension 

vector (x, y, z, w, l, h, θ), where x, y, z denote the centre of the bounding box, w, h, l denote the length, width, and 

height of the bounding box, θ denotes the orientation. We use the same loss function as SECOND [11] as Eq. 10, 

      

Δx =
xgt−xa

da , Δy =
ygt−ya

da , Δz =
zgt−za

da ,

Δw = log
wgt

wa , Δl = log
lgt

la , Δh = log
hgt

ha

Δθ = sin( θgt − θa)

                       (10) 

where the pa  denotes probability of the model, the xgt  and xa  denote the ground truth and anchor boxes 

respectively, and da = √(wa)2 + (la)2, so the localization loss as Eq. 11, 

 

           ℒloc = ∑ Sb∈(x,y,z,w,l,h,θ) moothL1(Δb)            (11) 

 

we use the focal loss [44] as the cls loss, we set the α = 0.25, γ = 2, as in Eq. 12, 

ℒcls = −α(1 − pa)γ log( pa)                  (12) 

 

In addition, we add the corner loss [32] into the loss function as Eq. 13, aiming to focus the regression of the angle 

of the proposals, to further improve the accuracy of the anchors,  

 

ℒcor = ∑ ∑ ΔT∈(x,y,z)i∈(1,2,...,8) Ti                   (13) 

 

Overall, the final loss function as Eq. 14, where Npos  denotes the number of positive anchors, the 

ℒreg, ℒcls, ℒdir, ℒcor denote the regression loss, classification loss, direction classification loss, and corner loss 

respectively, we set βcls = 2, βcls = 1, and βcls = 0.2. 

  ℒcor =
1

Npos
(βregℒreg + βclsℒcls + βdirℒdir) + ℒcor                        (14) 

 
Figure 5. Shape-Aware data augmentaion. All the operations are demonstrated with the front pyramid. The first 

is randomly dropout one pyramid, the second is swap a pyramid with another ground truth box, the third is use 

the farthest point sampling strategy in one pyramid to decrease the number of point 
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4. Empirical Analysis 

 

Table 1. Results on the kitti test bev detection benchmark. 

METHOD CAR IOU=0.7 

EASY   MOD  HARD 

PESDESTRIAN IOU=0.5 

EASY    MOD    HARD 

CYCLIST IOU=0.5 

EASY   MOD   HARD 

MV3D 86.02    76.90   68.49 -         -         - -        -       - 

VOXELNET 89.35    79.26   77.39 46.13     40.73     38.11 66.70    54.76   50.55 

SECOND 88.07    79.37   77.95 55.10     46.27     44.76 73.67    56.04   48.78 

F-POINTNET 88.70    84.00   75.33 58.09     50.22     47.20 75.35    61.96   54.68 

3D IOU LOSS 91.36    86.22   81.20 -         -         - -        -       - 

POINTRCNN 89.47    85.68   79.10 -         -         - -        -       - 

PIXOR++ 89.38    83.70   77.97 -         -         - -        -       - 

POINTPILLARS 88.35    86.10   79.83 58.66     50.23     47.19 79.14    62.25   56.00 

OURS 90.17    86.45   81.63 45.57     37.43     35.00 77.18    62.8    54.68 

 

Table 2. Results on the kitti test 3d detection benchmark 

METHOD CAR IOU=0.7 

EASY   MOD  HARD 

PESDESTRIAN IOU=0.5 

EASY    MOD    HARD 

CYCLIST IOU=0.5 

EASY   MOD   HARD 

MV3D 71.09    62.35   55.12 -         -         - -        -       - 

VOXELNET 77.47    65.11   57.73 39.48     33.68     31.50 61.22    48.36   44.37 

F-POINTNET 81.20    70.39   62.19 51.21     44.89     40.23 71.96    56.77   50.39 

PV-RCNN 90.25    81.43   76.82 52.17     43.29     40.29 78.60    63.71   57.65 

POINTPILLARS 82.32    73.00   66.74 40.65     32.74     30.19 75.78    54.53   47.85 

OURS 81.93    73.47   68.34 40.64     32.65     30.15 69.72    54.53   48.02 

 

Table 3. Results on the kitti test average orientation similarity (aos) detection benchmark. 

METHOD CAR IOU=0.7 

EASY   MOD  HARD 

PESDESTRIAN IOU=0.5 

EASY    MOD    HARD 

CYCLIST IOU=0.5 

EASY   MOD   HARD 

SUBCNN 90.61    88.43   78.63 78.33   66.28   61.37 71.39    63.41   56.34 

AVOD-FPN 89.95    87.13   79.74 53.36   44.92   43.77 67.61    57.53   54.16 

SECOND 87.84    81.31   71.95 51.56   43.51   38.78 80.97    57.20   55.14 

POINTPILLARS 90.19    88.76   86.38 58.05   49.66   47.88 82.43    68.16   61.96 

OURS 95.25    91.73   88.32 44.17   35.41   33.11 80.21    65.24   57.99 

 

In this section, we introduce the experimental of our work, the KITTI dataset [41, 42], and the details of 

implementation, and compare our method with the current mainstream model. We also introduce the related 

ablation experiments to find the influence of each component on our experimental results. Furthermore, we 

introduce the shape-aware data augmentation strategy [40] into data preprocessing, and combine other data 

augmentation strategies to conduct ablation experiments to study the influence on our experimental results. 

4.1 KITTI Dataset 

KITTI dataset [42] is the most commonly used public data set in the model evaluation of autonomous driving, 

which consists of data collected by various sensors on urban roads and highways. It includes camera and LiDAR 

and millimeter wave radar data. The KITTI benchmark requires the detection of cars, pedestrians, and cyclists. 

According to the degree of occlusion, occlusion extent and box height of the object, each category is separated 

into three levels: easy, moderate, and hard, which is equivalent to the difficulty of the objects. Easy means that the 

object can be observed easily, moderate means that part of it is not easy to observe, and hard means that it is hard 

to detect. The setup of the dataset is the same as PointPillars [13]. The training set contains 7481 samples and the 

test set contains 7518 samples. We divide the training data set into 3712 training samples and 3769 validation 

samples with the same segmentation as the PointPillars to ensure the fairness of the comparative experiments and 

reduce the comparison error caused by the segmentation of the dataset. 
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4.2 Implementation Details 

In our experiments, we set x, y resolution: 0.16$m$, the maximum of pillars(P) is 12000, and the maximum 

number of points in each pillar(N) is 100, if it exceeds, 100 points will be randomly sampled, and if it is insufficient, 

it will be padding with 0. The size of each pillar is [0.16, 0.16, 4], where [0.16, 0.16] is the size after voxelization 

in the xoy plane. 

In our training, we set 120 training epochs to training, the x, y, z range is [(0, 70.4), (-40, -40), (-3, 1)]. We only 

pay attention to the front-view region of the point cloud scene, the rest of points and ground truth boxes are not 

used for training. We use the same anchors and matching strategy as VoxelNet [10], each anchor is represented by 

width, length, and height and z centre, and IoU is set to judge whether the sample is a positive sample or a negative 

sample. For the three categories in KITTI dataset, due to their differences in shape and volume, they need different 

anchor sizes, so we set three sizes for each category and set two orientations 0° and 90° for each anchor. For the 

car category, we set each anchor has width, length, and height of (3.9, 1.6, 1.56) meters with a z centre of -1.78 

meters, and the matching threshold of the positive and negative is 0.6 and 0.45 respectively. For pedestrian and 

cyclist categories, the anchor has width, length, and height of (0.8, 0.6, 1.73) meters and (1.75, 0.6, 1.73) meters 

with a z centre -0.6 meters, the matching threshold of the positive and negative is 0.5 and 0.35 respectively. In 

the process of sample distribution, we use the axis-aligned target assigner [45], samples with the highest IoU or 

IoU exceeding the set positive sample IoU threshold are recorded as positive samples, and those with IoU lower 

than the set negative sample threshold are recorded as negative samples, and those with IoU at the between of 

positive threshold and negative threshold are discarded. 

 
Figure 6. Visualization results. The green bounding boxes represent car, the first column shows the position of 

ground truth in the front view, the second columnshow the detection results of bounding box output of 
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PointPillars in the point cloud bird’s eye view, the third column show the detection results of boundingbox 

output of AttentPillars in the point cloud bird’s eye view 

 

4.2 Data Augmentation 

Data augmentation is very important for model training. We not only use common 3D data augmentation strategies 

to improve the generalization ability of the model and reduce overfitting, for the common issues in autonomous 

driving, such as occlusion of objects, diversity of objects (cars of different brands and cyclists in different 

directions, etc.), and similar objects(cars of the same brand, pedestrians in the same colour) and the sparsity of 

point cloud because of the limitation of sensing range of LiDAR, we also introduce shape-aware data augmentation 

[40] to address these issues. 

Shape-Aware Data Augmentation We introduce shape-aware data augmentation to enrich the dataset and boost 

the generalization ability of our model. As shown in Figure 5. Shape-aware data augmentation is a plug-and-play 

block, which has a significant effect on the part occlusion, diversity of object shapes, and the change of distance. 

Firstly, for each object in the point cloud, we find the centroid of their ground truth box, secondly, connect the 

centroid with each vertex of the ground truth box, each ground truth box is divided into six pyramids, finally each 

object is divided into six subsets, and then performs three following operations to randomize the dataset. The first 

is to randomly dropout one of the subsets, which can simulate the partial occlusion of objects. The second is to 

exchange a subset with the same pyramid subset of another object in the current scene, thus increasing the diversity 

of samples by using the surface similarity between objects. The third is to randomly use the farthest point sampling 

[49] to sparsely sample the points in the subset, which simulates the sparsity of point cloud caused by the limited 

sensing distance of LiDAR. We also use common data augmentation such as local translation, local rotation, and 

local scaling strategies to enrich the dataset and enhance the diversity of the dataset. These data augmentation 

strategies are very helpful to improve the performance of our method. 

4.4 Result 

Our experiment runs on four NVIDIA RTX 3090 GPUs, and the CPU is AMD 32-core Processor. We uploaded 

our results to the KITTI official website to evaluate our method, it offers the results on bird’s eye viewing(BEV), 

3D detection, and average orientation similarity(AOS). KITTI [41] ranks the models among the moderate level of 

the car category. 

BEV Results Our BEV result is shown in Table 1. In the car category, our method achieves the best performance, 

compared with the previous PointPillars [13], our AttentPillars have a significant improvement, with an increase 

of 1.82%, 0.35%, and 1.85% in the three difficulties of easy, moderate, and hard respectively. And it is almost 7% 

promotion to the previous SECOND in the moderate difficulty. Moreover, on the hard difficulty, the accuracy of 

our method exceeds 80%, which is not achieved by most of other methods.  

3D Detection Results We partitioned the trainval dataset to serve as a validation set for testing purposes. The 3D 

detection results on KITTI val set are shown in Table 2. Our method has a significant improvement in the car 

category compared with PointPillars. In the easy and moderate difficulties, the accuracy of AttentPillars is nearly 

7% higher than PointPillars, in the hard difficulty, our method is nearly 10% higher than PointPillars. We analyze 

the reason that our model has a strong ability to capture important information, in the easy and moderate difficulties, 

the objects are obvious, thus on the feature map, its corresponding information is large and distinct, therefore, 

although the PointPillars do not have a strong ability to capture the important information, it still can extract these 

object features and detect them, so the improvement is not as obvious as the hard difficulty. However, in the hard 

difficulty, due to the objects are not obvious, the relevant area in the feature map will be smaller, and after a series 

of downsampling, the perception ability of the model to these features will be weakened, but in AttentPillars, the 

max pooling downsampling can capture important information at the beginning, even if the relevant area of objects 

on the feature maps is small, and this important information will be more prominent in the concatenation module 

by the split attention strategy. So AttentPillars has obtained better detection accuracy. 

AOS Results Although our method predicts a 3D bounding box with direction, there is no performance index to 

predict the direction in BEV and 3D detection. KITTI dataset used average orientation similarity (AOS) to 

represent the performance index of direction prediction, as shown in Table 3, AttentPillars performs surprisingly 

outstanding, our method not only achieves the best prediction, but also improves the difficulty level of easy, 

moderate, and hard by 5.06%, 2.97%, and 1.94% compared with PointPillars. It is worth mentioning that it is 10% 

and 17% higher than SECOND [11] in moderate and hard difficulties, which is great progress. In the cyclist 
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category, our method achieved good detection accuracy, so it can be seen that the SA data augmentation makes 

our model a strong perception of the direction of the objects. 

 

Table 4. Backbone ablation experiment results on kitti val dataset. the ablation study has three variables, approach 

of downsampling, activation function, and concatenation strategy of upsampling, the first and second columns are 

the approach of downsampling, the third and fourth columns are the activation function in downsampling block, 

and the fifth to seventh columns are the concatenation strategy after upsampling("add" means multi-scale feature 

addition, "max" means aggregation maximum, and "cat" means multi-scale feature concatenation). “✓” means 

adopted this strategy, the last three columns are the accuracy on easy, moderate, and hard difficulties 

Conv Two-branch ReLU SiLU add max cat Easy Mod Hard 

✓    ✓   87.32 77.75 74.78 

 ✓ ✓  ✓   87.63 78.29 75.31 

 ✓  ✓ ✓   87.95 78.55 75.48 

✓     ✓  87.83 78.28 75.29 

 ✓ ✓   ✓  88.09 78.83 75.65 

 ✓  ✓  ✓  86.83 78.13 75.11 

✓      ✓ 88.27 78.80 75.78 

 ✓ ✓    ✓ 87.70 78.62 75.61 

 ✓  ✓   ✓ 88.23 78.94 75.87 

 

4.5 Ablation Experiment 

In the 2D backbone, we studied the strategy of different downsampling blocks replacing different activation 

functions, and adopted different strategies in the feature fusion part after upsampling, and used a variety of data 

augmentation strategies. We take some ablation studies in the category of car with three difficulties: easy, moderate, 

and hard, to analyze the influence of each part on the overall performance of the model.  

For the downsampling module in the backbone, we compare the convolution downsampling in PointPillars with 

the two-branch downsampling with other modules, to ensure the fairness and accuracy of the ablation experiment. 

We also compare the experimental results replaced by SiLU activation function [23] with those with the ReLU 

activation function [22], and we will also study the influence of different upsampling fusion strategies on the 

experimental results, shown in the Table 4. 

 

Table 5. Inference result 

Method Hz Speed(ms) 

PointPillars 63 12.29 

AttentPillars 62 12.87 

 

The experimental result illustrates that two-branch downsampling is better than the original convolution 

downsampling in three levels of difficulty. In the moderate difficulty, the accuracy of two-branch downsampling 

can be improved by about 0.5%, the improvement is not obvious only when the upsampling module uses 

concatenation strategies. We analyze that because the max pooling operation in two-branch downsampling can 

effectively extract the highlighted information in the feature maps, and then the important information can be better 

highlighted by adding or taking the maximum fusion method, so the performance is improved, while the 

concatenation is to concatenate the features to get multi-dimensional features, so the highlighted information may 

be weakened after concatenation, so the improvement is not obvious. We also compare the activation function, the 

results show that the detection accuracy is slightly improved. We surmise that the SiLU function is smoother than 

the ReLU function, which is more conducive to the convergence and optimization of the model, and after the SiLU 

activation function is used, the original information of the input is better preserved, the detect performance is 

improved thanks to the SiLU activation function and the max pooling layer. For the feature fusion module, we not 

only experimented with the concatenation strategies, but also experimented with adding and taking the maximum, 

the result is that the concatenation is the best, the taking maximum is the second, and the adding is the worst, we 

speculate that it is because the approach of taking maximum and adding combines three feature maps into a feature 

map with the same size, while the concatenation acquire a multi-dimensional feature map, so the accuracy is better. 
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Table 6. data augmentation ablation experiment results on kitti val dataset. the first column is the strategy of data 

augmentation, the last three columns are the accuracy on easy, moderate, and hard difficulties 

Data augmentation strategy Easy Mod Hard 

Local translation 83.8138 74.9117 72.2994 

Local rotation 88.0128 78.6722 75.6691 

Local scaling 88.4555 79.1145 76.1160 

Local rotation + Shape-Aware 88.2669 79.0722 76.1264 

Local rotation + Local scaling + Shape-Aware(ReLU) 88.2079 78.8001 75.7764 

Local rotation + Local scaling + Shape-Aware(SiLU) 89.5394 80.2455 77.4706 

 

In addition to the shape-aware data augmentation strategy, we also adopt three classical point cloud data 

augmentation strategies: local translation, local rotation, and local scaling to enrich our dataset, to improve the 

generalization performance of the model. Ablation experiments in the category of car, as shown in Table 6, the 

strategies of local rotation and local scaling have boosted the performance of the model. We compare the second 

row with the fourth row of Table 6, it can be seen that when the shape-aware data augmentation strategy is added, 

the detection accuracy is improved by 0.2%, 0.4%, 0.5 in easy, moderate, and hard difficulties, we analyze in more 

difficult level, the effect of shape-aware data augmentation strategy is more significant. The shape-aware data 

augmentation strategy truly can improve the generalization ability of the model. We fuse three data augmentation 

strategies: local rotation, local scaling, and SA strategies in the final, and the accuracy of the model has been 

tremendously improved. At the same time, we also compare the differences between the SiLU activation function 

and the ReLU activation function to build the backbone, we find that the backbone built by SiLU function has 

achieved the best performance in three difficulties, it can be seen that replace the activation function, which better 

captures the input original information and has an obvious effect on enhancing the generalization performance of 

the model. 

We set the batch size to 1 to measure the speed of our model. As shown in Table 5, the speed of our model is 

12.87ms, which has a subtle difference from PointPillars, although the split attention strategy leads to the increase 

of parameters, due to the smoothness of SiLU function and the powerful ability of extracting important information 

of the model, our speed is not much slower than that of PointPillars. Hz represents the number of samples that 

can be detected in one second, and speed represents the time required for one sample. 

4.6 Visualization 

We visualized the detection results of PointPillars and AttentPillars on KITTI test set, at the same time, we 

visualized the ground truth results, to compare the actual detection accuracy of AttentPillars and PointPillars, all 

the visualization results are shown in Figure 6. The visualization results of PointPillars are shown in the second 

column of Figure 6, and the visualization results of AttentPillars are shown in the third column of Figure 6. The 

green bounding boxes represent cars. As we can see, PointPillars is difficult to distinguish some small trailers, 

which leads to some false positive samples, while AttentPillars can accurately generate bounding boxes of these 

objects and predict their directions. 

In addition, as shown the last row of the Figure  6, there is no object in the position of red circle in ground truth, 

but the detection result of PointPillars generates a green bounding box here, which is a serious mistake in 

autonomous driving, however, our AttentPillars does not have this bad problem, and it generates accurate bounding 

boxes. We suppose that PointPillars cannot accurately capture the important information in the point cloud at first, 

which leads to mistaking other information for car in the detection, fortunately our AttentPillars highlighted the 

important information, and generates the accurate bounding boxes. Overall, our AttentPillars outperforms 

PointPillars both in bounding box generation and direction prediction. 

5. Conclusion 

In this paper, we propose an end-to-end 3D point cloud object detection algorithm, AttentPillars, which can pay 

more attention to the valuable information in point cloud. At the same time, we introduce shape-aware data 

augmentation to boost the generalization ability of our model. Our work is verified on KITTI dataset, and the 

detection is better than PointPillars, especially in the regression of AOS, our method has achieved nearly 3% 

improvement. However, in pedestrian and cyclist categories, our method is equivalent to PointPillars, the detection 

head uses SSD, in future work, to enhance detection accuracy in the pedestrian and cyclist classes, we intend to 

design a novel detection head, that has better perception of pedestrians and cyclists. 
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