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Introduction

e How well does a climate model simulate hot
spells?
* This question is answered by how well a model

simulates the larger scale 'weather' associated
with extreme hot spells.

 Extreme hot spells affecting California are chosen
because the large scale weather pattern
associated with hot spells is well known and
because the regional topographic variations are
difficult to capture in a global climate model
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How well does a climate model simulate hot spells? 

This question is answered by how well a model simulates the larger scale 'weather' associated with extreme hot spells. 

Extreme hot spells affecting California are chosen because the large scale weather pattern associated with hot spells is well known and because the regional topographic variations are difficult to capture in a global climate model
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Figure. 4-panel chart: 850mbT, 700mb ω, SLP, sfc wind (u shaded). Shading top 1.5%

Hottest days are when these conditions are met. 

Generally need to block a cooling sea breeze with a low level pressure gradient, and that requires the lower tropospheric temperature to be a max near the coast or offshore. 
The second condition is to have a smaller layer of air to warm up by daytime solar heating. Enhanced large scale sinking causes adiabatic warming to extend to a lower level, resulting in lowering of subsidence inversion, thus reducing the volume of air to be heated.


Data: “NNRA1”= NCEP/NCAR reanalysis 12 GMT daily data  at 2.5x2.5 resolution. “NDRA2” NCEP/DOE AMIP-II 1979-88 target anomaly ensemble means.  As in Grotjahn (2011, 2013) 1951-2005.


LSMPs comparison

Ensemble means for NDRAZ2 shown in figs a & b.

2. Ensemble means for NCAR’s CCSMA4 (figs ¢ & d) similar to
observed but: 1) weaker, 1i) shorter wavelength, i) peak T
anomaly is onshore, not off shore.

3. Generally the patterns are similar — validating method.
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Figure. Ensemble mean fields. 850mb T anomaly: a) in NDRA2:, c) in CCSM4. 700mb v: b) in NDRA2, d) in CCSM4. CCSM4 based on extreme surface max T values at grid pts 1, 2, 5 

This is a comparison of ensemble mean daily anomaly fields, where the ensemble is the chosen from the hottest 1% of observed days (reanalysis data on the top) and hottest 1% of simulated surface temperatures near the California Central valley (CCSM4 data on the bottom)

The patterns are generally similar, validating the methodology of focusing on the large scale meteorological patterns that are easily resolved by the model. 

There are 3 small problems:
First, the amplitude is considerably less in the model than in the reanalysis (NDRA2) fields. 

Second, while both patterns have a ridge over the west coast and troughs upstream and downstream, the zonal wavelength is shorter in the model.

Third, the peak anomaly values of T850 are centered onshore using the CCSM4 dates but offshore in
observations.

One source of model errors is the model cannot include the complex local topography…


Need proxy for CV max surface T,

CCSM4 does not resolve CV topography; model

has broad slope instead.

However, the LSMPs in the model can be viewed
as input for statistical or RCM downscaling, so
LSMPs make an obvious proxy.
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Figure. Comparison of topography in a.)CCSM4 (1.1deg) and actual. Locations of CV stations (R=KRBL, F=KFAT, B=KBFL) Same scale and contour interval (60m). Model data interpolated to 2.5 degrees.

A proxy is needed for the surface values because those values in the model do not accurately reflect the summer maximum temperatures in the Central Valley. 

One problem is California topography is quite complex.
The model topography has no Central Valley. These figures use the same latitude and longitude ranges. These figures use the SAME 60m contour interval. 

The surface temperatures have various biases…
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The top figure compares surface daily maximum temperatures in observations and CCSM4. Topography and ocean/land designations of coastal grid points create notable biases. 

Ideally, the black solid line (model values where CV should be) would be distributed like the red dashed line (actual CV obs.) The distribution is similar but shifted. The model is ~6 C too cool. The standard deviation and skew are similar to observations in this 20 year simulation. (2440 pts). Mean and kurtosis are notably in error.

One might assume that simply shifting the mean would result in a good simulation of CV temperatures. If that were the case, shifting an index based on the associated LSMPs should work just as well. We’ll see that is not the case, implying problems with the model dynamics, as measured by the LSMPs. 

The model and observations have similar patterns during hot spells. But, the specific simulation of the Central Valley surface temperatures raises concerns. The concerns about the model’s local simulation might be resolved with RCM or statistical downscaling. Either downscaling depends critically on the larger environment input. So, these considerations argue for using a proxy based on the LSMPs to assess the model. The LSMPs are measured by a simple index ….

Averaging normalized data:
parameter           3-stn            CCSM-CV-locs            CCSM-mock (coastal) locs
Std dev:              4.38 C                4.70 C                          2.72
skew (Kurtosis):    -0.31 (-0.25)      -0.27  (+0.61)            +0.49   (+0.05)


Circulation index (Cl) calculation

1. Project 850 hPa daily T anomalies and 700 hPa v
anomalies on parts of respective target ensemble
mean patterns (fig. 3a,b) to obtain daily
circulation index (Cl) as in Grotjahn (2011).
Ensemble dates are hottest 1% of surface max T

values (1979-88 period)
2. High Cl implies hot surface max T, values
3. Cl calculated for NNRA1 & model data

4.Intended for max extremes, all Cl and Sfc T, are
correlated (r=0.84)
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A simple index is used to measure how similar a day is to days when extreme hot spells occur. The index is the projection of the given daily anomaly fields onto the corresponding fields from the ensemble of hottest days. 

This gives one number each day, which is called the ‘circulation index’ or CI for short. This is described in a Climate Dynamics paper, using just temperature at 850 hPa and meridional wind at 700 hPa. Those choices are not ideal but were dictated by available data.

Higher CI values imply hotter surface temperatures.

Though intended to capture the extreme hottest days, the CI does a good job of identifying days that are near normal and even cold. (The reason is the pattern for cool days enhances the sea breeze with an upper level trough, essentially the inverse of hot spell LSMPs.) So the observed upper air CI and surface max temperatures are highly correlated. 

Given the high correlation, one might expect the simulation of the CI distribution to be a good indicator of how well the model could simulate surface temperatures.

Of course the CI is just an approximation to how conducive the large scale conditions are to a hot spell. It does not include other relevant factors like those that reduce the heat (irrigation) and those that enhance the heat (drought and urbanization)

With those caveats, distributions of the circulation indices for reanalysis, corresponding model data and for two future scenarios are shown next.



LSMP-based ClI: historical climate

. Historical CCSM4: range,

standard deviation (0.75

Std. Dev. vs 0.91) & skew

all smaller than NNRA1.

(fig. 4)

. Historical CCSM4: too
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NNRA1, but historical
CCSM4 has trend.
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Standard deviation varies
by +/- 2-7%
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Historical data are compared between reanalysis and corresponding CCSM4 simulations. 

The figures here compare 3 eighteen year sub-periods drawn from the 55-year record in order to illustrate the inter-decadal variation. 

The most obvious problem is the standard deviation of the model CI values is much less than the reanalysis CIs. The standard deviation varies little between the 3 periods, changing 2-7 percent over time for a given model.

Less obvious is the skew is also much less, though the sign is correct (negative; positive tail shorter than negative tail)

There is no obvious trend in the reanalysis data, but a trend is visible in the CCSM4 data, more said on that later.

So, the model has a number of problems that were not apparent as a simple shift of the distribution of surface temperature. If the CI represents the large scale dynamics (and that has too little model variation) then the model must also be missing something in the surface temperature estimation that compensates this error in the earlier plots of surface temperature. An obvious explanation is the observations are influenced by widespread irrigation in the central valley while the model does not include this factor. Hence, compensating errors cause the model surface temperatures to look similar (though offset by a large mean bias).


LSMP-based Cl: future scenarios
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In future climate scenarios, the 55 year period (2046-2100) was also divided into 18-year segments to illustrate the interdecadal variation.

The green curve is the last 18-year period in the historical model run, for comparison.

Both RCP scenarios show a shift to higher values. About a half a standard deviation for RCP4.5 and nearly a full standard deviation for RCP8.5

The magnitude of the skew is generally larger than in the historical simulations by this model. The mean and median are shifting more than the extreme values.

Curiously, in the lower emission scenario the distributions are shifted but, the interdecadal variation does not show a continuing shift. 
In contrast, for the higher emission scenario, each later distribution has a clear shift to a higher value.

These changes have implications for the durations of extremes and raise some questions…


Durations of extreme high values

1. Large increases in durations above 1 std. dev.
(1979-88 basis) due to shifts of medians. (fig.5)

2. 20-yr return values increase ~25% (2.2 -2 2.8
(RCP4); - 3.1 std. dev. ~40% (RCP8)
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This plot compares durations of CI values that are 1 standard deviation above the mean, using historical values.

Green bars are historical lengths of hotter days in a row. Only 4 events extended beyond 9 days in the 55 year historical period.

Of course the shift of the distributions in future scenarios makes it more likely that the more days will be above one standard deviation. 

For the lower emission case (RCP4.5) there are 38 periods lasting longer than 9 days. Including a couple of periods that each last nearly a month.

For the higher emission case (RCP8.5) there are 100 periods lasting longer than 9 days. (or 1569 out of 6710 days) Indeed the durations peak at 4-5 days, meaning this is the new normal implied by this scenario.  Two of the periods are above 1 standard deviation for more than a month!

But it is unclear how much to trust this picture… 


Visible
Concerns

1951-2005:

— CCSM4 has trend
(NNRA1 and surface
obs do not)

— CCSMA4 less scatter
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One can see some problems by visualizing the CI data.

First, the top figures are all the values in the 55 year historical period. The smaller standard deviation of the CCSM data is quite apparent. 
When these data are fit to a regression line, (RED) another problem mentioned before is apparent: the trend in the CCSM4 data that is much smaller in the reanalysis data. 
Since both sets of data are based on upper air quantities and only portions of those quantities primarily located over the Pacific Ocean, the CCSM trend cannot be explained by a lack of Central Valley irrigation. There is a dynamical difference between model and observations.

The future climate scenarios are a mixture of expected and unexpected results. There is a strong trend (increasing values over time) in the RCP8.5 data as one might expect. Oddly, for the RCP4.5 values there is a slight decreasing trend. 

The extreme values have similar trends: increasing for RCP8.5, decreasing for RCP4.5.  Given that the model has a positive trend where none existed historically, does the decreasing trend of RCP4.5 imply a strongly decreasing trend of CI values? I am reluctant to draw that bizarre conclusion without further analysis.
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index as proxy for surface max
temperatures.

Model LSMPs similar to reanalysis-

| based LSMPs but too weak in

CCSM. CCSM would not generate
the hottest days adequately or
often enough in historical runs,
BUT model has trend not found in
reanalysis (or sfc obs)

In RCP scenarios, mean shifts (0.5
— 1. std. dev.); skew doubles as min
shifts less than max. Durations
above 1 std. dev. increase greatly.

Return values (RV) increase

| greatly. In both RCP cases 20year
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i.e. unprecedented values.

RCP cases have mixture of trends.
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Figure. Full range histograms; CCSM too little: variation & skew. In future climate simulations skew doubles

I examined California Central Valley hot spells. An index, CI, was used to measure the strength of the large scale meteorological  pattern associated with those hot spells. Higher CI values imply higher max surface temperatures. Though intended just for the positive extremes, CI also models well the whole distribution of max temperatures

An index was used because the model topography does not have a Central Valley, does not simulate surface temperatures adequately, and the index has relevance to downscaling methods. The model does resolve and capture the large scale patterns associated with hot spells. While similar, the model patterns during hot spells are not as strong as observed and have differences partly related to the smooth model topography.

Properties of the index were examined and implications for the future climate were drawn along with concerns about how well the model can capture extreme events. 

For historical periods
The model has much less variability in CI than is observed. 
The model underestimates the extremes by about half.
The model has an increasing trend in CI that is not observed. 

In future climate scenarios
The model has a strong trend in CI for the higher emission scenario, but a peculiar, slight negative trend in the RCP4.5 emission scenario. 
The extreme values have corresponding trends, such that 20-year return values (not shown) exceed the historical asymptote, i.e. are unprecedented. 
And, extreme events have much longer duration, becoming commonplace.

The biases and curious results need some additional quantification. Dynamical tools will be applied to understand why these biases and curious results are occurring. 

Finally we are interested in extending our analysis methodology to corresponding output from other global climate models, beginning with data in the CMIP-5 archives. Please contact me if you are interested in sharing the additional daily data.
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Thank you for listening!
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