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Why might reality be different than what 
was predicted?

• Real reflectances differ from those assumed
• Dirt more or less than assumed
• Constructed dimensions differ from design
• Inaccuracy of calculation methods



Why might reality be different than what 
was predicted?

• Real reflectances differ from those assumed +/- 5%
• Dirt more or less than assumed +/- 5%
• Constructed dimensions differ from design +/- 1%
• Inaccuracy of calculation methods +/- 5%

















• It is difficult to measure direct 
and diffuse illuminance 
(irradiance) separately.

Problem (?)
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But…





• “the science and art of programming 
computers so they can learn from 
data.” (Geron)

• Machine learning uses data to 
“learn” and predict outcomes rather 
than using explicit algorithms or 
rules, and works well for problems 
that have no known algorithm based 
solution, but have lots of available 
data to learn from.

Machine Learning!



When to use machine learning:

1. Tasks involve a function that maps well-defined inputs to well-defined outputs
2. Large (digital) datasets exist or can be created containing input-output pairs
3. Tasks provide clear feedback with clearly definable goals and metrics
4. No long chains of logic or reasoning that depend on diverse background knowledge or 

common sense
5. Tasks do not require detailed explanations for how the decision was made
6. Tasks have a tolerance for error and no need for provably correct or optimal solutions
7. The phenomenon or function being learned should not change rapidly over time
8. No specialized dexterity, physical skills, or mobility is required

From “What Can Machine Learning Do? Workforce Implications” Erik Brynjolfsson and 
Tom Mitchell, Science Magazine, Dec 22, 2017



• Data normally used:
– Month
– Day
– Hour
– Latitude
– Longitude
– Direct Illuminance (DIR)
– Diffuse Illuminance (DIF)

• Data we also have:
– Global Illuminance (GLOB)

Hypothesis

DIR + DIF = GLOB



Hypothesis

• Data normally used:
– Month
– Day
– Hour
– Latitude
– Longitude
– Direct Illuminance (DIR)
– Diffuse Illuminance (DIF)

• Data we also have:
– Global Illuminance (GLOB)

• If we have:
–Month
–Day
–Hour
–Latitude
–Longitude
–Global Illuminance (GLOB)

• Can we predict:
–Direct Illuminance (DIR)
–Diffuse Illuminance (DIF)



Process



Tools





Part 1 – Get data into useable format

• Unzip data files
–Each group of 30 files within its own 

folder
• Add in header data to each line

–Add lat/long info based on 
day/time/location

• Read into database





From https://vas3k.com/blog/machine_learning/?ref=hn

https://vas3k.com/blog/machine_learning/?ref=hn


From https://vas3k.com/blog/machine_learning/?ref=hn
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Part 2 – Create machine learning model



Part 2 – Create machine learning model
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Part 2 – Select train, validate model



Results – Annual Hourly



Results – Annual Hourly – 12p.m. only



Analysis with Predicted Data - sDA



Analysis with Predicted Data - Cumulative



But wait!
Aren’t there already ways to do 
this?



Existing Models

• Erbs et al., 1982 (ER)
• Orgill and Hollands, 1977 (OH) 
• Reindl et al., 1990 (RE)
• Lam and Li, 1996 (LL)
• Skarteveit and Olseth, 1987 (SO)
• Louche et al., 1991 (LO)
• Maxwell, 1987 (MA)
• Vignola and McDaniels, 1984 (VM)

Sokol Dervishi and Ardeshir Mahdavi. Computing diffuse fraction of 
global horizontal solar radiation: A model comparison. Solar Energy, 2012



Error Metrics

• Mean Bias Deviation (MBD)
• Relative Error (RE)
• Root Mean Squared Deviation (RMSD, RMSE)



Error Metrics – MBD and RMSD

Model MBD (%) RMSD (W/m-2)
ER -9.2 37.4
RE -10.5 41.6
OH -13.3 43.1
LL 11.9 45.7
SO -98.3 199.9
LO 19.5 29.6
MA 21.1 33.2
VM -60.38 50.4



Error Metrics – MBD and RMSD

Model MBD (%) RMSD (W/m-2)
ER -9.2 37.4
RE -10.5 41.6
OH -13.3 43.1
LL 11.9 45.7
SO -98.3 199.9
LO 19.5 29.6
MA 21.1 33.2
VM -60.38 50.4
ML -5.87 35.32



Error Metrics – Relative Error CDF
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Takeaways

• Solution looks promising – needs more development
–ML trained on only one NY weather station, ~131,000 measurements
–62M measurements in data set
–Does using more than one weather station improve results, ie within a 

radius of target location where similar climate conditions are expected?
–Does using all 236 weather stations improve results?

• Databases are very useful!
• Python/Jupyter environment worked well for this type of 

development.
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