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Health condition assessment of harmonic reducer based on integer-period
data and convolutional neural network
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Abstract : Due to the cyclic motion, different working beats and transient speed, it is difficult to effectively describe the running state and
assess the health state of industrial robot harmonic reducer. In this study, a method based on integer-period data and convolutional neural
network is proposed to achieve health state assessment of harmonic reducer. Firstly, the phase difference spectrum correction-cross
correlation method is used to adaptively segment the original vibration signal and construct the integer-period data samples to accurately
describe the running state information of the harmonic reducer. Secondly, continuous wavelet transform is applied to decompose the
integer-period data sample to obtain the time-frequency map to fully show the transient characteristics of harmonic reducer in the
operation cycle. Finally, convolution neural network is utilized to translate and scale the input signals in time and space with high
invariability to fully learn the transient characteristics of the harmonic reducer in each operating cycle. In this way, the health state of the
harmonic reducer can be evaluated. Experimental results show that the identification accuracy of the proposed method is over 90% . The
effectiveness of the proposed method is verified, which has good generalization ability and robustness.
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Fast mathematical morphological filtering method and
its application on pulse signal processing

Chou Yongxin', Zhang Aihua®, Gu Ya', Liu Jicheng', Feng Yufeng’

(1.School of Electrical and Automatic Engineering, Changshu Institute of Technology, Suzhou 215500, China;
2.College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou
730050, China; 3.Changshu No.1 People's Hospital, Suzhou 215500, China)

Abstract ; In the actual one-dimensional signal processing, the mathematical morphological filtering method (MMFM) has a large amount
of operation. To address this issue, a fast mathematical morphological filtering method (FMMFM ) is proposed in this study. First, the
erosion operation is modified to realize the real-time signal processing. Then, the data updating process of buffer in the microprocessor
system is combined with the theory of MMFM. The iteration of sliding window is used to improve the time consumption of MMFM. In
further, the smooth filtering method is also improved to speed up the optimization of the FMMFAM results. The measured pulse signals
are used as experimental data. Compared with the MMFM, results show that the FMMFM can effectively reduce the calculation time
(speed up over 70 times) and keep the filtering accuracy unchanged. The FMMFM with flat and linear structuring elements have faster
filtering speed than those of other elements ( speed up over 110 times). The proposed method can still process the signal in real-time
(less than 4.5 s for the signals of 240 s) as the increase of the lengths of structuring element and buffer. It can be employed in pulse
signal filtering, segmenting and feature exiracting in real-time (less than 45 s). Therefore, the proposed method may be applied in some
smart wearable devices with high real-time requirements, such as wristbands and watches.

Keywords : fast mathematical morphology filtering method; sliding window; the improved smooth filtering method; PPG signal processing

in real-time
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