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ABSTRACT

Recently, as interest in the internet of things has increased, a vibration energy harvester has attracted
attention as a power supply method for a wireless sensor. The vibration energy harvester can be divided into
piezoelectric types, electromagnetic type and electrostatic type, according to the energy conversion type. The
electromagnetic vibration energy harvester has advantages, in terms of output density and design flexibility,
compared to other methods. The efficiency of an electromagnetic vibration energy harvester is determined by
the shape, size, and spacing of coils and magnets. Generating all the experimental cases is expensive, in
terms of time and money. This study proposes a method to perform design optimization of an
electromagnetic vibration energy harvester using an open source, big data platform.

Key Words : Electromagnetic Vibration Energy Harvester(MAt7|& TS offL4X| SHH AE]), Hadoop(sts),
Design Optimization(4& A =& 3}), Machine Learning( 7| &H&), R(Y)
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Fig. 1 Design parameters of the harvester
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Fig. 2 Structure of training data stored in HDFS
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Table 1 Abnormal RMSEs from training of ANN

number of hidden nodes
times 10 20
train test train test
1 0.069 0.086 0.022 0.075
4 0.062 0.11 0.03 0.08
5 0.066 0.087 0.023 0.062
19 0.0741 0.1367 | 0.0235 | 0.0730
20 0.0890 | 0.1129 | 0.0218 | 0.0541
21 0.0786 | 0.1501 0.0254 | 0.0540
22 0.0727 | 0.1049 | 0.0227 | 0.0759
23 0.0657 | 0.1017 | 0.0223 | 0.0623
24 0.0700 | 0.1052 | 0.0243 | 0.0527
34 0.0660 | 0.1095 | 0.0203 | 0.0629
35 0.0693 | 0.1057 | 0.4915 | 0.0520
36 0.0646 | 0.0991 0.0246 | 0.0532
40 0.0632 | 0.1276 | 0.0249 | 0.0649
mean 0.0698 | 0.1051 0.0356 | 0.0793
truncated | 0.0698 | 0.1037 | 0.0234 | 0.0636
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