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SOLAR TESTBED FACILITY AT ASU MTW

PROPOSED SMD DESIGN

NEURAL NETWORK AND CONFUSION MATRIX
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Solar Monitoring Facility at the ASU Research Park S = _ ‘ \ Other Smart o o Dropout Neural Network.
| = B = [Monit‘oringj _ , O Total 5 classes were predicted
o 18 kW PV array consists of 104 PV panels. = TR pevices 0 93% of Training and Test
o Each panel has a smart monitoring device. S SuOr accuracy achieved
o SMDs monitor current and voltage. Circuit Diagram of a Smart Monitoring Device: a) Data Collection, b) Data
Transmission, c) Real-Time Fault Detection CONCLUSION & FUTURE WORK

DISADVANTAGES OF THE EXISTING SMD

MACHINE LEARNING FOR FAULT DETECTION o Preliminary design accomplished
o No direct temperature and irradiance o Initial machine learning simulations promising
measurement | \ o Relays for topology reconfiguration
o Slow transmission rate \ l o Secure access and encryption
o Only performs series, parallel, or series- I o Packaging, testing, and validation of the hardware

parallel topology reconfiguration REFERENCES AND PATENT
o No provisions for secure access I

o No encryption
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