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ABSTRACT: Renewable energy is receiving attention again as a way to realize carbon neutrality to overcome the climate change crisis.
Among renewable energy sources, the installation of Photovoltaic is continuously increasing, and as of 2020, the global cumulative
installation amount is about 590 GW and the domestic cumulative installation amount is about 17 GW. Accordingly, O&M technology
that can analyze the power generation and fault diagnose about PV plants the is required. In this paper, a study was conducted to diagnose
fault using I-V curves of PV strings and deep learning. In order to collect the fault I-V curves for learning in the deep learning, faults were
simulated. It is partial shade and voltage mismatch, and I-V curves were measured on a sunny day. A two-step data pre-processing
technique was applied to minimize variations depending on PV string capacity, irradiance, and PV module temperature, and this was
used for learning and validation of deep learning. From the results of the study, it was confirmed that the PV fault diagnosis using I-V

curves and deep learning is possible.

Key words: Deep learning, Fault I-V curves, Data preprocessing, Partial shading, Voltage mismatch

Nomenclature

Pmp : maximum Power, W

Voc : open circuit voltage, V

Isc : short circuit current, A

Vmp : maximum voltage, V

Imp : maximum current, A

PV : Number of PV modules connected in series, ea

PV, : Number of PV modules connected in parallel, ea
Subscript
O&M : operation and maintenance

Al : artificial intelligence
PV : photovoltaic
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DC Input Voltage [V] < 1,000
i DC Input Current [A] <40
Sampling [kS/s] 144
Measurement time[ms/ch] 260
Measurement accuracy [%] <1
Number of measurement channels 20
Table 3. Spec. of pyranometer
Wavelength range [nm] 285 to 2800
Fig. 1. 10 kW PV System in KIER Measurement range [W/m?] 0 to 1600
0.7 < (63%)
Response time [s]
Table 1. Spec. of PV module 2 < (95%)
Pmp W] 450 Non linearity [%] <05
Voc [V] 49.97
Isc [A] 11.40 Table 4. Spec. of thermocouple
Vmp [V] 42.01 Measurement Temperature range [C] -200 to 1250
Imp [A] 10.72 Measurement standard error[%] 0.75
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Fig. 4. |-V curves of partial shading according to number of black
sheets
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Fig. 5. |-V curves of voltage mismatch
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Fig. 6. Difference between |-V curves according to irradiance
and module temperature
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Fig. 8. Measurement and simulation |-V curves after 1st pre-

processing
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Fig. 10. |-V curves saved as image files after pre-processing
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