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Abstract

In many recent studies (Palmer, 2001, Lin and Neelin, 2003, Shutts, 2005a) stochastic schemes

are suggested to provide a more realistic representation ofthe unresolved scales in global

circulation models. This thesis introduces a method in which parametrized temperature ten-

dencies from a high resolution (T799) version of the European Centre for Medium-range

Weather Forecasts (ECMWF) model are compared to those of a climate resolution (T95)

with the same initial conditions. The high resolution modelrepresents the “truth” and the

comparison is used as a basis for a discussion on the formulation of stochastic parametriza-

tion schemes.

The models differ in their timesteps and convective relaxation timescales. To reduce

spin-up effects the models are run for five hours and the tendencies of the sixth hour used. In

this work only one date, 19 September 2004, has been studied,so the results are suggestive

rather than conclusive.

A comparison of the statistics of the tendencies shows that the lower resolution model

has a smaller interquartile range on average. This suggeststhat the model would benefit

from additional variation induced by a stochastic scheme. Acorrection term based on the

thermodynamic equation is derived which may serve as the basis of such a scheme. Its

distribution is a skewed bell-shape with fat tails. This suggests Gaussian white noise may

not be suitable.

The correction term is divided up into contributions from the parametrizations and from

unresolved wave-wave interactions. The latter provides a substantial contribution and should

be considered important in a stochastic scheme. When studying the correction term length-

scales of5 − 11◦ are found to be important. Finally, the assumptions and parameters of the

existing multiplicative ECMWF stochastic scheme are evaluated. The choice of amplitude

is too small in the mid-latitudes. Some evidence is found in favour of an additive term.
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To see a world in a grain of sand

And a heaven in a wild flower

Hold infinity in the palm of your hand

And eternity in an hour

Auguries of Innocence, William Blake (1757-1827)

Essentially, all models are wrong,

but some are useful.

George Box (1919- )
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Chapter 1

Introduction and Plan of Thesis

1.1 Motivation for Stochastic Physics

Global numerical weather prediction (NWP) models have improved considerably over the

last twenty years. Despite this development there are many important atmospheric phenom-

ena that are still not properly represented in the models. Most of these phenomena do not

appear explicitly in the models as they depend on small-scale organisation which simply is

not resolved, nor properly represented by existing deterministic parametrizations. One pos-

sible way to compensate for the missing small-scale organisation is by introducing stochastic

noise. This structured but random noise has the potential tohelp NWP models evolve more

like the real world (Palmer, 2001).

1.1.1 Systematic Model Errors

The quasi-biennial oscillation (QBO) is the slow change from westerly winds to easterly

winds and back to westerly winds again in the tropical lower stratosphere. It is thought to be

driven by momentum deposition from a broad spectrum of waves. This is a typical example

of a phenomenon that depends on a correct treatment of the unresolved scales. Only NWP

models with good parametrizations for unresolved gravity waves are able to reproduce this

behaviour. Simulating the QBO is a problem that is appropriate for a stochastic parametriza-

tion. Pianiet al. (2004) have implemented a stochastic gravity-wave parametrization which

simulates the QBO well.
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Chapter 1. Introduction and Plan of Thesis 2

The systematic errors of the model at the European centre formedium-range weather

forecasts (ECMWF) were evaluated by Jung and Tompkins (2003). Among other results

they found that the variance of the velocity potential related to the Madden-Julian Oscillation

(MJO) was underestimated by10% in the model. They also found that over a 40-year period

the model only predicted60% of the Northern hemisphere summer blocking episodes. As

with the QBO, good simulation of the MJO and blocking are dependent on waves of short

lengthscales being treated properly. Again, this is the kind of systematic error a stochastic

scheme might improve.

Even if a model can correctly simulate a certain phenomenon or weather regime, this

does not guarantee that the model will behave realistically. The model may favour one

weather regime over the others in a way which is unlike the real world. Junget al. (2005a)

found that, consistent with the underestimation of blocking, the ECMWF model overes-

timated mean westerly winds in the mid-latitude North Pacific because a certain weather

regime was more prominent in the model than in the observations. By employing a stochas-

tic scheme they were able to correct this behaviour. This effect is called noise induced drift:

adding stochastic perturbations to the model ensures it does not remain in one particular

regime.

So far all the problems mentioned are mainly a concern for seasonal forecasts. But

even medium and short-term weather forecasts are affected by systematic error. Zhanget al.

(2003) have studied a poorly predicted snowstorm along the east coast of the United States on

the 24-25 January 2000. They concluded that the moist convective parametrization showed

the largest initial error growth and after six hours this error started spreading to larger scales.

After 24-30 hours it was clear the errors significantly affected the balanced dynamics and

started to deteriorate mesoscale forecasts. This is an example in which a poorly formu-

lated convective parametrization can affect even a short-term forecast. It also highlights how

quickly an error at short scales spread upscale, emphasizing the need to represent the short

spatial scales properly.

All of the systematic errors mentioned above are probably linked to truncation of the

NWP models at a certain horizontal lengthscale. The effect of the unresolved lengthscales

on the resolved lengthscales are supposed to be provided by the parametrization. This ap-

proach works best when there is an obvious gap in the spectrumwhere truncation can be
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made. Unfortunately there is no such gap in the atmospheric spectrum. All lengthscales

are represented in the atmosphere, from small scale convection and mesoscale variability to

cyclones and blocking. This means parametrizations have tobe formulated very carefully in

atmospheric models.

1.1.2 Parametrization Issues

Today most parametrizations are deterministic. This meansthat the same input parameters

to the parametrization will always lead to the same parametrized output. The output of the

parametrization represents the mean effect of all the processes unresolved in the gridbox.

This often assumes that there is an equilibrium involving the unresolved processes. For

example, convective parametrization schemes often assumethat the kinetic energy released

from convection dissipates within the same gridbox as the convective cloud. This is definitely

not the case in mesoscale convective systems. These systemsare large enough to span many

gridboxes so one gridbox can easily be out of equilibrium.

Another problem with only representing the mean is that sometimes there are large

instantaneous deviations from the mean. Initiation of tropical convection is considered to be

almost random. The vertical mass, heat, moisture, and momentum flux within the gridbox is

dependent on the number of individual convective plumes. Unless there are a large number

of these within the gridbox, a mean value is unlikely to be a good estimate of the fluxes.

These issues are elaborated in Shutts (2001).

A stochastic parametrization provides information on the variability about the mean to

the model. Even if the large-scale situation remains the same, the parametrized forcing will

be different. Integrated over time this gives both a mean anda variance. Because this second

moment is not present in deterministic NWP models, these models often lack variability.

This can manifest itself as the model favouring a certain weather regime as mentioned above.

It can also manifest itself as low spatial variance in daily precipitation as studied in Lin and

Neelin (2003).

Ensemble forecasting uses a set of models which can differ either in their initial condi-

tions, their boundary conditions or in the actual implementation of the model. As the inte-

gration of these models proceeds they will usually start to diverge from each other and their
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spread can be used to represent the error or uncertainty in the forecast. Low variability in

the model itself leads to insufficient growth in the ensemblespread to represent the growing

error or uncertainty. Buizzaet al. (2005a) have studied such underdispersive ensembles.

A lot of processes in the atmosphere, such as convection and cloud condensation, are

nonlinear. Another reason why a stochastic parametrization is preferable to a deterministic

parametrization is related to the nature of nonlinear processes. For a nonlinear parametriza-

tion the mean output from a set of different inputs is not necessarily the same as the output

from the mean of a set of different inputs. If properly formulated stochastic noise is used in

a parametrization then this change in the mean can be simulated.

An often quoted reason for using stochastic schemes is to model the transport of energy

and enstrophy in the atmosphere. Straus and Ditlevensen (1999) found evidence of a net

transport of these quantities from waves of one spatial scale to the next. If this net transport

is from small scales to larger scales it is sometimes called “backscatter”. The truncation

of NWP models interrupts this random exchange of energy and enstrophy. A stochastic

parametrization can be used to model this process and restore backscatter to some degree in

the model (Mason and Thompson, 1992, Shutts, 2005a).

1.1.3 The Future of Stochastic Physics

It is a continuing trend that NWP models are constantly increasing their resolution. This

means less and less processes need to be parametrized. Is it therefore worth spending re-

sources developing increasingly complex parametrizations? Perhaps in ten years time this

research will be rendered useless? There are many reasons why this is not true.

Currently the global NWP models with the highest resolutionhave gridboxes which are

approximately10km in width. Soon this may be the norm for a forecasting model. Moncrieff

et al. (2005) have shown that10km is a particularly difficult lengthscale at which to model

convection. The gridbox is too large to model most convection explicitly but it is too small

for a conventional convection scheme based on an equilibrium assumption to be accurate.

As the resolution increases it becomes less and less likely that there will be an equilibrium

within the gridbox. As the cost of calculation rises rapidlywhen the resolution is increased,

it will be a long time before convection does not need to be parametrized.
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In a different approach, Palmer (2001) uses an energy argument to show that the time

taken for an uncertainty to propagate to a longer lengthscale tends to a finite limit as the

wavenumber of the initial uncertainty is increased. This means the effect of unresolved

wavelengths on the resolved wavelengths cannot be neglected even for very high resolutions.

If this is true, there will always be a need for a stochastic parametrizaton.

To date there has been no exhaustive study on the benefits of a stochastic scheme for

a single global forecast model. Using general model equations Nicolis (2004) compared a

deterministic model to a stochastic model. He concluded that Gaussian random noise deteri-

orated the forecast of the stochastic model compared to the deterministic model, but that its

variability was closer to the reference system. For the caseof ensemble forecasting Buizza

et al. (1999) found that a simple stochastic scheme improved forecasts in the ECMWF en-

semble prediction system. As ensemble forecasting is set tobecome a standard feature in

forecasting this is an important result. It seems stochastic schemes have a future in meteoro-

logical research.

1.2 Scientific Questions of the Thesis

The work in this thesis aims to develop a method based on the use of a very high resolu-

tion general circulation model to give information that is useful when creating a stochastic

parametrization for a lower resolution of the same model. Inthe process it is hoped to learn

about desirable properties of stochastic schemes in general. The model used here is the

ECMWF model, a global circulation NWP model which is described in chapter 3. In the

approach used a standard climate resolution, T95, is compared with a very high resolution

model, T799, which is taken to be the “truth”. Both models arestarted with the same initial

field (though in the T95 model the field is necessarily truncated).

The parametrized temperature tendencies are compared after a very short spin-up period.

There are other tendencies available in the model, but the temperature tendencies are chosen

here as being the most important and they are probably the dominant tendency. A further

discussion of this issue can be found in section 3.2.1. From the comparison of the tendencies

it is possible to conclude how the T95 model should be corrected to evolve more like the

high resolution model and this could provide the basis for a stochastic scheme in the standard
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resolution model.

The first question that needs to be asked is whether a stochastic parametrization is nec-

essary at all. The error the stochastic parametrization is trying to correct for arises in the

parametrizations and therefore the parametrizations between the two models are compared.

If there are significant differences between the parametrized outputs then there may be a

good reason to use a stochastic scheme.

The next question is then what form the random perturbationsin the stochastic parametriza-

tion should take. The perturbations are always chosen from acertain distribution of given

properties. What should these properties be? If the properties of this distribution change

throughout the model, how do they change? Finally, are thereany existing distributions

which could be used?

Spatial scales can have a large impact on the effect of a stochastic parametrization.

This experimental set-up is ideal for studying spatial correlations. What are the important

lengthscales? How large are they in the ECMWF model? How might the correct lengthscales

be imposed on the stochastic scheme?

Finally, the data from this comparison can be used to evaluate the existing ECMWF

stochastic scheme and its parameters and assumptions. Whatare the implicit assumptions?

How well do they hold? How good are the chosen parameters? Is there a simple way to

improve this scheme?

In summary, the thesis answers the following questions: First, is a stochastic parametriza-

tion needed? Second, what should it look like? Third, what are the important spatial scales?

Fourth, how does the data from this study compare with the current ECMWF scheme?

There are many questions which cannot be answered using thismethod. This thesis is

not directly concerned with climate modelling and what impacts a stochastic scheme may

have on climate. A review paper has recently been published on this by Williams (2005).

This thesis also only considers a single model, no ensemble runs have been made. However,

as the main benefit of the existing ECMWF scheme is in the ensemble prediction there will

be some mention of ensembles throughout the thesis.
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1.3 Thesis Plan

After this introductory chapter, the second chapter in thisthesis is a literature review to set

the context of this work. Following that in chapter 3 the important features of the ECMWF

model and its parametrizations are detailed. In the same chapter the method is explained in

detail along with some validating experiments.

Chapter 4, the first results chapter, investigates the differences in parametrized tempera-

ture tendency between the standard climate resolution model (T95) and and a truncated ver-

sion of the very high resolution model (T799). The approach is to compare means, variances,

interquartile ranges, and skewnesses in the data sets. The tendencies are studied globally and

in six chosen geographical areas at two different heights. It is found that the truncated high

resolution model has a positively shifted mean in comparison to the standard model. The

median in the tropics is also larger in the truncated high resolution model. This is due to the

cloud and convection parametrizations. The variance can belarge because of extreme val-

ues. However, the interquartile range is consistently smaller in the lower resolution model.

The differences between the models indicate that a stochastic parametrization could have a

positive impact on the T95 model. It is also worth noting thatthe temperature tendency fields

are non-Gaussian with fat tails in their distributions.

Chapter 5 treats the correction termΓ. It is the forcing that would make the T95 model

evolve like a truncated version of the higher resolution model over the1hour (1h) period.

It has two parts, one from the parametrizations,Γp, and one from wave-wave interactions

at scales unresolved in T95,Γadv. When the parametrized temperature tendency in the T95

model,P95, is large,Γ is usually large as well. This is especially true in the tropics. In the

mid-latitudes there are large values ofΓ whereP95 is small. These corrections are mainly

due toΓadv which shows how important unresolved wave-wave interactions are. A stochastic

scheme formulated to have the same properties asΓ has the potential of improving the T95

model, therefore the distribution ofΓ is studied. It is found to be weakly dependent on

P95. There is also some evidence of non-Gaussian behaviour. Based on this, two different

distributions are suggested for modellingΓ.

Chapter 6 looks at four lengthscales in the model. Lengthscales are an important aspect

of a stochastic parametrization. The first lengthscale dictates how the distribution gener-
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ating the perturbations changes spatially. The second how the perturbations should vary

spatially. The third lengthscale concerns information transferred from unresolved length-

scales as backscatter and the fourth lengthscale is an estimate of the lengthscale above which

features in the model are believable. The second lengthscale is found to be shorter than the

analogous lengthscale in the ECMWF stochastic scheme of Buizzaet al. (1999). The third

lengthscale shows that unresolved scales affect lengthscales much longer than the grid length.

This chapter also considers various ways to implement thesespatial scales in a stochastic

scheme.

Chapter 7 tries to evaluate some of the parameters and assumptions which underlie the

ECMWF scheme. The first of the parameters, the amplitude, is in agreement with this work

in the tropics but not in the mid-latitude fronts. The assumption that the uncertainty of the

parametrized tendency increases with magnitude of the parametrized tendency is found to

be partially true for positive values but not for negative values. Perhaps surprisingly, the

sub-gridscale uncertainty is not linked to the magnitude ofthe parametrized temperature

tendency. Using an alternative formulation of the stochastic scheme that includes an additive

term it is shown that additive noise is important in the model.

The last chapter of the thesis contains final conclusions andsome suggestions for fu-

ture work. The main points from the thesis include that thereis a need for a stochastic

scheme in the ECMWF model. A correction term can be derived which should make the

standard resolution model evolve more like a higher resolution model. It is shown that un-

resolved wave-wave interactions are a vital part of this andthat the correction term shows

non-Gaussian behaviour. Spatial scales in the model are studied and show that5–11◦ are

dominant lengthscales and that backscatter occurs even on well resolved structures. Some

simple changes can perhaps be made to the ECMWF scheme to improve its impact, for ex-

ample an additive scheme should be considered. Future work includes studying more dates

and the momentum tendencies. Studying an aqua-planet couldalso bring some interesting

results.



Chapter 2

Literature Review

2.1 Introduction

This chapter contains a review of the current state of the literature on implementation of

stochastic schemes in numerical weather prediction models. The emphasis is on stochastic

parametrizations and especially those in general circulation models (GCMs). The first sec-

tion gives some examples of early applications of stochastic schemes in the geophysical mod-

elling community. The second section treats different types of stochastic parametrizations

that have been implemented recently. This section is divided into stochastic parametriza-

tions focussed on a particular physical process and stochastic schemes which treat general

model error. There is also a short discussion on different types of calibration and validation

of stochastic parametrizations. The chapter ends with a list of desirable qualities in an ideal

stochastic parametrization.

2.2 The Early History of Stochastic Simulation

It was in the early 1920’s that the word stochastic started being used by mathematicians with

the meaning ‘based on the theory of probability’. One of the first times it was mentioned

in the context of meteorology was by Epstein (1969) who introduced stochastic dynamic

prediction. Stochastic dynamic prediction provides a measure of uncertainty along with the

forecast in the form of a covariance matrix. The problem withthis method is the very high

9
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cost of calculation. Probably the most known first application of a stochastic method was

by Hasselmann (1976). In his climate model slow changes of climate were explained as the

response to continuous random excitation by short-period weather. Although climate models

are not considered in this thesis, this paper is important asit divides the model into a slow

component and a fast component. The fast component is then modelled by stochastic noise.

This division is the basis of many stochastic models. Pitcher (1977) applied the work of

Epstein (1969). He made the important decision of using a random forcing term, not to model

a specific process, but to provide a mechanism whereby error growth (from model error)

may be incorporated in a rational way. This paper also makes one of the first mentions of

ensembles to simulate model error. More relevant to this thesis is stochastic parametrization.

Dunkerton (1982) published a stochastic parametrization of gravity wave stresses. It was

introduced to improve simulation of mesospheric mean flows which is dependent on small-

scale waves to simulate diffusion in the upper atmosphere correctly.

Stochastic models have also been used in other fields close tometeorology. Rodriguez-

Iturbeet al. (1987) created a hydrology model which simulated hourly rainfall data. In the

model storms arise through a Poisson process. Each storm gives rise to a cluster of rain cells

and each cell is associated with a random period of rain. In large eddy simulation Leith

(1990) used stochastic perturbations in the surface stressvector (which he called stochastic

backscatter) to provide the seeds from which larger-scale turbulence could grow. Mason and

Thompson (1992) continued the work of Leith and showed improved vertical wind profiles

and temporal kinetic energy profiles with the stochastic backscatter.

In the 1990’s applications of stochastic schemes started tobecome more frequent. The

randomness of tropical convection makes it a good process toparametrize stochastically.

However, this does not mean any implementation will work well. Yu and Neelin (1994)

looked at the effects of stochastic forcing of the thermodynamic equation on tropical vari-

ability. They found that planetary scale modes were excitedbut the induced variability did

not have the characteristics of a well-known tropical large-scale phenomenon, the Madden-

Julian oscillation. It is important that the stochastic scheme has the right properties. Newman

et al. (1997) used a barotropic model in the extra-tropics. They theorised that the extra-

tropical low-frequency variability could be viewed as stochastically forced barotropic waves

evolving on a climatological mean flow. However they found that the observed variability



Chapter 2. Literature Review 11

cannot be explained without taking into account the detailed spatial and temporal structure

of the forcing. Also using a barotropic equation, Fredriksen and Davies (1997) used a high-

resolution model to verify the parametrization of lower-resolution large eddy simulations.

They found that including a stochastic backscatter eddy viscosity term leads to a better ki-

netic energy spectrum where the shorter scales are better simulated.

Encouraged by these and other results the UK Met Office tried putting stochastic backscat-

ter parametrizations into their Unified Model (Evanset al., 1998). They found that perturba-

tions could in fact grow and impact on synoptic evolution. Subject to further optimisation of

the parametrization they considered using the scheme in ensemble forecasting. The follow-

ing year the European Centre for Medium-Range Weather Forecasts (ECMWF) implemented

a simple stochastic scheme in their operational model (Buizzaet al., 1999). That stochastic

schemes are being used in operational weather forecasting shows how useful they are seen

to be and that they are taken seriously by operational forecasting centres.

2.3 Different Types of Stochastic Parametrization

Since 1999 many more stochastic schemes have appeared. In this section papers on two dif-

ferent types of stochastic parametrization are considered. The first type is where the stochas-

tic parametrization is representing a specific phenomenon such as convection. The second

type is where the stochastic parametrization or scheme is used to target general model error

due to unresolved processes and is not specifically linked toany one process. It is impor-

tant to remember stochastic parametrization should not be there to fix a faulty deterministic

parametrization. It is better to improve the deterministicparametrization or if that should

turn out not to be fruitful, replace it with a stochastic parametrization. It is of course impor-

tant to validate and calibrate stochastic parametrizations properly. Some methods to do this

are mentioned at the end of this section.

2.3.1 Specific Parametrizations

One of the basic assumptions of a deterministic parametrization is that the gridbox is in

equilibrium. This ensures that the same large-scale conditions always evoke the same sub-
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gridscale forcing. In two cases, convection and gravity waves, this is often not true (Xuet al.,

1992, Pianiet al., 2004). In both these cases large differences can be expected from one time

to another under the same large-scale conditions.

Parametrization of convection and specifically tropical convection with a stochastic

parametrization is likely to be a fruitful area. Some of the first work on a stochastic parametriza-

tion was done by Lin and Neelin (2000). Their approach was to add a random contribu-

tion to the convectively available potential energy (CAPE)in a Betts-Miller type convection

parametrization. In this type of parametrization convective heating is proportional to a mea-

sure of CAPE. This perturbed parametrization was implemented in a tropical circulation

model where it was found to affect tropical intraseasonal variability. The random contribu-

tion had a temporal autocorrelation that could be varied. The biggest effect was found with

an autocorrelation time of 1 day.

In their next paper Lin and Neelin (2002) used an empirical approach. Using rainfall

observations they tried to tune their scheme to produce certain statistical properties in the

convection. However due to the strong interaction between convective heating and the dy-

namics this was not successful. This supports the view that astochastic parametrization

cannot be tuned outside the model. Going back to a physics-based approach in Lin and

Neelin (2003) they implemented a version of their earlier parametrization in a general circu-

lation model. Again it was found to affect intra-seasonal variability. It was also successful

in increasing the rainfall variability of the model to resemble observations better.

In an approach taken from statistical mechanics Majda and Khouider (2002) applied a

lattice system approach to tropical convection. The individual lattice elements can only have

two values, CIN (convection inhibited) or PAC (potential for deep convection). The lattice

has a Hamiltonian function related to it which contains a term for interaction between lattice

sites and a term for external influence. A stochastic processfollowing the dynamic rules flips

lattice elements between the two states. The external influence can be related to the synoptic

state. By choosing good dynamic rules for this system it can be made to resemble develop-

ment of tropical convection. By averaging over the lattice elements closest to a mesoscale

gridpoint the amount of convection at that gridpoint can be calculated. In Khouideret al.

(2003) this model was tried in a tropical circulation model.It produces realistic looking

results and develops a Walker circulation over a wave numberone sea surface temperature
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anomaly.

Gravity wave parametrizations are another type of parametrization that have success-

fully used stochastic methods. Dunkerton (1982) has already been mentioned in the first sec-

tion of this chapter. A similar approach was implemented by Piani et al.(2004) in the Unified

Model. The original gravity wave parametrization would propagate four equal waves, one in

each cardinal direction. By adding variability to the source strength of the waves it was found

that a difficult phenomenon for models to simulate, the quasi-biennial oscillation (QBO), is

improved in the model. In a different approach Williamset al. (2004) showed the potential

importance of gravity waves in a rotating annulus experiment. They used a stochastic pertur-

bation term to simulate the effect of small gravity waves on large-scale flow. Including this

perturbation changed the ground state of the model from wavenumber two to wave number

one. This experiment shows that stochastic noise can affectthe climate of the model in a

profound way.

2.3.2 General Model Error

In the introductory chapter of this thesis many errors in general circulation models were

pointed out. Palmer (2001) goes as far as to suggest that perhaps the methodology used

to approximate the equations of motion for numerical weather prediction models is itself a

source of error. In any case, there is a motivation for stochastic parametrizations not related to

any specific parametrization but there to compensate for general model error. Though there

is some doubt whether a single model can benefit from general stochastic noise (Nicolis,

2004) these kind of parametrizations have found a use in ensemble prediction.

For an ensemble to be useful the spread of its members must be as close as possible to

the uncertainty or error in the forecast. This can be achieved in many ways. One way is

to run an ensemble of different models (Palmeret al., 2004, Mylneet al., 2002) or running

the same model but with different parametrizations (Houtekameret al., 1996, Bright and

Mullen, 2002). The downside of these approaches is the need to maintain many different

models or parametrizations. It is also possible to use the same model and same parametriza-

tions in the model but vary the parameters in the parametrization (Murphy et al., 2004).

Finally the approach of Buizzaet al. (1999) is to perturb the tendencies output from the
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parametrizations. Though multi-model ensembles have beenquite successful and the Buizza

et al. (1999) scheme has been used operationally, ensembles are still under-dispersive and

do not match the forecast error at all lead times (Buizzaet al., 2005a).

A different approach which has not yet been used in ensemblesbut which targets general

model error was first attempted by Shutts (2005a). It uses a cellular automaton (CA) to give

the underlying stochastic perturbation. The perturbations are targeted at certain areas by a

kinetic energy backscatter function. This is aimed at the areas in the model where there is

excessive dissipation by the model. This scheme increases the power at the lower end of

the kinetic energy spectrum which is seen by some investigators as beneficial (see below

and discussion in Palmer, 2001). A version of the scheme has also recently been found

to help correct a westerly bias in the ECMWF model (Junget al., 2005a). The stochastic

parametrization changed the dominant weather regime in themodel through what is called

noise induced drift or stochastic resonance. This result isrelated to the result of Williams

et al. (2004) mentioned previously.

2.3.3 Types of Calibration and Validation

As with any type of scheme or parametrization a stochastic parametrization has to be cali-

brated and validated. Often a stochastic parametrization is used to solve a certain problem the

model has (such as low rainfall variability in Lin and Neelin(2003) or poor simulation of the

QBO in Pianiet al.(2004)). The validation is then done by comparison to observations. The

scheme is validated when the problem is alleviated. For example, Xu et al. (1992) studied

the behaviour of ensembles of cumulus clouds. Deterministic convection parametrizations

often fail to simulate this behaviour. Implementing a stochastic scheme can improve the

simulation of cloud super-clusters, squall lines and othersuch mesoscale structures (Shutts,

2005b).

As mentioned earlier some investigators claim that it is important for a model to have

a given kinetic energy spectrum. Gage and Nastrom (1986) measured kinetic energy from

commercial airline flights. They found that at the large scales the kinetic energy would fall

ask−3 wherek is the wavenumber. For small scales (below about600km) this was found

to change and fall ask−
5

3 . This behaviour is theorised to come from different processes
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at different scales. This spectrum has been criticized by many. Commercial airline flights

are known to avoid storms and this could affect the measured spectrum. Through semi-

geostrophic theory Andrews and Hoskins (1978) found that near fronts the fall-off is closer

tok−
8

3 . It can also be shown that a good fit can be made on all scales of the Gage and Nastrom

(1986) spectrum using ak−2 fall-off. So although Shutts (2005a) managed to induce ak−
5

3

spectrum in the ECMWF model, it is still under debate whetheror not this is desirable.

Lin and Neelin (2002) tried to calibrate their stochastic parametrization to an observed

precipitation frequency function outside the framework ofthe model. As already mentioned,

they found that the parametrization interacts too much withthe model dynamics for this to

be possible. Instead Shutts (2005b) uses a cloud resolving model (CRM) to calibrate his

stochastic parametrization. The problem with using a CRM isthat it is necessarily limited

to one area such as the tropics. For a GCM a more global approach may be more relevant.

Berloff et al. (2005) and Seiffertet al. (2005) use high resolution models to calibrate their

stochastic schemes. Calibrating the stochastic scheme to ahigher resolution model is in-

tended to make the model better by making it more like the higher resolution counterpart.

This way of validating and calibrating a stochastic parametrization was the recommendation

of two working groups at a recent workshop on stochastic models (Buizzaet al., 2005b).

2.4 The Ideal Stochastic Parametrization

There are many issues to consider when constructing a stochastic parametrization. Often the

options available are constrained by the model it is to be used in. At recent workshop on

stochastic parametrization one of the working groups made alist of components of a future

stochastic convection scheme (Buizzaet al., 2005b). A lot of their conclusions can be used

for a general stochastic scheme. Their first point is that a stochastic scheme should not be an

add-on to a deterministic scheme. The stochastic element should not be there to fix a faulty

deterministic parametrization. The parametrization should be designed as stochastic from

the beginning. For example some convective schemes have a level at which convection is

triggered. These triggers can cause uncontrolled noise in the model. If a stochastic element

were added, it would be on top of this noise. The effects of this would be hard to predict.

The second point on the list is that stochastic schemes should be non-local. Currently, a
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parametrization often only knows about its own gridbox. Many mesoscale phenomena have

larger lengthscales than the gridlength and would be bettersimulated if the parametrizations

were non-local. The success of Shutts (2005a) and Khouideret al. (2003) in simulating

tropical convection come in part from being non-local.

Another point on the list is that convection schemes should have a memory. The timescale

of the timestep is not necessarily the best timescale on which to simulate convection. This is

true no matter what parametrization is being considered. Ithas already been mentioned that

the stochastic parametrization of Lin and Neelin (2000) hadmost impact with a temporal

autocorrelation of one day for the stochastic noise. Sura and Penland (2002) note that not

only does the distribution used to generate the perturbations matter but the temporal autocor-

relation is also important.

There are also other properties that are worth considering for a stochastic parametriza-

tion. Very few stochastic parametrizations to date consider conservation of mass, moisture

and energy. Nor do they take into account balance between mass and wind and between

heating and moisture. It should be investigated whether this is important. An important part

of conserving quantities is to integrate the stochastic variable properly. Ewaldet al. (2004)

show that not integrating the stochastic variable properlyleads to reduction in the effect of a

stochastic parametrization. The lengthscales at which thestochastic perturbations are intro-

duced at are also important. Junget al. (2005a) found that the Shutts (2005a) scheme which

is based on a CA had more impact on the ECMWF model than the Buizza et al. (1999)

scheme. The reason was possibly that the former scheme forces the model over a range of

scales while the latter scheme only forces at one lengthscale.

A stochastic parametrization with all the properties of an ideal parametrization is still far

away. This is mainly because current models were built with deterministic parametrizations

in mind. In the future perhaps this can be remedied. The deterministic bias of current models

should not be discouraging to developers of stochastic parametrizations. There have been

many simple implementations of stochastic schemes which have had beneficial impacts. As

was said at a recent workshop: “There are many low hanging fruit to be had”.
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Model and Method

3.1 The ECMWF Model

In this chapter the model and method used in this thesis are described closer. The European

Centre for Medium-range Weather Forecasts (ECMWF) model isa global model based on

the primitive equations. It uses a semi-Lagrangian formulation (Ritchieet al., 1995) which

allows the model to run a much longer timestep than the Eulerian equivalent. The model is

a spectral model which means the fields at each horizontal level are described by a limited

number of spherical harmonics. The spherical harmonics have a triangular truncation and the

truncation of the model is written “Txx”, where ‘xx’ is the number of spherical harmonics.

For example a model truncated at the95th spherical harmonic is writtenT95.

The height of the horizontal levels is described by a hybrid vertical coordinate. This

coordinate follows pressure levels high in the atmosphere but follows the orography close

to the surface. The models used in this work have 61 horizontal levels where level1 is at

≈ 0.1hPa. There are normally 30 levels in the stratosphere and 31 levels in the troposphere

of which about 10 are in the boundary layer. Fourth-order horizontal diffusion is applied on

the horizontal surfaces to vorticity, divergence, moisture, and temperature.

The dynamic tendencies and the parametrized physics in the model are calculated on

a reduced Gaussian grid (Simmons, 1991). To save computation most models use a linear

reduced Gaussian grid (Hortal, 1999) and this is the case with the models used here. A

Legendre-Fourier transformation is used to put the spectral fields onto a grid to provide the

17
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input to the parametrizations. When the physical tendencies have been calculated and added,

the fields are then transformed back to spectral space. Thesetransformations take a large

amount of computer time but the advantages of the spectral approach are many. The two

most obvious advantages are exact spatial derivatives and no pole-problem. Model runs are

relatively fast as the model runs on an IBM supercluster based at ECMWF.

3.1.1 The Parametrizations

The ECMWF model has five main parametrizations which are executed sequentially at each

timestep. The five parametrizations are radiation, turbulent diffusion, gravity waves, con-

vection, and clouds and large-scale precipitation. How these parametrizations interact is

discussed below in section 3.1.1.1.

The radiation parametrization includes both long and short-wave radiation. The radia-

tive heating rate is computed as the divergence of net radiation fluxes. The full radiation

parametrization is computationally expensive and is only run every third hour over a sub-

sample of points. The final values for each gridpoint are thencalculated through interpo-

lation. From the transmissivities and diffusivities calculated every third hour the values for

radiative heating are calculated at every timestep.

Both long and short-wave radiation interact with clouds. The clouds reflect incoming

short-wave radiation and they emit long-wave radiation themselves. The radiation scheme

might initially seem unlikely to need a stochastic parametrization, but as cloud fraction and

liquid/water ice from the cloud scheme are inputs to the radiation it could be beneficial.

The full name for the turbulent diffusion parametrization is ‘turbulent diffusion and

interactions with the surface’. It is based on Monin-Obukhov similarity theory. One of

two different formulations are used depending on whether the boundary layer is turbulent or

stable. Because this parametrization describes flux of several quantities from the surface, its

tendencies are strongest at the lower levels in the model.

The gravity wave parametrization treats the effects of transport by sub-gridscale gravity

waves in stably stratified flow excited by sub-gridscale orography. It calculates both wind

and temperature tendencies but the latter are usually small.

The convection parametrization is a mass-flux parametrization based on Tiedtke (1989).
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It is a single plume model that differentiates between deep,mid-level, and shallow con-

vection. When simulating deep convection the mass-flux is determined by assuming the

convectively available potential energy is relaxed towards zero over a given timescale. This

convective relaxation time varies between different resolutions of the model. For mid-level

convection the cloud base mass-flux is directly related to the large-scale vertical velocity.

The intensity of shallow convection is estimated by assuming an equilibrium of moist static

energy in the sub-cloud layer.

The clouds and large-scale precipitation parametrizationpredicts liquid/ice water con-

tent and cloud fraction. Its details can be found in Tiedtke (1993). The parametrization is

often referred to in short as the “cloud parametrization”. The parametrization considers the

formation of cumulus clouds, boundary layer clouds and stratiform clouds. Other impor-

tant processes such as cloud-top entrainment, precipitation and evaporation of precipitation

are also considered. The clouds and large-scale precipitation parametrization handles the

physics of clouds resolved on the model grid. The convectionparametrization handles those

which are not resolved. So for two models of different resolutions the same cloud could be

handled by different parametrizations.

Other parametrizations in this model such as the surface parametrization, methane oxi-

dation, ozone chemistry parametrization are not considered here as they do not directly affect

the variables studied in this thesis.

3.1.1.1 Fractional Stepping

As the work in this thesis uses the tendencies calculated by the parametrizations it is im-

portant to know exactly how these tendencies are calculatedand used in the model. The

ECMWF model uses a process called “fractional stepping”. The parametrizations are run

in the order they were described above. Each parametrization is taken to be calculated dur-

ing a fraction of the timestep. When all the fractions are added together the sum is one

full timestep. This is represented numerically by the parametrizations always using updated

quantities (Wedi, 1999). The turbulent diffusion uses quantities for the current timestep

calculated in the radiation parametrization, as do the convection and cloud parametriza-

tions. In addition the cloud parametrization uses certain values calculated by the convection
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parametrization, though notably not the vertical velocityfor technical reasons. Also, to re-

duce the dependence on the length of the timestep, all parametrizations except radiation use

predicted model variables. This prediction is calculated using the tendency from the dynam-

ics (which has already been calculated for this timestep); the tendencies from the radiation,

convection, and cloud parametrizations at the previous timestep; and the tendency of the

turbulent diffusion and gravity wave parametrizations at the current timestep.

Finally, before the calculated tendencies are added to the dynamical equations a semi-

Lagrangian average is performed. This is the average of the tendencies at the current grid-

point at the current timestep and the tendencies at an interpolated departure point at the

previous timestep. This average is then the value used in thedynamic calculations of the

model.

3.1.1.2 The ECMWF Stochastic Scheme

Many of the results in this thesis are compared to the ECMWF stochastic scheme. Therefore

it is useful to give an introduction to it here. Further details can be found in Buizzaet al.

(1999). The scheme can be schematically represented by

Ẋ = D + P + εP (3.1)

whereX is a prognostic variable,D is the forcing from the dynamics,P is the forcing

from the parametrizations andε is a uniform random number in the range[−0.5, 0.5]. There

are four parametrized tendencies which are perturbed byε. They are temperature, the two

horizontal winds and specific humidity. The scheme modifiesP to be somewhere between

0.5 and1.5 times the original value ofP . There is also a spatial and temporal extent toε.

The same value forε is used over10◦ of the model and for6h. The values for the range ofε

(the amplitude), the spatial and the temporal extent were arrived at by trial and error. Three

reasonable values for each parameter were evaluated in different combinations. The main

criteria used were spread and mean errors for500hPa geopotential height at forecast days 3,

5, and 7. The best combinations were then further tested withvarious measures of ensemble

skill to arrive at the final choice.

The benefits of the scheme are many. Most importantly it increases the spread of the
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ensemble to better match the ensemble error. This reduces the instances of the analysis

falling outside the range of the ensemble forecast. It also increases the skill at predicting

events such as ‘12h accumulated precipitation larger than 30mm’.

3.1.2 Known Problems

The ECMWF model is in constant development. Improvements are being made all the time

and launched periodically in new cycles of the model. It is known to be a good model and its

climatology compares well with observations (Junget al., 2005b). However, there are some

problems which seem to persist. For example in northern hemisphere winter the model has a

strong westerly bias east of the stormtracks. This has recently been accredited to the model

over-representing a specific weather regime (Junget al., 2005a). Another problem with the

atmospheric circulation is that in the model trade winds areoften overestimated (Brankovic

et al., 2002). The model also has too little cloud cover, especially stratocumulus (Jung and

Tompkins, 2003).

Junget al. (2005b) study the representation of the Madden-Julian Oscillation (MJO)

and show that the ECMWF model cannot reproduce its propagation in the tropics. In the

ECMWF model MJO-related upper tropospheric divergence anomalies are primarily as-

sociated with the cloud parametrization rather than the convection parametrization. In an

aqua-planet version of the model (Junget al., 2005b) found that the proportion of the to-

tal precipitation coming from the cloud parametrization compared to from the convection

parametrization in the tropics is important. Increasing this proportion amplifies the magni-

tude of the MJO and increases its periodicity.

The ERA-40 re-analysis that was done with the ECMWF model is known to have too

much tropical precipitation (Troccoli and Kallberg, 2004). This problem is thought to be

due to a problem in the assimilation of humidity. The problemwith excessive convective

precipitation when modelling the MJO and the excessive tropical precipitation in ERA-40

may mean that there is a problem with how the convection scheme interacts with the humidity

field.
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3.2 The Method

This section provides an overview of a new method that is usedto derive the temperature ten-

dency data that is studied in this thesis. The method is basedon comparing the parametrized

tendencies of a high resolution model with those of a standard model of a lower resolution.

The information derived from the comparison is intended to be used to modify the standard

model to evolve more like the high resolution model. This section is divided into four parts.

The first part gives a motivation for the method and details ofthe implementation. The choice

of resolution for the data grid can be found in subsection 3.2.2. The details of the spin-up

of the models is in subsection 3.2.3. Finally, the origin of the temperature tendencies are

discussed in subsection 3.2.4.

3.2.1 Comparing Two Models

The approach of comparing two models can at first seemed flawed. There is no guarantee

that one model is more accurate than the other. The ideal approach would be to compare the

model to reality as that is what it is trying to simulate. However, the validation needed in this

work is global temperature tendencies on a fine grid. That is impossible to achieve without

a numerical model. There is much evidence that a higher resolution model makes a better

forecast. Brankovicet al. (2002) found many improvements in the ECMWF model when

increasing the resolution from T63 to T159.

In this thesis a very high resolution model (T799) is used to find the deficiencies of a

standard climate model (T95). The T799 model is treated as the “truth” in this comparison.

Both models are initialised with the same fields. The initialfields are from a T799 analysis

so need to be truncated in the T95 model. It should be mentioned at this point that there

is a potential flaw in the method here. The problem can be seen by by visualising a multi-

dimensional space where each variable in the model is one dimension. The path in time in

that space that each model will naturally take can be called its attractor. By initialising the

T95 model with a truncated T799 analysis its position in the space may be off the attractor.

Smith (2000) argues that this may cause the model to follow a completely different path

in space than if it had been initialised by a T95 analysis (which would have been on the

attractor). It is possible that some of the differences between the models in this study could
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be due to this effect.

As the models are initialised with the same fields the parametrizations in each model

are influenced by similar large-scale forcings. Information about deficiencies in the T95

model is therefore given by the difference in the output between the parametrizations in the

two models. The aim is that by studying the differences between these models a stochastic

parametrization can be found that could make the standard model evolve more like the high

resolution model. In the process of this comparison it is hoped that something can be learned

about the basis of a stochastic scheme in a global circulation model.

The two models used in this study are of development cycle 28R3. Ideally, except for

the resolution, these two models would be identical. However for implementation reasons

they have three differences. The first difference is that they have a different length on the

timestep. The T799 model has a15minute timestep and the T95 model a1h timestep. The

length of the timestep is chosen to minimise errors in the semi-Lagrangian interpolation and

it also affects characteristics of the convection. Therefore it is not possible to change either

timestep.

The second difference between the models is in the horizontal diffusion. The diffusion

scheme is the same in both models but the same lengthscales are affected differently. The T95

model will have most diffusion applied to its shortest lengthscales but the same lengthscales

in the T799 model will be virtually unaffected by horizontaldiffusion.

The third and final difference between the models is the convective relaxation time.

This is a tunable parameter and can be changed to give desirable properties to the model.

These properties could be a certain propagation speed of weather systems in the tropics

or an observed amount of seasonal precipitation. The T95 model has a relaxation time of

3600s and T799 model1200s. This shorter relaxation time makes the T799 model convect

more readily. Some of the resulting increase in tendencies is offset when the T799 model

is averaged onto the T95 grid. Nonetheless, it is important that the differences between the

models are kept in mind when comparing the two models.

The predictive equations in the ECMWF model use four tendencies from the parametriza-

tions: temperature, horizontal wind in the zonal direction, horizontal wind in the meridional

direction, and relative humidity. These are also the four tendencies which are perturbed

by the current ECMWF stochastic scheme. In this thesis only the temperature tendencies
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are studied. They are governed by the thermodynamic equation which is straightforward

to study. It is also relatively easy to understand which physical processes are the origin of

the temperature tendencies. In addition to this, temperature tendencies are likely to be the

most important aspect of a stochastic scheme. Tendencies ofthe horizontal wind are mainly

affected by the gravity wave drag parametrization which is not active over the whole globe.

Relative humidity is more complicated to perturb as it cannot exceed100%. For all these

reasons it was felt that the temperature tendency was a suitable field to study.

The only alterations to the models are in the creation of extra postprocessing output.

These alterations are made incallpar.F90, the subroutine from which the physics subrou-

tines are called. Before each call of a physics subroutine the current value of the temperature

tendency is stored. When the program returns from the subroutine with the new temperature

tendency, this is subtracted from the previous value. This difference is saved for postprocess-

ing and represents the change in the tendency for that particular physics subroutine. In the

following order in time, the changes in tendency are stored for radiation, turbulent diffusion,

gravity wave drag, and finally for the convection and cloud parametrizations. The sum of

the changes by these processes, calledP from now on, is the total physics temperature ten-

dency for the current timestep. It is the quantity which is altered in the ECMWF stochastic

scheme. It is not the final tendency used in the model as it has not yet been subjected to

semi-Lagrangian averaging as described in section 3.1.1.1.

The quantityP is mainly studied at two horizontal levels. They are500hPa and850hPa.

The pressure values are approximate as the data are taken from model levels (39 and 49 re-

spectively) so vary a little in pressure, especially close to high orography. The data was

taken directly from model levels to minimise interpolationerrors in the data. This is also

why means of several levels are not made, it would smooth the field and change its char-

acteristics. The two levels were chosen as initial tests showed that their statistics differ

considerably between the models. As will be seen in chapter 4for P at 500hPa the models

have the same skewness but the truncated T799 model has a larger variance. At850hPa the

T95 model has both a larger variance and a larger skewness. Atother levels the difference

between the models is less, the two levels chosen represent the two extremes in differences.

The initial fields for the runs are taken from an analysis of 19September 2004. This

date was chosen as it is close to the equinox when the solar forcing is the same on both
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Grid length Average Variance Skewness Kurtosis
1.875◦ × 1.875◦ 0.711 9.25 8.65 137
1.8◦ × 1.8◦ 0.770 9.78 8.33 117

Table 3.1: Comparison of two T95 grid resolutions at500hPa. The units for the average are
K/day and for variance(K/day)2. The other quantities are dimensionless.

hemispheres. This ensures that it is less important to distinguish the hemisphere from which

the data is taken.

At the time of the runs the T799 model was still only in experimental use at ECMWF and

so there were few analysed fields of sufficient resolution. However, given the large number

of examples of different behaviour occurring around the globe it is felt that a one hour global

sample is sufficient to indicate the essential features required in a stochastic scheme. As only

one hour is studied in this thesis further work with more dates is needed in order to determine

the generality of these results.

3.2.2 Grid Resolution

As the ECMWF model is a spectral model the temperature tendency fields (P ) have to be

interpolated onto a grid to enable regional studies. Both T95 and T799 use a linear reduced

grid and their respective grid lengths are usually taken to be 1.875◦ × 1.875◦ and0.225◦ ×
0.225◦. In order to make the gridlength of T95 a divisor of180◦ and a multiple of0.225◦,

it was chosen to be1.8◦ × 1.8◦. Table 3.1 shows how this affects the moments of the field.

As expected increasing the gridpoint resolution leads to a larger variance. Each gridpoint

represents a smaller area so the range of values becomes larger. That positive values have

increased more than negative values can be seen through the increase in the mean. The

decrease in skewness and kurtosis shows that this is partially mitigated by a decrease in

extreme values.

The reason why the T95 grid length is chosen to be a multiple ofthe T799 gridlength

is to enable a more direct comparison of their variances. Thegridpoint values in the T95

field represent a much larger area average than the T799 values. They are therefore more

smoothed and so have a smaller magnitude. As8 × 8(= 64) T799 gridboxes fit into one

T95 gridbox, a T799 field can be created on the same scale as T95by averaging over the
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corresponding64 T799 gridboxes. From here on this spatially truncated modelis written

T799* and its temperature tendency field,P799

95
. As the gridpoint values in both models now

represent the same area, the truncated field can be directly compared to the corresponding

T95 field, P95. The temperature tendency fields do not represent the parametrization of

the same features. Some features will be resolved in the T799model and therefore not

parametrized. If they are not resolved in the T95 model and therefore parametrized, the two

parametrizations have not been acting on the same field. It isprecisely the effect of this on a

T95-sized gridbox tendency that this method is trying to capture.

3.2.3 Spin-up Effects

This method attempts to examine the difference in tendencies from the parametrizations of

a T95 model and a T799 model which are forced by the same fields.A compromise has to

be made between taking the tendencies early in the run when the forcing fields are similar,

but spin-up effects are still strong, and taking the tendencies later in the run when the forcing

fields have diverged, but the spin-up effects have diminished.

The ECMWF model uses a three-timestep procedure, except forthe initial timestep

when it uses a different procedure as there are no previous timesteps. ECMWF minimise the

impact of the initial step by using iteration. An additionalcomplication is that T799 and T95

do not have the same timestep. The timestep in the T95 model is1h and in the T799 model

15min. So in the first hour while the T95 model makes its initial step, the T799 model makes

four steps. This contributes to the need for spin-up.

The evolution of the zonal mean of the temperature tendencies for the first six hours is

shown in figure 3.1. Results are shown for the T95 model and thetruncated T799 model

at 500hPa and850hPa. Each coloured line represents a different hour in the spin-up. The

T95 model is noticeably noisier in the second and third hour (the two blue lines). This is

probably because it has taken less steps than the T799 model.The zonal mean changes very

little between the fifth hour (yellow) and sixth hour (black). This is true both in the tropics

and in the mid-latitudes. It is therefore assumed that the model has spun-up at least with

regards to temperature tendencies. All tendencies used in later chapters of this thesis will be

taken from the sixth hour.
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Figure 3.1: Zonal mean of temperature tendency hours 2–6 for(a) the T95 model at500hPa,
(b) the truncated T799 model at500hPa, (c) the T95 model at850hPa, and (d) the truncated
T799 model at850hPa.

The T95 and the T799 model are initialised using the same fields. The fields come

an from analysis of 00Z on 19 September 2004 which was performed at T799 resolution.

Of course, for the T95 model, these initial fields have to be truncated. The initial fields

are first converted to gridpoint space where the interpolation to the lower resolution occurs,

the fields are then converted back to spectral space. The interpolation is done by a routine

called FULL-POS, which is normally used in the postprocessing at ECMWF. The horizontal

interpolation is 12-point cubic. There is no vertical interpolation as the same amount of

vertical levels (61) is used in the T95 model as in the analysis.

The fields are balanced in the T799 model, but the truncation of the analysis has the

potential to leave unbalanced fields in the T95 model. This could manifest itself as gravity

waves propagating through the atmosphere. The danger of this is particularly high in the

mid-latitudes. Figure 3.2 shows the geopotential height for eight points evenly spread out

in the mid-latitudes at (a)500hPa and (b)250hPa for the first six hours of T95 model run.

There is no indication that there is significant gravity waveactivity in mid-latitudes. Though
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Figure 3.2: Geopotential height at eight different mid-latitude points at (a)500hPa and (b)
250hPa.

this does not preclude other effects of a potential imbalance in the T95 model, gravity waves

are unlikely to have a large influence.

3.2.4 Origins of the Temperature Tendencies

Figure 3.3 shows a global plot of theP field at500hPa. The top plot (a) isP799

95
, the middle

plot (b) isP95, and the bottom plot (c) is the difference between the two values ofP , that

is P799

95 − P95. Six boxes, numbered 1–6, mark out regions with substantialtemperature

tendencies. To get an indication of how realistic and representative figure 3.3 is, it can be

compared to figure 3.4 which shows a 20-year September composite of GPCP precipitation

data (Huffmanet al., 1997).

As the heating structure in figure 3.3 will most likely be dominated by latent heat release,

these two figures should be partially related. The maximum precipitation in the tropics is just

North of the equator, which is also true of the heating in figure 3.3. South-East Asia, the West

Pacific, and central America are three areas where high values in both figures coincide. There
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is an area of high precipitation in western central Africa for which there is no corresponding

feature in the heating. As the heating field shows instantaneous values this could be a feature

of diurnal variation in convection. In the extra-tropics where the stormtracks are evident in

the precipitation plot, only individual systems can be seenin the heating field. Again, this

is because the precipitation is a composite whereas the heating is an instantaneous picture.

From this comparison it seems likely that the heating is due to convection in the tropics and

frontal systems in the mid-latitudes.

This pattern can also be found in figure 3.5. It shows (a) temperature and (b) vertical

velocity at the model level closest to700hPa. Areas 1–3 have small temperature contrasts

and show clear areas of ascent. This points to deep convection as the source for the heating.

Areas 4–6 which are in the extra-tropics are in areas with large temperature gradients and

linear regions of ascent, indicative of frontal activity. This reinforces the interpretations of

figure 3.3.

In summary, it appears that the heating close to the equator is due to tropical convection

and the heating in the mid-latitudes is due to frontal systems.
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Figure 3.3:P tendency at500hPa for (a) the truncated T799 model, (b) the T95 model, and
(c) the truncated T799 model minus the T95 model.
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Figure 3.4: GPCP precipitation September 1980-2000.
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Figure 3.5: (a) Temperature and (b) vertical velocity in theT799 model at approximately
700hPa.



Chapter 4

Mean, Variance, and Skewness in the

ECMWF Model

4.1 Introduction

The aim of this chapter is to investigate the necessity of a stochastic scheme in a standard

climate model by comparing its parametrized temperature tendencies to those of a very high

resolution model. The standard model is a T95 model which is compared with a truncated

T799 model, denoted T799*, which is assumed to provide a moreaccurate simulation. The

ultimate aim is to force the T95 model to evolve more like the T799* model thus getting

more accurate forecasts from the T95 model without increasing its resolution. It is proposed

that this be achieved using a stochastic scheme.

In this chapter the statistics of the temperature tendencies from the parametrizations in

each of the models are compared. The emphasis is on latitudinal dependence and areas with

strong heating or cooling, but the change with height is alsoconsidered. The tendencies are

also broken down into the contributions from different parametrizations.

The information from this study should be useful when constructing a stochastic scheme

for the T95 model. It will also answer the question of whethera stochastic scheme is nec-

essary. A stochastic scheme could be of use if there is a difference in the mean, variance, or

skewness between the models. In that case, information on the behaviour of this difference

for different heights, areas, and parametrizations would be helpful.

33
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It is found here that there are differences between the models, some of it related to

extreme values. Because of this, percentiles are also used to study the data. The median

differs between the models in the tropics and the interquartile range is often shorter in the

T95 model than the T799* model. Though there are variations in the nature of the difference

between the models, it be could characterised by the same distribution in most cases.

The next section gives an introduction to the data and how it is partitioned for this

study. Two representative levels are chosen and their moments provide the framework for

the presentation of the results. Finally, there is a discussion of the results and a conclusion.

4.2 Model Comparisons for Total and Partial Tendencies

The parametrized temperature tendency field studied here was described in section 3.2.1. The

tendency field of the T799* model is denotedP799

95
and the tendency field of the T95 model

is denotedP95. Both models are initialised with the conditions from 00z on19 September

2004. After five hours spin-up the tendency from the sixth hour is used. The units are Kelvin

per day. Both models have 61 levels, the two most studied levels here are the ones closest to

500hPa and850hPa.

Although the aim has been to make the models as similar as possible some differences

remain. These were discussed in chapter 3. The models have a different convective relaxation

time and horizontal diffusion. The result is that T799* may be more convectively active and

certainly less smoothed by diffusion on the small scales.

The temperature tendency field at500hPa for both models and the difference between

them were shown in figure 3.3 in section 3.2.4. The six boxes numbered 1–6 in figure

3.3 are used as case studies here to provide some regional information on the differences

between the two models. These areas were chosen as they represent regions with particularly

strong thermal activity. There are three tropical cases (numbers 1 – 3) and three frontal cases

(numbers 4 – 6).

Figure 4.1 shows frequency histograms of the temperature tendency from the six areas

at 500hPa. Areas 1 – 3 have 512 points, area 4 has 272 points and areas 5 and 6 have 288

points. The binsize of the histograms is 0.5K per day. The three areas in the tropics are in

the left column and the three areas from fronts are in the right column. The solid lines are for
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Figure 4.1: Frequency histograms ofP for six different areas at500hPa. The areas in the
left column are tropical and the ones in the right column are frontal. Solid lines are the T799*
model and the dashed lines are the T95 model. Bins for the histograms are0.5K/day.
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P799

95
and the dashed lines are forP95. The general shape of the frequency histogram is a

peak at small negative numbers and a fat tail of positive values. The mean is usually slightly

positive.

There are many different statistics relevant to the analysis and there are many ways of

subdividing this analysis. As the model uses a set of model levels, the first subdivision is

most naturally by level. The next subdivision of the analysis is into its three first moments.

Also considered are non-parametric quantities derived from percentiles such as the median

and the interquartile range. Each moment and their relationto each other are important in

the final analysis, but they can initially be studied separately. Finally the data is divided into

geographical regions and partial contributions from the different parametrizations. This is

enables physical conclusions to be drawn from the data.

Several different statistics from two model levels at500hPa and850hPa can be found

in appendix A. Each table in the appendix represents one statistic (eg. the mean). Statistics

from the two models are on adjacent rows for easy comparison.All statistics in this chapter

will come from these tables, unless otherwise mentioned. The variance and skewness are

respectively defined as:

1

N − 1

N−1
∑

j=0

(xj − x)2,
1

N

N−1
∑

j=0

(

xj − x√
variance

)3

.

The partial contributions to the temperature tendencies which make up the frequency

histograms in figure 4.1 are shown in figure 4.2. The top frequency histogram uses values

from the three case study areas in the tropics mentioned, andthe bottom frequency histogram

uses values from the three case study areas containing fronts. The different colours signify

the different parametrizations or processes and the T95 case is dashed, while the T799* case

is the solid line. Two processes, turbulent diffusion and gravity wave drag, have been ex-

cluded from these plots. This is because they have very little spread at this level in the case

studies and would only appear as a line atP = 0 on the plot. Also, here and throughout

this thesis, the output from the cloud and the convection parametrizations have been added.

This is because processes in a cloud that is resolved in the higher resolution model will be

parametrized by the cloud parametrization, while if it is not resolved in the lower resolution
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Figure 4.2: Frequency histograms of partial tendencies at500hPa. (a) is for the tropics and
(b) for the mid-latitude fronts. Bins for the histogram are0.5K/day.
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model, the processes in the same cloud will be parametrized by the convection parametriza-

tion.

Three features are worth pointing out in figure 4.2. It can be noted that the difference

between the models is small in the radiation field and that theT95 model has a narrower

taller peak than the T799* model for the cloud and convectionparametrization. Finally, in

the tropics there is a large tail on the positive side made up mostly of the cloud and convection

tendencies.

Another way of looking at the same data is by using box and whisker plots. Figure 4.3

shows such plots for both models (the two columns) in different regions (the rows). The

box encloses the interquartile range, that is the25th to the75th percentile. The line in the

middle of the box shows the median. The whiskers show the range from the minimum

number to the maximum number. The horizontal lines on the whiskers represent the5th and

95th percentiles. The box and whisker plots show that the radiation parametrization (marked

‘rad’ in the plots) and the cloud and convection parametrizations (marked ‘c+c’ in the plots)

dominate the total temperature tendency. The turbulent diffusion parametrization (marked

‘t diff’ in the plots) contributes very little and the gravity wave parametrization (marked

‘g wave’ in the plots) has zero tendency in all plots. The radiation tendency differs very

little between the models and regions. The cloud and convection tendency is more variable.

The interquartile range is much larger in the tropics than inthe fronts. This is most likely

because the there are few large tendencies in the frontal areas, they are usually only along

the front itself. However, the largest values are found in the fronts. The T799* model has

larger cloud and convection tendencies than the T95 model but the interquartile range seems

similar between the models. Table A.5 shows that the interquartile range is marginally larger

in the T799* model. The T95 cloud and convection tendencies have more negative values

than the T799*. The reason for this is unclear.

4.2.1 Variation with Height

So far all the results presented have been for the model levelat 500hPa which is above

most orography. This model level was chosen as it is in the centre of the free troposphere.

Lower down and boundary layer effects may have influenced thetendencies and higher up
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Figure 4.3: Box and whisker plots forP (marked total) and its partial tendencies at500hPa.
(a)-(c) are for model T799* and (d)-(f) for model T95. The middle row is for the tropical
areas and the bottom row is for the frontal areas. The top row is their sum. Units areK/day.
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Figure 4.4: The difference between T799* and T95 expressed as a percentage of the T95
value plotted as a function of height.

individual weather systems, probably the source of much unresolved interaction, would have

less impact. Using a column average would be undesirable as it would smooth out much of

the information which could be interesting from the point ofview of stochastic modelling.

Figure 4.4 shows the difference in mean, variance, skewness, and interquartile range

between the models as a percentage of the T95 value plotted asa function of height. If the

percentage is positive, T799* has the larger magnitude, butif it is negative, T95 has the

larger magnitude.

At lower levels the T799* mean is positive and T95 mean is nearzero, making the

percentage difference very large. The difference decreases with height until about750hPa

when it becomes slightly negative for the first time. This is because the T95 mean is more

negative than the T799* mean (see table A.1). The mean for theT95 model then has the

larger magnitude up to200hPa. The variance has two behaviours: at low levels it is larger

in T95 and at mid to high levels it is higher in the T799* model.The skewness follows a
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similar behaviour, much higher in the T95 model at low levelsand then almost equal in both

models at higher levels. As the behaviour is the same, the skewness might be the cause of

the higher variance in T95 at low levels. Further study showsthe positive skew is probably

caused by some very large point values in T95 (not shown). This is corroborated by the

difference in the interquartile range between the models (dashed curve) which is always

larger in the T799* model than in the T95 model, especially below 400hPa.

Figure 4.5 shows the zonal mean against height for temperature tendency in both models

and their difference. There is a region of heating above the equator in both models, but it

is stronger in the T799* model. Away from the tropics there ismainly large-scale cooling

in the models, except for the two mid-latitude regions whereagain the T799* model has

larger tendencies. The T95 model has larger tendencies at the 800–900hPa height which

coincides with the large skewness in figure 4.4. The behaviour in both models close to

the surface is different than higher up in the atmosphere. This probably due to increased

turbulent diffusion, which appears to have a larger thermaltendency in the T799* model.

Figure 4.6 shows the interquartile range for adjacent zonalstrips of temperature ten-

dency. Each strip is9◦ or five gridpoints wide. It shows at which height and latitudes the

local frequency histogram is widest. Comparing with figure 4.5, the largest interquartile

range coincides with where the temperature tendency is mostpositive. The main regions

being above the equator, in the mid-latitudes up to400hPa, and near the surface. In these

regions the T799* model has a larger interquartile range than the T95 model. In the mid-

troposphere there is a difference in the position of the maximum of the interquartile range

which shows up clearly in the difference field. The T95 model has a larger interquartile range

at low levels from about40N to 40S. This difference could be due to differences in tropical

convection between the models.

Ideally all levels would be studied, but it was considered more productive to pick out

typical levels to study closer. The model levels closest to500hPa and850hPa were chosen

as the characteristics of the statistics of the two models seem to differ there. At850hPa

there is a relatively large positive skew in the T95 model andtherefore a greater variance

in the T95 model than in the T799* model. However, the interquartile range is narrower

in the T95 model than in the T799* model. Also the T799* model has a higher magnitude

in the mean of the full field. At500hPa these statistics are different. The skew is similar
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Figure 4.5: Zonal mean temperature tendency for (a) T799*, (b) T95, and (c) their difference.
Units areK/day.
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Figure 4.6: Zonal interquartile range for (a) T799* temperature tendency, (b) T95 tempera-
ture tendency, and (c) their difference. Units areK/day.
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between models, but the T799* model now has the larger variance and interquartile range.

The T799* model also has a smaller magnitude in the mean than the T95 model. As will be

shown below, some of the differences between the model levels are caused by a few extreme

values.

4.3 Upper Level Characteristics

4.3.1 Mean

Globally the average temperature tendency at500hPa for theP field is−0.53K/day for the

T95 model and−0.39K/day for the T799* model as shown in table A.1. Bold values in

the table show mean values whose difference is statistically significant. However, as these

distributions are not Gaussian this is only indicative.

The averages over the six case study areas which have strong thermal tendencies are

0.94K/day and1.88K/day for the T95 and T799* model respectively. In the global, re-

gional, and most case study area means the T799* model is shifted positively compared to

the T95 model.

The positively shifted mean of the T799* model can partly be explained by the T799*

model having higher maximum tendencies. This can be seen in table A.12. Though this

cannot be the only explanation as in area 3, the T799* model has a higher maximum and

a higher minimum tendency yet the T95 model has the larger average. However, looking

at the percentiles, the5th (table A.9) and25th percentile (table A.7) are lower in area 3 for

the T799* model compared with the T95 model. Thus the T799* model has more negative

values than the T95 model. This is also true for the full field and shows that the distributions

of the tendencies in the two models are noticeably different.

Studying the partial tendencies in table A.1 there is a discernible pattern in the compar-

ison between the T95 model and the T799* model. When comparing the two models the

radiation, turbulent diffusion, and gravity wave parametrizations all have means are close to

each other. However, the convection and cloud partial tendency means are different. In the

T95 model the mean is0.051K/day compared to0.962K/day for the T799* model. The

T95 model has a lower mean in both the tropical and frontal areas on average.
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Figure 4.7: Zonal mean of partial tendencies for T799* (solid) and T95 (dashed) for the most
important parametrizations.

The medians for the tendency fields can be found in table A.2. The medians in both

models are approximately the same which shows that extreme values contribute to changing

the mean of the tendencies. The exception to this is in the tropical areas where the median is

larger in the T799* model. Here there are more positive tendencies in the T799* model than

in the T95 model as was seen in figure 4.3.

Figure 4.7 shows the zonal mean heating from the dominating parametrizations as a

function of latitude. The solid curves are the T799* model and the dashed curves are the

T95 model. It shows that the differences between the models are largest close to the equa-

tor and in the mid-latitudes. The zonal mean tendencies fromthe cloud and convection

parametrizations are represented by the red lines. These dominate the total zonal mean ten-

dency represented by the black lines. The zonal mean radiation tendencies represented by

the blue lines and the zonal mean turbulent diffusion tendencies represented by the green

lines are very similar between the models.

The differences between the models are also evident in figure4.8 which shows a fre-

quency histogram of the difference between the models. The red line is the difference in
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Figure 4.8: Histograms of the difference in parametrized output between the T799* and T95
models for the tropics and fronts at 500hPa. Bins for the histogram are0.1K/day.

cloud and convective tendencies and the black line is the difference in all tendencies be-

tween the models. Both frequency histograms have non-zero means in the tropical areas

(plot (a)) and the frontal areas (plot (b)). The frequency histogram is taller in the fronts,

but in the tropics the frequency histogram has much larger and fatter tails. This is probably

because the difference in the frontal areas values are concentrated along the fronts, but in the

tropical areas scattered in many different areas of convection (see figure 3.3(c)). Fronts and

tropical convection are both phenomena which are better represented in a higher resolution

model.

4.3.2 Variance

Globally at 500hPa the variance ofP is 10.0K2/day2 in the T95 model and14.2K2/day2

in the T799* model as shown in table A.3. This variance gives amisleading picture on

the spread of values in both models. Rather than being Gaussian, the distribution has fat

tails going out to large positive values as shown in figure 4.2. The 25th percentile (table

A.7) is close to−1.7K/day and the75th percentiles (table A.8) is close to−0.5K/day

in both models. The difference in variance is therefore dominated by outliers and perhaps

misleading as a measure of spread for the distribution. Thisdescription is especially true for

fronts where the few values on the front are large compared tothe surrounding values.

As the variance is dominated by outliers it varies greatly between the case studies, de-
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pending what extreme values they contain. However, as a rulefor these areas, the25th

percentile is usually about−2K/day in the both frontal and tropical areas but the75th per-

centile is about4K/day in the tropics and0K/day in the fronts, so the interquartile range is

larger in the tropics. Figure 4.3 shows that most of the interquartile range is provided by the

cloud and convection parametrized tendencies.

4.3.3 Skewness

Though the mean of the global temperature tendency field is close to zero at500hPa, the

field has a large positive skewness. The values of skewness are in table A.4. The T95 model

has a skewness of6.35 and the T799* model5.81. The skewness is relatively low in the

tropics, just over1 for both models. In the fronts however the skewness is6.77 for the T95

model and5.28 for the T799* model. The higher skewness in the fronts is probably due

to high values concentrated on the front surrounded by many low values around it. This is

supported by studying the skewness in case areas 4–6 that contain fronts.

Area 4 has a comparatively small skewness (just above2.5 in both models) compared to

the other two fronts which have between4.5 and7.3 depending on the model. Area 4 has a

higher percentage of its gridboxes taken up by high values compared with the other two (not

shown). This points to narrow fronts creating the large skewness in the these areas. The large

difference between models in area 5 is perhaps due to the front being poorly represented in

the T95 model due to its coarser resolution.

Figure 4.9 shows the skewness of each area by replotting the histograms from figure 4.1

with a logarithmic vertical axis to emphasize the tails of the distributions. Also in the plot

of area 1 the solid curved line shows what a Gaussian distribution looks like, which empha-

sizes the non-Gaussian shape of the distributions. There isa difference between the extreme

positive tails of the case areas in the tropics and in the fronts. In the tropical distributions

the fall-off is slower than that of a Gaussian distribution,but it is still similar in shape. In

the fronts however, the far end of the distribution is almostconstant with no fall-off. Look-

ing at the negative tails, the behaviour is the same across all areas. There is a fast fall-off

(non-Gaussian) on the negative side of the main peak.

In the full field the cloud and convective processes have a skewness of about8 in the
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Figure 4.9: The same as figure 4.1 but with a logarithmic vertical axis. The first plot also
shows a Gaussian function.
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T799* model and6 in the T95 model. Radiation is slightly negative with a skewness of

−0.97 and−0.54 for the T95 and T799* model respectively. When looking at thecase areas

in the tropics and fronts the cloud and convective processeshave skewness close to that of

the totalP fields. This could mean these parametrizations are the causeof the skewness

in the model. In comparison, the radiation tendency has close to zero skewness and often

negative skewness. The values of skewness for radiation areoften quite different between

the models. This could be because the radiation scheme uses output from the cloud scheme

in its calculations.

4.4 Lower Level Characteristics

The model level closest to850hPa is studied here to characterise lower tropospheric be-

haviour. Figure 4.10 is the same as figure 3.3, but for850hPa. It shows (a) theP799

95

temperature tendency, (b)P95, and (c) their difference. This level has more activity thanthe

upper level, though most of it is on a smaller spatial scale. It is also notable that there is more

cooling.

In figure 4.11 the box and whiskers plots for this level corresponding to those in figure

4.3 are shown. The main points to note is that there are more negative tendencies (longer

negative whiskers) and that the T95 has a larger range of values. The increased negative

tendencies are mainly due to the radiation, and cloud and convective parametrizations, but

the turbulent diffusion is now important as well. As for500hPa, the statistics for850hPa

can be found in appendix A.

4.4.1 Mean

At 850hPa the mean ofP is−0.91K/day in the T799* model and−0.74K/day in the T95

model (see table A.13). This is similar to the500hPa values. In the tropical areas chosen

as case studies both models have positive values,1.1K/day and1.3K/day, where the T95

model has the larger value. The frontal areas have negative means which are probably due

to negative values on the fronts, especially in the T799* model. This can be seen in figure

4.10(a) where there are strong negative lines in the frontalareas.
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Figure 4.10:P at850hPa for (a) T799*, (b) T95, and (c) their difference.
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Figure 4.11: Box and whisker plots forP and its partial tendencies at850hPa. (a)-(c) are
for T799* and (d)-(f) for T95. The middle row is for the tropics and the bottom row is for
the fronts. The top row is their total. Units areK/day.
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In the individual area frequency histograms in figure 4.12 the increased number of neg-

ative tendencies can be seen in the negative tails of the histograms. Also the positive tails

in the tropics are not as pronounced and the peaks for the fronts not as high as at500hPa.

The variance of each plot, which is printed in the plot, does not correlate with the perceived

width of the peak. It is instead dominated by extreme values not visible in the plots.

Figure 4.13 is the same as figure 4.2 but for the lower level. Among the partial tenden-

cies, radiation (blue) shows the most interesting behaviour in the tropics (figure 4.13(a)). It

has a double peak, one weakly heating and one strongly cooling. The double peaks in the

radiation may be due to two different conditions, such as cloud and no cloud, or ocean and

land. However, in the fronts (figure 4.2(b)) the radiation has a single peak again. As noted

in the individual areas the central peaks are lower comparedto 500hPa and this is clearly

visible in the convection and cloud tendencies. The peaks ofthe T95 model have decreased

most and there are now more negative values in both models. Atthis level turbulent diffu-

sion is more significant than at higher levels and its mean tendency is non-zero except in the

tropics in the T95 model.

The medians, in table A.14, show similar values in the full field between the models. In

the tropical areas the median is larger in the T799* model both for theP field and the cloud

and convection parametrizations. As the means are closer inthe tropical areas, there must be

some extreme values influencing the mean.

The zonal mean temperature tendency shown in figure 4.14 is quite different at850hPa.

While at500hPa the the models were mainly different in the tropics, at850hPa there are

large differences between the models over most of the plotted latitudes. The differences

between the models are apparent for all the parametrizations and are no longer mainly in the

cloud and convection parametrizations.

Figure 4.15 shows the frequency histograms of the differences between the models. The

displacement of the peaks found in figure 4.8 does not appear in figure 4.15 where the peak is

at zero. The tendency fields generally differ more at the lower level than at the upper level as

the frequency histogram of the difference field has a smallercentral peak and is more spread

out.
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Figure 4.12: Frequency histogram ofP for six different areas at850hPa (model level 49).
The areas in the left column are tropical and the ones in the right column are frontal. Solid
lines are drawn using data from the T799 model on the T95 scaleand the dashed lines are
drawn using data from the T95 model. Bins for the histograms are0.5K/day.
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Figure 4.13: Frequency histograms of partial tendencies at850hPa. (a) is for the tropics and
(b) for the mid-latitude fronts. Bins for the histogram are0.5K/day.



Chapter 4. Mean, Variance, and Skewness in the ECMWF Model 55

4.4.2 Variance

While the T799* variance for the full temperature tendency field is similar to the upper level

(15.5K2/day2), the variance in the T95 model is31.3K2/day2, almost three times as large

as at500hPa. The variances are in table A.15.

In the tropics, the T799* model has less variance (14.9K2/day2 against74.3K2/day2).

In the fronts the variances are close, the T799* model has a variance of30.9K2/day2 against

31.3K2/day2 in the T95 model. The interquartile ranges (table A.17) differ much less be-

tween the models.4.5K/day and5.0K/day in the tropics and2.9K/day and2.7K/day in

the fronts for the T799* model and the T95 model respectively.

The anomalously large variance for the T95 model found in case area 3 in figure 4.12

comes mainly from the cloud and convection parametrizations. Considering case area 3 its

large variance is mainly due to some very large values in the field. The95th percentile of

the field in area 3 is22.25K/day (see table A.22) and the maximum value is103K/day

(see table A.24). In figure 4.10 the feature causing these large values is inland of the north

coast of Venezuela just east of a small area of cooling. This shows how the variance is being

affected by some very extreme values.

At this level turbulent diffusion has a significant interquartile range, as it represents dif-

fusion from the surface layers of the model. In the full field the turbulent diffusion tendency

variance in the two models is almost the same. However, in thetropics the variance is larger

in the T799* model,5.84K2/day2 as opposed to1.87K2/day2. In the fronts, the turbulent

diffusion has a larger variance in the T95 model than in the T799* model,14.7K2/day2

as opposed to8.63K2/day2. The interquartile range of turbulent diffusion in the tropics

is less than0.06K/day in both models in the tropics, but0.570K/day and0.475K/day in

the fronts for the T799* and the T95 model respectively. Thismeans turbulent diffusion is

probably not important outside the fronts.

In the fronts, the variance of radiation tendencies differ considerably,3.79K2/day2 in

the T95 model as opposed to6.30K2/day2 in the T799* model. The difference between

the models is small when comparing the interquartile ranges. When considering the partial

tendencies, whether in the tropics or fronts, the interquartile range is larger in the T799*

model for the all the partial tendencies.
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Figure 4.14: Zonal mean of partial tendencies compared between the two models.

4.4.3 Skewness

A large positive skewness could be due to a few large extreme values. It could also alter the

variance as discussed in the previous section. So the fact that the T95 model has a skewness

in the full temperature tendency field of3.81 as opposed to1.36 in the T799* model is

notable.

At 500hPa both models had similar skewness. Here, all cases but one have a larger

skewness in the T95 model. The largest difference in skewness between models is in area 5

where it is0.2 in the T799* model and4.7 in the T95 model. Divided into tropics and fronts,

the T95 model consistently has a larger skewness.

The extreme positive tails of the case area frequency histograms in figure 4.16 show a

similar behaviour to those of the upper level. The fall-off in the tropics is nearly Gaussian

and the tails in the fronts are fat and are constant. The only exception is area 3, which

in addition to the fall-off normal for the tropics, also has afurther tail which is small and

constant. The negative tails all have the same behaviour. The fall-off is much slower than

those in the upper layer for all cases, but areas 2, 3, and 6 have also got a tail which is small
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Figure 4.15: Histograms of the difference in parametrized output between the T799* and
T95 models for the tropics and fronts at 850hPa. Bins for the histogram are0.1K/day.

and constant.

4.5 Discussion

The temperature tendency data used in this chapter was described in section 3.2.1. It was

briefly spun-up to remove initial effects but not long enoughto let the models deviate far from

each other. The analysis was divided into levels, then areas. These areas either contained

fronts or tropical convection. At500hPa the general shape of the distribution, given by a

frequency histogram, is a peak at zero and a fat positive tail. At 850hPa the general shape

is the same, but with a fat negative tail as well. Due to these fat tails the distributions given

by the frequency histograms are not Gaussian. This is most clearly the case in the fronts.

The two levels studied have different characteristics whenthe moments of the data from

the two models are compared. At500hPa the mean is more positive in the T799* model

while at 850hPa the mean is more positive in the T95 model. Similarly, at500hPa the

variance is larger in the T799* model while at850hPa the variance is larger in the T95

model. However, when percentiles are used it is possible to see that the difference between

the models is of the same nature on both levels. The medians are very similar between the

models, except in the tropics where the T799* model has the larger median. The interquartile

range is also larger at both levels in the T799* model. This isespecially true in the frontal

areas. One exception to this is the tropics where the interquartile range for the full field is
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larger in the T95 model. Because of the similarities betweenthe levels, it may be possible

that the same distribution could be used for a stochastic scheme at both levels. Though, one

problem would be to include a fat negative tail at850hPa but not at500hPa. Any scheme

implemented in T95 must take account of these extreme values. In this aspect a distribution

with fat tails is more suitable than the uniform distribution currently used in the ECMWF

stochastic scheme.

It is interesting to speculate why there are extreme tendencies in T95 at850hPa. Per-

haps the model is compensating for the lack of variability athigher levels. It could also be

due to the way the parametrizations are tuned. The T799 modelalso has extreme values in

its temperature tendency field, but they are smoothed out when the model is truncated. It

is striking that in areas with high convective activity there is twice the amount of rainfall

per hour in the T799* model than in the T95 model (not shown). This indicates that the

convective parametrization may not be optimally tuned for this comparison. There are also

known issues in the model with the interaction of the convection scheme with the humidity

field (Troccoli and Kallberg, 2004).

The analysis was further divided into the partial tendencies from all the contributing

parametrizations. For a partial tendency to be important itmust have a non-zero variance, or

failing that, a non-zero mean. The dominant parametrizations are the cloud and convection

parametrizations. They often differ between the two modelsand at both levels the interquar-

tile range is shorter in the T95 model. This could be because it has less inherent variability

than the T799* model. The radiation parametrization is alsoimportant. At500hPa it differs

very little between models, but at850hPa the differences are larger. Some of this difference

could be because it interacts with the cloud scheme. Köhler(2005) found that the ECMWF

model has problems predicting boundary layer cloud, which leads to an error in the radiation,

which in turn causes errors in the temperature and winds.

As expected, turbulent diffusion decreases in magnitude with height and is only impor-

tant in the lower levels. At850hPa the medians are very similar between the models, but the

T95 model has a shorter interquartile range which indicatessome lack of variability. Gravity

wave drag is never important. It probably has more impact on the wind tendencies than it

does on the temperature tendencies.

To get some physical insight into these results it is helpfulto consider which physi-
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Figure 4.16: The same as figure 4.12 but with a logarithmic vertical axis. The first plot also
shows a Gaussian function.
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cal processes might be dominant. Processes probably activeat 500hPa represented in the

convective scheme are latent heating from condensation andcooling from updraughts. In

the cloud scheme the most relevant processes are heating from large-scale condensation and

subsidence, and cooling from evaporation and melting of precipitation. At 850hPa active

processes in the convective scheme are probably latent heating, heating from downdraughts,

and cooling from evaporation below cloud base. The most relevant processes in the cloud

scheme at this level as at500hPa, are heating from subsidence and large-scale condensa-

tion, and cooling from evaporation and melting. There is more cooling at850hPa than at

500hPa. Evaporation of precipitation is likely to be the main contributor to this cooling.

As the cloud and convection parametrizations dominate, it is tempting to perturb only

those parametrizations in a stochastic implementation. However, other processes are impor-

tant as well. There are appreciable differences in the interquartile ranges of turbulent diffu-

sion in some instances. Another reason not to perturb solelyone or two parametrizations is

because the purpose of a general stochastic scheme is not to create a better parametrization of

a particular process such as cumulus convection. The purpose of a general stochastic scheme

is to be a stand-alone parametrization which parametrizes general aspects of model error.

For example, it can put in near-gridscale noise where it has not been correctly represented or

filtered out by the diffusion scheme.

It is clear from the differences in the interquartile rangesbetween the models that the

T95 model has less variability. This is something which a stochastic scheme could be helpful

in improving. Several authors have noted that a stochastic scheme can be used to increase

the variance (or variability) in a model (Farrell and Ioannou, 1993, Jungeet al., 2000, Lin

and Neelin, 2003). That a stochastic scheme is beneficial in the ECMWF model has already

been shown by the improvement in the model from the simple stochastic scheme of Buizza

et al. (1999).

The difference between the models in the tropical median values might also be changed

with a stochastic scheme. Convection is a non-linear process, as a consequence of this the

mean output from the input is not necessarily the same as the output from the mean input. In

the T799* model the parametrization has had input on the T799scale and the output has then

been truncated. Meanwhile, the T95 model has had the mean of the T799 inputs as its input

and output at the T95 scale. Because the process modelled is non-linear this could cause a
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difference in the means or medians. Wilks (2005) study of theLorenz ’96 system showed

that a stochastic parametrization can push the model probability density function towards

that of “truth”.

4.6 Conclusion

The intention of this chapter was to clarify the differencesbetween the temperature tenden-

cies in the T95 and T799* model and determine whether a stochastic scheme is necessary.

The approach has been to look at the mean, variance, and skewness alongside the median

and interquartile range. At500hPa it is a consistent feature that the T799* model has a more

positive mean than the T95 model, whereas at850hPa the opposite is true. The medians in

both models are similar except in the tropics where the T799*value is larger. It must be

kept in mind when considering the statistics presented in this chapter that only one hour has

been studied. Even though the large spatial extent of the data means there are a large number

of data points (up to 20,000), it is possible that some of the results here are due to chance.

Further runs with more dates must be done to confirm the generality of these results.

Because of the distortions due to the extreme values in the T95 model, the interquartile

range is a more reliable than variance for judging the variability in the model. In most

processes and certainly in the range400 − 900hPa, the interquartile range is smaller in the

T95 model than in the T799* model. A stochastic scheme could help both in increasing

the T95 model variability and reducing the difference in themean. In such a scheme the

non-Gaussian character of the tendencies must be accountedfor.

The results presented here only provide part of the information needed in a stochastic

scheme. It is only a comparison of the parametrized tendencies. In a consistent treatment

unresolved advection terms must be taken account of as well.This is the subject of the next

chapter.



Chapter 5

The Correction Term Γ

5.1 Introduction

This chapter will deal with a term which will be calledΓ. It is a correction term intended

to make a T95 model evolve similarly to a higher resolution model. The higher resolution

model is a truncated T799 model, denoted T799*.

The distribution ofΓ could be used in a stochastic scheme as the distribution fromwhich

the random numbers (deviates) are taken. It is therefore of interest to know if the distribution

of Γ varies as a function ofP95, the T95 model parametrized temperature. If that is the case

P95 could be used as a predictor to give an accurate distributionfor the stochastic scheme.

Equally, any dependence on geographical location of physical process is also of interest.

In the following,Γ is derived, and it is shown howΓ and its components are calculated.

The characteristics ofΓ are then studied on the two levels chosen in the previous chapter.

The distribution ofΓ is found to be bell-shaped with fat tails. It is also found that there is

only a small correlation between the advective part ofΓ and sub-gridscale variability. The

dependence ofΓ onP95 is shown to be weak. Three different functions which could beused

to model the distribution ofΓ are considered. Finally there is a discussion of the resultsand

the significance they have for a stochastic scheme. The chapter ends with a conclusion.

62
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5.2 Derivation of Γ

The main aim of this chapter is to find a term which added to the forcing of a model will

make it evolve more like a higher resolution model. This termis calledΓ. The models used

here are ECMWF models of truncations T95 and T799. The T799 model is considered to be

the “truth” and is going to be used to correct the T95 model. This has to be done with care

as the tendencies in the models are not equivalent. This is because they represent tendencies

for different sized gridboxes and because small features resolved in the T799 model, and

therefore not parametrized, may not be resolved in the T95 model.

In the following()799 indicates fields from the T799 model and()95 indicates fields from

the T95 model The basic equation forθ, the temperature, in the T799 model is

Dθ799

Dt
=

∂θ799

∂t
+ v799 · ∇θ799 = P (θ799,v799), (5.1)

wheret is time,v is the three dimensional wind vector andP is the heating rate given by

the parametrization. When scaled to the lower resolution, truncated fields indicated by()
95

,

would read
∂θ799

∂t

95

+ v799 · ∇θ799

95
= P (θ799,v799)

95

. (5.2)

Analogously, the equation for the T95 model is written

∂θ95

∂t
+ v95 · ∇θ95 = P (θ95,v95). (5.3)

In order to improve the T95 model this equation is rewritten with a correction term chosen

so the T95 model will evolve like the truncated T799 model

∂θ95

∂t
+ v95 · ∇θ95 = P (θ95,v95) + Γ, (5.4)

where final termΓ represents the correction. Note thatΓ may be a function ofP (θ95,v95).

The value of theΓ term can be found by first rewriting equation 5.2,

∂θ799

∂t

95

= P (θ799,v799)
95 − v799 · ∇θ799

95
. (5.5)
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For the desired behaviour in the T95 model,∂θ799

∂t

95

should equal∂θ95

∂t
. Making this substitu-

tion in equation 5.5 and addingv95 · ∇θ95 to both sides gives

∂θ95

∂t
+ v95 · ∇θ95 = P (θ95,v95)

+P (θ799,v799)
95 − P (θ95,v95)

+v95 · ∇θ95 − v799 · ∇θ799

95
. (5.6)

Comparing this with equation 5.4 gives forΓ

Γ = P (θ799,v799)
95 − P (θ95,v95) + v95 · ∇θ95 − v799 · ∇θ799

95
. (5.7)

The correction termΓ can be divided into two components, the first including the first two

terms ofΓ and the second the last two terms. The first component ofΓ, which will be

written Γp, is the correction to the physics parametrization. This component was studied

in the previous chapter. The second part ofΓ, which will be writtenΓadv, represents the

contribution of advective features resolved in T799, but not resolved in T95. It will be

treated in this chapter alongsideΓ. Below, for brevity,P (θ95,v95) is writtenP95.

5.2.1 A Description ofΓp and Γadv

The concept ofΓis simple, it is the addition to the T95 tendency that makes the model evolve

like a the scales in a higher resolution model. Its characteristics will be determined from a

study of one hour but it is hoped that general deductions may be made. The first part of

Γ is Γp (equation 5.7) and comes from the difference in the parametrizations between the

models. In the previous chapter these differences were investigated. It was found that there

was a difference in both the median and the interquartile range. The interquartile range

was found to be larger in the high resolution model at almost all levels and this could be in

increased in the T95 model by including a stochastic scheme basedΓ.

Aside from the parametrizations, there is another reason why the T95 model might have

a small interquartile range. It could be due to the contribution to the resolved scales in the

T95 model from scales not resolved in the model. Some of this contribution is replaced by the
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Figure 5.1: Schematic of a truncated wave space.

parametrizations. However, energy or information passingup from the smaller scales to the

larger scales, called ‘backscatter’ (Mason, 1994, Shutts,2004) is not always fully represented

by the parametrizations. The second part ofΓ, the advection termΓadv, represents this

missing backscatter.

An understanding of the advection term may be obtained by considering figure 5.1.

The horizontal axis represents wave space. The vertical axis is an arbitrary measure of

amplitude. A hypothetical model is truncated at wave numbertwo (dashed lines). If two

quantities were multiplied in this truncated wave space theresult would be different than if

the two quantities were multiplied in a larger wave space andthe result then truncated. This

is because interaction between waves inside and outside thetruncation limit can contribute

to the truncated wave space. There are two possible cases. The first case is two waves, both

outside the truncation limit, interacting to produce a waveinside the truncation limit. An

example is−3 and4 interacting to contribute to wave number one. The second case is one

wave inside the truncation limit interacting with a wave from outside the truncation limit.

An example is a−1 wave interacting with a3 wave to contribute to wave number two.

To see this more rigorously consider the 1-D Fourier equivalents of the models. The

resolution of the high resolution model isM = 799 and the climate model has a resolution

N = 95. Writing the terms that make up the temperature advection term as a complex

Fourier series gives:

v799 =

M
∑

m=−M

Vmexp(imλ), ∇θ799 = D799 =

M
∑

m=−M

Dmexp(imλ).
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When these terms are multiplied the real part of the product will have wave numbers from

−2M to 2M ,

v799D799 =
2M
∑

m=−2M

(
∑

j

vj · Dm−j)exp(imλ),

where the sum overj depends on the sign ofm,

∑

j

=







[−M + m, M ], m ≥ 0

[−M, M + m], m < 0.

However, in the model only wavenumbers−M to M are retained. When truncated to T95

then only wave numbers−N to N are retained,

v799D799

95
=

N
∑

m=−N

(
∑

j

(vj · Dm−j)exp(imλ).

If the terms were truncated before the multiplication then the product would be

v799
95D799

95
=

N
∑

m=−N

(
∑

j′

(vj′ · Dm−j′)exp(imλ),

where
∑

j′

=







[−N + m, N ], m ≥ 0

[−N, N + m], m < 0.

It is apparent that the difference between the products liesin the limits of the inner sum. In

v799D799

95
the sum includes terms resolved in T95 but made up of components not resolved

in T95. This is analogous to the example above for figure 5.1.

It can now be calculated which wavenumbers contribute toΓadv,

Γadv = v95 ·∇θ95−v799 · ∇θ799

95
= −

N
∑

m=−N

(
∑

j−

vj− ·Dm−j− +
∑

j+

vj+ ·Dm−j+)exp(imλ),

∑

j−

=







[−N + m − 1, −M + m], m ≥ 0

[−N − 1, −M ], m < 0,
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∑

j+

=







[N + 1, M ], m ≥ 0

[N − m + 1, M − m], m < 0.

So the termΓadv represents the interactions between unresolved components of v799 and

∇θ799 which contribute to the resolved field. These components have spatial scales of a few

hundred kilometres. As there are many phenomena at these spatial scale there is reason to

believe that theΓadv term is large.

5.2.2 CalculatingΓ

It is not straightforward to calculateΓ. This is partly because the problem has been cast in

an Eulerian formulation and the model uses a semi-Lagrangian scheme. The T799 model

cannot be run in Eulerian mode as the computational cost would be prohibitively high due

to the small timestep needed. The problem is that the advection term,v · ∇θ, does not exist

in the model. It is possible to calculate the advection termsexplicitly from model fields of

temperature and winds using finite differences. However, this method is inherently unstable

due to steep gradients in the model and leads to anomalously large values in some parts of the

field (not shown). An alternative method is to calculate the advection terms using equation

5.5. Writing the time derivative as a finite difference gives

∆θ799

95

∆t
= P (θ799,v799)

95 − v799 · ∇θ799

95
. (5.8)

Writing equation 5.3 the same way and subtracting it from equation 5.8 gives:

∆θ799

95

∆t
− ∆θ95

∆t
= P (θ799,v799)

95 − P (θ95,v95) + v95 · ∇θ95 − v799 · ∇θ799

95
= Γ. (5.9)

ThusΓ can be calculated directly from the time evolution of the temperature fields of the

two models. The terms involvingP are known from the output of the parametrizations in the

models. Therefore the terms involving advection,Γadv, can be calculated as a residual from

Γ. It is still a finite difference method, but only in time and the method is more stable than

the explicit calculation. It is also simple and can easily bedone either locally or global. The

downside of the method is that it depends on the model fields atthe beginning of the timestep
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Figure 5.2: Zonal average ofΓagainst height. Units areK/day.

being the sufficiently similar in both the T95 and T799 model.It is difficult know whether the

Γadv obtained is due to model error in the T95 model or due to the fields diverging between

the models over the six hours before the calculation is made.However, it is proposed that

six hours is not long enough for the fields to diverge significantly other than in the scales not

resolved by T95.

5.3 Characteristics ofΓ

This section deals with howΓ varies geographically and with height. The plots are often

presented in the same way as the plots in the previous chapter. Figure 5.2 shows the zonally

averagedΓ against height. Just as in chapter 4, there are two kinds of behaviour characterised

by the500hPa and the850hPa level, positive values in the tropics at the upper levels and

a mixture of positive and negative values at the lower level.The large positive region in the

centre of the plot is in the region of latent heating from tropical deep convection. The mid-

latitudes have alternating areas of negative and positive values that often extend vertically
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over many levels. This pattern could be due to a few dominating frontal systems. Extreme

values were found in frontal regions in chapter 4.

Figure 4.5(c) in chapter 4 is a similar plot ofΓp. So the difference between that figure

and 5.2 gives the equivalent plot forΓadv. When comparing the figures it is evident that much

of the higher level values ofΓ in the extra-tropics of figure 5.2 are associated withΓadv. As

there is not much parametrized heating at these levels (see figure 4.5 (a) or (b)) the large

values ofΓ are likely to be due to advection of strong thermal features.

Figure 5.3 showsΓ and its components at the model level closest to500hPa. Plot (a)

shows the component familiar from chapter 4, the differencefrom between the temperature

tendencies from the parametrizations of the models. Plot (b) shows the second components

of Γ, the advective termsΓadv. It has been calculated from the difference of the field in (a)

and the field in (c), which isΓ as calculated from equation 5.9. It has three zonal regions of

high values. Some of these regions coincide with regions of high parametrized temperature

tendencies in figure 3.3, especially in the tropics. However, in the mid-latitudes are there

large values where there are no parametrized tendencies. Again this is likely to be due

to advection of thermal features. Also worth pointing out ishow features often have the

opposite sign in (a) and (b). This could be due to a compensatory mechanism. When there

is more heating in one of the models, that model may also have more advection which is

diffusing the heating.

Figure 5.4 is the same as figure 5.3 but for850hPa. The main difference between the

two figures can be seen in plot (c). At850hPa the three zonal regions are not as distinctive

as at500hPa. Large values ofΓ are evenly spread over the tropics and mid-latitudes with no

significant gap in between. There are also some instances of high magnitudes in the tropics,

which are less prevalent in the upper level.

Figure 5.5 shows zonal averages for the upper level (500hPa) and the lower level

(850hPa). The dashed lines are zonal means ofΓ and the solid lines are the zonal means of

root mean squared (RMS)Γ. This latter quantity shows the absolute correction, as it does

not take account of sign. Two features are prominent. While RMS Γ at 500hPa (blue) has

three large-scale peaks across the latitudes,Γ at 850hPa (black) is more or less constant

until it reaches the poles. Secondly, both models oscillateabove and below the zero axis in

the mid-latitudes, but while this behaviour continues intothe tropics in the lower level, the
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Figure 5.3: (a) and (b) parts ofΓfor 500hPa described in the text, (c)Γ. Units areK/day.
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Figure 5.4: (a) and (b) parts ofΓ for 850hPa described in the text, (c)Γ. Units areK/day.
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Figure 5.5: Zonal mean ofΓ(dashed) and root mean squareΓ (solid). Blue is500hPa, black
is 850hPa.

upper level is mostly positive there.

Figure 5.6 showsΓ frequency histograms for the three case areas used in chapter 4.

These areas are shown as boxes in figures 5.3 and 5.4. There arethree in the tropics and

three in frontal regions. In comparison with the frequency histograms forP95 (figure 4.1)

these distributions are more symmetrical (smaller skewness). They also have a mean closer

to zero. They do however still have fat tails. Tables in appendix B show statistics forΓ and

its advective component,Γadv, in both the full field and the tropical and frontal regions. The

fat tails of the frequency histograms are apparent in the difference between the5th percentile

and the minimum or the95th percentile and the maximum (see table B.1).

Figure 5.7 is the same as figure 5.6 but for850hPa. In comparison these distributions

of frequency histograms are flatter and have fatter tails. This can also be seen in tables B.1

and B.2 where at850hPa the interquartile range is larger and the5th and95th percentiles

have larger magnitudes than at500hPa.

It is in the extreme values that the distributions vary most.At 500hPa the maximum

and minimum values have larger magnitudes in the fronts while at850hPa the maximum
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Figure 5.6: Frequency histograms ofΓ for six case areas for500hPa.
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Figure 5.7: Frequency histograms ofΓ for six case areas for850hPa.
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Figure 5.8: Box and whisker plots forΓ in the (a) tropics and (b) fronts. The three left boxes
in each plot are from500hPa and the three on the right from850hPa. From the centre, gam
is for Γ adv is forΓadv, and is p forΓp. Units areK/day.

and minimum values have larger magnitudes in the tropics.

Figure 5.8 shows box and whisker plots forΓ and its two components. The box encloses

the 25th to the 75th percentile and the line in the middle of the box is the median.The

whiskers show the maximum and minimum values. The horizontal lines on the whiskers

shows the5th and95th percentile. Plot (a) shows the distribution ofΓ in the three tropical

areas defined in the previous chapter (shown as boxes in figure5.4). Plot (b) shows the

distribution in the three frontal areas. In each plot, the three boxes on the left are from

500hPa level and the three boxes on the right are from the850hPa level. Starting from

the centre and going to the edges the three boxes for each level representΓ(gam), Γadv

(adv), andΓp (p). It can be seen thatΓp has the smallest interquartile range andΓadv the

largest. The lower level has slightly larger interquartileranges, but the distributions have a

similar shape which is mostly symmetrical except for a negative skew between the5th and

95th percentiles. The maximum and minimum values forΓp andΓadv are larger than the

maximum and minimum forΓ. This could be associated with the compensatory mechanism

mentioned earlier.
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Figure 5.9: Conditioned frequency histograms for different ranges at500hPa. The black
solid line isΓ. The dotted line isΓp and the red dashed line isΓadv. The gray bars show the
range the plot was conditioned with (also in title).
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5.4 The Sub-gridscale

It might be considered that one way of improving parametrization in a low resolution model

might be to estimate the sub-gridscale variability. With the models used in this thesis it is

possible to investigate some of the sub-gridscale variability and its relationship toΓ andΓadv.

Below it is found that they are only weakly correlated.

One T95 gridbox encompasses64 corresponding T799 gridboxes. The variance and

interquartile range of these64 gridboxes provide a measure of the sub-gridscale variability

in the T95 gridbox. It is not the total sub-gridscale variability as the T799 gridboxes also

have sub-gridscale variability, but it should be a good indication of it. To find out ifΓ and

the sub-gridscale variability are related a correlation can be calculated between theΓ field

and the gridbox variance or interquartile range fields.

All correlations are found to have a magnitude smaller than0.1 at both500hPa and

850hPa. The advective part ofΓ, Γadv, however has a higher correlation at500hPa. The

average correlation in the six test case areas ofΓadv with gridbox variance is−0.51 and with

gridbox interquartile range−0.53. In contrast, at850hPa the correlations are small or non-

existent with any of the measures. This could be due to the extreme values in theP95 field

found at this level in chapter 4.

The conclusion is that here seems to be some correlation between the sub-gridscale vari-

ability andΓadv. This indicates that there may be a link between sub-gridscale variability and

unresolved wave-wave interactions (as represented byΓadv). This correlation is intuitively

understandable, more sub-gridscale variability should mean more unresolved interactions,

and it is perhaps surprising that the correlation is not stronger.

5.5 Γ in a Stochastic Scheme

The frequency histograms in figures 5.6 and 5.7 could be used to give the characteristics

of the distribution of random numbers in a stochastic scheme. It was seen above that the

distributions ofΓ vary slightly geographically, mainly in the extreme values. This might

need to be represented in a stochastic scheme. Another feature that might be important to

increase the performance of the stochastic scheme is whether the distribution is a function
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of P95. For example, a small value ofP95 may be related to a narrow distribution ofΓ and

a large value ofP95 related to a wide distribution ofΓ. However, it is also possible that the

distribution ofΓ is independent ofP95 and the distribution does not change.

Figure 5.9 indicates the functional relationship betweenΓ andP95. It consists of six

plots, each one conditioned on a specific range ofP95 which is written in the title of the

plot. The range of theP95 values are also marked in each plot by vertical gray lines. The

term “conditioned” means that theΓ field has been sorted into six subgroups corresponding

to six ranges ofP95. The ranges inP95 were chosen to have the width of1K/day. The

middle of the ranges vary from−3K/day to 2K/day. Higher and lower ranges could not

be constructed as there are not sufficient points at higher values to ensure robust results. The

range with the least points is the one conditioned on2.5 < P95 < 3.5 which has266 points.

A frequency histogram is plotted for each conditioned subgroup ofΓ and is indicated by the

solid line in the plots. The values ofΓ in each subgroup have also been separated into the

contribution fromΓadv (red dash) andΓp (dotted). From this it can be seen thatΓadv gives

rise to more of the variability thanΓp.

The distributions ofΓ related toP95 are all much wider than the range ofP95 values

(indicated by the gray bars). The variances of the conditioned distributions ofΓ (shown in

each plot), increase as the numbers in the positive ranges increase. However, this behaviour

is not apparent in the interquartile ranges. This shows thatthe only part of the distribution

of Γ that is dependent onP95 is related to its extreme values. The top left and bottom right

distributions are related to the same range but with opposite signs. Both the variance and the

interquartile range are different. This indicates that thedependence of the distribution ofΓ

onP95 might be different for negative and positiveP95. The correlation between the fullP95

field and theΓ field is−0.17. As the value is small, this means that theΓ field is essentially

unrelated to theP95 field. Any value ofΓ is possible for a given value ofP95.

For a stochastic implementation a distribution is requiredwhich has the same properties

as the distribution ofΓ. As indicated above this distribution may need to vary with geo-

graphical region and height in the atmosphere. Below different distributions are compared

to a typical conditioned distribution ofΓ.

Table 5.1 shows some important quantities for the typical distribution of Γ and two

Gaussian distributions. The first Gaussian is chosen to havethe25th and the75th percentiles
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Figure 5.10: The same as figure 5.9 except with box and whiskerplots. Units areK/day.
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Fn meanvarianceskewnesskurtosis ht min 5% 25% median 75% 95% max
Γ 0.17 14.7 −0.3 5.74 0.08 −28.4 −5.6 −1.8 0.2 2.16 5.9 25.7
Gsn 0.00 8.86 0.00 0.0 0.07 −15.4 −4.9 −2.0 0.00 2.0 4.9 15.1
Gsn2 0.00 14.6 0.00 0.0 0.05 −20 −6.3 −2.6 0.00 2.6 6.3 20
MdC 0.00 17.4 0.00 14.1 0.15 −28.9 −5.24 −0.965 0.00 0.968 5.25 28.9

Table 5.1: Moments and percentiles for four different distributions. From the top they are
the distribution ofΓ, two Gaussian distributions, and finally a modified Cauchy distribution.
Units areK/day except for variance which has unitsK2/day2 and skewness and kurtosis
which have no units.

as close as possible to those of the distribution ofΓ. The second to have the variance as

close as possible. Both provide fits that could generally be considered reasonable, but they

are lacking in one aspect, the minimum and maximum values. A Gaussian distribution does

not have tails fat enough to fit the distribution ofΓ well.

One distribution with fat tails is the Cauchy distribution (Balakrishnan and Nevzorov,

2003). It has the advantage of being an easy distribution to generate random numbers from.

A random number from this distribution,p, can be obtained fromp = tan[π(R− 1

2
)] whereR

is a random number from a uniform distribution of range[0, 1]. The tails on this distribution

extend to infinity so the concept of moments for this distribution is meaningless. This is due

to the value oftan(x) tending to plus or minus infinity whenx tends to±π
2
.

The Cauchy distribution can be modified to have moments by introducing a parameter

α < 1 so thatp = tan[απ(R − 1

2
)]. The range of values in the Cauchy distribution is then

limited and moments are meaningful. To give the the same maximum and minimum values

as the distribution ofΓ, α = 0.978 was chosen.

The modified Cauchy distribution is the last line of table 5.1. Its variance is close to that

of the distribution ofΓ though the kurtosis is higher indicating that it has slightly fatter tails.

This is also suggested by the5th and95th percentile which are similar in both distributions

compared to the25th and75th percentiles which are smaller in the modified Cauchy distri-

bution. The modified distribution also has a higher peak thanthe distribution ofΓ which can

be seen by comparing heights in table 5.1.

Even though the fit is not perfect it is a very simple way to generate random numbers,

which is a major advantage. The final decision will depend on how important the exact

shape of the distribution is. It is notable that none of the distributions here are skewed. An
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alternative is to use a tabulated distribution of a smoothedversion ofΓ.

5.6 Discussion

In this chapter the correction termΓ was studied. From comparing figure 5.3(c) and figure

3.3(a) or (b) it becomes apparent thatΓ is larger where there is heating or cooling in the

model. The increase ofΓ in the subtropics in 5.4(c) is also mirrored in 4.10(a) or (b). Though

in both cases there are more features in the mid-latitudes whenΓ is studied. This is probably

due to advection of thermal fronts.

Given thatΓp was seen to be so skewed in the previous chapter, it is perhapssurprising

to see such symmetrical distributions forΓ as in figure 5.6 coming out of this study. One

explanation of this could be a large negative skewness onΓadv. This is not the case as can

be seen in tables B.3 and B.4 in appendix B. However, figure 5.8reveals another possibility,

Γp may be less important in this case. It is apparent that this distribution ofΓ is strongly

dominated by theΓadv distribution, especially in the interquartile range (see tables B.3 and

B.3). This can also be seen in figure 5.9 where the red dashed line representingΓadv usually

follows the distribution ofΓ(solid line) closer thanΓp (dotted line).

The advection term,Γadv, seems to act as a compensatory mechanism for extreme heat-

ing and cooling, especially in fronts. Often, in figure 5.3 orfigure 5.4, where there is heating

in (a), there is cooling (some times surrounded by heating) in (b). Conversely, often where

there is cooling in (a) there is heating in (b). As the plots show differences this means that

when there is more heating in the T799* model than the T95 model then T799* advection of

cold air is larger than T95 advection making the field at this point negative. Similarly, more

cooling in the T799* model results in more warm advection.

A correlation of about−0.5 was found betweenΓadv and sub-gridscale variability. This

is an indication unresolved wave-wave interactions are an important contribution to unre-

solved variability. In an early implementation of the ECMWFstochastic scheme a pertur-

bation was erroneously applied to the dynamical tendenciesand was found to have some

beneficial effects (R. Hagedorn, personal communication).This may perhaps relate toΓadv

and its connections to the unresolved scales.

For each tendency,P95, there is an associated range of values ofΓ that form a distribu-
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tion. This distribution is weakly dependent on the magnitude of P95 and can give informa-

tion on how a stochastic parametrization might best be implemented. If the fat tails were not

present, the distributions ofΓ would be best fitted by a Gaussian function. However, there

is a distribution which is easily generated and has fat tails(among many others), the Cauchy

distribution. With a modification it can be used to provide random numbers with similar

statistics to those found inΓ. Which one of these distributions should be used depends

which part of the distribution is most important in the implementation.

5.7 Conclusion

This chapter derived a correction term,Γ, for the T95 model. This correction term could be

used in a stochastic scheme.Γ consists of two parts,Γp andΓadv. The former was described

in the chapter 4. In this chapter, the latter was found to be important. It often dominatesΓand

it contributes to most of its variability. It is linked to backscatter from unresolved scales in

the T95 model. Any stochastic scheme which is based onΓp but ignoresΓadv would be

incomplete.

The distribution ofΓ is more symmetrical than that ofP95, but it has the same fat tails.

Conditioned distributions were used to show that there is only a weak dependence ofΓ on

P95. This is mainly linked to extreme values. Two distributionsthat mimic the statistics of

the distribution ofΓ were suggested for a stochastic scheme. A Gaussian distribution has

similar statistics except for the extreme tails. A modified Cauchy distribution on the other

hand has fat tails, but a tall central peak. The final choice will depend on which features are

most desirable in the distribution of the stochastic scheme.



Chapter 6

Lengthscales Relevant to Stochastic

Modelling

6.1 Introduction

There are many reasons why it is important for a stochastic scheme to have carefully chosen

horizontal lengthscales. Buizzaet al. (1999) argue that if the noise put into a model has

too little spatial correlation it will act like white noise in the model and be removed by the

horizontal diffusion. But if the spatial correlation is toolarge then the stochastic scheme has

little effect as it does not introduce enough variability into the model at small scales. So get-

ting the lengthscales in the stochastic scheme right is important to ensure the noise enhances

the right scales and has the impact it was designed to have. For example, to compensate for

a lack of variability a stochastic scheme should increase variability at the scales where the

model is deficient.

There are four lengthscales which are important to understand in a model before intro-

ducing a stochastic scheme. These are the probability distribution function (PDF) length-

scale, the perturbation lengthscale, the backscatter lengthscale and the believable length-

scale. The different lengthscales are all explained below,but in short the PDF lengthscale is

the lengthscale over which the same distribution can be usedto generate random numbers.

The perturbation lengthscale is the lengthscale over whichthe same random number can be

used in the perturbation field. The backscatter lengthscaleis the lengthscale that receives

83
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most of the backscatter from unresolved scales. Finally, the believable lengthscale is the

lengthscale beyond which features in the model are accurately resolved by the numerical

scheme. This lengthscale is mainly included as a theoretical consideration, but is important

nonetheless.

In this chapter the PDF lengthscale is found to be between5◦ and11◦ depending on

method and latitude and the perturbation correlation lengthscale is found to be5◦. This is

slightly shorter than that chosen by ECMWF in their stochastic scheme. It is also found that

adjusting the T95 temperature tendency field (P95) by addingΓ, leads to increasing Fourier

coefficients for the higher wavenumbers. This change is mainly due to weakly correlated

noise. How the lengthscales found can be implemented in the stochastic scheme is also

discussed.

Also included in this chapter is a short section about temporal correlations. The model

setup used in this thesis is not conducive to studying temporal correlations. However, as

this aspect is probably as important as spatial correlations a short section is included. The

chapter concludes with a discussion and a conclusion.

6.2 Spatial Lengthscales

This section is about the four lengthscales mentioned in theintroduction. They are treated

in one subsection each. As in earlier chapter, the lengthscales are studied on two levels

of the model. The first is the model level closest to500hPa and the second is the level

closest to850hPa. Though when the results from the levels are similar only thefirst is

mentioned. This approach is taken for the same reasons it wasin chapter 4. Above the

boundary layer the levels are similar in the aspects relevant for this study so the500hPa

level gives representative results.

6.2.1 The PDF Lengthscale

A stochastic scheme generates random numbers from a distribution which is meant to repre-

sent the distribution of the amplitude of the model error in that area. The probability density

function (PDF) lengthscale is the lengthscale over which the same distribution should be
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Figure 6.1:1/e distance for temperature tendency in the T799* model at500hPa. Units are
degrees.

used to generate the random numbers in the stochastic scheme. At the extremes, it could be

the whole field or just one gridpoint. In section 5.5 it was found that the distribution for a

stochastic scheme varies slightly between the tropics and the mid-latitudes. Perhaps there-

fore the PDF lengthscale should simply be the statement thatthere should be one distribution

valid in the tropics and another in the mid-latitudes. Another option may be that the same

PDF is only valid over one feature. For example over one convective storm in the tropics or

over one front in the mid-latitudes. In that case, the lengthscale of the features in the T799*

temperature tendency field would provide the PDF lengthscale for the T95 model.

Figure 6.1 shows the distance in degrees at which the spatialautocorrelation falls below

1/e ≈ 0.368 for each point in the temperature tendency field in the T799* model at500hPa.

The areas with long1/e distances coincide broadly with the areas of high temperature ten-

dencies in figure 3.3(a). The difference is that here the features are wider, especially in the

case of the fronts. The boxed areas in the plots refer to areasstudied in chapters 4 and 5 and

are retained here for ease of comparison.

The global average1/e distance is defined as the mean1/e distance of all the points

with substantial tendencies. Substantial tendencies are those that are2K/day and larger

in magnitude, though the mean is not sensitive to the exact choice. The global mean1/e

distance for the T799* tendency field is5◦. If the PDF lengthscale was taken to be the

lengthscale of features in the T799* model this is value thatwould be used.
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Figure 6.2: Average correlation of frequency histograms500hPa against the length of the
side of the square area used to construct the frequency histograms. Solid line isΓ, dashed
line Gaussian white noise and dotted line T799* temperaturetendency. Units are K/day.

An alternative definition of the PDF lengthscale is the correlation length of local fre-

quency histograms. Figure 6.2 shows the average correlation of neighbouring frequency

histograms of different spatial scales for three fields. Thespatial scale is the size, in num-

ber of gridboxes, of the side of the square containing the group of gridbox values used to

construct the frequency histograms. This is a variation of aggregated variance described be-

low in section 6.2.3 and in Beran (1994). The correlation is calculated for the four closest

neighbours and averaged over all frequency histograms. Neighbouring frequency histograms

for small lengthscales are very different, but as the numberof gridboxes involved increases,

the frequency histograms become more similar with the correlation tending to1. This is

probably because for short lengthscales some groups contain gridboxes that all have convec-

tion and some groups contain gridboxes without any convection. But as the groups grow

larger they increasingly contain both convecting and non-convecting gridboxes and so the

frequency histograms start to resemble each other.

There are three different quantities in figure 6.2 represented by three different lines:
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solid for Γ, dashed for Gaussian white noise (with the same amplitude asΓ) and dotted for

the T799* temperature tendency. The figure shows that the temperature tendency field has

a high nearest-neighbour correlation at all scales. Gaussian white noise andΓ have much

lower correlations at small scales. This is because features in these fields have much shorter

lengthscales than the temperature tendency field. How fast the average correlation tends to

1 can be seen as a measure of how homogeneous a field is. A field with many, but small

features (such as white noise) will quickly tend to1. A field with large structures converges

much slower.Γ starts out with a low correlation, but soon has a higher correlation than the

temperature tendency field. This is probably an indication of the lack of large structures in

theΓ field as can be seen in figure 5.3. However, theΓ field has more structure than Gaussian

white noise.

The T799* line has sudden jumps, some of which are mirrored inthe Γ line. These

jumps arise from a change in the number of frequency histograms in the calculation and

their positions. The jump at32 is due to moving between three histograms meridionally and

two. When there are three histograms meridionally the middle one covers the tropics while

the other two cover the extra-tropics in either hemisphere.When there are two histograms

meridionally each one covers a hemisphere encompassing both tropics and extra-tropics.

The sudden jump to a higher correlation at32 can therefore be interpreted to mean that the

frequency histogram of the tropics differs from that of the extra-tropics. This indicates that

the field has a three band structure, one in each mid-latitudeand one in the tropics. These

results reinforce the initial statement that perhaps the PDF lengthscale should simply be

different PDFs in the tropics to the mid-latitudes.

The drop at41 is due to going from five to four histograms zonally. This shows that there

is structure zonally as well. In this case it seems there is a wavenumber two in the zonal

structure of the T799* field. This could be due to the relativepositions of the continents,

which influence the tropical convection and the stormtracks. This latter jump does not seem

to affect theΓ line which must have less zonal structure.

Another approach is to consider the lengthscale of sub-gridscale distributions as the

lengthscale of the PDF lengthscale. The sub-gridscale distributions were first mentioned in

section 5.4. The sub-gridscale distribution represents the uncertainty at that gridscale and

can be approximated with a frequency histogram. The sub-gridscale frequency histogram
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Figure 6.3: 1/e distance for the interquartile length of the sub-gridscaletemperature ten-
dency field at500hPa. Units are degrees.

for one T95 gridbox is made up from the64 values of the constituent T799 gridboxes. The

sub-gridscale frequency histogram represents the uncertainty of the T95 gridpoint value.

This is not the full uncertainty as each T799 value also has anuncertainty associated with

it. However, it is assumed here that it is a good approximation to the true uncertainty. One

measure of this sub-gridscale frequency histogram is its interquartile range (the difference

between the75th and25th percentiles). This measures the width of the histogram and gives

a magnitude of the uncertainty.

Figure 6.3 shows the distance at which the correlation of theinterquartile width with

neighbouring gridboxes falls by a factor of1/e. The figure is for500hPa and the correlation

length is measured in degrees. Comparing with the global temperature tendency plot for this

height in figure 3.3(b) shows that many points with high correlation lengths correspond to

points with large temperature tendency. The global average1/e distance, as defined above

but with the lower cut-off limit at4K/day, is 9◦. Again, the average is not sensitive to the

choice of cut-off limit. A higher limit was chosen here as thefield in general has larger

values. The1/e distance differs in the mid-latitudes where it is7◦ to the tropics where it is

11◦. These lengthscales are all longer than the PDF lengthscalecalculated from the T799*

field in figure 6.1.
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Figure 6.4:1/e distance forΓ at500hPa. Units are degrees.

6.2.2 The Perturbation Lengthscale

The perturbation lengthscale is the lengthscale over whichthe same random number is main-

tained in a stochastic scheme. Perturbations in a model needsome spatial coherence other-

wise they are likely to remain just noise at the gridscale andbe dissipated by the model. If

they have some spatial coherence they have a larger chance ofaffecting the larger scales in

the model.

The correlation lengthscale of theΓ field is one way to define the perturbation length-

scale. Again, the correlation lengthscale of a point in the field is the distance at which the

sample autocorrelation averaged over all neighbouring points falls below1/e. Figure 6.4

shows the correlation length ofΓ in degrees at 500hPa. Blue colours show a short correla-

tion length, brown colours show a correlation length of about 10◦ and red colours show a

longer correlation length. Comparing this figure to figure 5.3 shows that the longest corre-

lations correspond to points with large magnitude (negative or positive) in theΓ field. The

correlation length appears shorter in the tropics than in the extra-tropics. However, as lon-

gitudes are closer together at higher latitudes the correlation length measured in kilometres

does not change. The global average1/e distance (defined as for the T799* field) is410km

(or 6◦) at500hPa and360km (or 5◦) at850hPa (not shown).

As was shown in chapter 5,Γ has two components, one from the difference in output of

the parametrizations and one from unresolved wave-wave interactions The former compo-
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Figure 6.5: 1/e distance of difference in output of parametrizations between T799* and
T95 for (a) all parametrizations, (b) cloud and convective parametrizations, and (c) radiation
parametrization.
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nent,Γp, can be further divided into the partial contributions fromthe different parametriza-

tions in the model. This gives an indication of the origin of features observed in the1/e

distance field forΓ.

Figure 6.5(a) shows a world map of the correlation lengths for Γp. Figure 6.5(b) and

(c) show the correlation lengths for differences in the mostimportant parametrizations. The

correlation lengths for the difference in the cloud plus convective parametrizations are shown

in (b) and the correlation lengths for the difference in the radiation parametrizations are

shown in (c). They show much the same characteristic patternwith long correlation lengths

in the tropics where there is heating and along the mid-latitude fronts. However, the locations

of the areas of high correlation do not always coincide. Also, the radiation has a lot more

shorter length correlations dotted around. This is probably because the difference in radiation

between models is small. Therefore as the spread of values issmaller in the difference field

then correlations become stronger. The average global1/e distance is for (a)6◦, (b) 6◦, and

(c) 10◦. The similarity between figure 6.5(a) and figure 6.5(b) suggests that the cloud and

convection schemes dominate the correlation field ofΓp.

6.2.3 The Backscatter Lengthscale

The backscatter lengthscale is interesting as a diagnostictool and for theoretical reasons.

Backscatter is energy or enstrophy that moves from short lengthscales to longer length-

scales through wave-wave interactions. In a standard numerical weather prediction model

the backscatter that needs to be simulated is that from the unresolved spatial scales to the

resolved scales. The lengthscales of the backscatter are the lengthscales at which the model

should be forced.

The backscatter lengthscale is similar to the perturbationlengthscale. The lengthscale

of the random numbers used to force the model dictates at which wavelength it will have

most impact. But while the perturbation lengthscale takes into account the properties of the

parametrizations and the unresolved dynamics when it is calculated, the backscatter length-

scales are the lengthscales most enhanced by the backscatter.

Figure 6.6 shows the inverse Fourier transform of six fields against the total wavenum-

ber. The average squared Fourier coefficient is found by squaring the negative and positive
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Figure 6.6: Inverse Fourier transform of six fields at500hPa. See text for details.

Fourier coefficient for each meridional and zonal wavenumber and adding that value to the

value for the corresponding total wavenumber. Note that this calculation does not involve

spherical harmonics. It is a 2-D Fourier transform of the gridpoint field as spherical har-

monics are not available for all these fields. This means thatvalues for the smallest wave

numbers may not be reliable.

The solid line in the lower group isΓ. Its components are plotted in grey. The dashed

line isΓp and the dash-dot line isΓadv. (See chapter 5 for an explanation of the components

of Γ.) The three lower curves have been multiplied by0.1 to make the figure clearer. If these

curves had not been reduced by a factor of0.1, theΓ curve would be plotted on top ofP95+Γ

curve at large wave numbers. The most obvious feature of the inverse transform ofΓ are the

high values of the Fourier components from about wavenumber15 to wavenumber45. It is

particularly prominent for theΓadv field.

For the three upper curves, the dashed line is the T95 parametrized temperature tendency

field (P95) and the dash-dot line is theP799∗ field. The solid line is theP95 field whenΓ is

added to it. It is called the adjusted field. It can be seen thataddingΓ to theP95 field
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leads to higher coefficients thanP95 at all wavenumbers higher than15. Some of this can be

accounted for by considering the horizontal diffusion in the T95 model, but not all of it as

some long lengthscales which would be almost untouched by horizontal diffusion are also

enhanced. TheP799∗ line also representsP95 + Γp asΓp = P799∗ − P95. Comparing this line

with P95 +Γ shows that the increase in the adjusted field at high wavenumbers is mainly due

to Γadv.

A way of quantitively calculating how different the spectrain figure 6.6 are is using an

average wavenumber,k̄, as in Fjørtoft (1953). The average wavenumber can be found from:

k̄2

M
∑

k=1

P (k) =

M
∑

k=1

k2P (k)

whereP (k) represents the total wavenumber coefficientP (k) = |ck|2 + |c−k|2 for all Fourier

coefficientsck at spatial scalek. For the original T95 field̄k = 31. WhenΓ is added to make

the adjusted field then̄k = 41, quantifying the shift to higher wavenumbers.

It is possible to calculate the correlation lengthscale equivalent of the wavenumbers.

This is easily done as the wavelength corresponding to a wavenumber is2π larger than the

corresponding correlation length. Wavenumber15 corresponds to a correlation length of

425km. This is close to410km, the global average1/e distance of theΓ field (figure 6.4).

Aggregated variance can be used to find out more about this backscatter and its com-

ponents. Aggregated variance is the variance of the averagefor groups of gridboxes of

increasing size and is described in Beran (1994). As the number of gridboxes in the average

grows the variance of the averages naturally decreases.

To express this mathematically, for a set of data,x1, ..., xn, an average can be calculated

for j adjacent values (eg.j = 2 givesave(x1, x2), ave(x3, x4), ...) The variance of the

averages is then the aggregated variance for that value ofj. How the aggregated variance

decreases with increasingj depends on the correlation between points in the field. For

Gaussian white noise the decrease is proportional toj−1. Translated to two dimensions, the

quantityj becomesn, the number of gridboxes in the group that is averaged over. The figure

6.7 shows that there are non-zero correlations in theΓ field. Also plotted is the aggregated

variance forΓp (dashed) a andΓadv (dash-dot). They show that it isΓp that tends to giveΓ

its spatial correlation whereasΓadv has a fall-off closer to then−1 of white noise.
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Figure 6.7: Aggregated variance ofΓ and its components. Also marked is their fall-off with
sample size,n. The solid line isΓ, the dashed line isγp and the dash-dot line isΓadv. All
lines are shifted to coincide at (1,0).

As is evident from figure 6.6 it is theΓadv component ofΓ that provides most of the

increase in power for the high wavenumbers ofP95+Γ. Figure 6.7 shows that this component

has very low autocorrelations, almost to the point of being white noise. This indicates that

in this model backscatter is weakly correlated white noise.

6.2.4 The Believable Lengthscale

The believable lengthscale is the lengthscale above which afeature is accurately represented.

This lengthscale is discussed in Lander and Hoskins (1997) where the believable lengthscales

in a spectral model are studied. The authors divide the modelfield into two components, the

believable components which are well described at the current resolution and the unbeliev-

able components which are distorted. As parametrizations work at the gridscale, they are

particularly influenced by this distortion. Convection forexample is highly non-linear so

the unbelievable components could potentially be very harmful. By using a point-spread

function Lander and Hoskins conclude that for a spectral model the believable lengthscale
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is a factor
√

2 less than the truncation wavenumberM . The authors argue that parametriza-

tions should only deal with the believable scales. For the T95 model, the believable scale is

95/
√

2 ≈ 67. So the parametrizations of the T95 model should ideally useinputs and give

outputs on a T63 grid, the closest standard grid.

Unfortunately the validity of this lengthscale in the ECMWFmodel cannot be tested

using the model setup in this thesis. However, the gridscaleequivalent of T63 is most likely

the believable lengthscale for the T95 model. A T63 model with a linear grid (as T95 is

linear) would have a gridbox of approximate size2.9◦×2.9◦. On the equator this is a gridbox

with about300km as its side. It is reassuring that the other three lengthscales calculated

above all are longer than this.

6.3 Implementation of Lengthscales

In this chapter four different lengthscales have been discussed. However, the use of the

chosen lengthscales in the stochastic scheme is not straightforward. The simplest way is

perhaps following Buizzaet al. (1999). They use the same random number over a certain

number of gridpoints and then use a different number in the next area. This gives an area with

spatial autocorrelation of1 until the edge is reached where the autocorrelation will suddenly

change.

Another possibility is to use defined areas but to slowly change one number into that of

the neighbouring area in a way that keeps the autocorrelation to the chosen value. This can

be done by a pre-calculated matrix which when multiplied by the correct amplitude gives a

perturbation field with the right spatial correlations. This method was used by Berloff (2005).

However the method fails if neighbouring points are too positively correlated, in which case

a non-uniform grid must be used.

A variation of this is to create a perturbation field by addingrandom numbers as Gaus-

sian bumps. This method is briefly described in chapter 5 of Done (2002). First every point

in the field is given a random number. A two-dimensional Gaussian function of the required

width is then multiplied onto every point and added to all surrounding points. The final field

is the sum of all the local Gaussian functions. By choosing the width of the Gaussian func-

tions to be that of the desired lengthscale a suitable field for the stochastic scheme can be
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created. Neither of the two latter methods need to be calculated every timestep. If the field

is made cyclical to fit on a sphere then it can just be rotated toa new position when the next

set of random numbers for the stochastic scheme need to be calculated.

A different approach suggested in Palmer (2001) and implemented in Shutts (2004) is

to use a cellular automaton (CA). A CA employs a set of rules which are used to modify a

field of numbers. These rules can be chosen so that certain lengthscales are preferred. CAs

also have the advantage that they can be modified to produce waves which look dynamically

correct. For example, the CA in Shutts (2004) resembles gravity currents spreading out and

interacting.

In section 6.2.1 the PDF lengthscale was defined as the lengthscale over which the dis-

tribution used to generate the random numbers is valid over and it was found to depend on

latitude. When implementing any of the above methods this lengthscale should be consid-

ered. For the methods with slowly changing perturbations the dependence on latitude would

mean that the ways in which a cyclical perturbation field can be rotated would be limited.

For the CA it would mean that the rules have to change with latitude. It is uncertain if adding

this extra complexity to the scheme would be justified in reality.

It is not clear at this time which method is preferable. This may depend on the particular

model and how much processor time can be allocated to the stochastic scheme. There are

many different approaches currently being tried and it can be hoped that it will become clear

in the future which scheme is optimum.

6.4 Time Correlations

Temporal as well as spatial correlations are required in a stochastic scheme. The time correla-

tion chosen can influence the response of the model to the scheme. Lin and Neelin (2002) for

example found that a20min timescale seemed to favour a dry dynamical response whereasa

longer timescale (2h or1day) enabled the moist response to make a larger contribution. They

also found that a1day autocorrelation of the stochastic perturbations gave the largest impact

on intra-seasonal timescales in the model. Buizzaet al. (1999) found that analogously to

spatial scales, if the time correlation is short then their scheme had very little effect on the

model. In an experiment using a simple model Wilks (2005) found that time correlation and
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Figure 6.8:Γ at 5 hours againstΓ at 6 hours for500hPa. The line representsx = y.

amplitude of the forcing noise was more important than the spatial correlation. Both Buizza

et al. (1999) and Wilks (2005) found that timescales and amplitudecould compensate each

other. Within a range of reasonable parameters, a short timescale and a large amplitude gives

a similar effect to a long timescale and a small amplitude.

The ideal time correlation probably depends on the type of forecast that is being done

and the resolution of the model. Timescales of minutes are relevant to convection, the field

which is dominating these results. Timescales of hours are relevant to small mesoscale struc-

tures which is what Buizzaet al. (1999) are trying to represent in their scheme. Also, their

scheme was optimised to give the best result on day seven of the forecast. Their final choice

was a timescale of6h. Timescales of days are relevant to synoptic structures andgives

the largest impact on intra-seasonal timescales. This is the timescale which Lin and Neelin

(2002) chose as they were trying to increase model variability of daily precipitation.

Unfortunately the method chosen in this thesis cannot readily be used to calculate time

correlations. As the temperature tendencies can only be taken from a short period of time

in the run, long time series are impossible. Values can only be taken at the point in time
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when spin-up error is minimised but the models still have notdiverged significantly from

each other. However, this does not preclude an indicative study.

Figure 6.8 is the correlation betweenΓ for two adjacent timesteps of the T95 model (1h)

at 500hPa. The correlation is low,0.25. At 850hPa it is slightly larger,0.45 (not shown).

Both these values indicate very small correlations in time for theΓ field. For the purposes of

a stochastic scheme it is interesting to find the correlationfor large structures. One way of

doing this is by removing any point that has values at both time points with a magnitude less

than4K/day. However, the increase in the correlation to0.27 is only minimal. These low

values mean that points would decorrelate in time in less than a timestep, that is in less than

1h. This is a surprisingly short timescale.

6.5 Discussion

The four lengthscales discussed in this chapter each play animportant part in providing

information for a stochastic scheme. They not only provide the lengthscales to be used in the

stochastic scheme but also provide information on the spatial structure of the fields. Figure

6.2 showed how theΓ field has structure even though in many senses it looks like a random

field. The most evident aspect of this structure is the concentration ofΓ in the tropics and

in the mid-latitudes. It would seem quite natural for that tobe so as this is where most of

thermal heating in the model – and in the real world – is. Perhaps for the PDF lengthscale

only two different distributions are necessary to generaterandom numbers in the stochastic

scheme.

To get a more quantitative evaluation of the PDF lengthscalethe 1/e distance of the

T799* temperature tendency field and the1/e distance of the sub-gridscale interquartile

range were studied. These were found to be5◦ and9◦ respectively. It is not clear which is

the better overall measure for the PDF lengthscale. The sub-gridscale interquartile range1/e

field was further divided into the mid-latitudes, where the average1/e distance was found to

be7◦, and the tropics, where it was found to be11◦. The longer lengthscale in the tropics is

most likely due to the large scale of the regions of convection. The largest area of coherent

convection can be found in the western Pacific and South-EastAsia. This area is known

for its vigorous convection due to warm sea surface temperatures. In the mid-latitudes the
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dominant convection is along fronts so the spatial scale is shorter. For this reason, it would

be worth considering using a slightly different PDF lengthscale in the tropics than in the

mid-latitudes.

It is necessary to specify the perturbation lengthscale to ensure that the stochastic im-

plementation has the desired impact. AsΓ is derived as a correction term its characteristic

lengthscales should give a pointer to the scale at which corrections are likely to be needed.

The1/e distance ofΓ is remarkably similar across all latitudes, as seen in figure6.4 where it

was found to be6◦ or 410km. As mentioned earlier, theΓ field has structure, most notably

it has a zonal structure with three bands. As was found in the previous chapter, the tropical

band behaviour is caused by a different component ofΓ to the mid-latitude bands. Therefore

the uniformity of the1/e distance is perhaps surprising, but for the parametrization devel-

oper, fortuitous. In the ECMWF operational stochastic scheme Buizzaet al. (1999) use a

lengthscale of10◦ over which the same random number is used. They also performed exper-

iments using5◦ with similar results. This may indicate that the model is notvery sensitive

to the perturbation lengthscale.

Figure 6.5 shows that of all the parametrizations, it is probably the cloud and convection

parametrizations that have the most influence on the lengthscales ofΓp and therefore possibly

the lengthscales ofΓ. The other important parametrization at this level, radiation, has a much

longer lengthscale which does not appear to be important in the Γp field. However,Γadv

probably has the most impact on the lengthscales ofΓ in the model. Figure 6.6 shows the

Fourier coefficients of theΓ field against wavenumber. In agreement with the results from

studying the perturbation lengthscale, it shows that about400km (wave number15) is an

important correlation length in the model. When addingΓ to the T95 tendencies it is at this

lengthscale that the power increases most and this increaseis mainly due toΓadv. It is perhaps

surprising that wave numbers as small as15 are directly affected by backscatter. It indicates

that the backscatter is important to include in a stochasticscheme. Further analysis of theΓ

field using aggregated variance shows that this backscatteris largely weakly correlated white

noise.

A stochastic scheme which has an impact on the spectrum of themodel has already

been tested at ECMWF. The Cellular Automaton Stochastic Backscatter Scheme (CASBS,

Shutts, 2004) was found to change the kinetic energy spectrum at high wave numbers. It
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is still unclear if the spectrum change happens for the rightreasons, but the scheme has a

generally beneficial effect on the spread of the ensemble prediction system at ECMWF.

The change in the spectrum in Shutts (2004) is not directly comparable with the change

seen in figure 6.6 as the type of spectrum is different, and thechange occurred dynamically in

Shutts (2004) while it is added off-line here. However, it does show that a stochastic scheme

has the potential to add power to the shorter wavelengths in the model, just as backscatter

may do in reality.

The believable lengthscale in the T95 model was found to be2.9◦ (about300km at the

equator). This is shorter than the lengthscales found for the PDF, perturbation and backscat-

ter lengthscales. This is important as it means that these lengthscales found derive from

believable structures in the model. It increases the reliability of the results obtained in this

chapter. It is also significant that most of the lengthscalesof the backscatter were found to

be longer than the believable lengthscale. It shows that forcing a model with stochastic noise

at the gridbox lengthscale is not realistic.

6.6 Conclusion

This chapter has considered lengthscales in the model. It isone of the essential diagnostics

that should be done in a model prior to the implementation of astochastic scheme. The PDF

lengthscale is between5◦ and11◦ (depending on method and region) and the perturbation

lengthscale about5◦. The latter is less than that used in the ECWMF stochastic scheme

(Buizza et al., 1999). The backscatter from unresolved waves in the model was studied

through an inverse Fourier transform which revealed that its preferred lengthscales were

wavenumber15 to 45.

The adjusted T95 temperature tendency field has more structure at this lengthscale than

the unadjusted T95 field. Lengthscales can be imposed on stochastic noise by using a Gaus-

sian or exponential characterisation to shape the field. Shutts (2004) has also demonstrated

the viability of using a cellular automaton.

Unfortunately in this work there was no opportunity to give more than an indication of

the relevant temporal scales. These are important and should be considered in future work.

Another important parameter in a stochastic scheme is the amplitude of perturbations in the
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model. This is studied in the next chapter as part of an evaluation of the ECMWF stochastic

scheme.



Chapter 7

Evaluating the ECMWF Stochastic

Scheme

7.1 Introduction

The European Centre for Medium-range Weather Forecasts (ECMWF) were the first institu-

tion to implement a stochastic scheme in an operational weather forecast ensemble. It is a

simple scheme but it is powerful enough to improve the skill of the model. There is scope for

the scheme to have even more impact (Shutts, 2004), so it is worth studying the scheme to

find which parts can be improved. The spatial and temporal scales of the ECMWF stochastic

scheme were studied in chapter 5. In this chapter some more explicit and implicit features

of the scheme will be studied.

One of the main parameters in the scheme is the amplitude of the perturbation. This

is found here to be appropriate in the tropics but not as good in the mid-latitudes. A basic

feature in the ECMWF scheme is the use of multiplicative noise, but it is found here that in

some instances additive noise is needed as well. This chapter begins with some theory on

linear modelling followed by an introduction to the ECMWF scheme and its assumptions.

These assumptions are tested through conditioned frequency histograms and mixed effects

linear models. The final parts of the chapter discuss the results and provide some comments

on the ECMWF scheme.

102
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7.1.1 Mixed Effects Linear Modelling

Some of the assumptions inherent in the ECMWF scheme can be tested using the parametrized

temperature tendencies,P95, found in chapter 4. These tendencies can be compared to the

adjusted field,P95 + Γ, whereΓ is the correction term which was derived in chapter 5. It

gives the change in the parametrized temperature tendencies needed to adjust the model to

evolve more like a higher resolution model. Scatter plots ofP95 againstP95 + Γ provide

a basis for investigating howP95 can be used as a predictor to obtainP95 + Γ, the desired

tendency. To do this it is necessary to introduce mixed effects linear modelling (Snijders,

1999). A standard linear model is written

y = a + bx, (7.1)

wherea andb are constants andx is used to predicty. In this model the points of a scatter

plot all lie close to the line given byx andy. A linearfixedeffects model is written

y = a + bx + ξ, (7.2)

whereξ is a random term with standard deviationσξ. The distribution ofy has a mean of

a + bx and a variance ofσ2
ξ or in the standard notation,y ∼ N(a + bx, σ2

ξ ). In a scatter plot

for this model the points are evenly distributed around the liney = a + bx. A linear random

effects model is written

y = a + (b + η)x, (7.3)

whereη is a random term with standard deviationση. Now y is distributed asy ∼ N(a +

b′x, σ2
ηx

2), whereb′ = b + η which is distributed asb′ ∼ N(b, σ2
η). In this case, a scatter plot

of this model is fan shaped. For smallx the points will never fall far from the liney = a+b′x,

whereb′ is the mean value ofb′. But for largex points are more likely to fall further away

from that line. The ECMWF scheme uses a random effects model for its stochastic noise. In

their casea = 0 andb = 1 and random numbers with zero mean are used.

The fixed effects and the random effects models can be combined to make a mixed
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effects model. This model is written

y = a + (b + η)x + ξ. (7.4)

Now y is distributed asy ∼ N(a + b′x, σ2
ηx

2 + σ2
ξ ) with b′ being distributed as before.

When fitting a mixed effects linear model it is posable to calculate the percentage of the

variance explained by random effects,R, and the percentage explained by fixed effects,F :

R =
σ2

η

σ2
η + σ2

ξ

, F =
σ2

ξ

σ2
η + σ2

ξ

. (7.5)

By calculating the importance of R and F in the fit of the mixed effects model it can be found

whether a fixed effects or random effects model describes theproblems most accurately.

7.1.2 The ECMWF Stochastic Scheme

The ECMWF stochastic scheme was implemented operationallyin the ensemble prediction

system in 1998 and is described in Buizzaet al. (1999). It has also been described here in

section 3.1. A brief summary of the relevant details follows. The implementation can be

represented as

Ẋ = D + P + εP (7.6)

whereX is a prognostic variable,D is the forcing from the dynamics,P is the forcing from

the parametrizations andε is a random number. This work concentrates on the temperature

tendencies. The range ofε is [−0.5, 0.5] and it is taken from a uniform distribution. Therefore

the value calculated by the parametrizations,P , will be perturbed by between half and one

and a half times its value. There is a spatial and temporal extent toε as was discussed in

chapter 6. The same value forε is used over10◦ boxes in the model and for6h.

There are a number of implicit assumptions built into this scheme. The first is that the

perturbed value,(P + εP ), can never have a different sign toP . So heating can never turn

into cooling or vice versa when the temperature tendency is perturbed. The second implicit

assumption is that the size of the perturbation is determined by the magnitude ofP . The

stochastic scheme is designed to represent the uncertaintywhich arises from the subgrid-
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scale variability. It is assumed that the subgridscale variability is linearly proportional to the

magnitude of the gridbox average tendency,P . Therefore whenP is large the subgridscale

variability is assumed to also be large and vice versa.

7.2 Testing the Assumptions

In this section the choice of amplitude, the proportionality assumption and the decision not

to use additive noise are tested. Using the same variables asin equation 7.6, the adjusted

model can be written as

Ẋ = D + P + Γ. (7.7)

Through comparison with equation 7.6 (and puttingP = P95) it can be seen that the adjusted

field is equal to the perturbed tendency,

P95 + Γ = P + εP. (7.8)

This is the basis of the tests used in this chapter. As in earlier chapters it is mainly the

model level closest to500hPa which is studied. It is normally representative of the upper

troposphere. As a complement, data from the model level closest to850hPa is sometimes

used.

7.2.1 The Amplitude

The ECMWF stochastic scheme multiplies tendencies by a uniform random number that

changes them to somewhere between a half and one and a half times their value. Figure

7.1 gives a measure of how good this choice of amplitude is. The figure shows the ratio of

the adjusted field to theP95 field. From relation 7.8 it can be seen that this ratio is equal

to ε. Points where the adjusted field falls below4K/day have been masked out (appear in

gray). This was done to make the plot clearer. Points coloured in green are points where

the ECMWF stochastic scheme has an appropriate amplitude. Blue points show where the

ECMWF scheme needs to a have a lower value on the lower bound ofthe amplitude range.

Red points show where a higher value on the upper bound of the range would be appropriate.
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Figure 7.1: P95+Γ

P95
at 500hPa. Values on points where the temperature tendency in the ad-

justed field falls below4K have been set to zero. White points are negative.

Yellow points show where a much higher upper bound would be appropriate. White areas

are areas where the adjusted field and theP95 field are not of the same sign.

Green colours show up mostly in the tropics indicating that in this region the range of

the amplitude is in good agreement with the choice at ECMWF. Though there are some red

points which might indicate that the upper bound could be higher. There are few white points

in the tropics and they often appear isolated. The number of green points are much less in the

mid-latitudes. Here there are mostly red, yellow and white points. It is possible that some

of the yellow and white points may be caused by timing differences in the models. This is

especially likely in the mid-latitudes. However, the spin-up time is short (see section 3.2.3)

so this effect should not be large. Therefore regions with many yellow or white points may

indicate regions where a linear multiplicative scheme may not be suitable.

7.2.2 Proportionality

The ECMWF stochastic scheme assumes that the larger the tendency in the model the more

variability there is. Figure 7.2 shows conditioned frequency histograms similar to those

in figure 5.9. The values in the frequency histograms are fromthe adjusted field. They

are divided into different frequency histograms accordingto which range the corresponding

points in theP95 field fall within. The frequency histograms are therefore conditioned by
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Figure 7.2: Frequency histograms of the adjusted field conditioned on theP95 field at
500hPa.
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theP95 field. The ranges have a width of1K/day and incorporate values between−3.5 to

3.5K/day. These limits were chosen to ensure that the frequency histograms have enough

points to be robust. It would have been preferable to have some ranges at larger values, but

it was not possible with this data.

In each plot of figure 7.2 two gray bars show the range of valuesthat have conditioned

the frequency histogram. Also shown are the mean, variance and interquartile range written

in units of K/day (except variance which has unitsK2/day2). The mean of the range of

values of theP95 field used in the conditioning is always close to the centre ofthe range

(±0.1K/day). This is not true for the conditioned values. Negative ranges have a more

positive mean than the centre of the range and and positive ranges also have a more positive

mean than the centre of the range. This could be an indicationthat there is a constant offset

between the model and the adjusted model. It is probably related to the differences in the

mean and median found between the T95 and T799* models in chapter 4.

The most important feature in figure 7.2 is that in all cases the range of values in the

histogram is much larger than the range used to condition it.The width or the variance of

the histogram represents the uncertainty associated with using theP95 tendency to predict

the adjusted field. It is this uncertainty the ECMWF assumption of proportionality is trying

to model.

For the positive ranges the variance of the histogram increases as the mean of the range

increases, consistent with the assumption in the ECMWF stochastic scheme. In contrast, the

interquartile range decreases with increasing mean of the conditioning range. It is therefore

likely that the increase in variance is due to an increase in the magnitude of the outliers

which does not affect the interquartile range of the histogram. This is an indication that the

increase of uncertainty with magnitude ofP95 may be a nonlinear process. The behaviour

in the negative ranges does not show the same pattern as in thepositive ranges. In the two

negative ranges there is not much difference in either variance or interquartile range.

Figure 7.3 shows how the standard deviation (crosses) and interquartile range (dia-

monds) of the conditioned plots in figure 7.2 vary with the mean of the range of values

used to condition them. Values for500hPa are plotted in black and values for850hPa are

plotted in red. The solid line in figure 7.3 represents the ECMWF stochastic assumption of

linear proportionality. For the500hPa standard deviation the assumption is not good. This
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Figure 7.3: Standard deviation (crosses) and interquartile range (diamonds) against range
mean for conditioned frequency histograms on two levels,500hPa (black) and850hPa
(red). Dashed lines are fits to the standard deviation.

is mainly because negative values do not seem to depend on therange mean. At850hPa the

assumption is better. In both cases the slope of the fit to the positive points (dashed line) is

shallower than that assumed in the ECMWF scheme.

The sub-gridscale variability calculated in section 5.4 can be used to test whether the

gridbox value ofP95 is a good indicator of subgridscale variability. It uses thehigh resolution

T799 model to calculate variances and interquartile rangesof unresolved components in the

T95 model which are used as a measure for the sub-gridscale variability. The correlation

between the fullP95 field and the high resolution variances and interquartile ranges should

be large ifP95 is a good indicator. For500hPa the correlations are0.28 and0.53 for the

variance and interquartile range respectively. At850hPa the correlations are0.15 and0.20

respectively. Correlations in specific regions were also tried but with no improvement in

the correlation coefficient. This indicates thatP95 cannot be used as a reliable predictor of

subgridscale activity.
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Figure 7.4: Scatter ofP95 against the adjusted field in (a) three tropical regions and (b) three
frontal regions with their associated residuals (c) and (d)respectively. See text for meaning
of red lines. Data is from500hPa and units areK/day.

7.2.3 Including Additive Noise

Additive noise, as mentioned in section 7.1.1, is not used inthe ECMWF stochastic scheme.

This section will investigate whether it should be considered. Figures 7.4(a) and (b) show

scatter plots ofP95 against the adjusted fieldP95 +Γ for three tropical and three frontal areas

combined. These six areas are the same ones discussed in chapter 4 and shown in figure 3.3.

The red lines in (a) and (b) represent linear fits minimising theχ2-statistic. The coefficients

of the fit and the value ofχ2 are printed in each plot. In the tropical scatter plot the general

shape of the scattered points is a cloud clustered along the line of best fit. The shape is

similar in the frontal scatter plot, but with the addition ofsome larger values. The largest

difference between the coefficients of the fit in the tropics and in the fronts is in the intercept,
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Figure 7.5: Scatter ofP95 againstP95 + Γp for radiation (black) and cloud and convection
(red) in (a) three tropical regions and (b) three frontal areas with their associated residuals
(c) and (d) respectively. Data is for500hPa and units areK/day.

a, which is twice as big in the tropics as in the fronts. In both casesb ≈ 0.7, less than the

b = 1 in the ECMWF scheme.

Figures 7.4(c) and (d) show the residuals from figures 7.4(a)and (b) respectively. The

residuals show two important features. The first concerns the scatter about the abscissae. It

is clear that in contrast to multiplicative noise the scatter about the line is not larger for larger

values ofP95. In fact the reverse may be the case. The second feature is shown by the red

lines in figures (c) and (d). The red lines represent a runningbox average of20 values. If

a linear model were exact then this line would lie along abscissa. However, in both (c) and

(d) the lines are at an angle to the abscissa. This implies that a non-linear model may be

appropriate.
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Some information on the physical processes involved can be gained by looking at the

most important parametrizations. Instead of plottingP95 againstP95 + Γ as in figure 7.4(a)

and (b),P95 can be plotted againstP95 + Γp, whereΓp was defined in section 5.2 and repre-

sents the difference in the output from the parametrizations of the model and those of its high

resolution counterpart. Figure 7.5 was created usingΓp for only the radiation parametriza-

tion (black crosses) and for only the cloud and convective parametrizations (red crosses).

Plot (a) shows the tropics, (b) the fronts and (c) and (d) their respective residuals. The radia-

tion accounts for the most of the values close to the ordinateand also most negative values.

Clouds and convection accounts for the majority of the positive values and definitely most

large positive values. This is true both in the tropics and inthe fronts. These results agree

with what was found in chapter 4.

The residuals in figure 7.5(c) and (d) show two different behaviours. In the case of the

radiation parametrization (black) the residuals are very similar to that in figure 7.4(c) and (d)

where the points are evenly distributed about the abscissa (except for the extreme ends of the

frontal scatter which has some anomalous points). In the case of the cloud and convection

parametrizations however the scatter about the abscissa increases for larger values ofP95.

This could mean that additive noise is most appropriate for the radiation parametrization and

multiplicative noise appropriate for the cloud and convection parametrizations. Also shown

in (c) and (d) are running box averages of20 values for each parametrization (blue lines). In

common with 7.4(c) and (d) non-linear behaviour is observed.

The importance of random (R) and fixed (F ) effects in a model were defined in equation

7.5. Figure 7.6 showsR andF for 500hPa. The figure was created by fitting a mixed

effects models for regions18◦ wide and16.2◦ long. To remove small values, regions where

the average tendency is less than3.2K/day are masked out. Red boxes indicate regions

where fixed effects are important and blue boxes where randomeffects are important. The

figure shows that on the day this data is taken from, many regions in the tropics can be fully

modelled by a random effects models such as is used by ECMWF. Both R andF are most

prevalent in the tropics. However, the total number of regions which are well explained by

fixed effects are less than those well explained by random effects. The two regions known

to contain frontal systems, South Alaska and the sea outsidethe East coast of Argentina (see

figure 3.5), are explained equally well by both fixed effects and random effects.
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Figure 7.6: The relative importance of random and fixed effects expressed as a percentage of
the variance. White areas are those where there were no largetemperature tendencies.

7.3 Discussion

The ECMWF stochastic scheme has been shown to give some improvement to the skill of the

forecast, but there is a possibility it could be even more beneficial. For example, even though

including the scheme provides more spread in the ensemble than without it, the spread is still

not sufficient (Buizzaet al., 1999). In this chapter some of the assumptions of the scheme

have been studied to try to identify areas where improvements could be made.

In chapter 4 and 5 it was suggested that a good distribution for stochastic perturbations

should be Gaussian with long tails rather than the uniform distribution used by ECMWF.

Chapter 6 already considered the choice of temporal and spatial scales of the ECMWF

scheme. The third parameter of the scheme is the amplitude. Figure 7.1 is an attempt to

evaluate the choice of amplitude. It indicates that the choice is good in the tropics but not

so in the mid-latitudes. However as there are a large number of areas where the sign is

reversed it would seem there is a fundamental problem other than an incorrect choice of am-

plitude. If the effect is not entirely due to timing differences, it may be an indication that a
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multiplicative or linear scheme is not suitable.

A multiplicative stochastic scheme is based on the assumption that subgridscale vari-

ability is large when the gridbox average is large. However,correlations run on the full field

showed that this is not the case. It is possible that one explanation for the low correlations

is that there is subgridscale variability which is large butthat cancels out in the average.

Another possibility is that the convection scheme may be on the verge of convecting. The

tendency would still be zero so a multiplicative scheme would not give an accurate represen-

tation of the uncertainty. To represent the uncertainty associated with these cases an additive

noise term could be added to the scheme. This additive noise term would also allow the

perturbed tendency to be of a different sign than the unperturbed tendency.

In chapter 5 the important correction componentΓadv was found to be weakly correlated

white noise. This component could be simulated with additive noise. Another advantage of

additive noise over multiplicative noise is that less care needs to be taken to it integrate

correctly. Ewaldet al. (2004) showed that wrongly integrated multiplicative noise leads to a

less effective stochastic scheme.

In figure 7.5 the scatter is divided into the cloud plus convective parametrizations and

the radiation parametrization. The behaviour of the two sets of parametrizations is quite

different. While the spread of the points around the linear fit increases with magnitude of

P95 for the cloud and convective points (showing typical multiplicative noise behaviour)

the spread of the points around the linear fit for the radiation points is independent of the

magnitude ofP95 (showing typical additive noise behaviour).

It is possible that convective processes which dominate in the tropics often have a multi-

plicative noise behaviour. Though the number of red regionsin figure 7.6 which indicate that

additive noise is important in the tropics shows that it is not always so. In the mid-latitude

fronts radiation processes become more important than theyare in the tropics. This may

mean that it is beneficial to have an additive term in the modelhere. However, it should not

be a purely additive model. The mixed effects modelling in figure 7.6 shows that in the fronts

additive and multiplicative noise explain about half of thevariance each.

The different behaviour of the different parametrizationsis also evident in figure 7.3.

There the positive points behave differently to the negative points. This is probably due to

cloud and convective processes dominating the positive points and radiation dominating the
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negative points, as was mentioned above. It was noted in chapter 5 that the negative points

may need to be treated differently than the positive points in a stochastic scheme. Figure

7.3 has highlighted this again. One approach would be to makethe noise multiplicative for

positive tendencies, but additive for negative tendencies. Alternatively, the tendencies from

the radiation scheme could be perturbed differently from those from the cloud and convective

schemes.

In the scatter plots in figure 7.4, the main difference between tropics and fronts lay not

in how the scatter differed, but in the intercept of the fit. The intercept is twice as big in

the tropics as in the frontal areas. This is probably relatedto the shift of the means of the

conditioned frequency histograms to the positive side of the range mean in figure 7.2. It is

also likely to be related to the difference in median that wasfound in the tropics betweenP95

and the truncated high resolution fieldP799

95
in chapter 4.

The residuals in figure 7.4(c) and (d) imply that the relationbetweenP95 andP95 + Γ

may not be linear. This is also seen in the conditioned frequency histograms. In figure 7.2

the extreme values of the frequency histograms increase more than the central values do

with increasing magnitude of the conditioning range. However, figure 7.6 shows that a linear

mixed effects model can explain most of the variance in most regions, this means a nonlinear

model may not be necessary.

7.4 Conclusion

In this chapter the ECMWF stochastic scheme is compared to a model of the relation between

the temperature tendency fieldP95 and the adjusted fieldP95 + Γ.

The main result is that the assumption that the uncertainty or variability increases with

P95 is not always good. It is shown in several instances that the noise that should be put into

a stochastic scheme should be partially additive. This is especially so in the mid-latitudes.

It is also here that there are most problems with the choice ofamplitude in the scheme. A

recommendation to ECMWF would be to consider experimentingwith additive noise in the

scheme. However, indications that a non-linear scheme may be necessary are not strong

enough to warrant changing to a nonlinear model.

The ECMWF scheme perturbs the winds and the specific humidityas well the tempera-
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ture tendencies. To implement a new scheme based on these results, the same analysis done

here must be applied to the remaining three tendencies as well. Only then can a fair compar-

ison between a new scheme and the current scheme be made. Unfortunately this lies outside

the scope of this work.



Chapter 8

Conclusions

8.1 Introduction

In this thesis a new method has been developed in which the parameters and characteristics

for a stochastic scheme are taken from a comparison of thermal tendencies between two mod-

els. The tendencies in a very high resolution general circulation model (GCM) are compared

with those in a standard climate resolution model. Both models have the same initial con-

ditions and are from the European Centre for Medium-range Weather Forecasts (ECMWF).

From the comparison it was found that a stochastic scheme might have some positive impact

on the climate resolution model. A distribution that could be used in a stochastic scheme

was calculated. Thereafter, important spatial scales relevant to stochastic modelling were

studied. Finally, the existing ECMWF stochastic scheme wasevaluated.

In the next section there is a short discussion on the method.In section 1.2 there is a

summary of the main results and conclusions. The final section of this chapter discusses how

this work could be continued.

8.2 The Method

The aim of this thesis was to develop a method that uses a very high resolution GCM to

study stochastic parametrization in a lower resolution model. The ECMWF model was used

with resolutions T95 and T799. Except for resolution, horizontal diffusion, and a convection

117
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scheme parameter, the models were the same. Both models wereinitialised with the same

fields and then spun-up for five hours and the parametrized temperature tendencies for the

sixth hour were studied. The models were compared by using a version of the high resolution

model which is truncated to the same scale as the T95 model. This model is denoted T799*.

In the comparison between the models, the T799* model is considered to be the “truth”.

Increasing the resolution of a model is probably the best wayto improve its forecasts and

Brankovicet al. (2002) found this to be true in the ECMWF model. The most important

aspect of the the T799* model is that it contains informationon lengthscales not resolved in

the T95 model. It is of great value to know the effects of theselengthscales on the resolved

lengthscales.

The parametrizations in each model use the same large-scalesituation for their input.

The difference in their output is therefore indicative of deficiencies in the T95 model. This

makes this method a powerful tool with which to construct parametrizations. In this thesis

the method was used to look at temperature tendencies from several parametrizations to give

relevant information for a stochastic scheme which models error due to truncation.

It is possible that the fields in the T95 model are not balanceddue to the initial conditions

being those of the truncated T799 model. This should be mitigated by the spin-up. However,

during spin-up the models will diverge away from the ideal situation where they are forced

by the same large-scale situation. Though this divergence should be minimal for the short

spin-up used here, it should be kept in mind when the results are studied. It is also important

to remember that in this work the method was only applied for one case of one hour. More

cases should be studied in order to determine the generality+of the conclusions.

8.3 The Questions of the Thesis

In section 1.2 of the introductory chapter several questions for the thesis were set out. Most

of those questions have been answered to some degree in the preceding chapters.

Chapter 4 found that a stochastic scheme might be beneficial in the ECWMF model.

The difference in the output of the parametrized temperature tendencies between the T799*

and T95 models were used to show this. The main differences between the models are in the

tropics and in mid-latitude frontal areas. At500hPa it was found that the mean of the T799*
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tendencies is positively shifted relative to the T95 model,while the opposite was found at

850hPa. On both levels the median is generally at a similar value in both models, except for

the tropics where it is larger in the T799* model. A part of these differences could be due to

implementation differences between the models, however most of it is probably due to the

lower resolution in the T95 model.

At all levels, but especially between400 − 900hPa, the interquartile range is larger in

the T799* model. This means that in general there is less variability in the tendencies of the

T95 model, which is a common problem for numerical weather prediction models (Palmer,

2001). A stochastic scheme should increase the interquartile range in the model (Farrell and

Ioannou, 1993, Jungeet al., 2000, Lin and Neelin, 2003). Importantly, both models were

found to have large extreme tendency values making the distribution of their parametrized

output non-Gaussian. This must be considered in an eventualstochastic scheme.

Chapter 5 investigated the correction,Γ, to the tendencies which would make the T95

model evolve like the T799* model over the hour studied. The distribution of Γ is hy-

pothesised to be suitable for a stochastic scheme. This distribution was found to vary little

geographically and between levels. Conditioned distributions show that the distribution of

Γ is weakly dependent on the T95 parametrized tendency. This dependence is mainly in

the extreme values. Three mathematical distributions thatare similar to the distribution of

Γ were considered. Which one is most suitable depends on the relative importance of the

extreme values and the interquartile range.

The correction termΓ can be split into two components,Γp which is from differences in

the parametrized output between the models (studied in chapter 4), andΓadv which is from

wave-wave interactions not resolved in the T95 model. The latter component sometimes

acts as a compensatory mechanism to extreme heating or cooling in the model. Included in

Γadv is the energy transfer to larger scales from wave-wave interactions, “backscatter”. The

importance of backscatter has already been noted by Mason (1994) and Shutts (2004). In

support of this, it was shown in figure 5.9 thatΓadv has a larger variance thanΓp.

Chapter 6 considered four spatial scales in a stochastic scheme. The first, the probability

distribution function lengthscale, was found to vary between 5◦ and11◦ depending on the

region and the method chosen to estimate it. The second, the perturbation lengthscale, was

found to be5◦. Currently the ECMWF stochastic scheme uses10◦, but there are indications
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the model is not very sensitive to changing this lengthscale(Buizzaet al., 1999). The third,

the backscatter lengthscale, showed that backscatter is important on a range of scales from

wavenumber15 to 45. That wavenumbers as low as15 are affected directly by backscat-

ter shows the importance of unresolved wave-wave interactions. Shutts (2004) showed that

parametrizing the model backscatter can move the model energy spectrum closer to obser-

vations.

The last lengthscale, the believable lengthscale, the lengthscale at which the model is

able to resolve features was calculated from the method of Lander and Hoskins (1997) to

be2.9◦. This suggests that the other lengthscales found are believable. Several methods to

use the calculated lengthscales in a stochastic scheme werediscussed. There are many in

the literature (Berloff, 2005, Buizzaet al., 1999, Done, 2002, Shutts, 2004) but it is not clear

which is the optimum approach.

This model setup is not readily amenable to a calculation of atemporal scale as few

timesteps can be used. However, an initial calculation found it to be shorter than might have

been expected. The ideal temporal scale probably depends onthe resolution of the model

and the timescale at which the stochastic scheme is aimed.

In chapter 7 some aspects of the formulation of the ECMWF stochastic scheme were

evaluated. Two of the parameters of the scheme, the perturbation length and the temporal

scale, had been discussed in the previous chapter. The thirdparameter, the amplitude was

found in this chapter to be consistent with that of this studyin the tropics but not in the

mid-latitudes.

A central assumption of the ECMWF scheme is that the uncertainty of a parametrized

tendency is proportional to the magnitude of this tendency.This was found to be only par-

tially true. It is generally only the extremes of the distribution of uncertainty that are depen-

dent on the magnitude of the tendency. It was also found that the parametrized tendency is a

poor predictor of sub-gridscale activity. Through the use of mixed effects linear models the

relative importance of additive and multiplicative noise was studied and it was found that an

additive term might be beneficial in the ECMWF scheme.
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8.4 Further Work

The method used in this thesis has yielded informative results. It was recommended by two

working groups at a recent workshop on stochastics (Buizzaet al., 2005b). The method can

still be developed further to give more information on the basis of a stochastic parametriza-

tion.

When the experiments for this thesis were run there were few atmospheric analyses at

the T799 resolution. This situation has now changed and there are now more dates which

can be studied to remove some of the uncertainty in the results found here. The momentum

and humidity tendencies should also be studied. Very few stochastic parametrizations to date

consider conservation of mass and moisture. Nor do they takeinto account balance between

mass and wind and between heating and moisture. By studying the relation between the

tendencies it could be found whether or not this is likely to be important.

Fundamental insight into the stochastic nature of the unresolved fields would ideally be

obtained in studies which included as few external factors as possible. This suggests the

possible use of aqua-planet models for further study of stochastic parametrizations. In a

recent intercomparison project (Neale and Hoskins, 2000) aqua-planets have been used in

order to give a clear picture of how model evolution is affected by the parametrizations and

their interaction with the resolved dynamics and thermodynamics.

The low correlation between the sub-gridscale variabilityandΓ in chapter 5 could use-

fully be investigated further. It could be due to large variability within the gridbox cancelling

out to give a zero mean. It could equally be that gridboxes on the verge of convecting have

a zero mean but large sub-gridscale variability. Investigating these suggestions could lead to

important insights into how the sub-gridscale variabilityis related to the resolved scales.

In an early implementation of the ECWMF stochastic scheme the dynamical tendency

was mistakenly perturbed at the same time as the parametrized tendency. This was found to

smooth out some systematic errors in the precipitation and geopotential which the standard

stochastic scheme does not (R. Hagedorn, personal communication). In chapter 5 the com-

ponent ofΓ related to unresolved wave interactions,Γadv, was found to be important. It is

possible that the perturbation of the dynamical tendenciesprovided a way of modelling this

component. Further study of this issue could lead to an increased impact of the stochastic
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scheme in the model.

Finally, if the method in this thesis is found to be sufficiently reliable, thenΓ could be

used to calculate an error covariance matrix for the T95 model. This would be important

both because of its potential use in data assimilation and also in the implementation of a

stochastic scheme.



Appendix A

Moments and Percentiles of the

Temperature Tendencies

This appendix contains the statistics of the temperature tendencies relevant to chapter 4.

There are tables for500hPa and850hPa. The rows show the statistic for the total tendency

and then partial contributions from different parametrizations. Every second row is for the

T799* model and every second row for the T95 model to enable easy comparison. The

columns represent spatial subdivisions from the full field to the case study areas.

When reading these tables it must be kept in mind that the datahere are only from

one hour and therefore some statistics (such as those relating to individual areas) must be

examined skeptically. It is also worth noting that maxima and minima are not statistically

relevant variables and are only included here for completeness.

123



Appendix A. Moments and Percentiles of the Temperature Tendencies 124

MEAN full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −0.394 2.374 0.537 2.259 2.454 2.409 1.035 −0.642 1.247
P95 −0.530 1.825 −0.036 1.031 1.900 2.546 0.087 −1.269 1.081
rad T799* −1.344 −1.522 −1.153 −2.333 −2.376 0.142 −1.443 −1.593 −0.439

rad T95 −1.345 −1.469 −1.230 −2.265 −2.278 0.135 −1.372 −1.972 −0.355

v diff T799* −0.012 −0.002 −0.036 0.001 0.000 −0.006 0.004 −0.009 −0.102

v diff T95 −0.007 −0.004 −0.019 0.001 0.000 −0.013 0.002 −0.001 −0.056

g wave T799* 0.000 0.000 0.000 0.000 0.000 −0.000 0.000 0.000 0.000
g wave T95 0.001 −0.000 0.001 0.000 0.000 −0.001 0.000 0.000 0.003
cld+cnv T799* 0.962 3.898 1.727 4.590 4.830 2.273 2.473 0.960 1.788
cld+cnv T95 0.051 3.299 1.212 3.294 4.177 2.425 1.458 0.704 1.490

Table A.1: Mean at500hPa. Units areK/day. Values in bold indicate that the model means
are different from each other at the0.05 level of significance.

MEDIAN full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −1.140 0.861 −1.013 0.371 1.418 0.752 −1.031 −1.452 −0.656
P95 −1.106 0.256 −0.867 −0.643 0.724 0.635 −1.051 −1.463 −0.496
rad T799* −1.221 −1.952 −1.001 −2.365 −2.400 −0.016 −1.317 −1.531 −0.454
rad T95 −1.251 −1.970 −1.014 −2.348 −2.297 0.082 −1.305 −1.589 −0.435
v diff T799* −0.000 0.000 −0.001 0.000 0.000 −0.000 −0.000 0.001 −0.004
v diff T95 −0.000 0.000 −0.000 0.000 0.000 −0.000 0.000 −0.001 −0.002
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799* 0.013 2.261 −0.061 2.814 3.782 0.726 0.018 −0.082 −0.166
cld+cnv T95 −0.017 1.318 −0.024 1.555 2.493 0.217 0.006 −0.030 −0.041

Table A.2: Median at500hPa. Units areK/day.
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VARIANCE full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
14.233 27.884 37.950 33.472 26.537 23.733 30.771 17.547 63.260

P95 10.019 20.478 23.250 19.607 22.015 18.733 10.487 8.315 47.606
rad T799* 1.135 2.060 0.805 0.521 0.564 0.939 0.715 0.680 0.234
rad T95 1.143 1.977 1.649 0.687 0.612 0.771 0.375 2.925 0.248
v diff T799* 0.029 0.000 0.062 0.000 0.000 0.001 0.017 0.045 0.116
v diff T95 0.008 0.002 0.019 0.000 0.000 0.007 0.001 0.017 0.034
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.000 0.000 0.001 0.000 0.000 0.001
cld+cnv T799*12.731 25.804 36.360 31.680 24.795 17.043 30.508 17.301 60.079
cld+cnv T95 1.380 18.989 22.467 19.105 21.961 14.438 10.690 10.931 44.888

Table A.3: Variance at500hPa. Units are(K/day)2.

SKEWNESS full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
5.813 1.636 5.442 1.433 1.089 2.587 2.594 4.545 5.723

P95 6.348 1.035 6.704 1.120 0.778 1.378 2.812 7.287 5.531
rad T799* −0.537 0.693 −0.931 −0.019 −0.007 0.801 −1.119 −1.231 0.652
rad T95 −0.968 0.703 −3.165 1.507 1.521 0.878 −1.385 −2.775 1.405
v diff T799* −0.375 1.224 −4.537 10.865 1.790 −3.238 0.841 −0.019 −4.839
v diff T95 −2.674 −13.74 −3.365 10.436 −1.463 −7.873 0.558 1.887 −4.184
g wave T799* 93.305 9.249 17.100 6.018 11.997 −11.82 16.090 16.283 12.092
g wave T95 21.213 −16.48 4.525 7.317 11.434 −9.394 6.066 13.566 2.495
cld+cnv T799* 6.032 1.651 5.389 1.443 1.053 3.029 2.534 4.446 5.841
cld+cnv T95 8.006 1.132 6.737 1.104 0.829 1.529 2.695 8.399 5.626

Table A.4: Skewness at500hPa. Dimensionless units.
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IQ RANGE full tropics frontsarea1 area2 area3 area4 area5 area6

P799

95
1.205 6.159 1.169 6.741 7.185 5.324 2.056 1.051 0.720

P95 1.137 6.090 1.122 5.723 7.380 5.297 1.265 1.204 0.475
rad T799* 1.156 1.976 1.117 0.802 0.785 1.425 0.860 1.072 0.445
rad T95 1.132 1.994 1.077 0.800 0.617 1.308 0.625 1.106 0.384
v diff T799* 0.023 0.002 0.048 0.002 0.001 0.006 0.029 0.055 0.067
v diff T95 0.010 0.001 0.021 0.001 0.001 0.004 0.010 0.025 0.035
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799*0.515 6.375 0.487 6.971 7.129 4.191 2.236 0.444 0.371
cld+cnv T95 0.141 6.012 0.223 5.672 7.529 4.248 1.336 0.129 0.094

Table A.5: Interquartile range at500hPa. Units areK/day.

95 − 05 full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
8.747 15.825 16.119 17.604 16.362 13.353 18.973 7.730 16.411

P95 7.655 13.863 8.854 12.799 14.055 13.224 10.643 4.402 10.246
rad T799* 3.252 4.505 2.780 2.302 2.468 3.029 3.004 2.497 1.748
rad T95 3.196 4.162 3.179 2.256 2.257 2.543 1.983 5.653 1.554
v diff T799* 0.278 0.027 0.553 0.018 0.020 0.052 0.483 0.661 0.682
v diff T95 0.134 0.022 0.242 0.012 0.012 0.048 0.133 0.344 0.516
g wave T799* 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000 0.000
convect T799*7.099 16.494 9.537 18.266 17.585 10.949 10.341 6.658 15.816
convect T95 5.859 13.477 3.463 13.084 14.883 12.879 3.223 1.553 8.033
cloud T799* 7.565 14.925 15.170 16.993 15.698 10.391 17.662 6.973 15.508
cloud T95 1.904 12.633 7.922 11.912 13.348 10.975 10.787 5.174 9.252

Table A.6: Difference between the95th and5th percentile at500hPa. Units areK/day.
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25% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −1.754 −1.470 −1.601 −2.137 −1.780 −1.011 −1.592 −2.033 −1.023
P95 −1.679 −1.650 −1.530 −2.258 −2.152 −0.662 −1.485 −2.087 −0.722
rad T799* −1.880 −2.568 −1.660 −2.738 −2.770 −0.662 −1.750 −2.037 −0.682
rad T95 −1.868 −2.489 −1.604 −2.710 −2.643 −0.577 −1.604 −2.086 −0.593
v diff T799* −0.016 −0.001 −0.031 −0.001 −0.001 −0.005 −0.015 −0.020 −0.057
v diff T95 −0.007 −0.001 −0.014 −0.001 −0.000 −0.004 −0.004 −0.015 −0.028
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799*−0.245 −0.126 −0.319 0.081 0.465 −0.495 −0.130 −0.433 −0.352
cld+cnv T95 −0.134 −0.065 −0.094 −0.012 0.012 −0.153 −0.041 −0.129 −0.088

Table A.7:25th percentile at500hPa. Units areK/day.

75% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −0.550 4.688 −0.433 4.604 5.405 4.313 0.463 −0.981 −0.302
P95 −0.541 4.439 −0.407 3.465 5.228 4.635 −0.220 −0.883 −0.247
rad T799* −0.724 −0.593 −0.542 −1.936 −1.984 0.762 −0.890 −0.965 −0.237
rad T95 −0.735 −0.495 −0.527 −1.910 −2.026 0.731 −0.979 −0.980 −0.210
v diff T799* 0.007 0.001 0.017 0.001 0.001 0.001 0.014 0.035 0.010
v diff T95 0.003 0.001 0.007 0.001 0.001 0.000 0.006 0.010 0.007
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799* 0.269 6.248 0.168 7.052 7.594 3.697 2.106 0.010 0.019
cld+cnv T95 0.007 5.947 0.129 5.660 7.541 4.095 1.295 −0.000 0.006

Table A.8:75th percentile at500hPa. Units areK/day.
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5% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −3.04 −3.06 −2.71 −3.28 −3.28 −1.69 −2.41 −2.96 −1.74
P95 −2.84 −2.95 −2.47 −3.14 −3.14 −1.24 −1.90 −3.66 −1.44
rad T799* −3.17 −3.25 −2.78 −3.39 −3.57 −1.08 −3.34 −2.98 −1.28
rad T95 −3.08 −3.15 −3.17 −3.28 −3.32 −1.05 −2.57 −6.17 −1.00
v diff T799* −0.17 −0.02 −0.38 −0.01 −0.01 −0.04 −0.19 −0.36 −0.59
v diff T95 −0.08 −0.02 −0.17 −0.01 −0.00 −0.04 −0.06 −0.17 −0.46
g wave T799* 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
g wave T95 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
cld+cnv T799*−0.62 −0.63 −0.61 −0.59 −0.62 −0.63 −0.61 −0.61 −0.64
cld+cnv T95 −0.77 −0.33 −0.33 −0.35 −0.25 −0.34 −0.42 −0.16 −0.43

Table A.9:5th percentile at500hPa. Units areK/day.

95% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
5.705 12.762 13.414 14.327 13.086 11.663 16.558 4.770 14.667

P95 4.818 10.914 6.387 9.658 10.915 11.980 8.738 0.740 8.806
rad T799* 0.078 1.252 −0.001 −1.088 −1.107 1.949 −0.341 −0.485 0.469
rad T95 0.116 1.009 0.009 −1.025 −1.061 1.491 −0.585 −0.516 0.558
v diff T799* 0.107 0.009 0.175 0.007 0.012 0.008 0.295 0.298 0.095
v diff T95 0.052 0.006 0.074 0.006 0.007 0.006 0.070 0.176 0.051
g wave T799* 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.001 0.000 0.000 0.000 0.000 0.000
cld+cnv T799*6.941 14.298 14.558 16.405 15.083 9.759 17.055 6.361 14.870
cld+cnv T95 1.138 12.304 7.594 11.566 13.101 10.635 10.365 5.010 8.824

Table A.10:95th percentile at500hPa. Units areK/day.
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MINIMUM full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −10.32 −6.55 −4.29 −6.55 −4.93 −2.14 −4.09 −4.29 −4.20
P95 −18.49 −14.90 −6.99 −14.90 −5.28 −2.71 −2.39 −6.99 −4.46
rad T799* −9.94 −5.99 −6.23 −5.99 −5.83 −1.64 −4.63 −6.23 −1.66
rad T95 −13.80 −5.90 −11.07 −5.90 −5.39 −1.74 −3.77 −11.07 −1.54
v diff T799* −3.45 −0.20 −3.07 −0.05 −0.05 −0.20 −0.56 −1.17 −3.07
v diff T95 −2.30 −1.08 −1.40 −0.03 −0.05 −1.08 −0.14 −0.48 −1.40
g wave T799* −0.01 −0.00 −0.00 0.00 0.00 −0.00 0.00 0.00 −0.00
g wave T95 −0.50 −0.50 −0.23 −0.00 −0.00 −0.50 −0.00 0.00 −0.23
cld+cnv T799* −9.86 −3.35 −4.00 −3.35 −1.74 −2.35 −2.77 −0.80 −4.00
cld+cnv T95 −19.22 −15.76 −4.46 −15.76 −2.61 −2.49 −1.69 −0.66 −4.46

Table A.11: Minimum tendency at500hPa. Units areK/day.

MAXIMUM full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
75.863 38.682 75.863 26.986 22.117 38.682 29.154 27.381 75.863

P95 62.596 21.635 62.171 21.635 15.595 20.274 15.543 33.213 62.171
rad T799* 8.325 4.200 1.457 0.593 0.983 4.200 0.355 0.089 1.457
rad T95 6.075 4.496 1.884 3.624 3.293 4.496 0.116 −0.347 1.884
v diff T799* 4.684 0.290 1.546 0.290 0.068 0.139 0.573 1.546 0.410
v diff T95 3.589 0.142 0.949 0.142 0.038 0.082 0.212 0.949 0.098
g wave T799* 0.863 0.008 0.041 0.008 0.001 0.001 0.041 0.001 0.040
g wave T95 0.898 0.040 0.297 0.012 0.001 0.040 0.004 0.002 0.297
cld+cnv T799*75.388 34.469 75.388 28.575 23.423 34.469 29.241 27.937 75.388
cld+cnv T95 47.719 23.127 61.136 23.127 17.988 17.420 16.359 42.175 61.136

Table A.12: Maximum tendency at500hPa. Units areK/day.
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MEAN full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −0.907 1.085 −0.504 −0.206 0.613 2.847 −0.642 −2.290 1.413
P95 −0.739 1.301 −0.333 −0.618 0.759 3.764 −0.624 −2.204 1.813
rad T799* −1.705 −1.512 −1.798 −2.484 −2.708 0.656 −1.664 −3.503 −0.220

rad T95 −1.722 −1.511 −1.298 −2.395 −2.784 0.645 −1.293 −2.582 −0.017

v diff T799* −0.178 0.435 0.406 −0.004 0.036 1.275 −0.068 0.088 1.172

v diff T95 −0.109 0.097 0.656 −0.026 0.027 0.289 −0.032 −0.186 2.147

g wave T799* 0.002 0.002 0.002 0.002 0.001 0.001 0.003 0.001 0.001
g wave T95 0.006 0.002 0.005 0.004 0.001 0.002 0.012 0.001 0.003
cld+cnv T799* 0.973 2.504 0.678 2.856 3.348 1.307 1.338 1.203 −0.471
cld+cnv T95 −0.392 2.714 0.304 1.798 3.516 2.827 0.689 0.563 −0.319

Table A.13: Mean at850hPa. Units areK/day. Values in bold indicate that the model
means are different from each other at the0.05 level of significance.

MEDIAN full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −1.428 0.535 −1.177 −0.965 0.222 1.827 −1.143 −2.180 −0.567
P95 −1.420 0.181 −1.126 −1.186 −0.187 1.829 −1.011 −2.624 −0.440
rad T799* −1.487 −2.081 −1.237 −2.379 −2.563 0.633 −1.550 −2.671 −0.327
rad T95 −1.473 −1.839 −1.004 −2.237 −2.363 0.577 −1.124 −2.013 −0.002
v diff T799* −0.038 0.002 −0.037 −0.002 0.003 0.008 −0.016 −0.231 −0.003
v diff T95 −0.023 0.000 −0.015 −0.003 0.003 −0.003 −0.006 −0.142 −0.003
g wave T799* 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799* 0.035 1.702 0.034 2.039 2.686 0.470 0.635 0.036 −0.018
cld+cnv T95 −0.045 1.382 −0.000 0.943 2.440 0.638 0.017 −0.000 −0.006

Table A.14: Median at850hPa. Units areK/day.
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VARIANCE full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
15.458 14.857 31.307 9.111 14.022 16.493 13.592 16.121 56.530

P95 31.272 74.269 30.942 8.389 50.974 153.67 6.392 21.860 55.205
rad T799* 4.217 3.139 6.297 0.487 0.971 0.880 2.052 10.182 1.033
rad T95 5.251 4.043 3.787 0.903 2.705 1.468 1.549 4.804 1.608
v diff T799* 2.829 5.838 8.629 0.048 0.140 16.288 0.606 3.657 20.334
v diff T95 2.853 1.873 14.660 0.035 0.036 5.497 0.041 0.820 39.017
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.002 0.000 0.001 0.000 0.000 0.000 0.001 0.000 0.000
cld+cnv T799*10.261 11.878 19.522 11.196 13.795 8.415 16.566 20.926 19.030
cld+cnv T95 13.392 70.796 13.199 8.110 50.911 152.15 7.564 21.899 9.315

Table A.15: Variance at850hPa. Units are(K/day)2.

SKEWNESS full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
1.357 1.024 1.155 1.113 0.824 0.997 0.169 0.199 0.802

P95 3.800 3.081 2.599 1.096 2.766 2.033 1.995 4.710 1.403
rad T799* −2.274 0.443 −2.147 −1.620 −0.696 0.277 −1.576 −1.436 −1.518
rad T95 −2.805 −0.283 −1.949 −2.155 −2.204 0.385 −1.491 −2.237 −1.821
v diff T799* 3.569 4.901 4.355 3.893 4.405 2.525 0.656 1.677 2.950
v diff T95 6.397 7.563 4.513 1.837 8.386 4.261 −0.596 0.206 2.345
g wave T799* 49.692 6.447 11.799 5.309 7.563 6.637 7.392 8.445 11.501
g wave T95 26.114 5.524 7.198 3.511 8.460 6.528 4.397 5.708 5.418
cld+cnv T799* 1.643 0.978 −0.403 1.198 0.873 0.617 −0.034 0.052 −1.234
cld+cnv T95 2.672 2.813 4.144 1.520 2.828 2.032 1.768 5.753 −1.647

Table A.16: Skewness at850hPa. Dimensionless units.
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IQ RANGE full tropics frontsarea1 area2 area3 area4 area5 area6

P799

95
2.910 4.571 2.857 3.224 4.402 4.398 2.924 3.289 3.281

P95 2.684 5.024 2.737 3.062 4.658 6.209 1.726 2.780 4.046
rad T799* 1.769 2.686 2.221 0.741 1.042 1.277 1.528 2.783 0.878
rad T95 1.658 2.607 1.942 0.820 1.348 1.046 1.544 1.840 1.166
v diff T799* 0.421 0.060 0.570 0.052 0.027 0.219 0.148 1.146 0.574
v diff T95 0.296 0.029 0.475 0.032 0.012 0.082 0.070 0.844 0.864
g wave T799* 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
g wave T95 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.000 0.000
cld+cnv T799*1.727 4.343 1.820 4.198 5.152 2.879 2.876 2.945 0.286
cld+cnv T95 0.709 4.078 0.604 2.824 4.688 5.010 1.512 0.580 0.141

Table A.17: Interquartile range at850hPa. Units areK/day.

95 − 05 full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
11.952 11.870 18.285 9.467 12.314 13.081 11.171 13.016 26.261

P95 13.270 19.195 18.229 8.918 17.748 32.297 6.955 10.408 25.477
rad T799* 6.049 5.364 7.763 2.121 3.129 3.095 4.246 11.107 3.013
rad T95 6.372 6.146 5.924 2.815 4.813 3.981 3.753 6.085 3.618
v diff T799* 2.869 2.808 6.709 0.468 0.816 13.231 2.089 6.012 15.553
v diff T95 2.487 0.650 7.828 0.322 0.252 4.327 0.797 3.378 20.150
g wave T799* 0.005 0.005 0.001 0.009 0.002 0.004 0.014 0.001 0.000
g wave T95 0.025 0.015 0.026 0.029 0.001 0.015 0.105 0.005 0.016
cld+cnv T799* 8.971 10.721 12.490 10.259 11.787 9.135 11.860 13.981 11.045
cld+cnv T95 6.480 17.889 8.795 8.455 18.041 32.836 7.957 9.809 9.744

Table A.18: Difference between the95th and5th percentile at850hPa. Units areK/day.
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25% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −2.648 −1.588 −2.671 −2.130 −1.874 0.391 −2.300 −3.993 −1.569
P95 −2.598 −1.994 −2.633 −2.323 −2.194 0.118 −1.681 −4.042 −1.420
rad T799* −2.355 −2.670 −2.555 −2.769 −3.196 −0.004 −2.381 −4.278 −0.609
rad T95 −2.272 −2.530 −2.076 −2.665 −3.157 0.077 −1.950 −3.137 −0.485
v diff T799* −0.375 −0.029 −0.418 −0.038 −0.010 −0.068 −0.119 −0.779 −0.337
v diff T95 −0.267 −0.018 −0.354 −0.026 −0.003 −0.062 −0.059 −0.680 −0.434
g wave T799* 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
g wave T95 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
cld+cnv T799*−0.128 0.035 −0.223 0.438 0.505 0.003 −0.162 −0.181 −0.251
cld+cnv T95 −0.701 0.005 −0.176 0.023 0.357 −0.194 −0.217 −0.205 −0.118

Table A.19:25th percentile at850hPa. Units areK/day.

75% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
0.261 2.983 0.186 1.094 2.529 4.789 0.624 −0.704 1.712

P95 0.086 3.030 0.104 0.739 2.465 6.327 0.045 −1.262 2.626
rad T799* −0.586 0.017 −0.333 −2.028 −2.153 1.273 −0.853 −1.495 0.270
rad T95 −0.614 0.077 −0.134 −1.845 −1.809 1.123 −0.406 −1.297 0.681
v diff T799* 0.046 0.031 0.152 0.014 0.018 0.151 0.028 0.367 0.237
v diff T95 0.029 0.012 0.120 0.006 0.009 0.021 0.012 0.164 0.431
g wave T799* 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
g wave T95 0.000 0.000 0.000 0.002 0.000 0.000 0.000 0.000 0.000
cld+cnv T799* 1.599 4.379 1.597 4.636 5.657 2.882 2.715 2.764 0.035
cld+cnv T95 0.008 4.084 0.427 2.847 5.045 4.816 1.295 0.375 0.023

Table A.20:75th percentile at850hPa. Units areK/day.
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5% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −6.05 −3.81 −6.86 −3.66 −4.86 −2.21 −5.29 −7.93 −6.78
P95 −6.34 −6.22 −6.16 −3.93 −7.30 −10.05 −3.58 −6.95 −6.14
rad T799* −5.17 −3.83 −6.97 −3.75 −4.56 −0.70 −3.90 −11.00 −1.45
rad T95 −5.45 −4.50 −4.76 −4.09 −5.99 −1.03 −3.39 −6.46 −1.90
v diff T799* −2.03 −0.45 −2.02 −0.26 −0.26 −1.16 −1.30 −2.26 −2.20
v diff T95 −1.75 −0.40 −1.51 −0.25 −0.08 −1.19 −0.45 −1.70 −2.11
g wave T799* 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
g wave T95 0.00 0.00 0.00 −0.00 0.00 −0.00 0.00 −0.00 0.00
cld+cnv T799*−2.21 −1.57 −4.49 −0.88 −1.35 −2.42 −3.86 −4.49 −6.66
cld+cnv T95 −4.06 −4.48 −3.96 −1.13 −4.07 −11.04 −2.52 −3.73 −6.33

Table A.21:5th percentile at850hPa. Units areK/day.

95% full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
5.899 8.058 11.429 5.809 7.451 10.875 5.883 5.087 19.480

P95 6.927 12.979 12.065 4.990 10.445 22.250 3.376 3.460 19.340
rad T799* 0.880 1.537 0.791 −1.626 −1.427 2.396 0.347 0.107 1.567
rad T95 0.918 1.645 1.161 −1.270 −1.180 2.948 0.367 −0.377 1.718
v diff T799* 0.843 2.357 4.694 0.204 0.555 12.072 0.794 3.749 13.350
v diff T95 0.732 0.252 6.316 0.070 0.176 3.138 0.352 1.676 18.038
g wave T799* 0.006 0.006 0.002 0.010 0.003 0.005 0.014 0.002 0.001
g wave T95 0.025 0.015 0.026 0.029 0.001 0.015 0.105 0.005 0.016
cld+cnv T799*6.765 9.154 8.001 9.376 10.435 6.720 8.001 9.487 4.382
cld+cnv T95 2.422 13.412 4.839 7.330 13.968 21.797 5.437 6.076 3.416

Table A.22:95th percentile at850hPa. Units areK/day.
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MINIMUM full tropics fronts area1 area2 area3 area4 area5 area6

P799

95 −38.41 −10.61 −21.57 −9.23 −8.17 −10.61 −19.31 −19.46 −21.57
P95 −71.88 −60.88 −21.44 −14.13 −22.86 −60.88 −11.02 −13.41 −21.44
rad T799* −23.52 −7.39 −16.10 −6.29 −7.39 −2.51 −10.56 −16.10 −6.72
rad T95 −31.05 −14.28 −13.71 −8.08 −14.28 −6.64 −8.27 −13.71 −7.34
v diff T799* −18.56 −9.93 −6.09 −0.98 −1.98 −9.93 −5.01 −4.69 −6.09
v diff T95 −13.25 −6.80 −6.54 −1.43 −0.38 −6.80 −0.77 −3.22 −6.54
g wave T799* −0.01 −0.00 −0.00 0.00 −0.00 −0.00 0.00 −0.00 −0.00
g wave T95 −0.07 −0.00 −0.00 −0.00 −0.00 −0.00 −0.00 −0.00 −0.00
cld+cnv T799*−38.50 −10.46 −22.72 −7.39 −7.13 −10.46 −22.72 −19.07 −21.47
cld+cnv T95 −71.17 −61.02 −19.97 −11.05 −20.41 −61.02 −10.82 −11.39 −19.97

Table A.23: Minimum tendency at850hPa. Units areK/day.

MAXIMUM full tropics fronts area1 area2 area3 area4 area5 area6

P799

95
41.806 20.090 23.145 16.524 20.090 19.585 15.008 17.296 23.145

P95 103.39 103.39 43.252 13.980 49.565 103.39 14.362 43.252 30.677
rad T799* 9.817 3.716 3.150 −0.892 0.803 3.716 1.229 1.927 3.150
rad T95 12.672 5.339 4.328 −0.482 1.993 5.339 1.255 1.908 4.328
v diff T799* 25.306 23.515 22.466 2.347 4.453 23.515 5.314 11.375 22.466
v diff T95 37.737 17.906 30.475 2.124 2.657 17.906 0.524 2.865 30.475
g wave T799* 1.458 0.048 0.147 0.048 0.029 0.032 0.147 0.011 0.065
g wave T95 2.377 0.108 0.322 0.073 0.074 0.108 0.322 0.030 0.104
cld+cnv T799*41.667 22.839 20.655 18.635 22.839 13.374 18.958 19.242 20.655
cld+cnv T95 94.326 100.42 47.513 20.455 54.293 100.42 16.125 47.513 11.496

Table A.24: Maximum tendency at850hPa. Units areK/day.



Appendix B

Moments and Percentiles of the

Distribution of Γ

This appendix contains the moments and percentiles of theΓ andΓadv distributions. The

corresponding data for theΓp distributions can be found in appendix A. In this appendix

each table represents one height level and one distribution. The different rows show the

different statistics and the columns show different geographical areas. See chapter 5 for a

full description.

When reading these tables it must be kept in mind that the datahere are only from

one hour and therefore some statistics (such as those relating to individual areas) must be

examined skeptically. It is also worth noting that maxima and minima are not statistically

relevant variables and are only included here for completeness.
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500hPa full tropics fronts area1 area2 area3 area4 area5 area6
Mean 0.3 0.5 0.6 1.0 0.9 −0.3 0.9 0.8 0.0
Variance 14.4 11.6 19.2 11.8 11.1 10.7 22.2 15.3 20.1
Skew −0.1 −0.3 −0.5 −0.2 −0.1 −0.8 0.4 0.0 −1.9
Kurtosis 7.2 1.3 7.0 0.3 1.0 2.5 4.2 8.5 7.9
Iq rng 3.5 3.9 3.7 4.6 4.1 3.0 4.4 3.1 3.4
Min −32.3 −15.7 −25.4 −11.3 −10.8 −15.7 −18.3 −22.2 −25.4
5% −5.4 −5.3 −6.3 −4.9 −4.5 −6.5 −6.4 −4.1 −6.7
25% −1.4 −1.3 −1.2 −1.1 −1.1 −1.6 −1.3 −0.9 −1.3
Median 0.3 0.5 0.5 1.0 0.9 −0.0 0.6 0.7 0.4
75% 2.1 2.7 2.5 3.4 3.0 1.4 3.1 2.3 2.1
95% 6.1 5.9 7.4 6.3 6.3 4.5 8.2 7.6 5.7
Max 37.1 14.6 24.4 11.2 14.6 11.2 24.4 23.5 12.5

Table B.1:Γ at 500hPa. Units areK/day except for variance which has units(K/day)2

and skewness and kurtosis which have no units.

850hPa full tropics fronts area1 area2 area3 area4 area5 area6
Mean 0.1 −0.4 0.0 0.4 −0.1 −1.5 −0.2 0.3 −0.1
Variance 26.3 41.8 26.8 12.0 32.7 78.9 21.6 29.3 29.1
Skew −0.4 −1.1 −0.0 0.5 −0.2 −0.9 0.0 0.0 −0.2
Kurtosis 9.8 16.4 2.1 2.3 3.7 11.5 3.2 1.6 1.8
Iq rng 4.7 5.2 5.0 4.0 5.3 6.4 4.3 6.0 5.3
Min −71.3 −71.3 −19.1 −10.1 −26.1 −71.3 −16.2 −17.5 −19.1
5% −7.5 −10.0 −9.2 −5.2 −10.0 −16.5 −8.6 −8.6 −10.1
25% −2.2 −2.6 −2.4 −1.6 −2.5 −4.1 −2.2 −2.5 −2.6
Median 0.2 0.0 0.0 0.4 0.4 −0.6 −0.2 0.2 −0.0
75% 2.5 2.6 2.6 2.4 2.8 2.2 2.1 3.5 2.7
95% 7.4 7.0 8.8 5.8 7.6 9.1 7.1 9.5 9.3
Max 49.5 47.0 24.3 17.2 26.1 47.0 20.8 24.3 16.8

Table B.2:Γ at 850hPa. Units areK/day except for variance which has units(K/day)2

and skewness and kurtosis which have no units.
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500hPa full tropics fronts area1 area2 area3 area4 area5 area6
Mean 0.2 −0.0 −0.0 −0.2 0.3 −0.2 −0.1 0.2 −0.2
Variance 19.9 27.0 38.6 36.7 25.3 19.0 40.7 25.3 50.0
Skew −0.8 −0.8 −1.3 −0.7 −0.5 −1.3 −0.5 −0.3 −2.1
Kurtosis 11.3 2.4 13.1 1.9 1.1 4.1 3.0 10.4 17.7
Iq rng 3.7 5.1 3.8 6.8 5.4 4.0 5.3 3.1 3.7
Min −57.9 −23.8 −53.7 −23.8 −18.7 −23.8 −27.6 −23.6 −53.7
5% −6.6 −10.0 −9.8 −11.7 −10.1 −8.7 −11.9 −8.5 −11.3
25% −1.5 −2.3 −1.5 −3.3 −2.2 −1.9 −2.3 −1.1 −1.3
Median 0.3 0.5 0.4 0.6 0.9 0.3 0.1 0.6 0.6
75% 2.2 2.8 2.4 3.4 3.2 2.1 3.0 2.0 2.4
95% 6.4 7.2 7.7 8.1 7.9 6.0 10.1 6.0 7.5
Max 38.8 23.1 37.4 23.1 17.1 12.6 24.0 32.7 37.4

Table B.3:Γadv at500hPa. Units areK/day except for variance which has units(K/day)2

and skewness and kurtosis which have no units.

850hPa full tropics fronts area1 area2 area3 area4 area5 area6
Mean 0.3 −0.2 0.2 −0.0 0.1 −0.6 −0.2 0.4 0.3
Variance 29.5 48.5 33.5 15.6 35.2 94.7 28.7 39.5 32.1
Skew 0.0 −1.6 0.1 0.2 0.3 −1.8 −0.4 0.8 −0.4
Kurtosis 12.4 23.6 3.7 1.7 5.7 16.2 3.1 3.2 4.2
Iq rng 4.9 5.7 5.6 4.6 6.1 6.8 5.2 6.5 5.2
Min −79.2 −79.2 −26.0 −14.0 −31.5 −79.2 −23.3 −19.7 −26.0
5% −7.6 −9.5 −9.3 −6.2 −9.0 −13.0 −10.1 −9.0 −7.8
25% −2.2 −2.9 −2.6 −2.3 −3.2 −3.5 −2.5 −3.1 −2.3
Median 0.2 0.2 −0.0 0.0 0.4 0.1 −0.1 −0.1 0.2
75% 2.7 2.8 2.9 2.3 3.0 3.3 2.6 3.4 3.0
95% 8.2 8.6 9.6 6.5 7.7 12.3 7.0 12.4 10.0
Max 60.2 56.2 30.9 16.5 31.2 56.2 20.1 30.9 22.1

Table B.4:Γadv at500hPa. Units areK/day except for variance which has units(K/day)2

and skewness and kurtosis which have no units.
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