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Mount Signal Solar

● 265 MW PV Plant

● 273 1MW Inverters

https://en.wikipedia.org/wiki/Mount_Signal_Solar
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About the Data

1100 power plants distributed across North 

America with different features

1. Age

2. Suppliers
a. Inverters

b. Modules

3. Koppen-Geiger Climate Zones
a. Major Type

b. Temperature subtype

4. Module Placement
a. Roof vs Ground

Each system measures the following components

● Time Stamp, power, temperature, windspeed, and 

irradiance

● Measurements made at 1 minute intervals

3
Credit: Google Maps

http://sdle.case.edu/
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CRADLE v2.2 Architecture: Petabyte and Petaflop Computing

Hadoop Distributed

Computing

With Hbase & Spark

Using R & Python

For Analytics

In-place Analytics

Write-back 

All Results

Into Hbase

http://sdle.case.edu/
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Hadoop/Hbase
Combine Lab data (Spectra, Images etc.) 

With Time-series Data (PV Power Plant Data)

Petabyte Data Warehouse In A Petaflop HPC Environment
● Query Data

● Based on rowkey or columnkey

● All data related to PET

● Or All Images

Data Handling

5

http://sdle.case.edu/
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FAIRification of Datasets and Models, Enables AI learning

Making Datasets & Models FAIR

● By “FAIRification”

Enables Models to find Data

● And Data to find Models

So that they can advance

● Without human intervention

This is an aspect of the Semantic Web

● And Resource Description Framework

● Hbase triples are an example of RDF

We just received a DOE SETO AI award

● For st-GNN, that involves FAIRification

Enabling this in Hadoop/Hbase Environment

● Can enable automation of analysis

M. D. Wilkinson et al., “The FAIR Guiding Principles for scientific data management and stewardship,” Sci. Data, vol. 3, no. 1, pp. 1–9, Mar. 2016, doi: 10.1038/sdata.2016.18. 

https://en.wikipedia.org/wiki/Resource_Description_Framework

http://sdle.case.edu/
https://libereurope.eu/wp-content/uploads/2017/12/LIBER-FAIR-Data.pdf
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Age

7

PV Systems

● Various patterns

● Due age

Profile of amazingly fast growth

● In the US

12 inverters suppliers

24 module suppliers

http://sdle.case.edu/


Arthur Xin © 2020     http://sdle.case.edu June 1st, 2020,  VuGraph  8

Kӧppen-Geiger Climate Zones

8
Peel, M. C., Finlayson, B. L., and McMahon, T. A.: Updated world map of the Köppen-Geiger climate classification, Hydrol. Earth Syst. Sci., 11, 1633–1644, 
https://doi.org/10.5194/hess-11-1633-2007, 2007.

http://sdle.case.edu/
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Climate Zones of Solar Plants in Our Data

9

http://sdle.case.edu/
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Climate Types of Solar Farms in Our Data

Group A: Tropical

● m = Tropical Monsoon Climate

Group B: Dry

● S = semi-arid

● W = desert

Group C: Temperate Climates

● f = no dry season

● s = dry summer

Group D: Continental

● f = no dry season

10

http://sdle.case.edu/


Methods

11
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Accurate determination of PV System’s Performance Loss Rate (PLR) 

• Critical for assessing PV system operation, maintenance and production

Four main steps in PLR determination

• 0. Data Quality assessment

• 1. Cleaning & Filtering

• 2. Metric Selection

• 3. Feature Corrections

• 4. Statistical Modeling

Report IEA-PVPS T13-22:2021, April 2021

Performance Loss Rate Determination

12

http://sdle.case.edu/
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Performance of PLR algorithms, strong function of dataset “missingness”

Missingness includes Outliers, Missing Datapoints, and Data Gaps
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Outliers = Anomalies and Rapid Changes (can be Clouds)

Missing = 5 or less missing data points

Gaps = Missing data longer than 5 data points

Exploratory Data Analysis & Dataset Grading

13

http://sdle.case.edu/


Arthur Xin © 2020     http://sdle.case.edu June 1st, 2020,  VuGraph  14

Data Processing Pipeline

STL Decomposition

Linear Fitting

Data CleaningRetrieve Data 

from HBase
Predictive 

Power Modeling
Cross-Sectional 

Analysis

XbX UTC Model

14

YoY Performance 

Loss Rate (PLR)

ANOVA

Random Forests

AIC

Year 0 Removal

Nighttime Filtering

Outlying Points 

(Sensor Failure)

Data Querying

http://sdle.case.edu/
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Data Filtering

Irradiance Filter

● Minimum filtering at 200 

W/m2 to prevent nighttime 

effects

● Maximum filtering at 1000 

W/m2 to prevent effects of 

sensor failure

Power Filter

● Minimum filtering at 1% max 

power to prevent nighttime 

effects

15

http://sdle.case.edu/
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“X by X” + UTC Model

“X by X” + Universal Temperature 

Correction (XbX + UTC) Model

● “X by X” indicates X as a time period

○ DbD for Day-by-Day

○ WbW for Week-by-Week

○ MbM for Month-by-Month

● DbD chosen as the time period

● Converts a measured temperature to a 

representative temperature

○ Corrects seasonal temperature variation

● Filters irradiance values by 900 ± 10 

W/m^2 for consistent irradiance 

measurements for Grep values

Curran, Alan & Jones, Christian & Lindig, Sascha & Stein, Joshua & Moser, David & French, Roger. (2019). Performance Loss Rate Consistency and Uncertainty Across Multiple Methods 

and Filtering Criteria. 1328-1334. 10.1109/PVSC40753.2019.8980928. 16

http://sdle.case.edu/
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XbX + UTC Model

17

Observed Data Predicted Power

http://sdle.case.edu/
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STL Decomposition

“Seasonal and Trend decomposition 

using Loess”

● Breaks down time series data into 3 

components: 
○ loess trend

○ Seasonal

○ Residual

● Raw data is the addition of all 3 

components

● Decomposition may fail if
○ Same seasons are repeatedly 

missing values

○ Variation in data lacks predictable 

seasonal trends

18

http://sdle.case.edu/
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Data Loss

There are two ways we are 

tracking the loss of data

1. Removal of entire dataframes 

in each step of data 

processing pipeline

2. Percentage of missing data 

points in the XbX + UTC 

model

19

http://sdle.case.edu/
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PLR Distributions - Linear

20

http://sdle.case.edu/
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Conclusions

1. Data Processing Pipeline 

a. Preserved 426 dataframes for use out of the 763 in the sample

2. PLR Determination Accuracy

a. Using a combined Segmented PLR determination with STL Decomposition yields a far 

more accurate model

i. Linear PLR at median adjusted R2 of 0.03, Segmented + STL median adjusted R2 of 0.28

b. Low overall adjusted R2 values indicate that we are unable to capture the variance in our 

predicted power values with PLR determination methods

3. PLR Value

a. Using our Segmented + STL model, our median PLR values are -0.18% per year and -

1.6% per year for segment 1 and 2, respectively

b. Usage of STL decomposition required for segmented methods for consistent predictions

4. Cross Sectional Methods

a. Random forests and AIC methods both consistently chose module supplier as the 

primary factor

21

http://sdle.case.edu/
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Benchmarking of PLR Calculations Methods 

Using 23 Open Datasets: https://osf.io/vtr2s/

ST2.5 Performance Loss Rate Determination

22

http://sdle.case.edu/
https://osf.io/vtr2s/
https://iea-pvps.org/key-topics/assessment-of-performance-loss-rate-of-pv-power-systems/


Spatiotemporal Graph Neural Network for Performance 

Prediction of Photovoltaic Power Systems

23

Ahmad Karimi, Yinghui Wu & Mehmet Koyutürk,

Department of Computer and Data Sciences,

Case Western Reserve University

Laura S. Bruckman, Roger French

Department of Material Science and Engineering,

Case Western Reserve University

23
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Spatiotemporal Graph Neural Network (st-GNN)

24

Interest

● Information from neighboring nodes undergoing 

similar exposure

Sequence of

● Graph convolution layer 

● Temporal convolutional layer 

○ 1-D convolution

Coherence

● Spatial dependencies

● Temporal dependencies

http://sdle.case.edu/
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Dataset 

Dataset

● SS1 + SS2 dataset: 316 power plants

● 2 years of data (730 days)

● 5 minutes interval 

● 288 points makes up a day

● 210,240 points for a system

● Data partition

○ 690 days training, 20 days validation, 

20 days testing

● Input Features for modeling

○ Power timesries(Pmp)

Power forecasting models (2hrs in future)

● Power (Pmp)

25

Location of PV systems on the map

http://sdle.case.edu/
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PV Network Representation

26

Calculate distance between two nodes

● Equation to convert element of distance matrix

to weight matrix

● εc = 0.5

εc= 0

εc= 0.5

H. B. Goodwin, The haversine in nautical astronomy, Naval Institute Proceedings, vol. 36, no. 3 (1910)

http://sdle.case.edu/
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Spatiotemporal Graph Neural Network (st-GNN)  Representation 

Two Spatio-temporal Block

● Two temporal convolution layer

● One spatial convolution layer

H = 24 number of time lag points

N = 316 PV Systems

27

Output Layer Block

● Two temporal

● Fully connected layer 

Trainable parameters:

1 Channel Network: 775,468

http://sdle.case.edu/


Result

28
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Single System PV Power Forecast 

PV power forecast for one day

● Fluctuation in the curve due to cloud cover

● Forecast for spatiotemporal convolution (εc= 0.25) 

● Forecast for temporal (1-D) convolution (εc= 1.0)

● Spatiotemporal curve follows observed values 

trend closely 

29

1 day

http://sdle.case.edu/
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GCN Model Accuracy 

Spatiotemporal GCN & temporal convolution

30

http://sdle.case.edu/
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New DOE-SETO AI-for-PV project

31

http://sdle.case.edu/


Questions

32
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Year-on-Year Performance Loss Rate (PLR)

33
Alan J. Curran. LIFETIME PERFORMANCE MODELING OF COMMERCIAL PHOTOVOLTAIC POWER PLANTS. Master’s thesis, 

Case Western Reserve University, 10900 Euclid Ave, Cleveland, OH 44106, 2019.

Year 1 Year 2 Year 3

http://sdle.case.edu/
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PLR of 1 System by 27 Methods. And of 18 Systems

•

http://sdle.case.edu/
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Performance Loss Rate Determination

•

Report IEA-PVPS T13-22:2021, April 2021

http://sdle.case.edu/

