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§  SGP: Lamont, Oklahoma, US, (1993 – present) 
§  NSA: Barrow, Alaska, US, (2013 – present) 
§  ENA: Graciosa Island, Azores, Portugal, (2013 – present) 
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~3.5ox3.5o 

(http://www.arm.gov/sites/sgp/geoinfo) (http://www.xdc.arm.gov/data_viewers/sgp_surfchar/soil_and_land_links.html#top) 

•  Some sites (color) have co-located measurements to study LAC. 
•  Primarily grassland (42%) and cropland (43%) (Bagley et al., 2017)   
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Variables Datastream Site N (2011) 
U, V, T, q, precip MET 9 
Radiation fluxes QCRAD, RADFLUX 21 

Latent & sensible 
heat flux BAEBBR, ECOR 8, 5 

Soil moisture/T SWATS, EBBR 12 
Cloud fraction VISST (GOES) 0.5o x 0.5o 

•  ARMBESTNS (DOE/LLNL), ARMBE2DGRID (DOE/LLNL), 
RADFLUXANAL (DOE/PNNL), VISST (NASA/Langley) 

§  Soil Water and Temperature System (SWATS) 
•  Vertical profiles, 8 layers up to 175 cm below surface 
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§  T2m biases relative to ARMBE2DGRID data at SGP 
§  Larger contribution from EF (land) than radiation (atm) for most climate 

models. 

2006 

2018 
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§  Modest LAC between EF and SM is found at SGP CF. 

§  Atmospheric forcings predominate over land feedbacks 

§  Both free-running and constrained climate model simulations of regional atmospheric 
coupling with SM are too strong compared to observations 

§  Simulated coupling of local vegetation leaf area with surface evaporative fraction is 
weaker than the observational estimate 

2014 

2017 
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§  Energy balance Bowen ratio (EBBR) systems 
§  Grassland 
§  Availability of long-term, co-located measurements 

(b)
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HRM minus ERAI

(a) (b)
m3/m3 m2/m2Soil Moisture LAI
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§  Single-variable regression 
•  r(EF, SMI), r(EF, LAI) 
•  Sensitivity index: I = b*σx (Dirmeyer 2011) 

§  Multiple-variable regression 

•  EF = b(0) + b(1)*SMI + b(2)*LAI 
•  R(EF; SMI, LAI) 
•  Standardized regression coefficients: Bi = bi*σxi/σy 

Tang et al., 2018 
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§  ARM collects long-term, co-located ground measurements 
(including soil T & moisture) for climate studies. 

§  ARM data can be critical for studying land surface 
processes in S2S prediction. 
•  SGP, Mobile facilities 

§  Climate model biases are identified with ARM data. 

§  DOE LLNL group can also contribute Energy Exascale 
Earth System Model (E3SM) simulations. 
•  Regional refined model (RRM) 

§  Help interpret results in comparison with ARM data 
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www.arm.gov 


