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Ground measured data is never perfect, but does it matter?

Instrumental faults, environmental and installation factors introduce biases that silently distort every downstream result. We quantify the full chain from raw measurements to final performance metrics across three key questions
addressing the scale of the problem, the effectiveness of QC methods, and the propagation of residual uncertainty into EPI.

1 what Bias and MAE do undetected QC issues introduce into GHI and GTI measurements, and how often do they occur?
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2 How does automated QC performance vary with data resolution, record length, and sensor redundancy?
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3 How does residual measurement uncertainty propagate into energy system performance assessment (EPI)?
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What does this mean for you?

e Audit your data: Every dataset contains QC issues and in extreme cases, uncorrected Bias alone can reach the magnitude of the full simulation uncertainty chain.
e Invest in your setup: Redundant sensors, high resolution, and 6+ months of data are prerequisites for reliable automated QC. For high-stakes assessments, complement with expert review.
e Never skip QC before performance evaluation: An uncorrected issue can make a struggling plant look perfectly healthy on paper.
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