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Introduction & Objective 
The U.S. EPA will soon provide an ensemble of RCM climate change 
projections. For several years the U.S. EPA has worked to improve RCM 
climatology with a focus on the Southeast.  In particular, there has been 
an emphasis toward improving the simulated precipitation and extremes 
important for projected changes in water resources [3,4,5] 

Our objective is to evaluate drought statistics using the Standardized 
Precipitation Index (SPI) [6] to determine the added value using an RCM 
simulation.  The SPI is calculated using monthly precipitation for different 
accumulation periods providing versatility in defining different types of 
drought, such as short-term droughts important for agriculture to longer-
term droughts important for groundwater, streamflow, and lake reservoirs.   

 

  

Model Verification of the  

Standardized Precipitation Index  
The SPI is calculated separate using monthly precipitation for WRF, R-2, 
and PRISM [7].  PRISM precipitation is an observational dataset for 
validation and available at a 4-km resolution.   

SPI was calculated for 1,3,6,and 12 month accumulation periods to 
evaluate potential for different water resource applications .   

Evaluation includes correlation and a categorical metric, Hit Rate (HR).   

HR indicates the percentage of actual exceedances correctly simulated 
when |SPI| > 1.  

 

Experimental Design 
The Weather Research and Forecasting Model (WRFv3.4.1) is used to 
simulate a timeslice from 1988-2005 at a 36-km horizontal resolution over 
the Contiguous US (CONUS).  WRF is driven with what is considered 
perfect lateral boundary conditions, NCEP/DOE AMIP-II (R-2), allowing 
direct comparison with observations.   

Background 
Historical records, along with global model predictions, illustrate 
increasingly severe and widespread drought over recent decades 
continuing into the 21st century for many land areas [1].  

An important potential resource for predicting future droughts for improved 
climate change adaptation and impact assessment is dynamical 
downscaled climate data from regional climate models (RCMs).  

RCMs improve the representation of terrain, coastlines, land-use and 
land-cover while also improving the representation of the atmospheric 
circulation important for a region’s climate. 

However, droughts are commonly associated with large-scale shifts in the 
atmospheric circulation and/or sea surface temperature anomalies [2]. 
Because RCMs are driven by the global models, it is possible that RCMs 
may not provide much additional value for dynamically downscaled 
climate change projections for drought statistics.   

Standardized Precipitation Index Evaluation 

PRISM-OBSERVATIONS Regional Climate Model - WRF Reanalysis – R2 

Figure 1: 12 month SPI ending on December 2000.  

PRISM-OBSERVATIONS Regional Climate Model - WRF Reanalysis – R2 

Figure 2: 12 month SPI ending on December 2003.  
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Figure 3: Correlation and Hit Rate statistics calculated for the CONUS, Southeast, North Carolina, and South Carolina for accumulation 
periods of 1,3,6, and 12 months. Hit rate threshold uses an |SPI| > 1 (moderate to severe drought and wet periods).   
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Discussion / Conclusions 
In general, WRF provides added value for the following aspects of predicting drought: 

•  Intensity and Duration 
•  Spatial transitions of the drought signal  

Specifically for the Southeast, WRF provides added value in detecting moderate to extreme droughts for 
shorter accumulation timescales.  
Based on the findings, we suggest that dynamical downscaling from global models can be useful for water 
resource climate change applications.  
However, water resource applications need to consider the following when using dynamically downscaled 
data:  

•  choice of global model - regional climate change is highly dependent on the global scale. 
•  ensemble – use multiple global models and climate change scenarios. 
•  spatial resolution – certain resolutions may not resolve certain features, such as rivers and lakes. 

 

 

 

 

WRF and R-2 have similar overall drought 
patterns; the large-scale atmospheric 
circulation is driving the drought. 
 
R-2 drought intensity is greater than observed 
over the Southeast. 
 
The dynamical downscaling using WRF 
improves the drought intensity relative to R-2 
overall in the Southeast.  
 
   
 
  
 
 

Correlation is on average 10% higher in WRF  
for the entire US, including the Southeast and  
Carolinas for all accumulation timescales.  
 
Over the Southeast, WRF shows the greatest 
improvement in detecting moderate to extreme 
droughts for shorter accumulation timescales.  
 
Over the Southeast, WRF improves moderate 
to extreme wet periods for all accumulation  
timescales.  
 
 
 
 

R-2 and WRF both capture the abnormally 
wet conditions over the eastern US. 
 
The dynamical downscaling using WRF 
improves the abnormally wet conditions, 
especially for the Gulf Coast states. 
 
WRF shows significant improvement in 
representing the SPI gradient for near 
normal to wet conditions between coastal 
and inland areas within South Carolina and 
Georgia.   
  

References 
[1] A. Dai, “Increasing drought under global warming in observations and models” Nature Climate Change, 3, 52-58, 2013.  

[2] S. Schubert, and Coauthors, “A U.S. CLIVAR project to assess and compare the responses of global climate models to drought-related SST forcing patterns: Overview and results,” 
Journal of Climate, 22, 5251-5272, 2009.  

[3] J.H. Bowden, C.G. Nolte, and T.L. Otte, “Simulating the impact of the large-scale circulation on the regional 2-m temperature and precipitation climatology”, Climate Dynamics, 40, 
1903-1920, 2013.  

[4] T.L. Otte, C.G. Nolte, M.J. Otte, and J.H. Bowden, “Does Nudging Squelch the Extremes in Regional Climate Modeling?”, Journal of Climate, 25, 7046-7066, 2012.  

[5] K. Alapaty, J.A. Herwehe, T.L. Otte, C.G. Nolte, O.R. Bullock, M.S. Mallard, J.S. Kain, and J. Dudhia, “Introducing subgrid-scale cloud feedbacks to radiation for regional 
meteorological and climate modeling”, Geophysical Research Letters,39, L24809, 2012. 

[6] T.B. McKee, N.J. Doesken, and J. Kleist, “The relationship of drought frequency and duration to time scales” Preprints, Eight Conference on Applied Climatology, American 
Meteorological Society, Anaheim, CA, 179-184, 1993.  

[7] C. Daley, R.P. Neilson, and D.L. Phillips, “A statistical-topographic model for mapping climatological precipitation over mountainous terrain”, Journal of Applied Meteorology, 33, 
140-158, 1994.   

Acknowledgements 
The U. S. Environmental Protection Agency through its Office of Research and Development funded and managed the research described here. Laura Reynolds provided technical 
support for the simulation. 

 

 

 

 


