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Figure 1 Convolutional neural network structure
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Figure 2 Fault diagnosis flow chart
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Figure 3 Distribution of measuring point bearing
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Table 1 Convolution parameter table

2 & =% K padding
Convl 7 % 1 8 11 same
Pooll 2% 1 8 2% 1 same
Conv2 3% 1 32 11 same
Pool2 2% 1 32 2% 1 same
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Table 2 Parameter table of model
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Figure 4 Test set accuracy
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Figure 5 Loss values for the four models
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Figure 6 Classification results of four models
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Bearing Fault Diagnosis Based on Full Vector-CNN

HAO Wangshen', CHEN Yao', SUN Hao', FU Yaokun®, LI Wei'

(1.School of Mechanical and Power Engineering, Zhengzhou University, Zhengzhou 450001, China; 2.Navigation Bureau of

Henan Communications and Transportation Department, Zhengzhou 450016, China)

Abstract: Aimed to improved at the traditional intelligent fault diagnosis system, which required a large
amount of prior knowledge, and had the complexity of its model and the information loss caused by the incom-
pleteness of single-channel signal, a full-vector deep convolutional neural network diagnosis model of rolling
bearing was proposed. The full-vector technique was used to fuse the acquired two-channel signals to obtain the
fused main vibration vector data, which contained more complete information than the single-channel data.
Combining the main vibration vector and deep learning algorithm to construct the full vector depth
convolutional neural network, the model could adaptively extract the fault features and use the back propaga-
tion algorithm to adjust the model parameters. The experimental results showed that the method could extract
more complete fault information, and the model had higher accuracy and better stability.

Key words: fault diagnosis; full vector spectrum; deep learning; convolutional neural network ( CNN) ;

rolling bearing
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Phosphorus Removal Performance During the Recovery Process of Residual Sludge

PENG Zhaoxu, HAN Wei, LOU Tianyu, JIANG Kun, LI Lei

(School of Water Conservancy Science and Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; In order to investigate phosphorus removal performance during the recovery process of residual
sludge, an anaerobic-aerobic alternating sequencing batch reactor (SBR) was used for domestication, and the
changes of specific phosphorus release (uptake) amount, specific phosphorus release (uptake) rate, MLSS
and the ratio of phosphorus uptake to phosphorus release (uptake-release) were investigated. It was found that
when the sludge retention time was controlled at 12.5 d, specific phosphorus release amount and specific
phosphorus uptake amount were increased synchronously, the correlation coefficient was 0. 927. Phosphorus
removal performance began to recover when the activated sludge was regenerated by 16. 7%, and improved
obviously after 45. 8%. At this time, the ratio of uptake-release was stable at 1. 5~2. When activated sludge
was regenerated by 58. 3%, phosphorus removal performance almost recovered completely. The decrease of pH
during anaerobic stage could indirectly indicate the performance of phosphorus release. The correlation coeffi-
cient between the variation of pH after the nitrate knee and the phosphorus release amount was 0. 675, while
the oxidation and reduction potential (ORP) could not indicate phosphorus removal performance either in the
anaerobic stage or aerobic stage. A stable structure of activated sludge was the prerequisite for biological phos-
phorus removal. When the sludge concentration was stable during domestication process, the phosphorus
removal performance began to improve significantly.

Key words: idle sludge; activity recovery; phosphorus release amount; phosphorus uptake amount; phos-

phorus removal performance



