
Surface	
  Insola.on	
  

• All	
  but	
  RCM3	
  show	
  posi1ve	
  biases	
  over	
  the	
  land	
  surface	
  
• The	
  biases	
  vary	
  regionally	
  
• All	
  RCMs	
  show	
  smaller	
  (larger)	
  posi1ve	
  (nega1ve)	
  biases	
  	
  in	
  the	
  
western	
  half	
  of	
  the	
  conterminous	
  US	
  than	
  in	
  the	
  eastern	
  half.	
  	
  

• The	
  surface	
  insola1on	
  biases	
  are	
  nega1vely	
  correlated	
  with	
  precipita1on	
  
biases	
  in	
  Figure	
  6	
  (Table	
  2).	
  
•  This	
  implies	
  that	
  precipita1on-­‐	
  and	
  insola1on	
  biases	
  are	
  related,	
  likely	
  
via	
  model	
  clouds.	
  
•  The	
  insola1on	
  bias	
  is	
  not	
  either	
  closely	
  or	
  systema1cally	
  correlated	
  
with	
  the	
  surface	
  air	
  temperature	
  biases.	
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Introduc.on	
  

• 	
  Climate	
  model	
  projec1ons	
  play	
  a	
  crucial	
  role	
  in	
  developing	
  
plans	
  to	
  mi1gate	
  and	
  adapt	
  to	
  climate	
  varia1ons	
  and	
  change	
  
for	
  sustainable	
  developments.	
  

• 	
  Assessing	
  model	
  performance	
  is	
  an	
  important	
  step	
  in	
  
linking	
  climate	
  simula1on	
  quality	
  to	
  projec1on	
  uncertainty	
  	
  
and	
  then	
  to	
  climate	
  change	
  impacts	
  assessments.	
  

• Uncertain1es	
  propagate	
  according	
  to	
  model	
  hierarchy	
  
• Bias	
  correc1on	
  &	
  mul1-­‐model	
  ensemble	
  construc1on.	
  

• 	
  This	
  study	
  evaluates	
  three	
  variables	
  –	
  precipita(on,	
  surface	
  
air	
  temperature,	
  and	
  surface	
  insola(on	
  –	
  that	
  are	
  key	
  
variables	
  in	
  the	
  surface	
  climate	
  and	
  crucial	
  inputs	
  for	
  a	
  
number	
  of	
  impact	
  assessment	
  models.	
  

Figure	
  1.	
  A	
  typical	
  model	
  hierarchy	
  in	
  climate	
  change	
  impact	
  assessments.	
  

Regional	
  Climate	
  Model	
  Evalua.on	
  System	
  
(hIp://rcmes.jpl.nasa.gov)	
  

• Easy	
  access	
  to	
  suitable	
  reference	
  datasets	
  can	
  facilitate	
  
model	
  evalua1on	
  tasks.	
  

• The	
  Regional	
  Climate	
  Model	
  Evalua1on	
  System	
  (RCMES)	
  
targets	
  to	
  enable	
  researchers	
  to	
  access	
  a	
  large	
  volume	
  of	
  
data	
  in	
  various	
  sites,	
  especially	
  NASA	
  remote	
  sensing	
  and	
  
assimila1on	
  products.	
  

• The	
  system	
  is	
  efficient,	
  user	
  friendly,	
  flexible,	
  and	
  
expandable	
  to	
  accommodate	
  addi1onal	
  observa1onal	
  data	
  
and	
  to	
  calculate	
  various	
  model	
  evalua1on	
  metrics.	
  

Figure	
  2.	
  An	
  outline	
  of	
  the	
  JPL	
  Regional	
  Climate	
  Model	
  Evaluation	
  System.	
  

Experiment	
  
• Climatology	
  of	
  the	
  three	
  variables	
  from	
  mul1ple	
  RCMs	
  in	
  
the	
  NARCCAP	
  hindcast	
  experiment	
  is	
  evaluated	
  over	
  the	
  
conterminous	
  US	
  region.	
  
Figure3.	
  The	
  conterminous	
  US	
  region	
  and	
  sub-­‐regions	
  for	
  RCM	
  evaluation.	
  

Model	
   Precipita.on	
   T2m	
   Insola.on	
  

CRCM	
   1980-­‐2003	
   1980-­‐2003	
   1984-­‐2003	
  

ECP2	
   1980-­‐2003	
   1980-­‐2003	
   1984-­‐2003	
  

HRM3	
   1980-­‐2003	
   1980-­‐2003	
   1984-­‐2003	
  

MM5	
   1980-­‐2003	
   1980-­‐2003	
   N/A	
  

WRF	
   1980-­‐2003	
   1980-­‐2003	
   1984-­‐2003	
  

REF	
  Data	
   CRU3.1	
   CRU3.1	
   CERES	
  

Table	
  1.	
  The	
  RCMs,	
  variables,	
  and	
  evalua(on	
  periods	
  in	
  this	
  study.	
  

Surface	
  Air	
  Temperatures	
  

• Details	
  vary,	
  but	
  models	
  show	
  common	
  biases:	
  
• Warm	
  biases	
  in	
  the	
  Great	
  Plains/CA	
  Central	
  Valley	
  
• Cold	
  biases	
  in	
  the	
  Atlan1c	
  &	
  Gulf	
  of	
  Mexico	
  coasts,	
  western	
  
mountainous	
  regions	
  

• Biases	
  in	
  the	
  mountainous	
  WUS	
  vary	
  for	
  terrain	
  heights.	
  

Figure	
  4.	
  The	
  CRU	
  climatology	
  and	
  the	
  corresponding	
  model	
  T2	
  biases.	
  

Figure	
  5.	
  Evalua(on	
  of	
  the	
  overland	
  temperature	
  variability.	
  

•  All	
  RCMs	
  well	
  simulates	
  the	
  spa1al	
  
variability	
  of	
  the	
  surface	
  air	
  temperature	
  
over	
  the	
  land	
  surface.	
  
•  The	
  correla1on	
  coefficients	
  of	
  0.95	
  -­‐	
  
0.99	
  with	
  the	
  CRU	
  analysis.	
  
•  The	
  normalized	
  STD	
  DEV	
  of	
  0.9	
  -­‐	
  1.05.	
  

•  The	
  simple	
  mul(-­‐model	
  ensemble	
  (ENS)	
  
yields	
  the	
  highest	
  correla(on	
  coefficient	
  
and	
  the	
  smallest	
  RMSE.	
  

Precipita.on	
  

• Precipita1on	
  biases	
  also	
  show	
  common	
  features:	
  
• Wet	
  biases	
  over	
  the	
  Pacific	
  NW	
  region	
  in	
  all	
  RCMs	
  
• Dry	
  biases	
  over	
  the	
  Gulf	
  coast	
  region	
  in	
  all	
  models.	
  

Figure	
  6.	
  The	
  CRU	
  climatology	
  and	
  the	
  corresponding	
  model	
  PR	
  biases.	
  

•  All	
  RCMs	
  also	
  simulates	
  the	
  spa1al	
  variability	
  of	
  
the	
  over-­‐land	
  precipita1on	
  reasonably.	
  
•  The	
  correla1on	
  coefficients	
  of	
  0.75	
  -­‐	
  0.95	
  
with	
  the	
  CRU	
  analysis.	
  

•  The	
  normalized	
  standard	
  devia1ons	
  of	
  0.75	
  
-­‐	
  1.15.	
  

•  Skill	
  varies	
  more	
  for	
  the	
  magnitude	
  than	
  the	
  
paeern.	
  

•  The	
  simple	
  mul(-­‐model	
  ensemble	
  (ENS)	
  yields	
  
the	
  best	
  performance	
  like	
  for	
  T2.	
  

Figure	
  7.	
  Evalua(on	
  of	
  the	
  overland	
  precipita(on	
  variability.	
  

Figure	
  8.	
  Precipitation	
  annual	
  cycle	
  in	
  the	
  14	
  
sub-­‐regions.	
  	
  

Figure	
  9.	
  Evalua(on	
  of	
  the	
  simulated	
  
interannual	
  variability	
  in	
  terms	
  of	
  the	
  bias,	
  
normalized	
  by	
  the	
  interannual	
  variability	
  of	
  
the	
  CRU	
  data,	
  &	
  correla(on	
  coeffs.	
  	
  

•  Figure	
  8	
  –	
  Annual	
  cycle	
  
•  The	
  model	
  ensemble	
  (blue)	
  is	
  generally	
  within	
  ±1σ	
  from	
  the	
  observed	
  mean	
  (red)	
  
except	
  for	
  the	
  inland	
  Pacific	
  NW,	
  Colorado,	
  and	
  the	
  northern	
  Great	
  Planes	
  region.	
  

•  Model	
  performance	
  in	
  simula1ng	
  the	
  annual	
  cycle	
  varies	
  widely	
  among	
  RCMs.	
  
• Wet	
  biases	
  in	
  PNw,	
  CAn,	
  CAs	
  
•  Dry	
  biases	
  in	
  the	
  Gulf	
  coast	
  region	
  

•  Figure	
  9	
  –	
  Summer	
  (JJA)	
  and	
  winter	
  (DJF)	
  precipita(on	
  biases	
  &	
  interannual	
  var.	
  
•  Model	
  performance	
  varies	
  according	
  to	
  season	
  and	
  region	
  
•  The	
  systema1c	
  bias	
  in	
  the	
  interannual	
  variability	
  of	
  the	
  summer	
  precipita1on	
  is	
  
underes1ma1ons	
  in	
  the	
  California	
  region	
  and	
  overes1ma1ons	
  in	
  the	
  PNW,	
  
Colorado,	
  and	
  Great	
  Lakes	
  regions.	
  	
  

Figure	
  10.	
  Same	
  as	
  Figure	
  6,	
  but	
  surface	
  insola(on.	
  

Model	
   Land-­‐mean	
  PR	
  bias	
   Land-­‐mean	
  S	
  bias	
   Corr.	
  Coeff.	
  

CRCM	
   0.33	
   10.2	
   -­‐0.47	
  
ECP2	
   0.41	
   9.0	
   -­‐0.28	
  
HRM3	
   0.54	
   10.6	
   -­‐0.30	
  
RCM3	
   0.54	
   -­‐29.9	
   -­‐0.50	
  
WRFG	
   -­‐0.08	
   30.4	
   -­‐0.18	
  
ENS	
   0.25	
   4.92	
   -­‐0.62	
  

Table	
  2.	
  The	
  land-­‐mean	
  precipita(on	
  and	
  insola(on	
  biases	
  and	
  the	
  
spa(al	
  correla(on	
  coefficients	
  between	
  the	
  two	
  bias	
  fields.	
  

•  The	
  RCM	
  skill	
  in	
  simula1ng	
  the	
  spa1al	
  variability	
  
of	
  the	
  surface	
  insola1on	
  is	
  collec1vely	
  
somewhat	
  higher	
  than	
  that	
  for	
  precipita1on	
  but	
  
lower	
  than	
  for	
  surface	
  air	
  temperature.	
  

•  Like	
  for	
  T2	
  and	
  precipita1on,	
  the	
  simple	
  mul(-­‐
model	
  ensemble	
  (ENS)	
  yields	
  the	
  best	
  skill	
  like	
  
for	
  the	
  surface	
  air	
  temperature.	
  

Figure	
  11.	
  Evalua(on	
  of	
  the	
  insola(on	
  variability.	
  

•  RCMs,	
  especially	
  ENS,	
  generally	
  show	
  
higher	
  performance	
  in	
  simula1ng	
  the	
  
insola1on	
  interannual	
  variability	
  for	
  
summer	
  than	
  winter.	
  

•  Inter-­‐RCM	
  varia1on	
  in	
  the	
  skill	
  is	
  
larger	
  than	
  for	
  precipita1on	
  or	
  
temperature.	
  

Figure	
  12.	
  Evalua(on	
  of	
  the	
  simulated	
  interannual	
  variability	
  in	
  terms	
  of	
  the	
  biases,	
  
normalized	
  by	
  the	
  interannual	
  variability	
  of	
  the	
  CERES	
  data,	
  &	
  correl'n	
  coeffs.	
  	
  

Conclusions	
  and	
  Discussions	
  
• 	
  Precipita1on,	
  surface	
  air	
  temperature,	
  and	
  surface	
  insola1on	
  in	
  the	
  NARCCAP	
  hindcast	
  experiment	
  are	
  evaluated	
  using	
  RCMES.	
  
• 	
  The	
  model	
  biases	
  show	
  well-­‐defined	
  regional	
  and	
  seasonal	
  structures	
  despite	
  large	
  differences	
  between	
  models.	
  
• 	
  These	
  systema1c	
  varia1ons	
  must	
  be	
  considered	
  in	
  bias	
  correc1on	
  and	
  construc1ng	
  mul1-­‐model	
  ensembles	
  for	
  assessment	
  studies.	
  
• 	
  Biases	
  in	
  precipita1on	
  and	
  surface	
  insola1on	
  are	
  nega1vely	
  correlated	
  with	
  each	
  other,	
  likely	
  via	
  model	
  clouds.	
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