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20812100 for the lower (RCP 2.6) and higher (RCP 8.5) emissions scenarios. Hatching
indicates where the multhodel mean change is small compared to internal variability (i.e.,
change is less than 1 standard deviation of the range of internal vafiatitit stippling

indicates where the change is large compared to internal variability (i.e., change is greater
than 2 standard deviations of the range of internal variability). The number of models used to
create the mean is shown in upper right cordedapted from Alexander et al. (2013).) 14

Figure 2.1 lllustration of the development of coupled climate models sinceittd 9 7 0 6 s
and when various components were introduced into the model. Cylinder height represents
the complexity the processes and how it has increased over time. The timing of the five
IPCC reports is given along the top. (From IPCC (2013).)...ccuvvvivrriiirriiiimnnneeeeeeeeennn. 24

Figure 2.2 Total variance for global mean decadal surface air temperature predictions split
into uncertainty in internal variabilitforange), model (blue), and forcing scenario (green).
Global and North American 20 projections are shown in the two smaller panels with variance
in annual mean temperatures over the first five years given as well. (From Hawkins and
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Figure 2.3 Ratio of the variability in trends (20960) between an ensemble varying only
its atmospheric initial conditior(.e., internal variability) and the CMIP3 ensemble for (a)
precipitation and (b) surface temperature. Stippling indicates ratios significantly different
than 1 at the 95% confidence level. (Adapted from Deser et al. (2012).)............c..... 28

Figure 2.4 Alternative future scenarios from the four Representative Concentration

Pathways (RCPs) described in Vuuren et al. (2011). Examples are felnd@anthe primary

energy type used across the globe from 20000, including a comparison between the

various energy sources between 2000 and 2100 levels for each scenario (right plot) and (b)
atmospheric concentrations of the three main anthropogezetihouse gases. Dotted lines
represent the previous SRES scenarios and gray shading indicates results from other literature
sources (see reference for details). (From Vuuren et al. (2011).).......ccoiiiviviriiecennnne. 30

Figure 2.5 MMD multi-model mean temperature and precipitation changes over North
America for the A1B scenario. Temperature change (top), fractional change in precipitation
(middle) andhumber of models out of 21 that project increases in precipitation (bottom) for
annual mean (left), DJF (center) and JJA (right) mean. Changes are given in terms of
difference between 198099 and 208@090. (From Christensen et al. (2007).)......... 34

Figure 2.6 Global mean temperature anomalies (from 12820 mean) for 2,752 simulation
from the HadCM3L BBC CCE. Blue shadinglicates a calculated goodneddit metric

(r2) with dark blue lines indicating the 66% confidence range. Global mean observations are
shown as the thick black line and red bars indicate the CMIP3 ensemble likely range and
multi-model mean (center rethsh). (From Rowlands et al. (2012).)........ccccceevvinnnnnnn 41

Figure 3.1 Supercomputer Performance over time. Performance is calculated iroterms
Floatingpoint Operations Per Second (FLOPS) and shown for the top performer for a given
year (red), 500th top performer (pink) and the sum FLOPS over all 500 top supercemputer
(green). (From tOP500.0IG.)....cocuurrrrerrieeeeeeiirimenesssiiriieeeeee e e e e s esnnesssnsnnnneeeeeeeeeeennnnnen B
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Figure3.21 I  ustration of the Ha tybrid8oordirmate vedicap her i c

structure (left) with an enlarged view of the lowest 100 mb (right). Vettgals transition
from 0 (-following) laydrsenear sarface to pure pressure layers at the top boundary
with higher resolution near the surface. Hybrid coordinate values are provided at the layer
centers across the lowest 100 mb (refer to Tal@e (From Cullen (1993).).................. 51

Figure 3.3 Natural and anthropogenic forcing and SO2 emissions scenarios applied to the
BBC-CCEHadCM3L transient simulations. (a) Radiative forcing due to well mixed
greenhouse gases using 122ID0 historical values and the 262080 SRES A1B future

scenario. (b) Radiative forcing from volcanic sulphate aerosol emissions. Five historical
scenaios are included based on Sato et al. (1993) (S), Ammann et al. (2003) (A), a

logarithmic average of the two (Avg S+A), lower magnitude version {Satad higher

magnitude version (Ammonn+). Ten future volcanic emission scenarios are created based on
the same two data sets (S,A) as well as Crowley (2000) (C). The time periods used from each
data set are listed in the legend. (c) Five versions of historical and SRES A1B annual average
global anthropogenic SO2 emissions scaled by parameter "anthsckile(tiistorical solar

forcing scenarios from 1922003 are included based on Hoyt and Schatten (1993) (HS),

Lean et al. (1995) (LBBx2), Solanki and Krivova (2003) (SK) and the other two based on
expert elicitation (ML1, ML2), (see Frame et al. 2009)tefein future scenarios are created

based on three versions of each of the historical five; a continuation of the historical trend
(Repeated), a reversal of the historical trend (Reversed), and zero trefick(dd. (From
Rowlands et al. 2012, Supplemamtinformation.) ..........cccccceeiiiiiiiccsre e 79

Figure 3.4 North American regions investigated containing are@raged monthly mean

Figure 5.1 Initial ensemble of all control simulations acquired from CPDN for annual mean
absolute (a) temperature (°C) and (b) precipitation rate (mm/day) for the globe and five NA
regions. Each plot showvtisne series for 1,216 individual simulations................c.......... a3

Figure 5.2 Two simulations containing outliers (black) and a typical simulation (red, green)
for annual mean absolute (a) temperature (°C) and (b) preicpitate (mm/day) for the
globe and fiVe NA TEGIONS. ... ..uiiiiiiiiiee e errr e e e e e e e e e e eeeeas 95

Figure 5.3 Two simulations with identical model parameters but with different output for
annual average absolute (a) temperature (°C) and (b) precipitatiofmm/day) fothe
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Figure 5.4 Two simulations that have identical output initially but then subsequently diverge
for annual mean (a) temperature (°C) and (b) precipitatior(matéday) for the globe and
FIVE NA TEOIONS. ... ettt rree e s s e e e e e e e e e e eeeeaeeeeeeeaanserenrrrrrnrees 100

Figure 5.5 Standardized differences between interannual variability within corresponding
30-year periods in simulation pairs having identical parametersdredn) compared to
multi-decadal differences within all control simulations (gray) for (a) temperature (°C) and
(b) precipitation rate (mm/day). Distributions are standardized by the distributioryefB0
interannual variability values from all conkimulations and the two distributions are
rescaled on the-gxis because of the sample size difference (1,06kcdtgy 12,140 multi
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Figure 5.6 Control simulation 1,214 member ensemble of annual mean global absolute
temperature (°C) for (a) the full 160 year period dndlie initial 3Gyear period............ 109
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Figure 5.7: Control simulation 1,214 member ensemble of the initiay&ar period for
annualmean absolute (a) temperature (°C) and (b) precipitation rate (mm/day) for the globe
AN FIVE NA TEUIONS. ...eeeiiie ettt ettt eerer e e e e e e e r e et e s emmeeeeeeean 110

Figure58 Tr ends per decade for the 1,214 control
temperature (°C/century). The boxplots indicate the mean and/3%86ange within the
box with whiskers out to the 95% range and subsequent trends in the outer 3¢k alots.

.................................................................................................................................. 111
Figure 5.9 Same as Figure 5.8 but including the NA regions for (a) temperature (°C/century)
and (b) precipitation ((MM/day)/CeNTUNY).......cccuuuiieiiieee e mmee e 112

Figure 5.1Q Control simulation londerm mean trends from years-2@0 in annual mean
(a) temperature (°C/century) and (Ioggipitation rate ((mm/day)/century) for the globe and
NA regions. There is one drift value for each of the 1,214 simulatians................... 115

Figure 5.12 Annual 30yr mean (a) temperature (°C) and (b) precipitation rate (mm/day) for
the globe and five NA regions from the 1,214 control simulatifims $éamples per

simulation) and observational bootstrap distributions (same number of overall samples). The
upper xaxis in each region is standardized values based on the CPDN distribution in that
region. The yaxis is set to highlight the CPDN distifions (i.e., observations can be cut

0] ) PSP 118

Figure 5.12 Annual 3Gyr mean (a) temperature (°C) and (b) precipitation (rate/day) for

the globe and five NA regions from the 1,214 control simulations (five samples per
simulation) and observational bootstrap distributions (same number of samples). Boxplots
provide 2575% (inner) and 2.5%997% (outer) ranges and dots fangples outside the 95%
LT [ PP 123

Figure 5.13 Same as Figure 5.12 but including seasonajr3fieans for (a) temperature
(°C) and (b)precipitation rate (Mm/day)-.........c.cooeeieiiiii i 126

Figure 5.14 Mean seasonal cycle 30 averages for (a) temperature (°C) and (b)
precipitationrate (mm/day) for the globe and five NA regions for the 1,214 control
simulations (five samples per simulation) and observational bootstrap distributions (same
number of samples). Theaxis is the same in all regions for a given variable.......... 129

Figure 5.15 Magnitude of the seasonal cycle (JDAF) of temperature for the globe and five
NA regions for the 1,214 control simulatiofiive samples per simulation) and observational
bootstrap distributions (same number of samples). Boxplots provid@dg%5inner) and
2.5%97% (outer) ranges and dots fangples outside the 95% range.............ccccvvvvee. 132

Figure 5.16 Annual 30yr interannual variability for (a) temperature (°C) and (b)
precipitation rate (mm/day) for the globe and five NA regions from the 1,214 control
simulations (five samples per simulation) and observational bootstrap distributions (same
number of amples). Boxplots provide 2ZB% (inner) and 2.5987% (outer) ranges and dots
for samples outside the 95% range.............ooiiiiiiii e 134

Figure 5.17 Same as Figure 5.16 but including both annual and seasoeyalr88rannual
variability for (a) temperature (°C) and (b) precipitation rate (mm/day).................... 136

Figure 5.18 Monthly interannual variability 3@r averages for (a) temperature (°C) and (b)
precipitation rate (mm/day) of the globe and five NA regions for the 1,214 control
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simulations (five samples per simulation) andatational bootstrap distributions (same
number of samples). Theaxis for the global plots differs from the regional plots.....138

Figure 5.19 Interannual variability in NAO calculated for CPDN control simulations (five
30-year samples per simulation) and observations (sie3® samples; 10 year overlapping
blocks from 80 years of data)............oovvviiiiiiiiiieeeie e 150

Figure 5.2Q Interannual variability in Nifio 3.4 SST anomalies calculated for CPDN control
simulations (five 36year samples peaimulation) and observations (four-88ar samples; 10
year overlapping blocks from 60 years of data).........ccccceeviviiiiiccceeiiiiiiiieeee e, 154

Figure 5.22 Annualmean (a) temperature (°C) and (b) precipitation rate (mm/day) of the
globe and five NA regions for the 1,214 control simulations (fivgr38amples per

simulation) split into distributions corresponding with model parameter values. Actual
parameter valigeare not listed but are arranged in the same order as that given in Table 5.1.
Boxplots provide 255% (inner) and 2.5987% (outer) ranges and dots for samples outside
the 95% range. The 95% range of observational (plus NARR) bootstrap distributions is
shown as a vertical gray Dar...........ccoooviiiiiiiieeeecc e 161

Figure 5.22 Same as Figure 5.21 bior interannual variability.............ccccccooviiiiiiieenns 165

Figure 5.23 Same as Figure 5.21 but for the magnitude of the seasonal(&y&iBJF) of
10T 041 01T =Y (U (=N O TR 167

Figure 5.24 Long-term mean drift in temperature (°C/Century) for the globe and five NA
regions for the 1,214 control simulations split into distributions corresponding with model
parameter values. Actual parameter values are not listed but are arranged in thelesame or
as that given in Table 5.1. Boxplots provide739% (inner) and 2.5%97% (outer) ranges

and dots for samples outside the 95% range. The vertical dottedimesponds with zero
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Figure 5.25 Comparison of initial condition uncertainty (i.e., control simulations with the
same atmosphere/ocean parameters but different initial conditionsyeavr @rift (colored)
to the full control ensemble of A@ar mean drift for (a) temperature (°C/Century) and (b)
precipitaton rate (MmM/day)/CeNtUIY)..........oooi e 173

Figure 6.1 Cross section of the components of the inner structure of a tree that are used for
tree ring identification. See text for description (From Fritts (1976).)......cccccveervnnnns 179

Figure 6.2 Standardization of tree ring width across three different records. The top panel
shows the actual tree ring widths as well as the expected value growth curveedrhree

ring width is shown at the bottom of the top panel for a straight averaging of the original tree
ring widths whereas the bottom panel shows the result of the standardization process. (From
L ES I 1 1 T TSRS 182

Figure 6.3 Varved sediment sample showing annual layers of deposited sediment on a lake
bottom. White boxes identify each annual layer while black boxes saoglayer thickness

which has been linked to precipitation in the region. The precipitation dependeta\gand

has been subtracted from the annual layer to provide a proxy data set of varve thickness used
in reconstructing temperature variability. ¢&r Thomas and Briner (2009).).............. 185

Figure 6.4 An example of how temperature is reconstructed from proxy data using linear
regression. Circles indicate a hypothetical annual series of proxy data and corresponding
instrumental temperature observations over a 100 year calibration period (i.e., H¥).circl
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Solid black line is the linear fit to the data and blue lines indicate the 95% prediction
intervals. The heavy dashed line and red line indicate potential departures from an assumed
linear relationship between the proxy and temperature data. Tamapées (A, B) are

provided showing the temperature predictions for a given proxy value with corresponding
prediction uncertainty ranges (heavy blue vertical lines). (From NAS (2006).)....... 188

Figure 6.5 Locations of North American proxdyased paleoclimate reconstructions for
precipitation (open symbols) and temperature (filled symbols) using proxy data from tree
rings (triangles) andarved sediments (squares). The five larger rectangular regions
highlight the regions used for calculating climatic informaticom the CPDN HadCM3L
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Figure 6.6 Annu al average temperature anomaly (AC; a
term mean) for (a) SE Alaska summer, (b) NE Canada summer, (c) SW Canada summer, (d)

SW USAannual, and (€) E USA SPING-.....uuiiiiiiiiiiiiiiiieeiiee et e e 192

Figure 6.Z2Annual average precipitation anomaly ( mm/
long-term mean) for (a) S Canada annual, (b) NW USA annual, (c) SW USA annual, (d) Mid

USA annual, and (€) SE USA SPING.....uuuiiiiiiiieeiiiieeesiriee e siieeeainne e 193

Figure 6.8 Interannual variability (3@r) for (a) temperature (°C) and (b) precipitation rate
(mm/day) for the 1,214 control simulations (five samples per simulation), observational
bootstrap distributions (same number of samples) and paleoclimate reconstructivbsr(n
of samples vary depending on record length). Boxplots provid®2&(inner) and 2.5%
97% (outer) ranges and dots f@mples outside the 95% range............cccccvvvvvvvieenn... 196

Figure 6.9 Decadal variability (10@r) for (a) temperature (°C) and (b) precipitation rate
(mm/day) for the 1,214 control simulations (three samples per simulation), three
observational samples for temperature (one pgr @@ta set) and paleoclimate
reconstructions (samples vary). Boxplots provid&2% (inner) and 2.5997% (outer)

Figure 7.1 Initial ensemble of all transient simulationsggaced from CPDN for annual
mean (a) temperature (°C) and (b) precipitation rate (mm/day) for the globe and five NA
regions. Each plot shows time series for 3,818 individual simulations. Temperaitise y
values are different across regions but all t@@ina 30°C range. Precipitati y-axis values
AIE TNE SAIME.....eiiiiiii ittt eeere et e e e e e e e e bbb et et e e s smamteeeeeeeeennneeees 205

Figure 7.2 Longterm mean drift removal example in annual mean global temperature
anomaly output for (a) control and (b) transient simulations having mgtahimsphere and
ocean parameter values. Original simulations are given in black and those with the control
si mul at iteomndean trénd fnog years-260 removed in red. Anomalies are

relative to @ 1941970 DASE PEIIOM. .......uuuiiiiiieeiiiiiieeerit e e e e 209

Figure 7.3 Transient (black) and Transie@bntrol (red, green) comparisons for those
transients having the largest contraftdemoved for annual mean anomaly of (a)
temperature (°C) and (b) precipitation rate (mm/day) for the globe and five NA regions from
1941-2080. Anomalies are relative to a 198970 base period...........ccccceeevriniiiennnnns 217

Figure 7.4 Annual mean global temperature anomaly for the 1,692 transient simulations (red
shading) and three observational data sets (HadCRUT3, N@QIXAST, GISTEMP) over
the 19412010 observational time period. The transient ensemble is shaded according to the
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2575%, 2.597.5%, and mitmax ranges. Anomaly values are relatio a 19411970 base
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Figure 7.5 Comparison of (ajnonthly values of the Pacific Decadal Oscillation (PDO)

index and (b) the HadCRUTS3 temperature anomaly (198D base period). The 192012

time periods are aligned to allow for comparison. (HadCRUT3 from Met Office Hadley
Center, based on Brohan €t(@006); PDO from the Joint Institute for the Study of the
Atmosphere and Ocean, University of Washington, based on Zhang et al. (1997) and Mantua
B Al (1997 n i e e 223

Figure 7.6 Same as Figure 7.4 but including regional comparisons for annual mean
anomalies of (a) temperature(C) and (b) precipitation rate (mm/day). NARR data are
included because it is available at the regitena! and the precipitation data sets also
include GPCP and NOARREC. Temperature anomalies are relative to a-1940 base
period and precipitation anoned are relative to 1982010. ...........uvvvveeineeinnninimmnreeeenn 225

Figure 7.7: Annual mean (a) temperature (C/Century) and (b) precipitation rate
((mm/day)/Century) trends for observational periods 12@10 (colored) and 1981010
(black). Observed trendse pbtted using same color SCheme..........cccceeeeeeviiiiiccceennn. 227

Figure 7.8 Annual mean global temperature anomaly for the 1,692 transient simulkg&dns
shading) and three observational data sets over the2DBOltime period. The transient
ensemble is shaded according to the/8%, 2.597.5%, and mirmax ranges. Anomalies
are relatve to a 19411970 DaSE PEIIOU..........uuviiiiiieeiiiiiceere e 230

Figure 7.9 Same as Figure 7.8 but including regional comparisons for annual mean
anomalies of (a) temperature(C) and (b) precipitation rate (mm/day). Temperature anomalies
are relative to a 1941970 base period and precipitation anomalies are relative te2lEE1

Figure 7.1Q Annual mean (a) temperature (C/Century) and (b) precipitation rate ((mm/year)/
Century) trends for past affigture transients and controls for 30 year time periods (black)
and 70 year periods (colored). Observed trends areglagtag the same color schen235

Figure 7.12 Comparison of 70 year trends (192010) in annual mean temperature for the
globe versus each region. A single point is plotted for each of the 1,692 transient simulations.
P-values are all K< 0.00L........uuuuiieies i e e e e e e erees s s s ae s s e e e e e e s e e e e e e e e s anans 236

Figure 7.12 Differences in 30 year mean interannual variability andDJA from 1981

2010 to 20542080 for the 1,692 transiesimulations (colored) and differences found across
five different 30 year periods within all 1,214 control simulations. All values are
standardized to the control difference distribution..............cccvvviiiieeecn e, 243

Figure 7.13 Annual mean temperature (a) 30 year trends, ‘298D and (b) 70 year trends,
19412010 (°C/Century) over the observational time period for thleegand five NA regions

for the 1,692 transient simulations split into distributions corresponding with model

parameter values. Actual parameter values are not listed but are arranged in the same order
as that given in Table 7.1. Boxplots provide738%(inner) and 2.5%97% (outer) ranges

and dots for samples outside the 95% range. The maximum and minimum range of
corresponding observational data sets (including NARR) is shown as a vertical shaded bar. A
vertical dottedine identifies Zero trend.............ccccvveeiiiiiiieerc e 247
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Figure 7.14 Annual mean precipitation rate (a) 30 year trends, 248D and (b) 70 year

trends, 19422010 ((mm/year)/Century) over the observational time period for the globe and
five NA regions for the 1,692 transient simulations split into distributions correspmpnatih

model parameter values. Actual parameter values are not listed but are arranged in the same
order as that given in Table 7.1. Boxplots provide&’23% (inner) and 2.5987% (outer)

ranges and dots for samples outside the 95% range. The maximunméndm range of
corresponding observational data sets (including NARR) is shown as a vertical shaded bar.
The observational 70 year trend corresponds with a single data set (MIBPREC) and is a

60 year average corresponding with the data set lengttertisal dottedine identifies zero
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Figure 7.15 Annual mean temperature (a) 30 year trends, 2U&D and (b) 7@ear trends,
20112010 (°C/Century) for the future time period for the globe and five NA regions for the
1,692 transient simulations split into distributions corresponding with model parameter
values. Actual parameter values are not listed but are adamtfge same order as that

given in Table 7.1. Boxplots provide-Z5% (inner) and 2.5987% (outer) ranges and dots
for samples outside the 95% range. A vertical dotted line identifies zero trend......253

Figure 7.18 Annual mean precipitation rate (a) 30 year trends, ZE8D and (b) 70 year

trends, 20122080 ((mm/year)/Century) for the future time period for the globe and five NA
regions for the 1,692 transient simulations split into distributions corresponding with model
parameter values. Actual parameter values are not listed but are arranged in the same order
as that given in Table 7.1. Boxplots provide739% (inner) and 2%-97% (outer) ranges

Figure 7.17 Annual mean global temperature anomalytfansient ensemble constrained by
model performance for 3gear (19812010) global temperature trends (red shading; 255
simulations) and the original transient ensemble (black lines; 1,692 simulations). Both
ensembles show the 2%%, 2.597.5%, and mirmax ranges. Observations are averaged
together to give a single estimate. Anomalies are vel&tia 19411970 base period... 256

Figure 7.18 Same as Figure 7.17 but including regional comparisons for annual mean
anomalies of (a) temperature (C) and (b) precipitation rate (mm/day). Temperature anomalies
are relative to a 1941970 base period and pigitation anomalies are relative to 198010.

Figure 7.19 Annual mean global temperature anomaly for transient ensexmirtrained by
model performance for Agear (19412010) global temperature trends (red shading; 997
simulations) and the original transient ensemble (black lines; 1,692 simulations). Both
ensembles show the 25%, 2.597.5%, and mirmax ranges. Obsenians are averaged
together to give a single estimate. Anomalies are relative to alPllbase period... 259

Figure 7.20 Annual mean global temperature anomaly for transient ensemble constrained by
model parameters with greatest sensitivity folyéar (19412010) global temperature trends

(red shading; 37 simulations) and the original transient ensemble (black lines; 1,692
simulations). Both ensembles show the7886, 2.597.5%, and mifrmax ranges.

Observations are averaged together to give a single estimate. Anomalies areteetati
19411970 DASE PEIIOM. .. oo mm e e e e e e e e e e e e e e e e e e e e e e e e e eneean 261

Figure 7.22 Same as Figure 7.19 but including regional comparisons for annual mean
anomalies of (a) temperature (C) and (b) precipitation rate (mm/day). Temperature anomalies
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are relatie to a 19441970 base period and precipitation anomalies are relative te2l8&1

Figure 8.1 Annual 3Gyr mean (a) temperature (°C) and (b) precipitation rate (mm/day) for

the globe and five NA regions from the 1,214 CPDN control simulstffive samples per
simulation), CMIP5 control simulations (sevenyGsamples per simulation for 41

temperature and 37 precipitation simulations), and observational bootstrap distributions (6070
samples). Boxplots provide 2%% (inner) and 2.5997% (auter) ranges and dots for

samples outSide the 95%0 FANGE........uuuu i rrer e 269

Figure 8.2 Same as Figure 8.1 but including winter (DJF) and sunfdé) means.....271

Figure 8.3 Magnitude of the seasonal cycle (JDAF) of temperature for the globe and five

NA regions for thel,214 control simulations (five samples per simulation), CMIP5 control
simulations (seven 3% samples per simulation for 41 temperature and 37 precipitation
simulations), and observational bootstrap distributions (6070 samples). Boxplots previde 25
75%(inner) and 2.597% (outer) ranges and dots fangples outside the 95% range273

Figure 8.4 Annual 30yr interannual variability for (a) temperature (°C) and (b) precipitation
rate (mm/day) for the globe and five NA regions from the 1,214 control simulations (five
samples per simulation), CMIP5 control simulations (seveyr 3amples per simuian for

41 temperature and 37 precipitation simulations), and observational bootstrap distributions
(6070 samples). Boxplots provide-25% (inner) and 2.5%97% (outer) ranges and dots for
samples outSide the 95%0 FANGE.........coi it 276

Figure 8.5 Same as Figure 8.4 but including winter (DJF) and summer (JJA) interannual
V2= LT L o111 Y7 277

Figure 8.6 Annual 1008yr decadal variability for (a) temperature (°C) and (b) precipitation
rate (mm/day) for the globe and five NA regions from the 1,214 control simulations (five
samples per simulation), CMIP5 control simulations (threeytG@amples per simulatiofor
41 temperature and 37 precipitation simulations), and orye&O0sample for each of the
temperature observational data sets. Boxplots provig#s2o (inner) and 2.5997% (outer)
ranges and dots faamples outside the 95% range.......cccccevvvvvveviviie e, 279

Figure 8.7: Annual mean global temperature anomaly for the 1,692 transient simulations (red
shading), three observational data sets (HadCRNORA-MLOST, GISTEMP), and (a) 52
CMIP3 and (b) 46 CMIP5 simulations (colored lines) over the ZBMID observational time
period. The transient ensemble is shaded according to tAg8%252.597.5%, and mirmax
ranges. Anomaly values are relative to 4119970 base period........ccccoeeeviiiieeeiiiiceeen. 282

Figure 8.8 Same as Figure 8.7 but with CMIP3 and CMIP5 ensembles displayed as boxplots
representinglecadal means values. These boxplots include ti&2band 2.97.5%
L LT [T JH PP 283

Figure 8.9 Same as Figure 8.8 but includes Kional results for (a) temperature (°C) and
(b) precipitation rate (mm/day). Temperature anomalies are relative to 49%@base
period and precipitation anoned are relative to 1982010. ...........evvveveineniinninimmneeeeennn. 284

Figure 8.10 Annual mean global temperature anomaly from 12@80 for the 1,692
transient simulations (red shading), three observational data sets (HadCRUT3; NOAA
MLOST, GISTEMP), and (a) 52 CMIP3 simulations using SRES A1B and (b) the HadCM3
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simulation from CMIP3. Te transient ensemble is shaded according to 24 2.5
97.5%, and minmax ranges. Anomaly values are relative to a 1B#0 base period.. 286

Figure 8.11 Annual mean global temperature anomaly from 12@80 for the 1,692
transient simulations (red shading), three observational data sets (HadCRUT3; NOAA
MLOST, GISTEMP), and (a) 46 CMIP5 simulations using RCP 6d(h) four HadGEM2
simulations from CMIP5. The transient ensemble is shaded according toTb&22.5
97.5%, and mirmax ranges. Anomaly values are relative to a 1BHI0 base period.. 288

Figure 8.12 Same as Figure 8.11 but with CMIP3 (SRES A1B) and CMIP5 (RCP 6.0)
ensembles displayed as boxplots representing decadal means values. These boxplots include
the 2575% and2.597.5%0 FANQGES.........cccuuuiiiiiiie et rmmee e 290

Figure 8.13 Same as Figure 8.12 but includes NA regional results for (a) temperature (°C)
and (b)precipitation rate (mm/day). Temperature anomalies are relative to @998base
period and precipitation anomalies are relative t0 ABRI0. .............evevevmeeennnnmmmnreeeeeen 291

Figure 8.14 CMIP3 decadal mean global temperature distributions (52 simulations) with
annual mean global temperature anomalies for transient ensemble constrained by (a) model
performance compared to-§@ar (19812010) obsered trends (red shading; 255
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ABSTRACT

Information on the uncertainties in projections of future clincdi@nge from
global climate modelsGCMs) is vital for their effective use across a wide range of
applications, including their increasing role in driving regionally downscaled models
for higher resolution output useful to local impacts studies (e.g., logico
ecosystems, agricultural). To better estimate GCM uncertainties, athawisand
member perturbeghysics ensemble (PPE) of climate simulations was assessed to
guantify uncertainties in future climate change projections for the globe and North
American region. The simulations were generated throughkisitebuted computing
project Gimatepredictionnet (CPDN), a joint effort between the UK Met Office
Hadley Centre and Oxford University, where thousands of simulations were run on
PCs across the gbe, each running a different version of the Hadley Cdrased
HadCM3L coupled atmospheozean GCM with variations to their model physics

parameters.

The | arge PPE was able to model many
climate system and climate ind&cavere found to be sensitive to changes in the
model 6s physics parameters with c¢cloud phys
The PPE was constrained using observational performance and parameter sensitivity
assessments and it was found that the cainsd ensembles reduced both the
ensemble mean and uncertainty range of the initial ensemble. Results were compared

to CMIP3 and CMIP5 ensembles artle CMIP ensembleavere found to
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underestimate the full range of uncertainties in physics parantétessndicating the
usefulness of large PPEs to inform users of GCM output of the full range of model

parameter and structural uncertainty.

XXV



CHAPTER 1

INTRODUCTION

Eart hos tighly complex and slynaamic system with many interacting
components including the atmosphere, hydrosphere, cryosphere, land surface,
biosphere, and in more recent times the impacts of human activities (i.e., anthrosphere)
(Figure 1.1). Changes amongst tn&®mponents take place on differing time scales
and are driven by a variety of forcing mechanisRaddiman 200) Over relatively
short time periods (i.e., hundreds to a few thousand years) theelondorcing factors
(e.g., solar output changes over millions to billoof years, tectonic activity, and
orbital parameter variations) remain essentially constant and therefore have limited
impact on climate. The main drivers of centutty millennialscale changes therefore
are shorterm solar forcing variations and chasgin the composition of the
atmosphere (i.e., from anthropogenic effects). On even shorter time scales (e.g.,
interannual to decadal ), Earthos climate
volcanic eruptions capable of reducing solar radiationnreann g Ear t hds sur f g
natural internal variability mechanisms such as coupled atmospbeam variations
(e.g., El Nio-Southern Oscillation (ENSO), Artic Oscillation (AO), North Atlantic
Oscillation (NAO), Pacific Decadal Oscillation (PDO)) thancexchange and/or

redistribute heat and energy between and/or within the atmosphere and ocean systems.
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Figure 1.1 Various interacting components making
important components include the atmosphere, hydrosphetyosphere, land surface,
biosphere, and anthrosphere. (Fr8tacker (201))

Acquiring a greater understanding of t
better equip us to anticipate how the climate may change in the future and possible
impacts these changes could have on natural, managed, and human systems. With that
in mind, an extensive amount of research has been conducted over the past decades
investigating how Earth's climate system has changed in the past and how it may change
in the future. This research has been summarized in a series of reports released every 5
6 yeas by Working Group | (WGI) of the Intergovernmental Panel on Climate Change
(IPCC; IPCC 19901996 2001 2007 . Each successive report
in confidencewith the central message being that the Earth's climate is changing, that

anthropogenic effects are the dominant cause of these changes since the 1950's and that



the climate will continue to change in the future as anthropogenic effects continue to
dominae.

The Summary for Policymakers from WGI
Assessment Report (AR5) was recently releagdelx@nder et al. 20)3and affirmed
that AWarming of the c¢climate system i s un:
observed changes are unprecedented over d
waming over the past century from three independent global temperature data sets. All
three of these data sets show a consistent pattern of warming since the early 1900's with
considerable interannual and decadal variability embedded within the trend. This
warming trend has been apparent across most of the globe at the regional level as well
(Figure 1.3) with the greatest regional surface warming located on continental land
masses. This is because a large portion of the surface heating over the oaeéiois us
evaporating water as well as the fact that the ocean has a greater specific heat than the

land surface. It can also transfer surface layer heat to greater depths.



o oefF T i v g = T . 2 - 3 T v T s 4 T —
o Annual average 1)
o 04 —
o] y
© .
° 0.2 : -
2 o0 '
= OF A% —
g N T
2 A () 4
0 | } |
<
> .04} A .
© [
= '
2 -06f -
< [ " " " i 1 " " " " L i i " " [

1850 1900 1950 2000

Year

Figure 1.2 Observed annual mean global (land and ocean) temperature anomalies frem 1850
2012. Data sets include HacCRUT4 (blaktqrice et al. 201p GISSTEMP (blueHansen et

al. 2010, and NOAA NCDC MLOST (orangeYose et al. 2012 Anomalies are from 1961

1990 base period average. (Adapted fAdaxander et al. (2003
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Figure 1.3 Observed surface temperature change from -2802 from NOAA NCDC

MLOST (Vose et al. 2012 Trend were calculated for grid cells with greater than 70%
complete records and those cells with trends
(FromAlexander et al. (2003



While the majority of the globe experienced significant warming over the past
century (Figure 1.3) there are two regions of the globe thaalfctexperienced slight
cooling. The main region is in the North Atlantic where the relative cooling is thought
to be due in part to an influx of cold, fresh (i.e., low density) water from melting glacial
ice sheets as well as a relative shift to a npwsitive phase of the NAO which has a
cooling effect on the region (e.@jndoff and Willebrand 2007 The second region
with slight cooling (or relatively no warming) was in the easttrd United States
(U.S.) which has been linked to increased cloud cover, precipitation, and soil moisture
in the central U.S. due to the linkages between the Great Plainevelvjet and
regional precipitationRan et al. 2004as well as increased cloud cover in the seash
U.S. due to interactions between anthropogenic aerosol pollutants and organic aerosols
from forest regrowthRortmann et al. 2009 Increased irrigation across thé"a@entury
also has been identified as a possible cause for some of the céulimg @nd Cook
2010 as well as multkd e c a d a | variability of sea surtf
tropical Pacific Robinson et al. 2002Meehl et al. 201p with warmer waters

correspondingad increased cloud cover over the ezesttral U.S.

Besides temperature observations there are a number of other recorded indices
indicating a warming world over the last century, especially since 1950. Figure 1.4
summarizes some of most important indicat which generally indicate warmer
temperatures in the lower troposphere and oceans as well as decreases in Arctic sea ice
extent, mountain glaciers and Northern Hemisphere spring snow cover. Additionally
there have been increases in-Eael and atmodperic moisture. Precipitation across

the globe also has changed over the last century, but with much more regional diversity



(Figure 1.5). In general, dry areas are getting drier and wet areas wetter, especially
across the last 60 years, indicating aemsification of the hydrologic cycle. Focusing

on the North American (NA) region, the more recent part of the record (i.e ;204179

has shown drier conditions in the weasuthwest as well as the southeast and wetter

conditions in the central to norttentral region.
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Figure 1.4 A number of indicators of a warming world. See citation for detailed data set
information. (From www.ncdc.noaa.gov/bastateof-the-climate/; Updated fronAArndt et al.
(2010.)
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Figure 1.5 Trends in lanébased precipitation for 19€2010 (left) and 1952010(right) from

the Global Precipitation Climatology Centre (GPCC) dataBetKer et al. 2013Schneider et

al. 2013. Trends are calculated within grid cells with greater than a70% complete record.
White areas (on land) indicate incomplete or missing data. Dark colored individual grid cells
indicate cells with significanténds (i.e., zero trend is outside 90% confidence interval. (From
IPCC (2013.)

The cause of the late 2@entury warming has been attributed to increases in

anthropogenic greenhouse gas emissions, particularly ((RGC 1990 1996 2001,

2007 Alexander et al. 2093 As shown in Figure 1.6, atmosple@€GC; has increased
significantly since the industrial revolution, especially when compared to changes over
the past few thousands of years (Figure 1.6(c)), with the majority of the increase
coming from the burning of fossil fuels (Figure 1.6(Bpden et al. 2010 In 2012
atmospheric C®levels reached 392 ppm (Figure 1.6(a)) and concentrations now are
higher than anytime in at least the last 800,000 yearslée®n et al. (20DandLuthi

et al. (2009). CQO, and other greenhouse gases such as methang &BH nitrous
oxide (NO), which also have increased markedly in themepast (e.gJansen et al.
2007, act to warm the planet by absorbing and reemitting longwave radiation back to
the surface thereby keeping a portion of the longwave energy within the cliyséten

that would otherwise have exited out the top of the atmosphere. All greenhouse gases



provide this same general warming effect but,Cf@s been identified as the most
"climate-relevant” greenhouse gas because of its relative concentration, natecate

from anthropogenic sources, and long life span in the atmosyitzaie €t al. 2010
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Figure 1.6 Measurements of atmospheric carbon(&8rCO, concentrations from Mauna Loa,

HI (red) and the South Pole (black) from 198812 @Alexander et al. 20)3(b) anthropogenic
carbon emissions from burning coal, oil and natural gas and cement prod&ciaen (et al.
2010), and(c) reconstructions of atmospheric €@ver the las20,000 years based on a variety

of paleoclimate records combined with current direct measurements (See Figure 6.4 from
Jansen et al. (20D7or data set descriptions and references).



Figure 1.7 provides the relative proportion of anthropogenic factors that have
acted on Earthoés climate system since the
solar forcing. (Note that volcanic forcing was not included because it has dmiyta s
term impact on the climate over the time scale consider&hanges in the different
drivers of climate are given in terms of radiative forcing (RF) which is a meas$tine
net change in the Earthoés energy bAlance
positive RF value indicates warming and a negative value cooling of global mean
temperatures. As Figure 1.7 illustrates, the net anthropogenic RF (bottomseddm
positive and significantly larger than the influence of solar irradiance changes. The
majority of this forcing came from well mixed greenhouse gases withi@&Dg the
largest contributor. The anthropogenic positive forcing has increased rapickythe
19506s with the total RF r el a-1980vaed thew 1750
nearly doubling again from 198010. This illustrates the accelerating influence

anthropogenic effects are having on the climate system.

'Radiative forcing is defined as fAthe change in net
Wm?) at the tropopausafter allowing for stratospheric temperatures to readjust to radiative equilibrium,

but with surface and tropospheric tempdRCEtures and
2007. In WGI AR5 (@Alexander et al. 2D3), rapid adjustments to perturbations were allowed in the RF

calculation so as to include faster climate responses from drivers such as aerosols.
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Figure 1.7 Radiative Forcing of various climate drivers from their changes betweenr 1750
2011 in Wn?. Best estimates are shown as black diamonds and uncertainty ranges as extended
lines. Levels of confidence are given on the right hand side as very high (VH)(Hijig
medium (M), low (L), and very low (VL). See reference for additional details for each
individual forcing. (FromAlexander et al. (2033

With an understanding of the various
climate models, also referred to as general circulation mo@G&#E), have been used
to simulaeé past climate conditions across the globe and to make projections of possible
future conditions (e.gChristensen et al. 200Hegerl et al. 2007/Meehl et al. 2007b
Randall et al. 2007 (See Chapter 2 for an expandestdssion of climate modeling).

One way to test climate models and assess our understanding of climate drivers is to

10



simulate past conditions and see how well the models agree with observations. When
models include both natural and anthropogenic forcingy generally are able to
simulate observed trends at both global and regions scales (Figure 1.8). However, when
only natural forcings are simulated, models cannot reproduce the warming trend over
the latter part of the observational time period (Figu®), further strengthening the

evidence for the role anthropogenic effects are having on the climate system.
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Figure 1.8 Comparison of simulated climate change across the historical time period for
simulations CMIP5 simulations that use both natural and anthropogenic forcings (pink) and
those that use only natural forcings (blue). Simulated quantities are temperghitrér@iwn
backgrounds), ocean heat content (blue backgrounds) and sea ice extent (white background).
(FromIPCC (2013.)

With increased confidence in the ability®CMsto reproduce general trends in
the past, they have been used to generate projections of future conditions for the planet
as a whole and at the regional scale (€grjstensen et al. 200®eehl et al. 2007

Figure 1.9 provides annual mean global temperature anomalies as simulated by the most
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advanced global climate models in the world (i.e., the World Climate Research
Programmeds (WCRPOGs) Coupl ed Model Il nt erc
The CMIP5 simulation ensemble is compared with observational estimates from 1950
2004 and then simuias future projections based on a variety of future anthropogenic
forcing scenarios called Representative Concentration Pathways {RORen et al.

201) ranging from a lowemissions scenario (RCP2.6) to a high emissions scenario
(RCP8.5). (Refer to Chapter 2 for more details.) It is clear that a relatively large range
of uncertainty existsofr each individual scenario within the CMIP5 ensemble as well as
an even larger uncertainty range based on choice of RCP.  Figure 1.10 further
emphases the uncertainty in choice of RCP by showing globally gridded model output
differences in the low (RCP&. and high (RCP) emission scenarios for changes in

temperature (Figure 1.10(a)) and precipitation (Figure 1.10(b)) over the next century.
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Figure 1.9 CMIP5 ensemble annual mean global surface temperature anomaly time series
(from 19862005 mean) simulated over the historic period (black) and for two future RCP
scenarios with ensemble mean and uncertainty range. The number of models used to calculate
the mean is shown for each distribution. Distributions on the right show ensemble mean and
uncertainty range for mean temperature from 22800 for the four different RCP scenarios
(FromAlexander et al. (2003
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(a) Change in average surface temperature (1886=2005 to 2081=2100)
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Figure 1.1Q0 Spatial maps of CMIP5 multmodel mean for(a) annual mean surface
temperature change arfd) percent change in annual mean precipitation from L98% to
20812100 for the lower (RCP 2.6) and higher (RCP 8.5) emissions scenarios. Hatching
indicates where the multhodel mean change is small compared to internal variability (i.e.,
change is lesshan 1 standard deviation of the range of internal variability) and stippling
indicates where the change is large compared to internal variability (i.e., change is greater than
2 standard deviations of the range of internal variability). The number délmaosed to create

the mean is shown in upper right corner. (Adapted #dexander et al. (2033

While these global climate model projections provide an extensive amount of
information across the globe they are limited in their ability to provide directly
applicable information to decision makers at the regional@cal level because of the
course spatial resolution @CMs and potential regional and local biases (d=gwler

et al. 200]J. Therefore, regional downscaling methods have been established to
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generate relatively high resolution climate model output that can be incorporated into
local scale models such as ecosystems, hydrologic, and agricultural models used in
climate change ipacts studies. However, these downscaling methods still utilize GCM
output to drive their regional models and therefore model uncertainties in the GCM
become amplified as they move downstream through regional and local model
projections. Thus understandi quantifying, and constraining uncertaintie<G8Ms

is a fundamental necessity if the scientific community is to provide useful and reliable
future projections that can be applicable at the regional and local level. In fact,
Racherla et al. (20)2argue tha the most important factor in climate change
downscaling studies is the skill of the driving global model and that the highest priority

should be given to improving GCM lofrignge climate predictive skill.

Therefore, the background motivation of this dissertation is to provide a better
understanding of uncertainties within global and regional climate simulations from a
GCM and to identify whether these uncertainties can be quantified and usettain
future projections. There are three primary sources of uncertainty within GCM climate
change predictions (e.gl'ebaldi and Knutti 2007Hawkins and Sutton 20Q9internal
variability of the modeled climate system due to changes in the initial state of the
climate, model unatainty based on variations in model development and choice of
physics parameters, and uncertainty in the response of the modeled climate due to
changes in the external forcings (i.e., anthropogenic emissions scenario and changes to
natural forcings). Tisi study will focus on model uncertainties in the first two
categories (i.e., internal variability and physics parameter variations) through use of a

novel multtthousand member perturbed physics ensemble (PPE) developed through the
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Climatepredictionnet (PDN) project (see Chapter 3). This PPE is different than the

CMIP Phase 3 (CMIP3) and Phase 5 (CMIP5) nmlt d e | ensembles ( MME
it is composed of a large number of simulations generated from a single model with its
physics parameters changedass their range of uncertainty. For example, there are

1,214 control simulations (i.e., constant annual but seasonally varying radiative forcing)

and 1,692 transient simulations (i.e., includes historic forcings and future emissions
scenarios) totalingpproximately 170,000 years and 237,000 years of modeled output
respectively. (See Chapter 3 for more details). The MME, on the other hand, consists of

a relatively limited number of simulations (on the order 6b68Gsimulations for control

and transienensembles) generated from different climate modeling groups across the
world, each representing climate processes in different ways. (See Chapter 2, Sections
2.2, 2.3 for discussion of MME and PPE respectively.) Therefore the MME represents

a collectionof simulations considered by each modeling group to be their most probable
representation of Earthdos <climate system
observational estimates). Thus, the PPE may provide additional information on
uncertainties tat may not be represented in the MME since the MME simulations are
Atunedod to observations and multiple gro
components or parameterizations and therefore they may not span the full range of
uncertainties (e.gRennell and Reichler 201Masson and Knutti 2031 Additionally,

the number of simulations in this PPE is significantly larger than most previous PPE
analyses (e.gMcSweeney et al. 201&exton et al. 20)2and includes the full coupled

model system with atmosphere, ocean, land surface, and sea ice processes represented

whereas many previous assessments did rbida the fully dynamic coupled model
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(e.g.,Murphy et al. 2004Piani et al. 2005Stainforth et al. 2005 nutti et al. 2006
Sexton et al. 20)2and therefore offers a more robust assessnfeheampact model

parameter variations can have on projected future climate.

One of the fundamental questions this study hopes to address is whether a large
PPE can provide useful information to complement or improve information provided by
MME 6 s obal ard INorth American regional changes in monthly mean temperature
and precipitation rate from 194080 will be assessed to identify whether the PPE can
simulate observed mean climate and its natural variability as well as historical changes
such as log-term trends and relationships between global and regional changes. The
observational analyses can then be used to identify whether some of the simulations
produce unrealistic climates. If so, that information can be used to constrain future
climate propect i ons based on -oftfihte past patferiahce. The od n e s
analysis will be limited to monthly mean temperature and precipitation rate because
limitations in the saved output (i.e., regional means include ocean grid cells) require
observationaddata sets of sufficient quality over the oceans and because temperature

and precipitation are the two main climatic variables assessed in climate change studies.

Additionally, another major question to be addressed in this study is whether
climatic indces are sensitive to changes in model physics parameters and if this
sensitivity occurs at the global and/or regional level and to what extent. This
information can be used to quantify whether certain parameter values lead to unrealistic

model climates Wich can then be used to constrain future projections.
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Finally, this study will investigate how the modeled mean, variability, past
changes, and future projected changes of
including how any PPE constrained futune@j ecti ons compare to t
and whether t he CMI P MMEGOGSs ar e covering
uncertainty. Therefore the overall goal of this study is to quantify uncertainties in
global and North American regional climate change ovemtiservational and future
time period (i.e., 1942080) using a mukihousand member perturbed physics global
climate model ensemble in order to provide a better assessment of uncertainties in

projections of future climate change.

Chapter 2 provides aoverview of climate modeling including the hierarchy of
models available and the differences between the global climate model PPE and MME
as well as sources of climate model uncertainty. Chapter 3 gives a description of the
CPDN project and design of tridimate model and experiment used to generate the
large PPE in this study. Chapter 4 provides an overview of the observational data sets
used for comparing the modeled output to the real Earth system as measured over the
historical period. Chapter 5 evales the performance of the CPDN PPE model control
simulations (i.e., constant annual but seasonally varying radiative forcing) to assess the
model ed mean c¢climate and its internal vV al
natural variability from 28 century observational data sets. It also provides an
assessment of model sensitivity to parameter variations. Chapter 6 continues the
assessment of the CPDN model internal variability but compares it to natural variability
in the climate system as estited from paleoclimate proxy data records from North

America across the past few thousand years to provide an alternative measure that is not
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limited to the relatively shorter temporal period of the higher resolution instrumental
records and satellite datevestigated in Chapter 5. Chapter 7 evaluates the
performance of the CPDN PPE model transient simulations (i.e., simulations including
historic forcings and future emissions scenarios) over the observational time period and
assesses the sensitivity obdeled past and future trends to parameter variations. Then
future projections are constrained based on observational performance and parameter
sensitivity. Chapter 8 provides a comparison between the CPDN PPE control and
transient simulation results withe CMIP3 and CMIP5 MME simulations and Chapter

9 summarizes the major results of the study and offers a discussion of the final

conclusions and potential for future work.
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CHAPTER 2

CLIMATE MODELING OVE RVIEW

Understanding the full complexity of Earth's climate system is a difficult task
requiring information at high spatial and temporal resolution extending over long
periods of time. In an ideal setting, controlled experiments would be performed on the
entireEarth system with all interacting processes closely monitored. This type of Earth
laboratory does not exist and therefore it is simulated using numerical models with
simplified features of the climate system wherein a humber of experiments can be run
using a variety of boundary conditions, initial conditions, and forcing mechanisms to
better quantify how and why the climate has changed in the past and project how it
might change in the future. This chapter provides a brief overview of climate modeling
with an emphasis on global climate model ensembles because of their use throughout
the rest of this study. Section 2.1 reviews the hierarchy of climate models available.
Section 2.2 discusses the various uncertainties inherent in these climate models while
Sections 2.3 and 2.4 describe global climate model mmdtiel ensembles and

perturbed physics ensembles respectively.

2.1 CLIMATE MODEL HIERARCHY

There are a number of key processes or components that must be considered
when constructing a model of the climate system. These include radiation (input,
absorption and emission), dynamics (movement of energy), surface processes (changes

in albedo, emigsity as well as energy and moisture exchanges), chemistry (chemical
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composition and interactions) and resolution (temporal and spatial scales). There are
different types of models that have been developed over the years, each varying in
complexity and prpose. These can be summarized into four basic groups: lower
complexity models, Earth Models of Intermediate Complexity (EMICs), global climate
models (GCMs), and regionally downscaled models (#gGuffie and Hendersen

Sellers 200%h

2.1.1 Lower Complexity Models

Lower complexity models, sometimes idéietl as energy balance models
(EMBSs), are loworder models that may only calculate a global or hemispheric mean
and do not provide information at the regional scale. They typically include solving an
energy balance equation and may neglect balancesaf ghlysical components of the
climate system (e.g., mass, momentum, moisture, chemical constituents). They can
produce a large ensemble because of their simple computations and therefore can be

useful for approximating output of more complex models.

2.1.2 Earth Models of Intermediate Complexity (EMIC)

Earth Models of Intermediate Complexity (EMIC) cover the spectrum from
lower complexity EMBs to highly complex global climate models (GCMs) and can
include dynamics of the atmospheric and oceanic ciionlagand representations of
biogeochemical cycles. They can include a number of the processes simulated in

GCMs but with less detail and coarser resolution. For example, two spatial dimensions

21



may be used instead of three. Some EMICs include fewer gexscasd lower detail in
order to analyze feedbacks between as many components of the climate system as
possible while others limit interactions between the various components in order to look

at climate variability in longerm ensemble simulations.

2.1.3 Global Climate Models (GCMs)

The most sophisticated models are the global climate models or general
circulation models (GCMs), which simulate a large number of processes and generate a
threedimensional view of the time evolution of the atmosphenit aceanic state. The
most comprehensive GCMs are the coupled atmosjuet@n GCMs which couple
interactions between the various climate system components (e.g., atmosphere, ocean,
land surface, sea ice, carbon cycle) and provide the most completeresgestthe
structure and evolution of the climate system. GCMs solve a series of fundamental
equations that involve the conservation of energy, momentum and mass. Their
temporal and spatial resolutions continue to change with computational advancements
but are roughly tens to hundreds of kilomet@msthe horizontal direction with

approximately 2840 vertical levels and a time step of arouneBDOminutes.

Due to the still relatively large spatial scales used in GCMs it is not possible to
model all aspets of the climate system because some processes take place on the sub
grid scale. Therefore, it is necessary to parameterize theggidylyocesses in order
to include their effects on other components of the climate system. Parameterization

involves representing important unresolved physical processes in terms of their
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relationships to resolved model variables. Parameterization schemes are utilized for a
number of processes including radiation, land surface interactions, convection, large
scale preipitation, cloud cover, boundary layer evolution and orographic drag

(Stensrud 200y

The complexity of GCMs has advanced significantly over the past few decades
as illustrated in Figure 2.1. With the addition of more processes and their continued
i mprovement s, GCMs have been betdystem. abl e
Additionally, computation power has significantly increased, allowing for increased
horizontal and vertical resolutions in both the atmosphere and ocean as well as
increased storage capacity for the higher resolution outgsl€M ensembles and

ersemble uncertainty will be discussed further in Sections 2.2, 2.3, and 2.4.
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Figure 2.1 lllustration of the development of coupled climate models since thel@idZ 0 6 s
and when various components were introduced into the model. Cylinder height represents the
complexity the processes and how it has increased over time. The timing ofeH@GC

reports is given along the top. (FrdCC (2013.)

2.1.4 Regional Downscaled Models

Even with the improvements to spatial resolution within GCMs, their horizontal
resolution is stildl only on the order of
use for impacts assessments at the local level (e.g., ecosystems, hydrologic, agriculture).
For this reason, two main downscaling methods have been developedito mabte

practical regional output. One method is referred to as dynamic downscaling which

24



uses a highiesolution regional climate model that is driven by boundary conditions set
by a GCM. Dynamical downscaling models work much the same way GCMs do only
they simulate physical processes at a higher resolution and over a relatively smaller
area. The GCM simulates what is occurring around the rest of the world and then their
output is incorporated into the boundaries of the regional model. The North Americ
Regional Climate Change Assessment Program (NARCCAP) is one of the main sources
for dynamically downscaled products for North Ameridslearns et al. 2012

http://www.narccap.ucar.edu/index.html)

The other regional downscaling method is statisticainscaling which utilizes
relationships between largeale atmospheric variables and regional observations to
estimate regional changes from GCM output. These statistical models make the
assumption that relationships between lesgale features and tHecal climate will
remain constant over time. Recently, a database of over 100 statistically downscaled
climate projections from 33 CMIP5 GCMs were generated over the conterminous

United States at 800 meter resolutidhr@sher et al. 20}3

2.2 MODEL UNCERTAINTY IN FUTURE PROJECTIONS

There are three main sources of uncertainty within GCM climategehtuture
projections (e.g.,Tebaldi and Knutti 2007 Hawkins and Sutton 2009 internal
variability of the modeled climate system due to changes in the initial state of the
climate, uncertainty in the response of the modeled climate dwhaioges in the

external forcings (i.e., anthropogenic emissions scenario and changes to natural
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forcings), and model uncertainty based on variations in model structural development

and choice of physics parameters.

2.2.1 Internal Variability Uncertainty

The internal variability of a climate model refers to the natural variability within
the modeled climate system in the absence of any external forcing. This variability can
be due to notinear dynamical processes in any of the components, such as the
atmosphere or ocean (e.@chneider and Kinter 1994the transfer of atmospheric
variability into the ocean during the atmosphecean coupling process for heat flux
forcing (e.g.Dommenget and Latif 200&nd winddriven fluctuations (e.gAlexander

2013, or internal ocean vatdity (e.g., Delworthet al. 1993.

This uncertainty due to internal variability is important over shorter periods of
time and over smaller regions. Using a number of different modtiaskins and
Sutton (2009 showed that internal variability played a large role in the uncertainties in
projected annual temperature change out to roughly 10 years and were of greater
importance at the regional level (Figure 2.2). Model uncertadisgijssed in Section
2.2.3) then took over as being most important out to around 50 years after which time
external forcing scenario uncertainty (discussed in section 2.2.2) became dominant.
Hawkins and Sutton (20)Tound that internal variability was the dominant souste
uncertainty for decadal scale changes in regional precipitation out to the first couple

decades.
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Figure 2.2 Total variance for global mean decadal surface air temperature predictions split into
uncertainty in internal variability (orange), modelu@), and forcing scenario (green). Global
and North American 20 projections are shown in the two smaller panels with variance in annual
mean temperatures over the first five years given as well. (Rawkins and Sutton (2009

Using a single modeDeser et al. (20)2ooked at projections of temperature
and precipitation trends from 20@D60 using 40 simations having the same external
forcing (i.e., SRES A1B) but different atmospheric initial conditions. They compared
the variation in trends in their initial condition ensemble to the trends found in the
CMIP3 multrmodel ensemble (see Section 2.2.3 amdtiBn 2.3) under the same
forcing scenario but using 21 different models to give an estimate of the variation in
model trends due to internal variability. They found that internal variability accounted

for approximately 250% of the variation in projeetl temperature trends over most of
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the globe and 535% of the variation over western NA (Figure 2.3(b)). Additionally,
they found that internal variability impacted precipitation more than temperature as is
seen in Figure 2.3(a) where a larger percentdgbe variation in trends is associated
with internal variability, especially across central NA and other regions across the

globe.

(b)

=0 | | | |

0.25 0.5 0.75 1

Figure 2.3 Ratio of the variability in trends (202060) between an ensemble varying
only its atmospheric initial conditions (i.e., internal variability) and the CMIP3
ensemble for(a) precipitation andb) surface temperature. Stippling indicates ratios
significantly different than 1 at the 95% confidence level. (Adapted Daser et al.
(2012.)
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2.2.2 External Forcing Uncertatg

External forcing uncertainty is associated with a lack of understanding of how
certain external factors driving the climate will change in the future. These external
factors include changes in natural forcings such as solar output and volcarnity activ
and anthropogenic effects such as greenhouse gas or pollutant (i.e., aerosol) emissions,
land use change, etc., which will be dependent on socioeconomic conditions and
technical developments. Figure 2.4 provides possible future scenarios in anthiopoge
greenhouse gas emissions (Figure 2.4(b)) based on the primary type of energy that is
utilized moving forward across the 2tentury (Figure 2.4]) as established in the
Representative Concentration Pathways (RCPs) fxamren et al. (2001 As is
evident from the different scenarios, even if a perfect climate model existed that was
capabl e of simulating al/l of Earthos cli
resolutions there would still be a large degree of uncertainty in futujecpoms simply
based on the uncertainty in how future anthropogenic forcings will change. These
external forcing uncertainties linked to future emission scenario differences are

investigated using multhodel ensembles which are discussed in Section 2.3.
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Figure 2.4 Alternative future scenarios from the four Representative Concentration Pathways
(RCPs) described iMuuren et al. (201 Examples are shown for (a) the primary energy type
used across the globe from 268000, including a comparison between the various energy
sources between 2000 and 2100 levier each scenario (right plot) and (b) atmospheric
concentrations of the three main anthropogenic greenhouse gases. Dotted lines represent the
previous SRES scenarios and gray shading indicates results from other literature sources (see
reference for dtails). (FronVuuren et al. (201)1)

Unknown changes to natural forcexde.g., solar and volcanic) also create
uncertainties in future climate projections but to a much lesser extent than
anthropogenic effects. Future projections of climate change typically do not include
scenario variations in these natural forcings beedhsir impacts are assumed to be

relatively small compared to anthropogenic effects over time periods of roughly a few
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hundred years (e.g., solar impact from 12800 shown in Figure 1.7 in Chapter 1) and
because of their low predictability, especiallcanos. However, some climate studies
are including such natural forcing scenario variations such as the model experiment

used in this study (see Chapter 3, Section 3.3.3 and Figure 3.3).

2.2.3 Model Uncertainty

Model uncertainty originates from the fact that different models are constructed
in different ways and therefore can produce differing responses when the same external
forcings are applied. There are two types of model uncertainty typically classified as
distinct from one another. These are model structural uncertainties and model physics
parameter uncertainties (e.glebaldi and Knutti 2007 The model structural
uncertainties are associated with variations to broad scale components of the model
such as type of grid, temporal and horizom&golution, numerical methods used to
solve the equations, parameterization schemes used, or other dynamical components
such as those representing the carbon cycle, vegetation,-agoosbl interactions,
atmospheric chemistry, etc. MuModel EnsemblegMMES) are typically used to

assess model structural uncertainties and they are discussed further in Section 2.3.

Model physics parameter uncertainties are associated with the fact that small
scale processes in the model cannot be resolved given the relatively coarse horizontal
spatial resolution and therefore must be parameterized using-$maer variables
producel by the model (e.gStensrud 2007 In the development of the nunual

representation of these processes, there are a number of parameters (i.e., variables in
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equations) set to certain values which have their own range of estimated uncertainty.
The combination of the uncertainties in all parameter variations makestup @ e | 0 s
overall physics parameter uncertainty. This type of uncertainty is investigated in

perturbed physics ensembles (PPEs) which are discussed further in Section 2.4.

2.3 MULTI -MODEL ENSEMBLES

As discussed in Section 2.2.3 there are structureéntainties inherent in the
development of climate models because different modeling groups construct their
models in different way. In order to assess these structural uncertainties, model
intercomparison studies are typically used in which the modeilations from each of
the major climate modeling centers are combined into a larger ensemble called a
Multi-Model Ensemble (MME). These intercomparison studies started with the
Atmospheric Model Intercomparison Project (AMIBates 199p which organized
standard experimental protocol for atmospkmiyy GCMs forced by akerved sea
surface temperature and sea ice variations, leading to an international framework for
model diagnosis, validation, and intercomparison. Following the atmosphigre
model setup came the coupled atmosploessan studies in the Coupled Model
Intercomparison Project (CMIRyleehl et al. 2000 These collections of coupled
GCMs have grown in complexity over the years and have been the dominant means for
assessing past and future climate cleaimgmajor assessments such as the CMIP Phase
3 (CMIP3; Meehl et al. 2007afor the IPCC Fourth Assessment Report (ARRICC
2007 and Phase 5 (CMIPT;aylor et al. 201)1Lfor the IPCC Fifth Assessment Report

(ARS5; IPCC 2013.
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In providing projections of future cliate (e.g., see Chapter 1, Figures 1.9 and
1.10), these MMEs are sometimes weighted according to how well they simulate past
metrics such as the climatological mean temperature over a specified region (e.g.,

Giorgi and Mearns 2002Tebaldi et al. 20060r observed trends (e.gsreene et al.

2009. However, no individuat | i mat e model can be identi

respect to all variables covering all regions (d.gmbert and Boer 20Q0Gleckler et al.
2008 and therefore uncertainty remains as to the best metric to use when attempting to

weight models (e.gTebaldi and Knutti 2007

It also has been argued that weighting MMEs may not be appepran the
fact that the models were already calibrated to observations in their development and
therefore validating their output based on the same observations may not be that
informative (e.g.,Weigel et al. 2010 Additionally, it is uncertain whether models
performing well in the past will perform well in the futureg.@ model components or
parameterizations may natperate the same or follow the same assumptiona
warmer climate). Therefore, a more common method used in assessing MMEs is to
give equal weight to all models which often utilizes the assumptiomh&aultr-model
mean response to external forcing is a more robust result thaingteyraember of the

model (e.g.Tebaldi and Knutti 2007

Figure 2.5 provides an example of an equally weighted MME reportd&iCi@
(2007 and the uncertainties inherent when assessing reggoakd changes with such
an ensemble. Projected changes across tflec@itury are shown for annual and
seasonal NA temperature (firedbw) and precipitation (second row) from the multi

model mean of 21 CMIP3 model simulations. The MME uncertainty is apparent when
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looking at the third row which shows the number of models that project increases in
precipitation. Therefore across centsf\, where a transition zone between increasing
and decreasing precipitation exists in the mmitidel mean (second row), roughly half

the models indicate an increase in precipitation and half a decrease. In terms of using
GCMs to inform regional climatechange impacts, such as in driving regionally
downscaled models, the choice of GCM could have a marked impact on projected

regional and local changes.
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Figure 2.5 MMD multi-model mean temperature and precipitation changes over North
America for the A1B scenario. Temperature change (top), fractional change in precipitation
(middle) and number of models out of 21 that project increases in precipitation (bottom) fo
annual mean (left), DJF (center) and JJA (right) mean. Changes are given in terms of difference
between 1980999 and 208@090. (FromChristensen et al. (20Ry
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The main advantage of MMEs is that the individual modeldergo a wide
range of development and testing against observed quantities to confirm their credibility
(e.g., Gordon et al. 20Q0Blackmon et al. 2001Anderson et al. 2004Johns et al.
2006. Howeve, a main disadvantage is that they are not designed to sample the full
range of model uncertainty as they are
assembled from whatever models are made available by the various modeling groups.
The ensemble may undample modeling uncertainties because even though they are
produced by independent groups they still contain many similar features such as
resolution, parameterizations, types of grids or numerical methodsTebzgldi et al.
2005 Murphy et al. 200y and therefore cannot be considered completely independent.
Additionally, their sample size is adlvely small, around 280 simulations, even when

multiple simulations are provided by some of the groups.

For that reason it is useful to explore model uncertainty using a different
approach such as varying model physics parameters across their fangentainty.

This approach is discussed in the next section.

2.4 PERTURBED PHYSICS ENSEMBLES

As discussed in Section 2.2.3, model parameter uncertainties are present in the
development of climate models when snsléle processes must be parametdrand
different parameterization schemes with uncertain parameter values are used to
numerically represent processes occurring at thegsdbscale. To assess these

uncertainties, Perturbed Physics Ensembles (PPEs) are generated where a single model
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is used to produce a number of simulations with variations to their physics parameters.
The range of uncertainty for each parameter is estimated by experts with knowledge of
the known physical processes (eMurphy et al. 2004 The most concerted effort in
assessing model uncertainty based on PPEs has come from studies based on the Hadley
Centre model (e.gMurphy et al. 2004Piani et al. 2005Stainforth et al. 2003Barnett

et al. 2006 Collins et al. 2006Harris et al. 2006Knutti et al. 2006 Webb et al. 2006
Collins et al. 2007Knight et al. 2007 Sanderson et al. 20088anderson et al. 2008b
Frame et al. 20Q9Rougier et al. 2009Sanderson et al. 201Collins et al. 2011
Rowlands et al. 2032 A few other modeling groups also have taken part in GCM PPE
assessmentsAfinan et al. 2006 as well as when using simplified models (e.g.,
Schneider von Deimling et al. 2006A brief review is provide below of the series of
PPE studies related to the Hadley Centre model that leads up to the model and

experiment used in this study (described in Chapter 3).

Murphy etal. (2009 set the stage for this series of Hadley Cehtreed PPESs
by using the Hadl ey Cent rRopeset ah 20§0cosptett e r i ¢
to a mixed layerslab ocean (i.e., termed HadSM3) to generate 53 simulations with
variations to 29 parameters deemed important for controlling key physical
characteristics of the stdrid scale atmospheric and surface processes (e.g., impacting
largescale cloud, convean, radiative transfer, sea ice, surface and boundary layer
processes and dynamical transports). These paramwetee changef.e., perturbed)
one at a time and simulations run for presgay and for doubled atmospheric £10
calculate global mean tgrarature response after doubling £Qe., called climate

sensitivity). They found a wide range of possible climate sensitivities similar
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magnitude as found in MME experimeiitslue to the variation in parameters (i.e., 90%
range of 2.4 5.4°C). (Note that in all discussions that follow, specific information on
each parameter is not given. All relevant parameters are discussed in detail in Chapter

3.)

Stainforth et al. (2005provided a similar experiment using the same HadSM3
model but focused on a sef six parameters important in cloud and precipitation
processes, varying them in a number of different way (i.e., 449 unique combinations)
and then applying different initial conditions to produce a set of over 2,500 simulations.
This ensemble was proded using the Climapeedictionnet (CPDN) distributed
computing network, as was all of the remaining studies discussed below (See Chapter 3
for description of CPDN). These simulations contained a 15 year calibration phase
where heat flux adjustments wecalculated to maintain a stable climate when sea
surface temperatures (SSTs) were held constant followed by a control phase driven by
pre-industrial conditions in which SSTs were allowed to vary and subject to the
atmospher®cean heat exchange with cotiens for the calculated heat flux
adjustments and then a doubled Base which was the same as the control phase but
driven by conditions with double the amount of atmospherig. Cthey found a very
wide range of possible climate sensitivities basethese parameter variations, ranging
from around 2L1°C. These initial papers proved that perturbing parameters within a
single model could result in an uncertainty range as large or larger than that found in

MME studies for assessing largeale climatesystem processes.

Following Stainforth et al. (2005 a series of studies continued the investigation

of climate sensitivity using the HadSM3 model includiR@ni et al. (2006 who
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provided a best estimate climate sensitivity of 3.3°C with an 90% uncertainty range
from roughly 26°C andKnutti et al. (2006 who calculated a relationship between
climate sensitivity and the magnitude of the seasonal cydl@nmiegions across the
globe (i.e.,Giorgi and Francisco 200@vhere the best estimate climate sensitivity was
between 3.5°C with a 95% range of-2°C and those models with high sensttes

were found to produce seasonal cycles with larger magnitudes compared to

observations.

Knight et al. (200Y continued the assessment of climate sensitivity but included
a significantly larger number of simulations (i.e., around 57,000) and included
variations in computer handhre (i.e., processor, RAM size, and clock speed) and
software (i.e., the specific client middleware system used to implement the model on
different computer systems) and found that the effect of hardware and software
difference were small compared to paeder variation, accounting for less than 1% of
climate sensitivity variation. Knight et al. (200Y also found that the entrainment
coefficient in clouds was the most important parameter and accounted for 30% of the
variation seen in climate sensitivity (refer to Chapter 3, Secti®i 3or discussion of

parameters and their variations).

Sanderson et al. (2008fcused on identifying the dominant physical processes
responsible for variations in clirtea sensitivity across a PPE composed of roughly
6,700 model simulations. They found two parameters having the largest impact on
climate sensitivity, the entrainment coefficient and ice fall spe8dnderson et al.
(2008h conducted a similar experiment but used an artificial neural network to

interpolate climate sensitivisebetween the limited number of parameter variations
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(e.g., often limited to -8 variations) and again found that the most important
parameters were entrainment coefficient and ice fall speed with a subset of other
parameters also showing degrees of inmgpuwe when climate sensitivities are
exceptionally low or high. These parameters were the empirically adjusted cloud

fraction and critical relative humidity.

Ackerley et al. (200Pused a smaller set of simulations in a PPE (i.e., 243) but
introduced a sulfur cycle parameterization scheme into the HadSM3 model and varied a
set of paameters within that scheme. They found that none of the parameters in the
sulfur cycle scheme had much of an impact on climate sensitivity but the more
important aspect was that they produced a realistic sulfur cycle that was included in all

future versons of the CPDN model.

Following these climate sensitivity experiments with the simplified HadSM3
model, a new set of PPEs were generated using a fully coupled atmosphere and fully
dynamic ocean GCM wth was termed HadCM3LFtame et al. 20Q9a version of the
coupled Hadlg Centre model HadCM33Jordon et al. 2000Collins et al. 200 only
with slightly lower ocean resolution (see Chapter 3 for detaggnarson et al. (2070
used the HadCM3L model with roughly 1,600 simulations varying 24 independent
parameters from the atmospheric and oceanic models as well as the sulfur cycle. Model
simulations were run from 18852000 using observed forcings and thfeom 200t
2060 using SRES scenario A1B including a number of alternative scenarios for solar
and volcanic past and future forcing (see reference for more details). They found that

parameters governing cloud formation, convection strength, and ice fatl smee the
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most significant in altering climate feedbacks. Perturbations of oceanic and sulfur cycle

parameters had relatively little effect on the atmospheric feedbacks.

The HadCM3L model was then used in a concerted effort to generate a large
PPE uner the British Broadcasting Corporation (BBC) Climate Change Experiment
(CCE), also known as the Transient Coupled Model Experiment (Frame et al. 2009;
http://www.bbc.co.uk/sn/climateexperimemihich consists of simulations coveg the
period 19262080 using historic forcings and the SRES A1B scenario. (The BBC CCE
is explained in detail in Chapter 3, Section 3.3 owler et al.(2010 used 304
simulations from the HadCM3L BBC CCE to assess projected changes in extreme
precipitation over the United Kingdom (UK) and found that detectable changes in
extreme winter precipitation may be detectable by the simulated year 2010a&and th
changes in extreme summer precipitation was not detectable through the entire
simulation (i.e., out to 2080). They also found that the entrainment coefficient and ice
fall speed were important parameters for governing changes in summer precipitation
ard that the accretion constant and scaling factor for anthropogenic sulfur aerosol
emissions also were found to have a significant impact on the time of detectable change.
Their results suggested that increased precipitation efficiency, through chartges in
entrainment coefficient, have an important effect on heavy precipitation generation in

climate models.

Finally, Rowlands et al. (2032 used 2,752 simulations from the HadCM3L
BBC CCE to observationally constrain future projections of global temperature. They
created a goodnesé-fit statistic based on spattemporal patterns of surface

temperatures around the globe from 12610 to identify simulations performing

40



better over the observational period. They found that the original PPE extended to
larger global temperatures coarpd to the constrained ensemble which indicated
temperature increases between-3.@°C by 2050, relative to the 194990 mean
(Figure 2.6). The current study builds &owlands et al. (2032by investigating
similar HadCM3L simulations across both the globe and North American segidme

next chapter describes in detail the HadCM3L BBC CCE simulations used in this study

as well as all parameter variations.
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Figure 2.6 Global mean temperature anomalies (from 19890 mean) for 2,752 simulation

from the HadCM3L BBC CCE. Blughading indicates a calculated goodrafsit metric ()

with dark blue lines indicating the 66% confidence range. Global mean observations are shown
as the thick black line and red bars indicate the CMIP3 ensemble likely range anthouldti

mean (cater red dash). (FroRowlands eal. (2013.)
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CHAPTER 3

CLIMATE PREDICTION.NET CLIMATE MODEL

AND EXPERIMENT DESIG N

This chapter contains a description of the climate model and experiment
developed by the Climgteedictionnet (CPDN) project that is used in this study.
Section 1 provides background information on the design and goals of the CPDN
project. Section 2 describes the HadCM3L global climate model and Section 3
describes the accompanying BBC Climate Change Expeati (CCE), the output of

which is used in this study.

3.1 Climatepredictionnet
3.1.1 CPDN Project Design

Climatepredictionnet (CPDN) is a distributed computing project operated out of
Oxford University designed to investigate climate modelingertainties by generating
a large number of climate model simulations, each containing slight variations to their
model physics parameters, forcings, and initial conditions in an effort to assess how
these variations impact the resulting modeled cliraaté how such information can be
used when modeling future climate projectioddlgh 1999 Stainfath et al. 2002
Stainforth et al. 20Q4Massey et al. 2006 While typical climate model simulations
require the use of large percomputers, CPDN utilizes the processing power of
thousands of personal computers whose idle time has been voluntarily donated by

participants from the general public. This is accomplished through use of the Berkeley
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Open Infrastructure for Network Comjing (BOINC) software platform hosted out of

the Space Sciences Laboratory at the University of California, Berkeley
(http://boincstats.com). BOINC was originally designed for the Search for-Extra
Terrestrial Intelligence (SETI@home) proje&ejchhardt 1999Korpela et al. 2001

which created the distributed computing network concept for analyzing narrow
bandwidth radio telescope signals from space in an effort to detect signals from extra
terrestrial intelligent life. For these distributedwuuting network projects, participants
download programs and input files to their personal computers which run the
applications during idle processing time and then, when complete, upload the computed

output files back to the CPDN main servers.

The procssing power from a distributed computing network can rival or surpass
that of a supercomputerith the added benefit of not having to share central processing
unit (CPU) time with jobs from other projects, as is common with most supercomputers.
CPDN curratly has over 260,000 participants (around 18,000 active at any given time)
from over 20 different countries providing over 530,000 host computers (around 25,000
active). This corresponds to an average performance of roughly 32 trillion Floating
point Opeations Per Second (FLOPS) or 32 TeraFLOPYRefer to
http://boincstats.com/en/stats/2/project/detail for the mosttowate performance
statistics.) Figure 3.1 shows the proce

over time. While performancef the top supercomputers has risen above the 32

2 By comparison, the more established SETI@home project has nearly 1.4 million users (approximately
150,000 active) and over 3.3 million host computers (220,000 active) across 233 countries resulting in
around 640 TeraFLOPS.
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TeraFLOPS mark in recent years, the distributed computing network still holds the

advantage of being able to dedicate all processing power to its own specified projects.
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Figure 3.1 Supercomputer Performance over time.

Performance is calculated in terms of

Floatingpoint Operations Per Second (FLOPS) and shown for the top performer for a given
year (red), 500th top performer (pink) and the sum FLOPS over all 500 top supercomputers

(green). (From top500.0rg.)

3.1.2 Overview of CPDN Experiments

Here a brief review is presented of the progression of experiments launched by

CPDN. Refer to the perturbed physics ensemble section in Chapter 2 for a discussion of

any pertinent ragts that have come out of CPDN research.

CPDN was officially launched in 2003 using the UK Met Office Hadley Centre

Slab Model version 3 (HadSM3), a global climate model containing an atmospheric
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model (HadAM3) and simplified single layer "slab" oceafhe corresponding initial
experiment run by each participant was comprised of threeyedb phases: a
calibration phase to calculate heat flux adjustments required to maintain a stable climate
when sea surface temperatures (SSTs) were held constaritukes representing heat
transport by ocean currents which were not included in the model), a control phase
driven by preindustrial conditions in which SSTs were allowed to vary and subject to
the atmospherecean heat exchange with corrections for tadculated heat flux
adjustments, and a doubled £ghase which was the same as the control phase but

driven by conditions with double the amount of atmospherig. CO

In 2004 a thermohaline circulation experiment was launched which used the
same HadSM3 pdel and three phases from the initial experiment but included a fourth
15year phase where SSTs in the North Atlantic were adjusted to resemble the impacts
of a 50% slowdown in the thermohaline circulation (i.e., the meridional overturning

circulation inthe north Atlantic).

In 2006 the fully coupled atmosphewseean general circulation model (AO
GCM) HadCM3L was released to participants under what was identified as the BBC
Climate Change Experiment (CCE). The model is sometimes referred to as the
transent coupled model because climate forcings are allowed to vary with time in the
experiment, generating a hindcast covering 122020 and a forecast from 26Q080.

This model and experiment are usedthis study and therefore a more detailed
descriptionis provided in Section 3.2 for the HadCM3L model and Section 3.3 for the

BBC CCE.

45



In 2008 a geeengineering experiment was developed to investigate global
climate impacts that would result from humans injecting aerosol particles into the
stratosphere. ThHadCM3L model was used and simulations generated from- 2000
2080 with and without the inclusion of various amounts of aerosols to quantify its

impacts.

And in 2010 a paleoclimate experiment was initiated called the millennium
experiment that investéged climate across the past millennium by running simulations
from 800 AD to 1900 AD with a variety of perturbed model physics parameters and
natural forcing scenarios. Also in 2010 a regional climate modeling experiment was
launched called weather@homadich ran regional climate models in the distributed
computing network platform to generate higher resolution climate change results. The
regions of the world modeled in this experiment were Europe, Western United States,

and Southern Africa.

3.2 HadCM3L Model Design

HadCM3L (Jones and Palmer 1998 a coupled atmospheocean general
circulation model (AGGCM) based on the UK Met Office Hadley Centre Coupled
Model version 3 (HadCM3Gordon et al. 2000Collins et al. 2001 which is the
successor of model version 2, (HadCM®hns et al. 1997 and the original Hadley
Centre coupled modeMurphy 1995a1995h Murphy and Mitchell 199band is run
under the UK Met Office Unified Model (MetUM) syster@llen 1993 Brown et al.

2012. Table 3.1 highlights the key components in the HadCM3L atmospheric and
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ocean model design. Theaee discussed further in the next two subsections. The
atmospher®cean coupling strategy and flux adjustments are unique to the specific
climate change experiment used (i.e., BBCE) and therefore will be described in that

section (Section 3.3.2).
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Table 3.2 Summary of key components in the HadCM3L model design.

Atmosphere
Horizontal Grid

Horizontal Resolution
Vertical Grid
Vertical Resolution

Dynamics

Integration Time Step
Radiation

Clouds

Precipitation (Large Scale)
Convection

Boundary Layer
Land Surface
Gravity Wave Drag
Sulfur Cycle

Ocean

Horizontal Resolution
Vertical Resolution
Bathymetry

Dynamical Equations
Integration Time Step

Vertical Mixing (momentum)

Vertical Mixing (tracers)

Eddy Mixing

TopographicallyBased
Mixing

Sea lce
Radiation Absorption

ArakawaB Grid [Arakawa and Lamb 1977

2.5 latitude by 3.75 longitude

Lorenz Grid Lorenz 196QHoldaway et al. 2012

19 levels; hybrid coordinat&S[mmons and Burridge
1981

Eularian advection; spligxplicit time integrationCullen
and Davies 1991Cullen 1993

30 minutes

[Edwards and Slingo 199€usack et al. 199&usack et
al. 1999

[Smith199Q Martin et al. 1994Gregory and Morris
1994

[Senior and Mitchell 19935regory 199h

[Gregory and Rowntree 199Gregory and Allen 1991
Gregory et al. 1997

[Smith 19901993

[Cox @ al. 1999

[Gregory et al. 1998

[Ackerley et al. 2000

2.5’ lat by 3.78 long

20 levels; higher resolution near surface

[ETOPOS5 1988Gordon et al. 20gPIceland removed,;
DenmarkStraits deepened

Primitive equations; rigidid [Bryan 1969bCox 1984

60 minutes

Mixed layer: KTheory Large et al. 1994

Below mixed layer: KTheory Pacanowski and Philande
1987

Mixed layer: hybrid schemd.grge et al. 1994&Kraus and
Turner B67

Below mixed layer: KTheory Pacanowski and Philande
1987

[Gent and McWilliams 1990Visbeck et al. 1997
Griffies et al. 1998

Straits of Gibraltar scheme; Greenlaodland ridge
overflow schemeGerdes et al. 199Roether et al.
1994

[Crossley and Roberts 1995

Solar double exponential decddqulson and Simpson
1971
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3.2.1 Atmospheric Model

The atmospheric component of HadCM3L is the same atmospheric model used
in its parent model HadCM3@hns et al. 1997 It has a horizontal resolution of 2.5°
latitude (lat) by 3.75° longitude (long), corresponding to a global grid 96 cells
north/south by 72 cells east/west with cellgproximately 417 km in the north/south
direction by 278 km in the east/west direction at the Equator and 295 km north/south by
278 km east/west at 45° of latitddeAn ArakawaB staggered grid is usedrakawa
and Lamb 197)with wind components calculated at grid cell boundaaiss all other

variables calcul ated at a cell 6s center.

The vertical grid consi s tpshybadfcoodiBatel ay e r
(Simmons and Burridge 198With increasing resolution towards the surface and layers
that transiti oh(.ef termimollawing) inthe lowest foor dayees to
pure pressure layers in the three layers nearest the upper boundary at around 30 km
altitude (i.e., approximately 10 mb atmospheric pressure near the center of the
stratosphere). Table 32h o w s -p hyibral codrdinateised in the vertical grid and
Figure 3.2shows a general representation of the vertical layers. A Lorenz vertical grid
is applied (e.g.Lorenz 1960 Holdaway et al. 200)2where the vertical component of
the wind is calculated at the layer boundaries while all other variables are calculated in

between the layers.

3 Latitudinal distances for each degree of change remain relatively constant at approximately 111 km

(only minor discrepancies causéddy changes i n Earthés not guite sp
therefore grid cells maintain a 278 km latitudinal cell size while longitudinal distances for each degree of
change varies from near 111 km near the equator to zero at the poles. Eheefongitudinal cell size

at locations of interest over North America are roughly 361 km at 30°N, 268 km at 50°N, and 143 km at

70°N while latitudinal cell size remain a constant 278 km for each.

“The @ coordinate i s deldvéldidddbpthe surface prgssuesThisallews at a ¢
vertical levels in the O coordinate system to foll
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Table 3.2 Tphhgbridlvertical grid oSimmons and Burridge (1981lised to generate the
HadCM3L atmospheric nbe | 6 s verti cal structure. The hy
using the equation H = (A/i®a) + B. (Frondohns et al. (1997

Layer A (Pa) A (Pa) B B Hybrid
layer centre layer boundary  layer centre layer boundary  coordinate
0.005 x 10* 0.000 0.0005
19 0.046 x 10* 0.000 0.005
0.100 x 10* 0.000 0.010
18 0.148 x 10* 0.000 0.015
0.200 x 10* 0.000 0.020
17 0.296 x 10* 0.000 0.030
0.400 x 10* 0.000 0.040
16 0.553 x 10* 0.002 0.057
0.718 x 10* 0.003 0.075
15 0.886 x 10* 0.011 0.100
1.065 x 10* 0.018 0.125
14 1.180 x 10* 0.031 0.149
1.300 x 10* 0.045 0.175
13 1.366 x 10* 0.063 0.200
1.434 x 10* 0.082 0.225
12 1.458 x 10* 0.104 0.250
1.482 x 10* 0.127 0.275
11 1.469 x 10* 0.153 0.300
1.456 x 10* 0.179 0.325
10 1.401 x 10* 0.215 0.355
1.345 x 10* 0.251 0.385
9 1.232 x 10* 0.299 0.422
1.118 x 10* 0.348 0.460
8 0.947 x 10* 0.410 0.505
0.773 x 10* 0.473 0.550
7 0.581 x 10* 0.541 0.599
0.385 x 10* 0.611 0.650
6 0.241 x 10* 0.675 0.699
0.094 x 10* 0.741 0.750
5 0.047 x 10* 0.788 0.793
0.000 x 10* 0.835 0.835
4 0.000 x 10* 0.870 0.870
0.000 x 10* 0.905 0.905
3 0.000 x 10* 0.930 0.930
0.000 x 104 0.956 0.956
2 0.000 x 10* 0.975 0.975
0.000 x 10* 0.994 0.994
1 0.000 x 10* 0.997 0.997
0.000 x 10* 1.000 1.000
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Figure 3.2 I'llTustration of t he -pHyridCabRlibateavdrtited s p her

structure (left) with an enlarged view of the lowest 100 mb (right). Vertical layers transition
from 0 (-ollowing) layérenear suifate to pure pressure lagethe top boundary

with higher resolution near the surface. Hybrid coordinate values are provided at the layer
centers across the lowest 100 mb (refer to Table 3.2). (Etwdien (1993.)

The dynamical equations used are qumsirostatic versions of the primitive
equations developed to conserve energy, mass,emom, angular momentum, and
total water with full representation of the Coriolis forcg@ullen and Davies 1991
Cullen 1993. A Eularian advection scheme is used with spigplicit time integration
(Cullen and Davies 199Bnd a dynamical time step of 30 minutes. The derived model
variables include temperature, pressure, horizoniad veomponents, liquid water

potential temperature, and total water mixing ratio.

A number of complex processes take place on thegadbscale and therefore
must be parameterized in order for their effects to be included in the model. The

parametdration schemes used in the atmospheric model are summarized below. They
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are run every three hours and include schemes for radiation, clouds, large scale
precipitation, convection, boundary layer, land surface, gravity wave drag, and the
sulfur cycle. (®e Section 3.3.1 for parameterization scheme parameter perturbations

included in the climate change experiment for this study.)

RADIATION : The radiation scheme is froledwards and Slingo (199&nd includes
modifications fromCusack et al. (1999 This scheme incorporates six shortwave and
eight longwave bands and includes the effects of, E&D, and Q as well as the minor
trace gases £ N,O, CH,, CFC11, and CFC12. Aerosol effects also are incdude

(Cusack et al. 1998

CLoups: The cloud scheme is frol@mith (1990 with modifications fromGregory

and Morris (199% and Martin et al. (1994 The scheme generates cloud ice, cloud
water, and cloud amount from model variables of total moisture and liquid water
potential temperature. Mixed phase, liquid and ice, clouds are allowed in the scheme.
In general, clods form in the model when a critical relative humidity value is reached
within a given grid cell. Cloudadiation feedbacks are included as well as interactions

with the other parameterization schemes.

PRECIPITATION (LARGE-SCALE): Largescale precipitdgon is parameterized using
Senior and Mitchell (1993wvhich converts cloud liquid and ice into precipitation based

on a total water and total ice content threshold. Phase changes between cloud water and
ice are represented, and precipitation rates can be enhanced through the process of
seeding from layers abows precipitation is allowed to fall from one layer to another.

Also, the evaporation of falling rain and snow baseGoegory (199%is included.
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CoNVECTION: Convection (moist and dry) is parameterized using the mass flux
scheme ofcregory and Rowntree (199@ith the inclusion of downdraft$Sfegory and
Allen 1991 and representation of convective momentum transgerégory et al.
1997. Shallow, deep, and midvel convection are included. Convective parcels are
allowed to mix with the environmental air surrounding it andpevation occurs with

falling precipitation. Forced entrainment and detrainment also are included.

BOUNDARY LAYER: The boundary layer schem8&ngith 1990 1993 is a first order

turbulent mixing scheme that mixes heat, moisture, and momentum into the vertical
within the lowest 12 km atmospheric model layers which can be influenced by the
model ed Earthés surface (i .e., hemeuruskary | .
of a vertical mixing coefficient that depends on various factors that can influence the
strength of turbulent motions within the boundary layer, factors such as wind shear and

atmospheric stability.

LAND SURFACE: The land surface is parametzed using the Met Office Surface
Exchange Scheme (MOSES) fradox et al. (1999 This scheme caltates surface to
atmosphere water and energy fluxes from associated surface and subsurface (four soil
layers) model variables. It also calculates vegetation to atmosphere fluxesyof CO
incorporating both photosynthesis and stomatal conductance (cbkagrgge of C@and

water vapor through plant stomata). Additionally, freezing and melting is represented
in the subsurface soil layers, and surface and subsurface -bagen river catchment

runoff is instantaneously transported to the respective costldwlocation.
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GRAVITY WAVE / OROGRAPHIC DRAG: The generation and breaking of sgitid scale
orographically forced atmospheric gravity waves are represented Gsagpry et al.
(1998 which is an advancement d¢talmer et al. (1996 The scheme includes
representation of anisotropic orography (i.e., orography that iscincuar in its
horizontal structure), lovevel wave breaking of trapped waves along the lee side of
orography, flow blocking, and the hydraulic jump phenomena (i.e., higher velocity flow

building up after encountering lower velocity flow).

SULFUR CycLE: The atmospheric model contains anteractive sulfur cycle
parameterization that converts sulfur dioxide £S@®.g., from anthropogenic and
volcanic sources) and dimethyl sulphide (DMS, e.g., from volcanic sources and ocean
phytoplankton) into sulfate aerosolackerley et al. 200p The direct effects (e.qg.,
aero®l scattering and absorption of solar radiation) and indirect effects (e.g., altering
cloud albedo and precipitation efficiency) of the resulting sulfate aerosols are

represented in the model.

3.2.2 Ocean Model

The ocean component of the HadCM3L mladesimilar to the ocean model of
its parent model HadCM3, but is adjusted in a few areas to increase the computational
efficiency for use in the distributed computing network. (Seedon et al. (200Cfor a
detailed description of thecean model in the HadCM3 parent model.) The horizontal
resolution of HadCM3L is the same as the atmosphere, 2.5° lat by 3.75° long, which is

courser than its parent model 6s resol ut.
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the second generation mneadHadCM2. The vertical grid has 20 levels that transition
from higher resolution near the ocean surface (10 m thickness) to a lower resolution at
the ocean bottom (616 m thickness; See Table 3.3). The higher resolution near the

surface allows the mixddyer to be resolved.

Table 3.3 Vertical levels in the HadCM3L ocean model as well as background vertical
diffusivity of tracers between a given level and the level directly above it. (Bobms et al.

(1997).)

Level Depth Thickness Vertical
(m) (m) diffusivity
(107° m?/s)

1 5.0 10.0 -

2 15.0 10.0 1.03

3 25.0 10.0 1.06

4 35.1 10.2 1.08

5 47.9 15.3 1.11

6 67.0 23.0 1.16

7 95.8 34.5 1.22

8 138.9 51.8 1.32

9 203.7 77.8 1.46
10 301.0 116.8 1.68
11 447.1 175.3 2.01
12 666.3 263.2 2.50
13 995.6 395.3 3.23
14 1501.0 615.0 4.34
15 2116.0 615.0 6.06
16 2731.0 615.0 7.79
17 3347.0 615.0 9.51
18 3962.0 615.0 11.23
19 4577.0 616.0 12.95
20 5193.0 616.0 14.68

Ocean bathymetry (i.e., ocean bottom topography) is constructed from the 5 arc
minute (1/12° lat by 1/12° long) global land and ocean relief gridded data set

(ETOPOS5) from the Nationabeophysical Data CenteETOPO5 1988Gordon et al.

55



2000. Iceland is removed and the Denmark Straits (i.e., between Iceland and
Greenland) deepened in HadCM3L carmgd to HadCM3 due to the fact that the
distance across the Denmark Straits in the lower resolution HadCM3L is less than the
size of a single grid cell. Making this adjustment allows for a more realistic North
Atlantic circulation through an improved nlovtard heat transport into the North

Atlantic and Nordic Sea regioddnes 2003

The dynantal equations used are based on the primitive equations model with a
Air i-lgii o a p p’r(Bryan 1668t Coxo1884. A one hour integration time step
is used and the derived model variables include potential temperature and salinity
(referred to as tracers) and horizontal velocity (i.e., momentum). The aEmaihthis
section provides information on the important components and parameterization

schemes of the ocean model. These are summarized in Table 3.1.

VERTICAL MIXING: Vertical mixing of momentum is parameterized in the mixed
layef using a KTheory sbeme based obarge et al. (1994and below the mixed layer

a K-Theory scheméased orPacanowski and Philander (198% applied. KTheory
schemes contain prognostic equations for their first order moments but then
parameterize the high@rder moments, utilizing a vertical diffusion coefficient. This
coefficient is based oboth local properties and a background vertical diffusivity value

which is held constant across the entire depth of the ocean.

A fArliigdad approxi mation sets vertical motions to z
moving surface gravity waves. Bhallows for a longer integration timestep to be used and therefore

permits longer simulations due to the improved computational efficiency.

® The mixed layer is a portion of the uppermost ocean containing relatively homogenous properties (e.g.,
temperatue and salinity) due predominantly to turbulent mixing.
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Vertical mixing of tracers (i.e., potential temperature and salinity) below the
mixed layer is parameterized usifacanowsi and Philander (1981while in the
mixed layer a hybrid mixing scheme is used. In this hybrid scheme,Thery
diffusive mixing scheme is usedlgrge et al. 1994as well as a mixed layer energy
balance model based dfraus and Turner (19¢%hat provides the input of tuskent
kinetic energy from the wind available for mixing temperature and salinity in the mixed
| ayer. When negative surface buoyancy
convective adjustment is applied to mix the fluxes down to a level of nbutbgancy.

For the vertical mixing of tracers, a background vertical diffusivity value at each layer
varies with depth and is shown on the right hand column of Table 3.3. (See Appendix
A in Gordon et al. (2000for a more detailed description dfiet vertical mixing
parameterizations.)

EDDY MIXING: Ocean eddies are circulations in the water that can cause mixing to
occur but are typically smaller than the ocean model grid cell and therefore must be
parameterized. The parameterization scheme used for eddy mixing of tracers is the
Visbeck et al. (1997version of theGent and McWilliams (1990scheme. Potential
energy is removed adiabatically by diffusion of isopycnal (i.e., constant density) layer
thickness with a thickness diffusion coefficient established locdlsbéck et al. 1997
Additionally, the Griffies et al. (1998 form of the Redi (1982 isopycnal mixing
scheme is used to diffuse tracers along isopycnal surfaces. Andudealgpendent
horizontal mixing of momentum (viscocity) formulation is used to adequately resolve

subtropical western boundary currents while also maintaining numerical stability in the
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diffusion equation at high latitudes where grid cell lines conve(§ee Appendix A in
Gordon et al. (2000for a more detailed description of the eddy mixing scheme.)
TOPOGRAPHICALLY -BASED MIXING: The Straits of Gibraltar, connecting the
Mediterranean Sea and Atlantic Ocean, cannot be resolved within the onsodel
topography/bathymetry and therefore a mixing parameterization is included to simulate
the outflow of water from the Mediterranean into the Atlantic (eMpgnabe and
Stouffer 1988 The temperature and salinity are completely mixed between the
westernmost grid cell of the Mediterranean and corresponding easternmost grid cell in
the Atantic with the mixing taking place within the top 13 ocean layers (i.e., 1200 m),
the depth over which water is expected to sink after entering the Atlantic.

Also, two simplified sill (i.e., raised ridge on the ocean bottom) overflow
parameterization chemes were included for the GreenldoelandScotland ridge
(Gerdes et al. 1991Roether et al. 1994 These schemes allow for more realistic
mixing near the ocean bottom ridge. For example, dense water at the top of a ridge is
allowed to flow down the sloped surface as a boundary current as opposed to being
mixed out with the underlying water.

SEA ICE: The sea ice model @@rossley and Roberts (1998 built directly into the
ocean model. Its thermodynamics are fro8emtner (1976 and includes
representations of ice concentratidtibler 1979, the amount of ice below the water

line based on the weight abovelieflley 1983, sea ice leads (i.e, an ifree fracturen

the sea ice), and ice formation and melting, including its impact on ocean salinity. Sea
ice dynamics are parameterized usBiyan (1969a which allows advection of ice

thickness, ice concentration, and snow depth. Ocean heat fluxes are computed from the
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ocean water into the bottom of the ice with surface fluxes from the ice or leads into the
atmosphere calculated in the aspheric model. Energy is mixed vertically down into

the open water of leads from the atmospheric wind above and surface albedo is
parameterized to account for differences in sea ice surfaces (e.g., bare ice, snow of
different ages, or the presence of hpEinds). Sea ice rheology (e.geltham 208) is
represented by inhibiting sea ice convergence after the ice depth reach&etlm €t

al. 1997%. However, ice is allowed to continue growing thicker with continueeizing.

SOLAR RADIATION ABSORPTION: The upper ocean is designed to selectively absorb
shortwave solar radiation with depth using the double exponential decay function
created byPaulson and Simpson (19/47ased on observations which assumes an ocean

water clarity of Type 1BJerlov 1968.

3.3 BBC Climate Change Experiment

The HadCM3L output utilized in this study was generated as part of the
climatepredicionnet British Broadcasting Corporation (BBC) climate change
experiment (CCE), also known as the Transient Coupled Model Experiment (Frame et
al. 2009; http://www.bbc.co.uk/sn/climateexperiment). In this experiment, a large
number of climate simulations weegenerated with variations to their atmosphere and
ocean model physics parameters, past and future forcings, and initial conditions to
investigate how these changes can impact the resulting modeled climate. In the first
subsection the perturbed physiparameters will be described. The atmosploessan
coupling process and flux adjustment procedure will be provided in the second sub

section followed by a description of the control and transient simulations in the third
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subsection. The fourth sukecton reviews available model output from this

experiment.

3.3.1 Physics Parameter Perturbations

A number of physics parameters in the atmosphere and ocean model
components of HadCM3L were varied (i.e., perturbed) across their current range of
uncertainy through expert elicitatiorMurphy et al. 2001 These perturbed parameters
are discussed below for the atmospheric parameters and then for the ocean parameters.
An initial condition parameter also was perturbed and will be discussed at the end of

this subsection. All parameters are summarized in Table 3.4.
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Table 3.4 CPDN perturbed parameters, associated parameterization schemes and perturbation

values. Default parameter values are highlighted in.bold

Parameter Description Perturbed Values
ATMOSPHERE
ALPHAM Albedo at melting point of ice 0.5,0.57,0.65
ANTHSCA Scaling factor for anthropogenic sulfates 0.5, 0.8,1.0,1.2, 1.5
CLOUDTAU Time a circulating air parcel remainsin ~ 3.6,10.8 32.4 [x 10]
cloud (s)
CT Accretionconstant (3) 0.5,1, 4 [x 109
CW LAND 2 Precipitation threshold over land (kg°m 1,2, 20[x 109
CW SEA? Precipitation threshold over s@a m°) 2,5, 50 [x 107
DTICE Temperature range of ice albedo variatior 2, 5,10
EACF Empirically adjusted cloud fraction 0.5, 0.63 0.67
ENTCOEF Entrainment coefficient 0.6,1.03.0,9.0
| CNV ICE LW"P Type of convective cloud ice crystal used 1, 7
- - longwave radiation
| CNV ICE sv\/b Type of convective cloud ice crystal used 3,7
shortwave radiation
| ST ICE LWP Type of stratiform cloud ice crystal used il 1, 7
longwave radiation
| ST ICE s\/\/D Type of stratiform cloud ice crystal used il 2, 7
-0 shortwave radiation
ICE_SIZE Ice crystal size (m) 2.5,3.0,4.0 [x 109
Lo® Sulfate mass scavenging parameter [ (s 2.17,6.5, 19.5 [x 10
L1°¢ Sulfate mass scavenging parameter [ (¢ 0.99,2.96 8.86 [x 107]
NUM_STAR Condensation threshold for accumulation 0.1,1.0, 10 [x 107
RHCRIT Critical relative humidity 0.65,0.73 0.9
SO2_HIGH_LEVEL Sulfur cycle: model level for SO2 (high  1,3,5
level) emissions
VF1 Ice fall speed (M9 0.5,1.0,2.0
VOLSCA Sulfur cycle: scaling factor for emission 1,2, 3
from natural (volcanicgmissions
OCEAN
HANEY Haney heat forcing coefficient (WfK™)  81.88 163.76
HANEYSFACT Haney salinity forcing factor 0.251.0
ISOPYC Isopycnal diffusion of tracers (i) 0.2,1, 2 [x 10
MLLAM Wind mixing energy scaling factor {rs) 0.3,0.7
VDIFEDEPTH® Ocean: increase of background vertical  0.7,2.8, 9.6 [x 109
mixing of tracer with depth (3
VDIFESURE® Ocean: background vertical mixing of 0.5,1, 2 [x 107]
tracer (diffusion) at surface @s1')
VERTVISC Ocean: backgrouneertical mixing of 0.5,1.0[x107]

INITIAL_CONDITIONS

DTHETA

a, b, cd

*%

momentum (viscocity) (As”)

0, 0.01, 0.02, 0.03, 0.04, 0.05
0.06 0.07, 0.08, 0.09

Initial condition potential temperature
perturbation applied to atmosphef€)

Individual groups of parameters perturbed together

Parameter values represent mean over 19 model levels (variations occur at each level)
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The following perturbed parameters are associated with the HadCM3L

atmospheric model, which includes caments of theulfurcycle

ALPHAM (Albedo at the melting point of ice is): The albedo (i.e., reflectivity) of sea
ice can vary depending on temperature and therefore parameter ALPHAM allows for
different albedos to be set at the melting point of ice. The perturbed valués5are (
0.57,0.65). (Note that default parameters will be highlighted in bold throughout these
discussion$. Also see parameter DTICE, which is related to ALPHAM.

ANTHSCA (Scaling factor for anthropogenic sulfates): There is uncertainty in the
exact anthropogeni80O, emissions that have occurred in the past or will occur in the
future. Therefore parameter ANTHSCA is used to scale historical and futyre SO
emissions estimates to generate a range of possible scenarios. Theseis3{n are
important in the moddbecause they can be oxidized in the atmosphere and thereupon
be converted to atmospheric sulfate aerosols which scatter/absorb solar radiation (direct
effects) and alter cloud albedo and precipitation efficiency (indirect effects). (Refer to
Ackerley et al. (2000f or f urt her di s caulturscycke procesges.)t h e
The parameter values are [0.5, A.8), 1.2, 1.5] and correspond to multipliers used to
scale the estimated past and future time series (see Figure 3.3c).

CLOUDTAU (Time a circulatingair parcel remains in a cloud): This parameter is in
the sulfur cycle parameterization scheme and represents the amount of time an air
parcel takes to transit through a cloud which affects how much anthropogenis SO
oxidized while passing through ifThe oxidation process removes Stm the cloud

and converts it to atmospheric sulfate aerosols which scatter/absorb solar radiation

(direct effects) and alter cloud albedo and precipitation efficiency (indirect effects).
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CLOUDTAU is directly related tahe oxidation rate so that as CLOUDTAU increases
(decreases) the oxidation rate and therefore amount of sulfate aerosols in the
atmosphere increases (decreases). (RefeAdkerley et al. (200p for further

di scussion on CLOUDTAU, s salfurtcycle processes)). (2)
The parameter variations are [318).8 32.4 (x16's)] which represent minimum, best
guess, and maximum value estimateskerley et al. 2000

CT (Accretion constant): This parameter establishes the cloud droplet to rain
conversion or accretion rate (i.e., the time it takes to convert cloud droplets to rain).
(SeeGregory and Morris (1996andSmith et al(1998) CT has been found to impact
cloud, water vapor, and lapse rate feedbacks with a decreased parameter value found to
reduce the rate of cloud water accreted onto falling precipitation thereby increasing the
amount of clouds for a given tempena&uand humidity $anderson et al. 2010 A
different way to explain it is that an increase in CT allows more cloud droplets to be
removed by falling rain which reduces the overall cloud coverage. CT was found to
increase extreme precipitation ag tparameter value is increaséa\ler et al. 2010

The parameter values are [0154 (x10%s™)].

CW_LAND; CW_SEA (Precipitation threshold over land and sed)his parameter
controls the rate at which cloud liquid water is converted to {acgé precipitation.
Different values are used over land (CW_LAND) and over sea (CW_LAND) because of
the variation in cloud condensation nuclei (CCN) residing over eagh g greater
number of CCN are present over land). These two parameters have been found to have
a large impact on shortwave cloud, water vapor, and lapse rate feedbaokierson et

al. 2010. Lower parameter values result in clouds precipigatwth greater efficiency,
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resulting in reduced cloud coverag&anderson et al. (201L8howed that when the
parameter values were increased it resulted in a positive humidity feedback because
larger humidities could meain in the atmosphere without initiating precipitation. They

also showed that an increase in the parameter values caused an increase in shortwave
cloud feedback in the tropics and decrease at high latitudes.G{8gery and Morris

(1996 and Smith et al. (1998 for further details.) The parameter values for
CW_LAND are [1,2, 20 (x10*kg mi®)] and for CW_SEA are [%, 50 (x10° kg m*)]

and they are perturbed together (i.e., when one is at its lowestemoddhighest value

the other is as well).

DTICE (Temperature range of ice albedo variation): The albedo (i.e., reflectivity) of
sea ice can vary depending on temperature and parameter DTICE sets the temperature
range below the meltingoint in which seace varies linearly between the melting
albedo and the cold ice albedo. The perturbed values arelf2(°&)].

EACF (Empirically adjusted cloud fraction): This parameter identifies how much
cloud cover there will be when the specific humidity witta grid cell equals the
saturation value (i.e., the air is saturated) and therefore is a scaling factor for cloudiness
for a given temperature and humidity profile. (S&mith et al. (1998 for further

details.) It has been found that an increase in EASSHIts in an increase in the amount

of clouds present for a given value of temperature and humidity and therefore acts to
amplify boundary layer cloud over the oceans and decrease them over landmasses
(Sanderson et al. 20LOEACF values can varyith height across the 19 model vertical
layers. There are three perturbed parameter options and these are distinguished by the

single values(.5, 0.63, 0.67] representing the average value across all 19 levels. Table
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3.5 lists the exact EACF values aich atmospheric level for the three options and it is
apparent that the perturbations allow for increased cloud coverage for a given

temperature and humidity, especially in the lowest model levels.

Table 3.5 Empirically adjusted cloud fraction (EACIBarameter perturbation values, which
vary with height. The EACF parameter perturbation value identifier is the average of all values
across the 19 vertical layers in the atmosphere.

Vertical Level EACF =0.5 EACF = 0.63 EACF = 0.67

(default)
19 0.50 0.60 0.65
18 0.50 0.60 0.65
17 0.50 0.60 0.65
16 0.50 0.60 0.65
15 0.50 0.60 0.65
14 0.50 0.60 0.65
13 0.50 0.60 0.65
12 0.50 0.60 0.65
11 0.50 0.60 0.65
10 0.50 0.60 0.65
9 0.50 0.60 0.65
8 0.50 0.60 0.65
7 0.50 0.60 0.65
6 0.50 0.633 0.70
5 0.50 0.666 0.75
4 0.50 0.70 0.80
3 0.50 0.70 0.80
2 0.50 0.70 0.80
1 0.50 0.70 0.80

ENTCOEF (Entrainment coefficient): This parameter sets the rate at which convective
clouds mix with their surrounding environmental air. In previous studies it was found
that variations to ENCOEF played a significant role in altering modeled climate

characterigcs (e.g.,Knight et al. 2007 Sanderson et al. 2008&owler et al. 2010
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Sanderson et al. 2010 In the convection parameterization scher@e@ory and
Rowntree 199Da proportion of the rising air within an unstabledgeell (i.e., having
positive buoyancywhen lifted to the next vertical layer) across each vertical layer is
allowed to mix a portion of the surrounding air into the rising air (called entrainment) as
well as mix a portion of the rising air into the siumding air (called detrainment). The

rate of these two processes is proportional to the value set for the parameter ENTCOEF.
The parameter values are [0.6, B@M, 9.0].

When ENTCOEEF is set to lower values, rising convective air is less dlibyte
the environmental air surrounding it and therefore maintains greater buoyancy and can
rise to higher altitudes before reaching a level of zero buoyancy. The result is an
increased depth of convection and greater transport of moisture to higher Mireds
ENTCOEF is set to higher values more mixing occurs resulting in weaker convective
activity and greater moisture in the rtidposphere.

Sanderson et al. (2008dound that decreasing ENTCOEF resulted in a
moistening of the upper troposphere and lower stratosphere and a drying of the lower
troposphere across the tropics. The greater toidipper level moisture was found to
increase cleasky absorption of longwaveadiation but at the same time produce a
compensating effect by increasing reflection of shortwave radiation through greater
albedo from an increase in hidgvel cloud formation. The difference in these two
compensating effects demipviayc(tes thea glolbabmearn 6 s

temperature response to a doubling of atmospherig) @ad it was found that this

"While the exact definition of buoyancy can vary (e.g., see discussiwosiwell and Markowski

(2009), it is generally understood to be the density difference between a fluid parcel and its surrounding
environmental fluid. Therefore, if a rising parcel of air leager density than the air surrounding it; it

will have positive buoyancy and continue to rise until it reaches a level where its density is equal to that
of the air surrounding it (i.e., level of zero buoyancy).
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difference can be dependent on other model parameter settings. For ekamgbieet

al. (2007 found that ENTCOEF was responsible for 30% of the variation in climate
sensitivity with lower ENTCOEF values tending to correspond with higher climate
sensitivity but this relationship was modulated by parameters RHCRIT, CT and VF1.
Cloud formation was suppressed when values of RHCRIT were higher, CT lower, and
VF1 lower whth resulted in less reflection of solar radiation while the lower
ENTCOEF maintained greater clesky absorption of longwaver radiation, thus leading

to greater climate sensitivity.

Additionally, Fowler et al. (201pfound that variations to ENTCOEF impacted
precipitation efficiency and lead to changes to heavy precipitation. This was due to the
fact that ENTCOEF partially controls the amountcofivective activity simulated in a
model Gregory and Rowntree 19pWhich is responsible for the majority of heavy
precipitation.
| CNV_ICE_LW; | CNV_ICE_SW; | ST ICE_LW; | _ST_ICE_SW (Type of
convective/stratiform cloud ice crystal used in longwave/shortwave i@diat These
parameters allow for nespherical ice particles in the radiation scheme. Their
parameter values are |_CNV_ICE_LW,[7], . CNV_ICE_SW 3, 7], |_ST_ICE_LW
[1, 7], |_ST_ICE_SW 12, 7] and they are perturbed together (i.e., when one is at its
default value or secondary value the others are as well). The default values assume
spherical ice particles while the ndefault value (i.e., 7) allows for nespherical ice
particles in the radiation schemedivards and Slingo 199%@&nd is associated with an

alteration to the expressions for cloud optical depth, single scatter albedo, and scattering
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direction which are functions of cloud water content and effective ice particle size
(Slingo 1989 Ingram 1990.

ICE_SIZE (Ice crystal size in radiation): This parameter gives the effective radius for
ice crystals in clouds (i.e., radius the ice would have if it were gigrfgpherical) and is

used in the radiation schented{vards and Slingo 19%@or calculating how reflection

takes place for incoming and outgoing radiation. The parameter values ai@ (240
(x10"m)¥).

LO; L1 (Sulfate mass scavenging parameters): These two parameters are in the sulfur
cycle parameterization scheme and are scavenging coefficients for the removal (i.e.,
scavenging) of SEfrom the atmosphere by precipitation falling below a cloud. These
two paameters increase or decrease by the same factor and their relation is given in Eq.
3.4 below along with the other scavenging parameterization scheme equations of

Woodage et al. (200&ndAckerley et al. (2009

—  _YRY'Y (3.1)
_'YAy 0'Y QETY Y (3.2)
_Wy 0 - QEV Y (3.3)

O 0y (3.4)

where S is S@concentration (ppbv), T is time, R is rainfall rate (mt),hand Sis a
SO, threshold concentration. (ReferAakerley et al. (2000 see their Eqgs. (8), for

further discussi on osulfulcyrle processes)lThapardmeteh e mc

8 Note a possible error in the literagufor this parameter. All but one of the CPDN articles say units are
fimd which i s o b Sandenssnleyal. (2018aystheyea {2.5,80,d.0 (10)] but it

is probably [2.5, 3.0, 4.0 (x1%n)] because iteymsfield (197, which is used focalculating ice fall
speed, they show average ice crystal lengths of between rougfys0n3m with minimum length

around 0.1mm and max length around 0.5mm. These are on the order wh)xid@ (x10°m).
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values are [2.176.5 19.5 (x10° s%)] for LO and [0.99,2.96 8.86 (x1C° s%)] for L1

which represent minimum, best guess, and maximum value estimatesx|éy et al.

2009.

NUM_STAR (Condensation threshold for accumulation): This parameter is in the
sulfur cycle parameterization scheme and is the aerosol concentration threshold for
identifying when new particléormation is stopped and condensation onto accumulation
mode particles begins. (Refer fickerley et al. (2000 for further discussion on
NUM_START and sulfur eyclenpoodessesd s The parameter values are
[0.1,1.0, 10 (x16)] and represent minimum, $ieguess, and maximum value estimates
(Ackerley et al. 2009

RHCRIT (Critical relative humidity): This parameter relates the atmospheric humidity
in a grid cell to the amount of cloud within the grid cell. Because the size of a grid cell
is significantly larger than individualouds the model cannot simply wait for an entire
grid cell to become saturated before initiating cloud formation but rather must set a
threshold for when to parameterize cloud initiation at thegsitb scale. RHCRIT
defines this threshold and it copesds to the critical relative humiditat which point

cloud water vapor is initiated within a grid ceBrgith 1990. An increase in RHCRIT
reduces the overallater cloud coverage for a given relative humidity because a greater
amount of moisture is required to initiate clouds. Alternatively a decrease in RHCRIT
was found not only to increase the amount of water cloud but also to decrease the

amount of ice cloude.g.,Pope et al. 2000

° Relative humidity is defined as the ratiotbé partial pressure of water vapor to the saturated vapor
pressure of water at a given temperature. Therefore it varies with temperature
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Sanderson et al. (201L8howed that the shortwave cloud feedback is positive
when RHCRIT is increased because theresponding reduction in boundary layer
clouds increased the amount of shortwave solar radiation reaching the surface. They
also found, contrary to what might be expected, that the longwave cloud feedback was
positive as well because there was an increakgh-level clouds due to the increase in
available moisture (from less boundary layer cloud amount) even though a greater
relative humidity was required to form the clouds. Therefore, the increase ieheh
clouds increased longwave absorption aedmission back to the surface. These
shortwave and longwave feedbacks were generally found across the global average but
were especially evident near the equator.

RHCRIT values can vary with height across the 19 model vertical layers and
thereforethe perturbed variations also can vary with height. There are three perturbed
parameter options. These will be distinguished by the single values (07350.9]

representing the average value across all 19 levels (see Table 3.6).
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Table 3.6 Critical relative humidity (RHCRIT) parameter perturbation values, which vary with
height. The RHCRIT parameter perturbation value identifier is the average of all values across
the 19 vertical layers in the atmosphere.

Vertical Level RHCRIT = 0.65 RHCRIT = 0.73 RHCRIT = 0.90

19 0.60 0.70 0.90
18 0.60 0.70 0.90
17 0.60 0.70 0.90
16 0.60 0.70 0.90
15 0.60 0.70 0.90
14 0.60 0.70 0.90
13 0.60 0.70 0.90
12 0.60 0.70 0.90
11 0.60 0.70 0.90
10 0.60 0.70 0.90
9 0.60 0.70 0.90
8 0.60 0.70 0.90
7 0.60 0.70 0.90
6 0.60 0.70 0.90
5 0.60 0.70 0.90
4 0.60 0.70 0.90
3 0.85 0.85 0.90
2 0.90 0.90 0.90
1 0.95 0.95 0.95

SO2_HIGH_LEVEL (Model level for high level S©@emissions): This parameter
represents the highest atmospheric model level at which anthropogenic emissions are
released. In the model there are two levels from which anthropogenic emissions are
released. One is at the surface level and the otheaikigher model level to represent
emissions coming from industrial plant chimney stacks. The parameter values3are [1,

5].

VF1 (Ice fall speed coefficient): This parameter scales the fall speed of cloud ice

particles in the cloud parameterizationescie Gregory and Morris 1996 It is within
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the formula for parameterizing ice fall speed based on the observationgl aftud

Heymsfield (197Y

, , i 8
0w 0w — (3.5)

where \t is the fall velocity of ice from within a cloud, gy is the ice fall speed
coefficient,} the density of water, (the total cloud condensed water content, C the
fractioral cloud area in a grid cell, andaset parameter equal to 1.01086 X kg m>.

The expression (/C) is defined as the incloud condensed water density.

When cloud water condenses onto ice nuclei to form ice crystals of sufficient
size they begino fall out of a cloud. The speed at which the ice crystals fall is defined
as \tin Eg. 3.5, which is partly governed by the ice fall speed coefficient VF1. Larger
values of VF1 allow for faster fallout of cloud ice which leads to larger particle sizes
and increased precipitation amount.

Consistent results for climatic effects of VF1 variations have been found in
previous CPDN studies (e.@anderson etl. 2008a Sanderson et al. 20088anderson
et al. 2010 as well as other ne@PDN studies Grabowski 2000Wu 2003. Lower
values of VF1 resulted in a warmer, cloudier, more moist lower troposphere with
reduced precipitation. The greater stare increased the clesky longwave
absorption as did the increase in H®vel cloudiness, both resulting a positive feedback
on warming. However there was a compensating effect due to increased shortwave
solar radiation reflection from increased adooover. Sanderson et al. (2008also
found a reduced latent heat flux at the surface which they deduced as a result of lower
surface insolation due to increased cloudsneAndFowler et al. (2010showed that a

reduction in VF1 could lead to an increase in extreme precipitation in summer at the
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regional scale (e.gaver the United Kingdom) due to the increased available moisture,
which is contrary to the general global results as stated above. The VF1 parameter
values are [0.51.0, 2.0 (m &)].

VOLSCA (Scaling factor for emissions from volcanic emissions): TJaisameter is

from the sulfur cycle parameterization scheme and is a scaling factor on estimated
sulfur emissions from volcanic sources that are continually erupting as opposed to the
single event explosive eruptions. (RefeAtkerley et al. (200pfor further dscussion

on VOLSCA andsulfurhcgcle pracesseb.)d $Vhile the scaling factor is
unitless it corresponds to a scaled change from an approximated continuous volcanic
emissions value of 15 teragramssoffur per year (Tg(S)a) which is defined asdving

a VOLSCA value of 2. Two additional values are used, one corresponding with 50%
less annual emission (7.5 Tg(S)alefined as VOLSCA equals 1, and the other with
50% more annual emissions (22.5 Tg(8)defined as VOLSCA equals 3. These three
emissions values were chosen because they cover the range of uncertainty defined by
Houghton et al. (2001 Therefore the parameter values are 213] and represent

minimum, best guess, and maximum value estimételsefley et al. 2000

The following perturbedparameters are associated with the HadCM3L ocean
model.
HANEY (Haney heat forcing coefficient): This parameter introduces a time lag for the
correction of model generated sea surface temperatures (SSTs) to observed SSTs
(Haney 1971 Jones and Palmer 1998vhen spinning up the ocean model. The

parameter values ar81.88 163.76 (WntK™)]
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HANEYSFACT (Haney salinity forcing factor): This parameter introduces a time lag
for the correction of model generated sea surface salinities (SSSs) to observed SSSs
(Haney 1971 Jones and Palmer 1998hen spinning up the ocean model. The
parameter values ar@.p5 1.0].

ISOPYC (Isopycnal diffusion of tracers): This parameter is associated with the mixing
of tracers (i.e., temperature and salinity) along surfaces of constant density (i.e.,
isopycnal) in the ocean and are from @wffies et al. (1998 parameterization scheme.

The parameter values are [0122 (x1G m?s™)].

MLLAM (Wind mixing energy scaling factor): This parameter comes from the
vertical mixing parameterization of mixed layer energetiGorfon and Bottomley

1985 based onKraus and Turner (19¢7which provides input from wad mixing

energy (i.e., energy from the atmospheric wind that is available for mixing into the
ocean). As described Bordon et al. (2000the wind mixing energy is parameterized
usinga4 (u* wherea-is the wind mixing energy scaling factor MLLAN/, is a reference

sea water density, and u* is the friction velocity. This turbulent energy is mixed down
into the ocean using the exponential decay function-e&p(where z is ocean depth
fromthe surfaeandi i s the decay scaling factor, t
available turbulent energy is decreased to 1/e (i.e., approximately 0.37) of its initial
value.

VDIFFSURF; VDIFFDEPTH (Background vertical mixing of tracer at surface/with
depth): These parameters correspond with the depth dependent background vertical
mixing of tracers (i.e., diffusion) below the ocean mixed layer inRkheanowski and

Philander (198)Lvertical mixing parameterization scheme by defining a surfacesval
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(VDIFFSURF) and then how the surface value varies with depth (VDIFFDEPTH). The
parameter values for VDIFFSURF are [0152 (x10° n?sY)] and for VDIFFDEPTH are
[0.7,2.8 9.6 (x 10’ ms")]. The default values are shownTiable 3.3.
VERTVISC (Background vertical mixing of momentum): This parameter represents
the background value of vertical mixing of momentum (i.e., viscosity) below the ocean
mixed layer in thePacanowski and Philander (198Zertical mixing parameterization
scheme. The totavertical mixing of momentum below the mixed layer is
parameterized based on the local gradient in the Richardson number, which relates
vertical stability and shear and indicates when convective overturning may occur, and
this VERTVISC value Gordon et al2000. The parameter values are [015) (x10°
m?sh)].

The following perturbed parameters are associated with the initial conditions in

the HadCM3L model.

DTHETA (Initial condition): To include the uncertainty relating to different initial
condtion in the model, a temperature perturbation was introduced in the atmosphere
during its spinup phase. This parameter indicates the temperature perturbations used

which are §, 0.01, 0.02, 0.03, 0.04, 0.05, 0.06 0.07, 0.08, 0.09 (°C)]

3.3.2 AtmospherOcean Coupling and Flux Adjustments

Based on all of the individual perturbed parameter variations, there are 153
different atmospheric parameter configurations (i.e., different atmospheres) and 10
different ocean parameter configurations. Thereforeombmed 1,530 different

combinations are possible when the atmosphere and ocean model components of
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HadCMa3L are coupled together. (These combinations will interchangeably be referred

to as different model version¥.)

Typically, the coupling process ngiges a simulation spin up period from
hundreds to thousands of years to bring the two models into a state of equilibrium and
may require flux adjustments to remove any anomalous fluxes at the interface of the
two models. Any anomalous fluxes present ddelad to drifts in climate variables.

With the large number of simulations planned in their project, CPDN developed an
alternate spin up and flux adjustment procedure to reduce the amount of time required
in the coupling proces$fame et al. 2009 In this process the atmosphere and ocean
components were spun up separatebng simpler model versions of their counterpart,

and then were combined after flux adjustments were calculated based on the simpler
models. The 153 atmospheres were coupled to a simple slab ocean and spun up for 15
years while the 10 oceans were codpte a standard atmosphere (i.e., generalized
vertical structure of temperature, pressure, and density) for a 200 year period. A longer
spin up period was required for the ocean because of the longer response time of the
fully dynamic ocean. Climatic cditions in the spin up process corresponded
approximately to those in the year 1920. Once the flux adjustments were calculated for
each of the fully dynamic atmospheres and oceans separately they were then coupled to
one another and each of their flux w&tments combined to create a single flux

adjustment.

% Not all of the atmosphere/ocean combinations are available for analysis. This is because a number of
simulationswere removed due to a variety of model output file errors (see the first section in both
Chapter 5 and Chapter 7) and because a large number of initial simulations were generated using an
incorrect parameter setting for the amount of sulphate aerosblks &rhosphere which led to unrealistic
modeled climates (Myles Allen and Dan Rowlands, 2010, Personal Communication).
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Since this coupling process does not officially spin up and apply flux
adjustments with the two fully dynamic models, it is possible that the resulting modeled
climate may not be in complete balanc This is investigated further in the control

simulation analysis (See Chapter 5, Section 5.2).

3.3.3 Control and Transient Simulations

Two different types of simulations were run for each HadCM3L coupled model
version. The first is a 160 year control simulation that maintains constant forcings
representative of average conditions of roughly 188P0. Solar radiation was allowed
to varyacross the typical annual solar cycle but is the same for each year in the 160 year
simulation. This control simulation allows for investigation of the model's mean
climate and variability due to internal chaotic processes in the climate system. See

Chapter 5 for the analysis of the control simulations.

The second type of simulation is a 160 year transient simulation with forcings
that vary with time, corresponding to the time period 12@80. A variety of natural
and anthropogenic forcings were oduced to the different HadCM3L model versions,
thereby allowing investigation of another level of uncertainty in modeling the climate.
Atmospheric concentrations of well mixed greenhouse gases (GHGSs), ozone, and SO
vary according to historically obsed/evalues over the period 192000 and use the
Special Report on Emissions Scenarios (SRES) A1B scemarok(i | enovi | and
2000, a midrange emigsns scenario, for 2002080 future variations. The scenario

results in an atmospheric G@oncentration reaching 720 ppm in 2100. The emission
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scenarios from SRES have recently been updatedrén et al. 201)1and the A1B
scenario is qualitatively similar to the new nmmahge Representative Concentration
Pathway (RCP) 6.0 although they dantain differences resulting in less warming near

the end of the future projection perimdRCP 6.0

Figure 3.3a shows radiative forcing estimates for well mixed greenhouse gases
covering both the historical and future time period. Because thereagainty in the
anthropogenic Sgemissions that have occurred in the past and will occur in the future,
the emissions estimated over the historical period and those identified in SRES AlB
have been scaled to differendadatgmi dudesn!

that uncertainty (Figure 3.3c).
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Figure 3.3 Natural and anthropogenic forcing and ,S€nissions scenarios applied to the
BBC-CCE HadCM3L transient simulations. (a) Radiative forcing due to well mixed
greenhouse gases using 122D0 historical values and the 260080 SRES Al1B future
scenario. (b) Radiative forcing from volcanic sulphatosol emissions. Five historical
scenarios are included based3ato et al. (1993(S), Ammann et al. (2003(A), a logarithmic
average of the two (Avg S+A), lower magnitude version ($atmd higher magnitude version
(Ammonn+). Ten future volcanic emission scenarios are created based on the same two data
sets (S,A) as well aSrowley (2000 (C). The timeperiods used from each data set are listed in

the legend. (c) Five versions of historical and SRES A1B annual average global anthropogenic
SO, emissions scaled by parameter "anthsca." (d) Five historical solar forcing scenarios from
19202003 are includ# based orHoyt and Schatten (1998HS), Lean et al. (1995(LBBx2),

Solanki anl Krivova (2003 (SK) and the other two based on expert elicitation (ML1, ML2),
(seeFrame et al. 20Q9 Fifteen future scenarios are created based on three versions of each of
the historical five; a continuation of the historical trend (Repeated), a reversal of the historical
trend (Reversed), and zero trend {Nend). (FromRowlands et al. 2012Supplementary
Information.)
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Multiple realizations 6 past and future volcanic and solar forcings also were
applied to the HadCM3L model versions (Figure 3.3b,d). Five different versions of
volcanic forcings were included for the 192@00 historical period, all based on
observational data sets of volcaagrosols in the stratosphere (Figure 3.3b). One of the
five is based orsato et al. (1993and another oAmmann et al. (2003with the other
three being a logarithmic average of the two, lower magnitude versi&atofet al.
(1993, and higher magnitude version Ammann et al. (2003 Ten future volcanic
forcings, 20012080, were created based on various segments of each of the two data
sets as well as from segments ofaditional longer data set fro@rowley (2000.

(See Figure 3.3 caption for full description of each of these.)

Five different versions of solar forcing were included for the 1213
historical period (Figure 3.3d). Three of these were based on published observational
data sets oyt and Schatten 199R8ean et al. 1995Solanki and Krivova 200Q3and
two others were constructed basedexpert elicitation (seErame et al. 2009 Fifteen
future scenarios,@®4-2080, were created based on the five historical period versions; a
continuation of the historical trend, a reversal of the historical trend, and zero trend.

(See Chapter 7 for the full transient simulation analysis.)

3.3.4Model Output
The HadCM3Lmodel generates two sets of output for both the control and
transient simulations. The first set is aes@raged monthly mean tinseries for the

globe and 51 regions representing various land regions, ocean basins and other relevant
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locations such ashbse associated with the ElI Nino Southern Oscillation (ENSO) and
the North Atlantic Oscillation (NAO). These regions are based on the so called Giorgi
regions (i.e.Giorgi and Francisco 200Gcommonly used in climate modeling studies.
Table 3.5 provides their boundaries for the North American regions investigated in this
study and Figure 3.4 provides a visual representation. Table 3.6 lists some of the main
variables aviéable for the globe and over North America in the aaearaged monthly

mean timeseries output. This study will focus on surface air temperature and total
precipitation rate output because of their importance in the Earth's climate and because
the regimal averages include ocean grid cells and therefore would be difficult to find
relevant observational data sets to make a comparison with (e.g., maximum and

minimum temperature).

Table 3.7: Boundaries used in the arageraged monthly mean time series output for the
CPDN North American regions.

Name Label  Min Lat Max Lat Min Long Max Long
CN) CN) (E) (E)

Alaska, NW Canada ALA 60 72.5 -170 -103

E Canada, etc. CGl 50 75 -103 -10

Western NA WNA 30 60 -130 -103

Central NA CNA 30 50 -103 -85

Eastern NA ENA 25 50 -85 -50
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Figure 3.4 North American regions investigated containing arearaged monthly mean time
series output.

Table 38: Model output variables available for the globe and over North America for the
HadCM3L aresaveraged monthly mean time series.

HadCM3L Output Variables

surface (1.5 m) air temperature mean sea level pressure
total precipitation rate u component of wind
surface (1.5 m) relative humidity at Inb v component of wind
surface (1.5 m) daily minimum temperature convective cloud amount

surface (1.5 m) daily maximum temperature

The other set of available HadCM3L model output available for both theotont

and transient simulations is globally gridded (2.5° lat x 3.6 decadal mean

guantities. This output will not be investigated in the present study but will be the focus

of future research.
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CHAPTER 4

OBSERVATIONAL DATA S ETS

A number of observational data sets were used to assess the climate model
performance throughout this study. This chapter provides a review of the datzskts
for temperature, precipitation rate and a reanalysis product (i.e., the North American

Region&Reanalysis). Table 4.1 at the end summarizes the key features of each.

4.1 TEMPERATURE

Observational temperature data sets were acquired from three independent
groups that have been the standard datasets used for observational assessments around
the globe (e.g.JPCC 2001 2007. They have a variety of similarities and differences
discussed below but the main feature of each is that they utilizevalisns from both
the land and ocean to generate a glgbgtidded data set over both land and ocean.
This was a necessity because the CPDN HadCM3L model output included both land

and ocean grid cells in their regional mean values.

4.1.1 HadCRUT3

The first temperature data set is the third version of the Met Office Hadley
Centre and Climate Research Unit (CRU) at the University of East Anglia HadCRUT3
(Brohan et al. 2006 acquired from CRU (www.cru.uea.ac.uk). Its gridded land
component is constructed based on approximately 4,500 land station data measurements
around the globe from the Global Historical Climatology Network (GH@Bterson

and Vose 1997 U.S. Hstorical Climate Network (USHCN,;
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http://cdiac.ornl.gov/epubs/ndp/ushcn/ushen.html), and Antarctic Scientific Committee
on Antarctic Research (SCAR; http://www.scar.org/). The gridded ocean air
temperature componentapproximated using sea surface terapge (SSTHata from
ships and buoys as organized in the International Comprehensive-Soaasphere

Data Set (ICOADSWoodruff et al. 1998

Homogeneity adjustments are made to account for possible variations in
recording methods suchas changes in station site, measurement time, or
instrumentation for lanthased stations and changes in buckets tseshmple ocean
water in the early 2Dcentury. Nearest neighbor comparisons are made as well as other
manual quality control measures. Monthly mean temperature anomalies of individual
observations from the 1961990 longterm mean (LTM) are averagedrass 5°
latitude (lat) by 5° longitudeldng) grid cells with minimum data record requirements
and other quality control measures applied. Anomalies are used because of the large
uncertainties associated with absolute values as they can vary markedlyrieom
location to another within a specified region (e.g., especially across varying topography)
making it difficult to obtain a truly accurate observational estimate, especially when
large quantities of data are missing between official measurement stattoromaly
estimates, however, have been shown to be strongly correlated between recording

stations out to roughly 1,200n (Hansen andlebedeff 198Y.

Grid cells containing no data are left as such with no attempt made to interpolate
the temperature of the cell from surrounding data. This is the major difference between
the HadCRUTS3 data set and the other two temperature datatsetsboth use some

type of interpolation method to infill grid cells containing no recorded observations.
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Therefore in locations where there are minimal to no observations, such as polar

regions, HadCRUT3 has empty grid cells with no data. This muskka into account

when calculating global averages or averages near the poles as the relatively colder grid
cell samples will not be included in an average. Temperature data from HadCRUT3 are

available from 185{present with obvious increases in uncetias in the earlier part of

the record due to reduced measurement station coverage. A new version of HadCRUT3

came out (i.e., HadCRUT4) but was not used because it only recently became available.

4.1.2 NOAAMLOST

The second temperature data set is N@AA Merged LandOcean Surface
Temperature analysis (NOAKLOST) version 3.5.1 §mith and Reynolds 2005
Smith et al. 2008 acquired through NOAA/OAR/ESRL PSD, Boulder, Colorado, USA
(http://www.esrl.noaa.gov/psd/). Its gridded lanadnponent is constructed based on
approximately 4,400 land station data measurements from GHCN and USHCN and its
gridded ocean air temperature is constructed fsbip and buoy data from ICOADS.
Homogeneity adjustments are made as well as a variety otyquatfitrol to remove
nonclimatic variations in the data record. Monthly mean temperature anomalies of
individual observations from the 192D00 longterm mean (LTM) are averaged across
5° lat by 5°long grid cells with minimum data record requirementsl ather quality
control measures applied. When grid cells contain no data it is interpolated using
characteristics of the larger surrounding region (i.e., 25° lat byo2gj. Temperature

data from NOAAMLOST is available from 188@resent.
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4.1.3 NASAGISTEMP

The third temperature data set is the NASA Goddard Institute for Space Studies
(GISS) Surface Temperature analysis (GISTEMRansen et al. 199%Hansen et al.
200) acquired through NOAA/OAR/ESRL PSD, Boulder, Colorado, USA
(http://www.esrl.noaa.gov/psd/). Its gridded land component is constructed based on
approximately 6,300 land station data measurgsmmdrom GHCN, USHCN and
Antarctic SCAR. Its gridded ocean component comes from the Hadley Centre Sea Ice
and Sea Surface Temperature data set (HadlB&¥ner et al. 2003and an updated
data set fronReynolds et al. (2002 Homogeneity adjustments are made as well as a
variety of quality contromeasure$o remove nostlimatic variations in the data record.
Monthly mean temperature anomalies of individual observations from the 15861
long-term mean (LTM) are averaged across 2° lat bio@g grid cells with minimum
data record requirements and other quality control measures applied. When grid cells
contain no datanterpolation is used to fill in the gaps by combining station data out to
1,200km from the grid ba center as anomalies were shown to have high correlation
out to this rangeHansen and Lebedeff 1987 Temperature data from GISTEMP is

available from 188@resent.

4.2 PRECIPITATION RATE
Observational precipitation datsets were acquired from two ipdsdent

groups. As with temperature, these data sets covered both land and ocean regions.
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42.1 GPCP

The first precipitation dataetis the Global Precipitatiolimatology Project
(GPCP version 2.1Huffman et al. 1997Adler et al. 2003 Huffman & al. 2009
established by the World Climate Research Program (WCRP). The datequased
through NOAA/OAR/ESRL PSD, Boulder, Colorado, USA
(http://www.esrl.noaa.gov/psd/). The GPCP data set is constructed based on a complex
merged analysis of thousands of rain gauge stations andrimtvsatellite microwave
data and geosynchroneasbit satellite infrared data. Relationships between the
satellite data and surface precipitation were established using knowledge that
microwave brightness temperatures observed from spaeedependent on the
modification of the emitted surface microwavadiation by hydrometeors in the
atmosphere and infrared data are used to relate precipitation with cold cloud top areas.
Monthly mean precipitation rate is calculated o2e5° lat by 2.590ng grid cells from

1979present.

4.2.2 NOAAPREC

The secod precipitation datesetis the NOAA Precipitation Reconstruction
(NOAA-PREC; Chen et al. 2002 Chen et al. 2003 acquired through
NOAA/OAR/ESRL PSD, Boulder, Colorado, USA (http://www.esrl.noaa.govjpsk/
is constructed in a similar manner as GPCP with rain gauge and satellite data except an
attempt is made to estimate precipitation over the oceans in tisatpikte era and
therefore provide a longer data set. They utilize information from isa¢edind rain

gauge observations over islands and land areas during the satellite era to establish
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broadscale variations that could have occurred over the oceans using the same gauges
in the presatellite era. Therefore, precipitation estimates oveotieans prior to 1979
contain significantly greater uncertainty than estimates1®89. The PREC data set
contains monthly mean precipitation rate anomalies from -p8&dent with anomalies

over land based on the 193990 LTM and over the ocean basedtba 19791998

LTM.

4.3 NORTH AMERICAN REGIONAL REANALYSIS (NARR)

One regional reanalysis was also included for comparison. This was the North
American Regional Reanalysis (NARR7Jesinger et al. 2006 acquired through
NOAA/OAR/ESRL PSD, Boulder, Colorado, USA (http://www.esrl.noaa.gov/psd/).
NARR is a reanalysis which means it generates climate Vesialsing a dynamical
model (e.g., including parameterization schemes, as used in climate models) instead of
simply averaging/interpolating observed variables as purely observational data sets do.
NARR runs the National Centers for Environmental Predic{iddCEP) Eta Model over
the North American region using boundary conditions from its global reanalysis
counterpart, the NCEP Department of Energy (DOE) Global reanalysis model, and
assimilates into the model a number of observed fields to help drivsirthgated
climate. These assimilated variables include quantities such as temperature, wind
precipitation, moisture, pressure, snow depmtc. coming from a variety of sources
(e.g., surface measurements, rawinsondes, dropsondes, aircraft, satelliiesinain

advantage of NARR compared to conventional observational data sets is that it provides
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a number of output variables (i.e., similar to those from a climate model) at high
temporal (3 hourly) and spatial resolutions (32 km horizontal resolutidnAbitvertical
atmospheric layers). Pertinent to this study, monthly mean values of both temperature
are precipitation are available from 19@F&sent over the North American region.
There are some issues with NARR precipitation in thdbés not handlprecipitation

outside the contiguous U.S. well because precipitation data is utilized in the reanalysis
process and therefore in data sparse regions (e.g., Mexico, Canada, or over the ocean)
the resulting precipitation output is less trustworthy and témdle smaller than actual

values (e.g.Bukovsky and Karoly 20Q0Mo et al. 2005Mesinger et al. 2006

Table 4.1 Observational data sets and one reanalysis (i.eRRAIsed in this study.

‘DataSet ~ Variable  Resoluton  Begins  Reference
HadCRUT3 Timean(C) 5°, monthly, globe | 1850 | Brohan et al. 2006
NOAA-MLOST Tmean(C) 5°, monthly, globe | 1880 | Smith et al. 2008
NASA-GISTEMP | Tean(C) 2°, monthly, globe | 1880 | Hansen et al. 2001
GPCP Prean(mm/day) 2.5°, monthly, globe | 1979 | Huffman et al. 2009
NOAA-PREC Prean(mm/day) | 2.5°, monthly, globe | 1948 | Chen et al. 2002
NARR Tmean(C) 32 km , monthly, North| 1979 | Mesinger et al2006

Prean(mm/day) America
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CHAPTER 5

CONTROL SIMULATION ANALYSIS

The goal of this chapter is to evaluate the performance of the HadCM3L control
simulations from the climapeedictionnet (CPDN) British Broadcasting Corporation
(BBC) Climate Change Experiment (CCE&)mpared to detrended observational data.
The control simulations maintain a constant annual but seasonally varying radiative
forcing (refer to discussion in Chapter 3, Section 3.3.3) and therefore are compared to
detrended observations to assess the laddaean climate and its variability due to
internal chaotic processes in the simulated climate system, including coupling between

the atmosphere, ocean, land surface, and sea ice

Section 5.1 provides the quality control measures applied to the CPDN BBC
CCE output and Section 5.2 assesses both the initial adjustment period when the
atmosphere and ocean model components were coupled together as welttasrong
model drift caused by surface flux imbalances. Sections 5.3, 5.4, and 5.5 provide
analyses oftte modeled climate mean, seasonal cycle, and variability respectively to
assess how well the model simulated the natural climate system and Section 5.6
investigates relationships between the climate indices within and across regions as well
as to teleconretion indices. Section 5.7 evaluates the sensitivity of climate indices and
model drift to variations in model physics parameters and Section 5.8 investigates initial

conditions uncertainty. Section 5.9 summarizes the key findings of this chapter.
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5.1 QUALITY CONTROL OF CONTROL SIMULATION ENSEMBLE

The initial control simulation output acquired from CPDN was examined to
assure the quality of the simulations utilized throughout the rest of this study. Each
simul ationds Network Common Data Form ( Net
the surface aitemperature at 1.5 m (hereafter temperature) and total precipitation rate
(hereafter precipitation) values were evaluated over the globe and five North American

(NA) regions to search for errors, outliers, or duplicates.

5.1.1 NetCDF File Errors

A total of 1,236 initial control simulations were downloaded from the CPDN
servers, nine of which were immediately discarded due to NetCDF file generation errors
in the CPDN archiving process. Of the remaining 1,227 simulations, 12 were missing
at least onanonthly output value within one of their annual NetCDF files and 11 of
these were discarded. The™&mulation was left in the official ensemble because it
was missing a monthly value within the first 20 years of the simulation, a period that is
not usek i n anal yses because the model 6s atr
adjustment period of the coupling process (see Section 5.2).

Within the remaining 1,216 simulations, a search was conducted for the
presence of any nemeteorological values (e.dNaN, Inf, zero) which were identified
in previous versions of the CPDN output. No instances of these values were found and
therefore all 1,216 control simulations were verified as having a complete set of

available model output.
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5.1.2 Erroneous Outlis

Figure 5.1 displays the absolute temperature and precipitation over the globe and
NA regions for all available control simulations. An obvious outlier can be seen within
most of the ensembles around simulation year 1&@inforth et al. (2005identified a
smal | number of CPDN simulations containi
from the order of 1Dup to 18, which they concluded were a result from the loss of
information during either PC shdbwn at a critical processing point or from running a
conputer system at a faster speed than rat
This outlier appears to be an example of
systematically identify this outlier and any others hidden within the ensemble, an
anomaly test was conducted on output values for each region. Monthly and annual
anomaly values were calculated from the lbegn mean for each simulation as well as
monthto-month and yeato-year difference anomalies. These anomalies were
standardizedwith respect to the full distribution of anomaly values across all
simulations (i.e., divided by the standard deviation of all anomalies for a specific

region/quantity) and then sorted to identify simulations with the largest anomalies.
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Figure 5.1 Initial ensemble of all control simulations acquired from CPDN for annual mean
absolute(a) temperature°C) and(b) precipitation rate (mm/day) for the globe and five NA
regions. Each plot shows time series for 1,216 individual simulations.
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Each anomaly test identified a similar but not always consistent set of
simulations containing the largest anomalies for a given variable/region and therefore
these higher anomalies were assessed individually to determine if they were caused by
an errorwithin the model or if they were simply larger natural fluctuations within the
modeled climate. Two simulations were determined to contaircioiatic outliers
and the metric accurately distinguishing them was global mean annual average
temperature anorfias greater than six standard deviations. There were some instances
with similar six standard deviation anomalies or slightly higher anomalies that did not
correspond with an actual error in the output. This can still be expected given the sheer
numberof samples assessed. For example, in the annual average tests, the number of
samples expected to be outside the range of 1, 2, 3, 4, and 5 standard deviations under a
normal distribution for 170,240 samples (e.g., 1,216 simulations x 140 years) i6 54,47
(32%), 7,831 (4.6%), 459 (0.27%), 10 (0.0063%) and 0.1 (0.000057%) samples
respectively. Therefore we would expect some anomalies to reachSttetasidard
deviation range and since the distributions were not completely Gaussian in nature, this
could result in even a few larger anomalies, as was found.

Figure 5.2 shows the two outlier simulation cases removed from the official
contr ol ensembl e. A fAtypical o control
purposes. An abrupt change can be seen in magsins for the two outlier simulations.
However, in specific regions there are instances where the anomalous jump was similar
in magnitude to the natural variability found in that region. This helps explain why the

global average turned out to be therenoseful quantity to identify the outliers.
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Figure 5.2 Two simulations containing outliers (black) and a typical simulation (red, green)
for annual mean absolufa) temperature®°C) and(b) precipitation rate (mm/day) for the globe
and five NA regions.
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5.1.3 Duplicates

After the two outlier simulations were removed, the remaining 1,214 control
simulations were searched for any duplicate simulations, another feature identified in
previousversions of the CPDN output. Within the control simulation ensemble, there
were combinations of 138 atmospheres, ten oceans, and eight initial conditions. An
assessment of the parameter variations indicated 187 simulations having one or more
simulationswith matching atmosphere, ocean, and initial conditiong/hile we would
expect these simulations to have the same output as well, the actual output did not
match exactly in any of the cases. As is illustrated in a representative example in Figure
5.3, he output in these instances closely resemble one another but were not an exact
match. All such instances were kept in the final control ensemble because their output
differences were found to be caused by inconsistencies in the initial condition paramete

(DTHETA) and deemed appropriate to retain in the ensemble as discussed below.

™ Many of the 187 simulations had more than one exact match and therefore the total number of duplicate
simulations actually totaled 213
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Figure 5.3 Two simulations with identical model parameters but with different output for
annual average absolut@) temperature°C) and(b) precipitation rate (mm/day) for the globe
and five NA regions.
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To better understand the cause of the output variation within parameter
duplicates, the ensemble was searched for any instances when two or more simulations
contained identical output for three different time periods: the entire 160 year period,
the first 20 years of the simulation, and the first 12 months of the simulation.
Simulations with duplicate output were found but only for portions of certain
simulations. No simulations had completely identical output for the entire 160 year
period. There werd48 simulations having identical output with at least one other
simulation (197 matches total) over the first 12 months of a simulation with only five of
those remaining identical through at least the first 20 years of the simulation. All
simulations withthe same first year had an identical atmosphere and ocean but were
labeled as having different DTHETA values.

Of the five duplicates over the first 20 year period, four had a matching
atmosphere and ocean and one had a complete match of all paramgte3THETA
match as well). Figure 5.4 shows two simulations having identical output through the
first 20 years of a simulation, after which time the output diverged into different but still
similar values. These initially identical simulations indictitat the two simulations
must have started out with identical parameter settings (e.g., atmosphere, ocean, and
DTHETA) and therefore the DTHETA parameter setting must have been mislabeled in
the NetCDF file¥. That, however, does not explain why the tsionulations
eventually diverge. There are a few possibilities for explaining this. The first is that the

computer within the distributed computing network running one of the simulations may

12The exact DTHETA value cannot be officially confirmed by the CPDN group because their archived
NetCDF files are the same used in this study and therefore the only way to identify the true value is for
the original simulations to be rerun with a véyief DTHETA values applied which is not

computationally feasible.
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have encountered a restart or similar disruption in the middigheo simulation as
described bystainforth et al. (2005 Such a restart may have caused the parameters to
be reset, resulting in the initiation of a new initial condition temperature perturbation
(e.g., established by the DTHETA parameter value) which wantltbaslightly alter the
climate output indices. Another possibility is that the variety of computers generating
output could have slightly different architectures (i.e., different Intel processors) that

may have resulted in slightly different model outpu
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Assuming theduplicate parameter and output discrepancies can be attributed to
one of the aforementioned issues, its significance must be assessed and a decision made
on how to handle such simulations. While the simulations generally are quite similar,
there are someanstances when the climate statistics appear to have noticeable
differences. For example, the global temperature output for the two simulations in
Figure 5.3(a), which have seemingly identical parameter settings, show a marked
difference in their varialtly over the final 50 years of the simulations. To investigate
this further, the mean, magnitude of the seasonal cycle, and interannual variability were
calculated for corresponding 3@ar time periods across simulations with duplicate
parameters and tten the magnitudef their differences compared against the range of
actual values across of the full control ensemble. The differences for the mean and the
magnitude of the seasonal cycle were small compared to the full ensemble distribution
(not shown). Most of these differences fell within half a standard deviation of the full
distribution range with a few reaching near one standard deviation.

Differences in interannual variability, on the other hand, were relatively larger
with differences on the oed of 12 standard deviations of the full distribution and
reaching up to four in some cases. These differences, however, were found to be of
similar magnitude as muitlecadal differences of interannual variability within a single
control simulation (Figre 5.5). Figure 5.5 shows the distribution of interannual
variability differences for the 213 simulations having identical parameters as well as the
multi-decadal variations from all control simulations. The two distributions were
standardized by the Hudistribution of all 3Qyear interannual variability values across

all controls, and since the muttecadal analysis distribution has an order of magnitude

13 The five 30 year periods were 194970, 19611990, 19912020, 20212050, and 2052080.
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more samples, it was rescaled in thdinection for better comparison. It is evident
from the to distributions that the interannual variability differences between
simulations with matching parameters but differing output is nearly identical in
magnitude to the mulilecadal variations that can be expected within a control
simulation. This furthesupports the conclusion of an initial condition restart issue as
the cause of output differences in simulations with identical parameter settings. If at
some point in time within a simulation the initial condition temperature perturbation is
reintroducedit could cause the interannual variability to change to a slightly different
state which could lead to the two simulations having different interannual variability
characteristics within any given 3@ar period, but this difference would still be within

the normal multidecadal variability.
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Figure 5.5 Standardized differences between interannual variability within corresponding 30
year periods in simulation pairs having identical parameters (red, green) compared 40 multi
decadal differences within all control simulations (gray) fa)y temperature °C) and (b)
precipitation rate (mm/day). Distributions are standardized by the distribution-péaB0
interannual variability values from all control simulations and the two distributions are rescaled
on the yaxis because of the sample size differend@s@ duplicate; 12,140 multiecadal).
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In conclusion, it was determined that both the simulations with partially
duplicated output and those with listed duplicates in their parameter variations but with
output variations would be kept in the ensemble tagated as simulations with either
initial condition variations or computer architecture differences. There would be no
skill in attempting to remove any one of these duplicate pairs due to the fact that there
was no way t o i dentonfoythat deteof pdranceter var@atiods s i mi
without having CPDN carefully rerun all of the simulations in a highly controlled
environment, which is not feasible.

Also, this duplicate issue was discovered only because some of the simulations
actually had duptates generated. The large number of other control simulations with
no matched pairs may be subject to the same initial condition or computer architecture
issues but there is no matched pair available for comparison. In summary, this issue
will, in effect, add noise to the analyses and will be noted as an additional source of
uncertainty, particularly to the parameter sensitivity analysis for interannual variability
as there will be multiple factors influencing the spread in its distribution, not jest th

known parameter variations.

5.1.4 Final Ensemble

The final set of 1,214 control simulations was comprised of 138 atmospheres,
ten oceans and eight initial conditions. From these there are 642 simulations having a
unique atmosphere/ocean combinatwith the remaining 572 containing a duplicate
atmosphere/ocean combination with a variation to the initial conditions. Table 5.1 lists

the number of control simulations having each particular parameter value.
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Table 5.1 CPDN perturbed parameters and tiaenber of control simulations out of 1,214 that

have a particular parameter value. Atmosphere and ocean parameters are grouped separately
and the initial condition parameter is given at the end. Default parameter values are highlighted
in bold.

Parameter Description Values Control
Simulations
ATMOSPHERE

ALPHAM Albedo at melting point of ice 0.5 231
0.57 462

0.65 521

ANTHSCA Scaling factor for anthropogenic sulfates 0.5 0
0.8 0
1.0 1,214

1.2 0

1.5 0

CLOUDTAU Time a circulating air parcel remains in 3.6 278
cloud (s) [x 16] 10.8 581

32.4 355

CT Accretion constant @ [x 10 0.5 345
1 404

4 465

CW LAND? Precipitation threshold over land (kg 1 474
- X 10°] 2 400

20 340

CW SEA? Precipitation threshold over s@a@ m?) 2 474
- [x 10°7] 5 400

50 340

DTICE Temperature range of ice albedo variatior 2 521
5 462

10 231

EACF Empirically adjusted cloud fraction 0.5 512
0.63 278

0.67 424

ENTCOEF Entrainment coefficient 0.6 377
1.0 403

3.0 338

9.0 96

&5 9 ndividual groups of parameters perturbed together

*k
Parameter values represent mean over 19 model levels (variations occur at each level)
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Table 5.1 Continued.

Parameter Description Values Control
Simulations
I_CNV_ICE_LWb Type of convective cloud ice crystal used 1 1034
longwave radiation 7 180
I_CNV_ICE_SWb Type of convective cloud ice crystal used 3 1034
shortwave radiation 7 180
I_ST_ICE_LWb Type of stratiform cloud ice crystal used ii 1 1034
longwave radiation 7 180
I_ST_ICE_SV\P Type of stratiform cloud ice crystal used ii 2 1034
shortwave radiation 7 180

ICE_SIZE Ice crystal size (m) [x If] 2.5 381
3.0 471

4.0 362

Lo ¢ Sulfate masscavenging parameter L0Yjs 2.17 293
[x 107 6.5 506

19.5 415

L1°¢ Sulfate mass scavenging parameter [ (s 0.99 293
[x 107] 2.96 506

8.86 415

NUM_STAR Condensation threshold for accumulation 0.1 405
[x 109 1.0 595

10 214

RHCRIT Critical relative humidity 0.65 526
0.73 317

0.9 371

SO2 HIGH_LEVEL Sulfur cycle: model level for SGhigh 1 163
level) emissions 3 809

5 242

VF1 Ice fall speed (M9 0.5 301
1.0 425

2.0 488

VOLSCA Sulfur cycle: scaling factor for emission 1 669
from natural (volcanic) emissions 2 352

3 193

a,

*%

'S % Individual groups of parameters perturbed together

Parameter values represent mean over 19 model levels (variations occur at each level)
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Table 5.1 Continued.

Parameter Description Values Control
Simulations

OCEAN
HANEY Haney heat forcing coefficient (WK ™) 81.88 1082
163.76 132
HANEYSFACT Haney salinity forcing factor 0.25 885
1.0 329
ISOPYC Isopycnal diffusion of tracergn’s™) [x 107] 0.2 130
1 867
2 217
MLLAM Wind mixing energy scaling factor {ra) 0.3 253
0.7 961
VDIFFDEPTHY Ocean: increase of background vertical 0.7 265
mixing of tracer with depth (1% [x 10 28 581
9.6 368
VDIFFSURFY Ocean: backgroundertical mixing of tracer 0.5 265
(diffusion) at surface (fs?) [x 107] 1 581
2 368
VERTVISC Ocean: background vertical mixing of 0.5 245
momentum (viscocity) (As?) [x107] 1.0 969

INITIAL CONDITIONS

DTHETA Initial condition potentiatemperature 0 3
perturbation applied to atmosphere (°C) 0.01 3
0.02 2
0.03 4
0.04 311
0.05 300
0.06 287
0.07 304
0.08 0
0.09 0
a, b, cd

Individual groups of parameters perturbed together
Parameter values represent mean ovana@8el levels (variations occur at each level)

*%

107



5.2 MODEL DRIFT
5.2.1 Drift Due to Initial Model Coupling Adjustment

When the atmosphere and ocean models were coupled together (see Chapter 3,
Section 3.3.2) there was a period of time at the beginning of each simulation when the
two model components were transitioning into the final coupled system. During this
adjustmentphase, climatic indices contained a large amount of drift until the system
came into a state of equilibrium or, as will be discussed more in Section 5.2.2,-a quasi

equilibrium state where the climate system still retained a certain degree of drift.

The initial adjustment period of drift is highlighted in Figure 5.6 where annual
mean global absolute temperatures are shown for all simulations over the full 160 year
time period (Figure 5.6(a)) as well as a closer look at the firsieas (Figure 5.6(b)).

A relatively large trend can be seen in the first five to ten years of the simulations
followed by a transition into a more stable, yet sometimes still drifting, climate starting
around 20 years into the simulation. This same general characteristie daand

throughout all NA regions for both temperature and precipitation as shown in Figure 5.7

which shows only the first 30 years of the control ensemble.
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(@)

(b)

Figure 5.6 Control simulation 1,214 member ensemble of annual mean globalutbsol
temperature°C) for (a) the full 160 year period ar(th) the initial 3Gyear period.
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