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                 Problem Definition

3D object detection aims to classify the object categories and 
estimate the oriented 3D bounding boxes of physical objects 
from 3D sensor data, such as point clouds.

                 Background 

Existing 3D object detection methods have shown good 
performance on standard 3D object detection datasets. 
However, in real-world applications, due to various reasons 
(such as occlusion, low reflectivity of objects and fewer laser 
beams), the point cloud samples obtained in real-time 
running may be sparser. Therefore, a well-trained model may 
perform poorly in these situation

                 Contributions 

● We analyze the role of critical points in 3D object detection 
and propose to generate point cloud  samples with less 
critical points for data augmentation.  
● We propose PointDrop, an adversarial data augmentation 
method in 3D object detection, which actively generates 
challenging sparse samples to improve the robustness of the 
model.
● Experimental results on two sparse point clouds datasets, 
which are manual ly created from the KITTI dataset, 
demonstrate the superiority of our proposed PointDrop.

                 Overview of PointDrop 

PointDrop employs an augmentation network (augmentor) to 
provide sparse samples and optimizes the augmentor and 
the detector in an adversarial way.
● The augmentor learns to produce hard sparse samples by 
dropping the features of some critical points in the original 
samples.
● The detector learns to handle sparse samples robustly by 
competing against the augmentor.
● The augmentor can adjust the difficulty of the generated 
sparse samples by taking the detector‘s loss as feedback.

                 Network Architectures 
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An illustration of how the augmentor generates a sparse 
mask for apillar：

An illustration of how the detector exploits the sparse mask 
to generatea  sparse  global  feature  for  a  pillar： 

                 Loss Function 

The loss for the augmentor:

The loss for the detector:

                 Experiments 

Result on the KITTI validation 3D detection benchmark

Result on the KITTI validation BEV detection benchmark

Alabtion Study


