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I: ICOADS ship obs

ERA Interim analysis

N: historical 
simulations by WRF 

and HadGEM2
Possible impacts of climate change on Arctic/Atlantic fog, GRL submission.



Linear Regression Models

Errors-in-variables regression has unshared error in both datasets
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idea of equation error
(signal models need
 to accommodate
 nonlinearity)

● published in 1987

Errors-in-variables regression
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By predictive sampling, we have 21 equations and 17 unknowns:
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 Ordinary linear regression as a homogeneous calibration of N to I

I: ICOADS ship obs

ERA Interim analysis

N: historical 
simulations by WRF 

and HadGEM2
Possible impacts of climate change on Arctic/Atlantic fog, GRL submission.

In Situ TruthIf truth is large (all 
of I) there is a clear 
impetus to calibrate



In Situ Truth

• Polar WRF 3.6 Arctic 25-km domain
 and North Atlantic 30-km domain

• Boundary Conditions: HadGEM-ES 
GCM at 6-h (historical run 1970-2004 
and RCP4.5, RCP8.5 runs 2005-2099) 
monthly soil temperature and 
moisture, snow depth, daily SST, sea 
ice coverage, thickness, albedo, and 
snow on ice

• Physics schemes: (Bromwich et al. 
2009, Hines et al. 2012): RRTM LW 
radiation, new Goddard SW radiation, 
unified NOAH land-surface, 
Mellor-Yamada-Janjic (MYJ) PBL, 
Morrison et al. (2005) double-moment 
cloud microphysics, Grell-Devenyi 
ensemble cumulus parameterization



In Situ Truth

Truth in relative humidity 
permits a tuned visibility 
parameterization to be 
used with climate data.

Gultepe and 
Milbrandt (2010)

α / β

FRAM-L
Visibility

(km)

40.10 -
5.19 • 10-10

• RH5.44
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One linear and two 
nonlinear (neural net) 
calibrations of ERA 
proxies of ICOADS 
visibility.

Relative humidity (RHU) 
explains the same 
variance as conventional 
parameterizations (GM, 
RUC, and FSL).

Assessment of the linear relationship between ICOADS and 
ERA Interim visibility for 59966 Arctic collocations. All values 

shown are a percentage of ICOADS variance.

If shared truth is 
small (visibility vs 
SST, SHU, DPT) 
should we calibrate?
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One linear and two 
nonlinear (neural net) 
calibrations of ERA 
proxies of ICOADS 
visibility.

Relative humidity (RHU) 
explains the same 
variance as conventional 
parameterizations (GM, 
RUC, and FSL).

Assessment of the linear relationship between ICOADS and 
ERA Interim visibility for 94703 North Atlantic collocations. 
All values shown are a percentage of ICOADS variance.

If shared truth is 
small (visibility vs 
SST, SHU, DPT) 
should we calibrate?



• The definition of truth (and requirement to calibrate) depends on 
our application.  Is there impetus to calibrate relatively minor ERA 
visibility proxies like SST, specific humidity, or dew point 
temperature?

• Evidently, there is a large component of unexplained variance in 
the presence of fog.  Processes not yet captured by ERA (and 
WRF and HadGEM2 climate simulations) include the  
synoptic-scale impact of aerosols.  We are also challenged to 
isolate measurement error.

• An “untuned” visibility parameterization (RHU) performs 
surprisingly well by comparison with tuned parameterizations (e.g. 
Gultepe and Milbrandt 2010).

Inferences and Conclusions


