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Table 1  Accuracy and forward time comparison of different point cloud recognition algorithms

Ak Bme Rl LRI SR IBATHTE]
Method Data type Mean per-class accuracy/ % Overall accuracy/ % Forward time/ms
MVCNNE] mesh structure 90.1 —
O-CNN2 octree 90.6 —
KCNet#! k-NN graph 91.0 12.0
Kd-Net' %% points 88.5 91.8 —
SO-Net"" points+normal 90.8 93.4 —
3DmFV-Net!?! points 91.6 —
PCNN= points 92.3 —
PointNet™] points 86.0 89.2 25.3
PointNet+ 457 points—normal 91.9 163.2
SpecGCNEU Local k-NN graph 91.5 —
SpiderCNNE2! points—+normal 92.4 —
DGCNNE!2! points 90.2 92.2 94.6
PointCNN points 88.8 92.5 —
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Bacterial Community Characteristics in Different Weather Conditions
of Atmospheric Bioaerosols in Qingdao

WANG Yao'?, QI Jian-Hua"?, ZHANG Ting®, ZHANG Da-Hai’
(1. Key Laboratory of Marine Environmental Science and Ecology, Ministry of Education, Ocean University of China,
Qingdao 266100, China; 2. Laboratory for Marine Ecology and Environmental Science, Pilot National Laboratory for Marine
Science and Technology(Qingdao) , Qingdao 266237, China; 3. College of Chemical Engineering, Ocean University of Chi-
na, Qingdao 266100, China)

Abstract: In order to evaluate the impact of foggy, hazy and dusty weather on the bacterial communi-
ties in atmospheric bioaerosols, bioaerosol samples were collected in the coastal region of Qingdao on
different weather from Dec. 2017 to Apr. 2018. Bioaerosol bacterial community compositions were meas-
ured using 16S rRNA high-through sequencing. The results showed that the compositions of bacterial
community were significant varied on the hazy and dusty weather, as indicated by the higher richness
and diversity of community than those on the sunny weather, and have a negative correlation with the
aggravation of haze pollution, but the diversity decreased in foggy days while the richness almost kept
the same. Air mass source had an effect on bacterial communities in hazy days. Proteobacteria was the
dominant bacteria on any weather conditions, with the highest relative abundance on hazy days. At the
genus level, Actinetobacter and Sphingomonas were the dominant genera during the period of haze, and
the relative abundance of Micrococcus s Paracoccus and Pseudomonas were increased on foggy weather,
while Bacillus was the dominant genus on dusty days. RDA analysis showed that O was the major envi-
ronmental factor that could affect bacterial community. Opportunistic pathogens could be detected in
foggy, hazy and dusty weather, which had potential harm to human health.

Key words: bioaerosols; bacteria; 16S rRNA; community structure; health risks
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A Survey on Machine Learning in Recognition of 3D Object Based on Point Cloud

XIE Ze-Xiao, LI Mei-Hui
(College of Engineering, Ocean University of China, Qingdao 266100, China)

Abstract; With the continuous development of machine learning algorithms, and its good adaptability,
accuracy and robustness, it has been widely used in the field of 3D object recognition, and has become a
research hotspot of current point cloud processing. Firstly, the development and application of point
cloud data recognition for 3D objects and machine learning are summarized. Then, it is analyzed and
summarized from the three aspects of feature selection, feature extraction and object recognition. Final-
ly, the paper points out the challenges and further research directions of machine learning in the field of
point cloud processing based on 3D object recognition.

Key words: machine learning; 3D object recognition; point cloud; feature selection; feature extraction
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