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A. Bringing operating PV plants into research
• As a critical epidemiological population
• Non-relation data warehouse – Energy-CRADLE
• Currently hosting data from over 3.4GW
• From 780 field developed power plants

B. Using data science methods 
• Such as machine learning, predictive network 

modeling
• Aggregate and integrate DuraMat research results
• Into common system-level models of PV modules 
• Exposed to real-world conditions and lab-based 

accelerated exposures Rectangular : data
Ellipse : R functions

SDLE PV Data Covers ~3.4 GW
• 787 PV Plant Sites 

encompasses 1.92% of Global PV Plant Generation
• 5638 PV Plants (Inv. & Modules)
• Distributed in 13 different climate zones
• 60 PV Module Brands/Models
• 38 PV Inverter Brands/Models
• Single Modules to 265 MW power plants
• Going Back Up To 15 years

PV systems degrade faster than warranty in hot climate
• Seven PV systems 
• Identical PV modulesdel
• Distributed in 5 climate zones
• BSh, BSk, Csa, Csb and Dfb, 
• as classified by Koppen-Geiger system
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Rd1 = 2.99%
Rd2 = 27.1%

Rd3 = -37%
Rd4 =  8.37%
Rd5 = 11.8%

R2 of overall fitting 0.95

Hadoop/Hbase & NoSQL DB Abstraction [2]

Metastability of PV Module Materials Identified 
by Machine Learning 2.2 million I-V curves[2][3]
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Underlying Machine Learning Procedures:
Local linear regression fitting + Residual Thresholding
Classify I-V curve into five categories

• Type I : Voc only
• Type II  : Voc + one bypass diode turns on
• Type III  : Voc + two bypass diodes turn on

JPV In Press

Month-by-Month Rd Model 
• Use all data noon time, morning and 

afternoon 
• Categorize data by age
• Every 30 days from the first 

operation date considered a month
• Develop predictive model for each 

month
• Linear regression models
• These models serve as a snapshot of 

the system status
• Use monthly regression models to 

normalize system performance 
under the same climate condition

• Do not assume linear degradation 
rate

• Look at the profile of the monthly 
predicted value

• Use bootstrap approach resample 
the data to estimate the uncertainty 
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Linear Rd = 0.67%
Lower than 
warranty 
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Changing rate distribution of 804 PV systems at 9 
Koppen-Geiger climate zones 
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