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ABSTRACT 

 

 

The second-order closure for the ensemble-mean dynamics is validated using the 

approach of direct numerical ensemble simulations of a linear barotropic model with 

stochastic basic flows in extratropics. For various configurations of the stochastic basic 

flow and external forcing, the deterministic solutions under the second-order closure 

capture, with remarkable accuracy, the ensemble means and the associated eddy 

covariance fields of forced responses simulated by a 500-member numerical ensemble. 

Thus, the second-order closure is found to be adequate for describing the ensemble-mean 

linear dynamics with stochastic basic flows. Example of ensemble-mean solution shows 

the important role played by the stochastic synoptic eddy component of the basic flow in 

determining the ensemble-mean responses to external forcing. This study supports the 

notion that linear frameworks of ensemble-mean dynamics under second-order closure 

are useful tools for describing and understanding the dynamics of the synoptic eddy and 

the low-frequency flow (SELF) feedback and extratropical atmospheric low-frequency 

variability. 

Following a similar concept, the conceptual recharge oscillator model for the El 

Niño-Southern Oscillation phenomenon (ENSO) is utilized to study the influence of fast 

variability such as that associated with westerly wind bursts (WWB) on dynamics of 

ENSO and predictability. The ENSO-WWB interaction is simply represented by 

stochastic forcing modulated by ENSO-related sea surface temperature (SST) anomalies. 

An analytical framework is developed to describe the ensemble-mean dynamics of ENSO 

under stochastic forcing. Numerical ensemble simulations verify the main results derived 

from the analytical ensemble-mean theory: the state-dependent stochastic forcing 

enhances the instability of ENSO and its ensemble spread, generates asymmetry in the 

predictability of the onsets of cold and warm phases of ENSO, and leads to an ensemble-

mean bias that may eventually contribute to a climate mean state bias. 

Clouds contribute greatly to the atmospheric variability within weather systems. 

Measurements of thermodynamic properties in cloudy airs are required to improve 



 xii 

numerical weather forecasting models and for the study of the global radiation and 

hydrology budget. The Global Positioning System (GPS) radio occultation (RO) 

technique is not affected by clouds and has a high vertical resolution, making it ideally 

suited for cloud study. Temperatures retrieved from Constellation Observing System for 

Meteorology Ionosphere & Climate (COSMIC) RO measurements are compared with 

two operational weather assimilation models including the Prediction and National 

Center for Atmospheric Research (NCEP/NCAR) reanalysis and European Centre for 

Medium-Range Weather Forecasts (ECMWF) analysis. The cloudy GPS ROs during 

June 2007 and June to September 2006 are identified based on the collocated CloudSat 

data. Systematic bias of opposite sign between large-scale global analyses and observed 

RO profiles are found for cloudy and clear-sky conditions. It is also found that GPS wet 

retrieval lapse rate is nearly constant (~6
o
C/km) in the vertical while that from ECMWF 

increases with height from cloud middle to cloud top. A new GPS RO cloudy profile 

retrieval algorithm is proposed. A relative humidity parameter is introduced through an 

empirical relationship between CloudSat ice-water content and ECMWF relative 

humidity. The new cloudy temperature retrieval tends to be warmer than the GPS wet 

retrieval within the cloud and slightly colder near the cloud top, resulting in a cloudy 

lapse rate that agrees more closely with that of the ECMWF in the lower part of the cloud 

and increases with height (but faster than that of the ECMWF), and reaches a value of 

about 7.6
o
C/km near the cloud top. When the ice-water content measurements are absent, 

an empirical value of 0.85 is shown to be a good approximation for the relative humidity 

parameter.  
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CHAPTER 1 

INTRODUCTION 

  

 

 

It is well known that the general circulation of the atmosphere possesses a wide 

range of temporal and spatial scales of variability. A significant amount of variability in 

the atmospheric general circulation occurs on longer time scales, such as monthly and 

beyond. This kind of variability in the atmospheric circulation and the climate system is 

often referred to as the low-frequency variability and climate variability. In extratropics, 

there are salient recurrent planetary-scale patterns such as Arctic Oscillation (AO), 

Pacific/North American teleconnection pattern (PNA) and Antarctic Oscillation (AAO). 

They dominate the low-frequency variability in the atmospheric circulation during the 

extratropical cold season (Thompson and Wallace 1998, 2000). In tropics, there is world-

wide famous El Niño-Southern Oscillation (ENSO) phenomenon (Anderson and 

McCreary 1985; Cane and Zebiak 1985; Suarez and Schopf 1988; Battisti and Hirst 

1989; Philander 1990; Jin 1997). 

Concurrent with the low-frequency variability, systematic abnormal changes also 

occur in the monthly to seasonal mean variance fields of the high-frequency synoptic 

eddy flow. In the Northern Hemisphere extratropics, the most prominent features on a 

temporal variance map of high frequency eddies are the two zonally elongated local 

maxima extending from the east coast of Asia and North America across the Pacific and 

Atlantic oceans. They are referred to as the Pacific and Atlantic storm tracks, 

respectively. In the tropics, there are Madden-Julian Oscillation (MJO; Madden and 

Julian 1971, 1972, 1994), westerly wind bursts (WWB; Picaut et al. 1996, 1997) and 

North-Pacific Oscillation (NPO; Walker and Bliss 1932), that have been hot topics for 

decades. 

The relation between low-frequency variabilities and synoptic scale eddies is 

important. Many studies have shown that the eddy–mean flow feedback is important for 

the low-frequency variability and Jin et al. (2006a; 2006b) proposed a linear framework 
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for studying synoptic eddies and low-frequency flow (SELF) feedback by considering a 

basic flow that includes the stochastic synoptic eddy activity. In their works, an 

approximate dynamic SELF-feedback operator is derived by using the closure for the 

ensemble-mean dynamics of the linear system with the stochastic basic state.  

In Section two and three, we apply the earlier work of Jin et al. (2006a) to study 

the low-frequency flow and synoptic scale eddies feedback in extratropics and tropics, 

respectively. The goal is to open a venue for understanding the dynamics of relatively 

slow-evolving extrotropics and tropics atmospheric variability and refining the ensemble 

approach for predictions. 

In real life, people care more about a smaller scale atmospheric variability namely 

daily scale in sensible weather. A large number of weather systems are related to clouds 

(e.g., fronts, hurricanes). The in-cloud vertical thermodynamic structures are of great 

value to not only understanding and modeling of physical processes of cumulus 

convection, microphysics but also to studying the radiation budget and hydrological cycle 

of the Earth.  

Applications of the Global Positioning System (GPS) radio occultation (RO) 

techniques to the study of the Earth’s atmosphere have provided and are continuously 

providing high quality (i.e., high precision, high vertical resolution, long-term stability, 

all-weather condition, no calibration) profile data of variables (such as atmospheric 

refractivity (N)) that are sensitive to the atmospheric thermodynamic state over the entire 

globe, enhancing the observations in cloudy regions.  

In Section four, we utilize the Constellation Observing System for Meteorology, 

Ionosphere and Climate/Formosa Satellite Mission #3 (COSMIC/FORMOSAT3, 

hereafter referred to as COSMIC for brevity) RO data to examine and compare with 

National Center for Environmental Prediction and National Center for Atmospheric 

Research (NCEP/NCAR) reanalysis and European Centre for Medium-Range Weather 

Forecasts (ECMWF) analysis. Furthermore, we propose a new algorithm for RO cloudy 

retrievals and some numerical results from this new retrieval method are compared with 

the standard RO “wet” retrievals from COSMIC Data Analysis and Archive Center 

(CDAAC). Section five provides a summary of the work shown in Section four as well as 

a discussion of future research work. 
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CHAPTER 2 

CLOSURES FOR EXTRATROPIC ENSEMBLE-MEAN 

LINEAR DYNAMICS WITH STOCHATIC BASIC FLOW 

 

 

 

2.1 Introduction 

Midlatitude atmospheric circulations contain transient synoptic eddies with a 

lifetime of only a few days. Embedded in these chaotic atmospheric circulations, a 

significant amount of atmospheric variability occurs on time scales much greater than 

those of the synoptic eddies. For instance, the well-known planetary circulation patterns, 

such as the so-called AO and AAO, which are also known as the northern and southern 

annular modes, tend to dominate the monthly-averaged atmospheric circulation of the 

extratropical cold season (e.g., Thompson and Wallace 1998, 2000). This type of 

variability in the atmospheric circulation is often referred to as low-frequency variability; 

although the definitions for the so-called low-frequency variability vary owing to the lack 

of a clear spectrum gap between high and low frequencies. 

It has been demonstrated that the eddy–mean flow feedback is important for the 

low-frequency variability by many studies (Egger and Schilling 1983; Hoskins et al. 1983; 

Egger 1988; Lau 1988; Metz 1987, 1989; Karoly 1990; Nakamura and Wallace 1990; Cai 

and Mak 1990; Cai and Van den Dool 1991; Branstator 1992; Hartmann 1995; Branstator 

1995; Hartmann and Lo 1998, and more). These studies motivated Jin et al. (2006a, 

2006b) to propose a linear framework for studying synoptic eddies and low-frequency 

flow (SELF) feedback by considering a basic flow that includes the stochastic synoptic 

eddy activity. In their works, an approximate dynamic SELF-feedback operator is derived 

by using the closure for the ensemble-mean dynamics of the linear system with the 

stochastic basic state. 

In the past decade, awareness of the impact of the highly chaotic and essentially 

stochastic portion of the atmospheric motions on the organized planetary circulation has 
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led to a number of developments in the stochastic dynamic formulation of these 

atmospheric flows (Farrell and Ioannou 1993; Penland and Ghil 1993; Penland and 

Matrosova 1994; Branstator 1995; Delsole and Farrell 1996; Newman et al. 1997; Zhang 

and Held 1999; Majda et al. 1999; Delsole 2001; Winkler et al. 2001; Sardeshmukh et al. 

2003; Majda et al. 2003; Sura et al. 2005; Jin et al. 2006a). Therefore, the stochastic 

dynamic frameworks are becoming useful tools for understanding the dynamics of the 

low-frequency variability in the highly chaotic environment of atmospheric circulations. 

In this study, we extend the earlier work of Jin et al. (2006a) by testing the 

approximate closure for the ensemble-mean dynamics of a linear barotropic model with a 

stochastic basic state. Through the use of example, we also discuss the important role that 

the stochastic synoptic eddy component of the flow plays in altering the ensemble-mean 

response to external forcing. In Section 2.2, a second-order closure for the ensemble-

mean dynamics of the linear barotropic model is derived, whereas a general fourth-order 

closure is given as well. We demonstrate that the earlier SELF closure proposed in Jin et 

al. (2006a) is a second-order closure. The validity of the second-order closure is tested in 

Section 2.3 by direct numerical ensemble simulations. The impacts of the so-called quasi-

equilibrium approximation proposed in Jin et al. (2006a) on the evolutions of the 

ensemble-mean flow anomalies are further examined in Section 2.4. Conclusions can be 

found in Section 2.5. 

 

2.2 Closures for the Ensemble-Mean Linear Barotropic Model with a 

Stochastic Basic Flow 

By considering a basic flow that includes both the observed steady climatological 

mean flow and a stochastic component, which captures the observed features of the 

synoptic eddies in the storm tracks; Jin et al. (2006a) and Pan et al. (2006) recently 

proposed the so-called SELF-feedback closure to study the linear dynamics of low-

frequency variability. Using an ergodic approximation to relate the ensemble-mean flow 

anomalies to the time-mean flow anomalies, they derived a linear closure for the SELF 

feedback. In the present study, we test the approximate closure of the ensemble-mean 

linear dynamics of the barotropic model with a stochastic basic flow by direct numerical 
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ensemble simulations. For simplicity, we use the barotropic model framework throughout 

this chapter, although our approach can be straightforwardly extended to the full 

primitive equation model framework. 

 

2.2.1 A Stochastic Basic Flow 

Following Jin et al. (2006a), we consider a stochastic basic flow in the form 

).,,(),( tccc ϕλψϕλψψ ′+=     (1) 

Here ),( ϕλψ c is the 500-hPa climatological mean streamfunction of the basic flow and 

),,( tc ϕλψ ′ is a stochastic part of the basic flow to represent the synoptic eddy flow. We 

assume that the latter can be characterized by a multivariate Gaussian flow: 

�
=

+=′
c

n

N

n

ti

nnnc cceEt
1

..),()(
ωϕλξσψ    (2) 

Here c.c. stands for complex conjugation. The above expression consists of a number of 

independent propagating patterns { }c

ti

n NneE n ,...,1,),( =ωϕλ  associated with a set of 

independent time coefficients { }cn Nn ,...,1, =ξ . The contribution to the total variance by 

each of these independent propagating patterns is measured by n. Each complex time 

coefficient )(tnξ  represents an independent Gaussian red noise process, which can be 

expressed as 

).(/ tw
dt

d
nnn

n +−= τξ
ξ

    (3) 

Here )(twn  represents the complex white noise normalized so that each )(tnξ  is of unit 

variance, and ),;()()(
~

0,1,, nmtt mnnnmnmn ≠= == δδδξξ , whereas )(
~

tnξ  is the complex 

conjugate of )(tnξ . It should be noted that 0)(
~ 2

=tnξ  and 0)(2 =tnξ , because of 

independence of the real and imaginary parts of  )(tnξ . 

As discussed in appendix A of Jin et al. (2006a), the entire set 

( )cnnnn NnE ,...,1,,,, =ωτσ  captures the observed important climatological properties of 

the synoptic eddy flow. This set is determined by using complex EOF (CEOF) analysis 

(Barnett 1983) to a 2–8 day bandpass-filtered (Murakami 1979) daily 500-hPa 
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streamfunction data. The dataset is derived from the NCEP/NCAR reanalysis for cold 

season (November–April for the Northern Hemisphere and May–October for the 

Southern Hemisphere) during 1979–95. Each En(x, y) is the nth CEOF pattern and 2

nσ  is 

the contribution of this CEOF to the total variance of the eddy field. From each complex 

time series associated with each CEOF, one can determine the main phase propagation 

rate n by linearly fitting the phase changes. Furthermore, each nτ  is estimated from the e-

folding time in the autocorrelation of the amplitude time series of each CEOF. Thus, the 

entire set ( )cnnnn NnE ,...,1,,,, =ωτσ , serving as the base functions and parameters of Eq. 

(2), can be completely determined from the data. Details of the set 

( )cnnnn NnE ,...,1,,,, =ωτσ  can be found in appendix A of Jin et al. (2006a). 

The statistics of observed atmospheric synoptic flow are not exactly Gaussian. 

The time coefficients of each CEOF from data are only uncorrelated at the zero time lag 

and they are not independent. Nevertheless, we found that the Gaussian representation of 

Eq. (2) captures the climatological statistics of the observed synoptic eddy flow including 

its variance, covariance, and even lag-covariance fields (see appendix A of Jin et al. 

(2006a)). 

 

2.2.2 The Second-Order Closure 

Both linear and nonlinear approaches have been advocated to study the stochastic 

dynamics of large-scale atmospheric circulation (Newman et al. 1997; Whitaker and 

Sardeshmukh 1998; Majda et al. 1999, 2003; Franzke et al. 2005). Because Eq. (1) 

captures both climatological statistics of transient synoptic eddy flow and climatological 

mean flow, the basic flow contains the major portion of the total energy of the large-scale 

atmospheric circulation. Thus, in the statistic sense, one may regard the low-frequency 

variability of planetary scale circulation and associated variations in the synoptic eddy 

activity as anomalies to this basic flow, as illustrated schematically in Fig. 4 of Jin et al. 

(2006a). Because these anomalies only consist of a small fraction of total energy of the 

atmospheric circulation, it was argued in Jin et al. (2006a) that a linear model with the 

basic flow in Eq. (1) becomes meaningful for studying the dynamics of the anomalous 

flow. 
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In this study, we follow Jin et al. (2006a) and assume that the basic flow of Eq. (1) 

is stable and anomalous external forcing is relatively weak so that we may ignore the 

nonlinearity. The linear barotropic vorticity equation with respect to the stochastic basic 

flow can be written as 

( ) ( ) QrJJL
t

cc =∇+′∇+∇′++
∂

∂∇
ψψψψψψ

ψ 222
2

,, ,   (4) 

where r denotes the frictional damping rate, Q is a deterministic source of the external 

forcing, 2∇  is the Laplacian, and the linear operator L is defined as 

( ) ( )fAJAJAL cc +∇+∇= ψψ 22 ,,)( . 

The stochastic basic flow includes a component representing stochastic synoptic eddies; 

therefore, Eq. (4) is a linear stochastic model with multiplicative noises. 

Equation (4) can be separated into equations for the ensemble-mean 

streamfunction field denoted by ψ  and its deviation ψ ′  as follows: 

       ( ) ( )cc JJQrL
t

ψψψψψψ
ψ

′∇+∇′−=∇++
∂

∂∇
222

2

,, ,   (5a) 

        ( ) ( )cc JJrL
t

ψψψψψψ
ψ

′∇+∇′−=′∇+′+
∂

′∂∇ 222
2

,,  

( ) ( ) ( ) ( ){ }cccc JJJJ ψψψψψψψψ ′∇′+′∇′−′∇′+′∇′− 2222 ,,,,

                              (5b) 

Hereafter, we use angle brackets to denote the operator for the ensemble mean. 

We now introduce the complex covariance functions for the second moments 

ψξψ ′= nn

~
ˆ

,2 . To obtain the equation for the second moments, we multiply the complex 

conjugate of Eq. (3) by ψ ′∇ 2  and multiply Eq. (5b) by nξ
~

, respectively, then take the 

ensemble mean of these resulting equations. After some further simple manipulations, we 

obtain the equations for n,2ψ̂ : 

( ) ( ){ }nn

ti

nnnn

n
EJEJerL

t
n 22

,2

21

,2

,2

2

,,ˆ)(ˆ
ˆ

∇+∇−=∇+++
∂

∂∇
− ψψσψτψ

ψ ω
 

( ) ( ){ }ccn JJ ψψψψξ ′∇′+′∇′− 22 ,,
~

  

           cNn ,...,1=  .    (6) 
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In deriving Eq. (6), we have used the fact that all ψ ′
nw~ =0 for cNn ,...,1= . Equation (6) 

is not closed because it contains the unknown third moments, such as ψξ ′2~
n  and 

ψξξ ′
nn

~
, which resulted from the term in the second line of this equation. In Jin et al. 

(2006a), this last term was assumed to be negligible. 

Adopting the same assumption that the last term of Eq. (6) can be ignored, we can 

consider the following form of solutions for the second moments: 

( ) ..,,ˆ
,2,2 ccet

ti

nn
n += ωϕλψψ  

Then, we obtain the following equations: 

( ) ( ){ }nnnnnnn

n
EJEJirL

t

22

,2

21

,2

,2

2

,,)( ∇+∇−=∇++++
∂

∂∇
− ψψσψωτψ

ψ
, 

           cNn ,...,1=  .   (7) 

These equations are coupled to Eq. (5a) through the ensemble-mean eddy forcing term, 

which can be expressed as 

( ) ( ) ( ) ( )( ) ..
~

,,
~

,,
1

2

,2,2

222
ccEJEJJJ

cN

n

nnnnncc +
�
	



�
�


∇+∇=′∇′+′∇′ �
=

ψψσψψψψ     (8) 

The closed set equations (5a), (7), and (8) form the second-order closure for the linear 

ensemble-mean barotropic model with a stochastic basic flow. 

In Jin et al. (2006a), they further assumed that the tendency term in Eq. (7) might 

be neglected. This assumption is termed as the quasi-equilibrium approximation. Using 

this approximation, we can eliminate  n,2ψ  to obtain the so-called SELF-feedback 

operator: 

( ) ( ) ψψψψψ fcc LJJ =′∇′+′∇′ 22 ,, .    (9) 

The detailed form of SELF-feedback operator Lf can be found in Jin et al. (2006a). 

If we retain the last term in Eq. (6), we need to further obtain the equations for all 

third moments and then make closure assumptions at the fourth order. To derive a general 

fourth-order closure, we find it is more convenient to use a real variable for this high-

order closure. Thus, we rewrite the basic flow (2) in terms of real variables: 
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��
==

=+=′
c

n

c N
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jj

ti
N
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nnnc tyxGcceEt
2
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),,(..),()( ξϕλξσψ ω
.  (10) 

Here 

    );Re(212 jj ξξ =− ),Im(22 jj ξξ =  

( ),),(Re2),,(12

ti

jjj

jeEtyxG
ω

ϕλσ=−  

( ),),(Im2),,(2

ti

jjj

jeEtyxG
ω

ϕλσ−=  

j=1,…,Nc.    (11) 

Then jξ , j =1, . . . , 2Nc, becomes a set of independent and normalized red noises 

processes in 2Nc dimensions. It should be noted that among the third moments, 

0≅′ψξξ kj , unless j=k, and among the fourth moments, 0≅′ψξξξ mkj , unless j= k=m. 

This is because of the assumption of independence among the each component of 

multivariate red noise processes, jξ , j=1, . . . , 2Nc. We have confirmed by numerical 

ensemble simulations that the third ψξ ′2

j  and the fourth moment ψξ ′3

j  are coherent 

whereas other third and fourth moments are two orders of magnitude smaller and thus 

negligible. One example is shown in Section 2.3. It will be shown later in this chapter, the 

second-order closure is adequate for studying stochastic basic flows. 

 

2.3 Accuracy of the Approximate Closures 

 We now use numerical ensemble simulations to test the accuracy of the second-

order and fourth-order closures. All numerical integrations in this chapter are based on 

spatial resolution at T42 and Euler forward scheme with a time step at 40 min.  

The numerical ensemble-mean simulations are conducted in the following 

procedures. We first generate a number of random variables uniformly distributed 

between -1 and 1. We then use the Box–Muller method (cf. Kloeden and Platen 1999) to 

generate standard Gaussian random variables. If we use U1 and U2 to denote two 

normalized independent random number sets drawn from the uniform distributions, then 

N1 and N2, defined by 

                  )2cos(ln2 211 UUN π−= , 
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)2cos(ln2 122 UUN π−= ,    (12) 

are two independent standard Gaussian random variables. To generate normalized red 

noise processes described in Eq. (3), we first normalize these Gaussian random variables 

and then use them to generate independent sequences as pseudo-realizations for white 

noises wj(t). We then use Euler forward scheme to integrate the Eq. (3) in real variables: 

     ),(2)1)(()( twtrtrttt jjjjj ∆+∆−=∆+ ξξ  

j= 1, . . . , 2Nc.      (13) 

In this integration, jr  is the damping rate corresponding to each process and we 

use the same time step (40 min) as used for numerical integration of the barotropic model. 

We denote each realization of a red noise process as αααξ Ntj ,...3,2,1),,( = . For most 

cases, we set αN = 500, under the consideration of a combination of computational 

efficiency and steady solutions. By choosing 500 sets of random number sequences, we 

can generate 500 members of realizations for each ).(tjξ  We may construct Nc set of 

independent ensembles of complex red noise processes as follows: 

 c
nn

n Nnt ,...3,2,1,
2

),(
)( 212 == − ξξξ .   (14) 

We can either use (13) or (14) to obtain 500 realizations of the basic state as expressed in 

Eq. (10) or Eq. (2) for the basic synoptic eddy flow, which can be denoted 

αααψ Ntyxc ,...3,2,1),,,,( =′ . 

 For each realization of the stochastic flow ),,,,( αψ tyxc
′  we integrate Eq. (4) to 

obtain a realization for the streamfunction field denoted as ),,,( αψ tyx′ with standard 

forward integration. By doing the integration for αN times for all the realizations of the 

),,,( αψ tyx′ ,  we obtain the ensemble of the solutions for αααψ Ntyx ,...3,2,1),,,,( =′ . 

We define the ensemble mean as 

�
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α
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and define the covariance functions for the second and higher moments as 
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j= 1, . . . , 2Nc, m= 1, 2, . . . . .   (15) 

The results for ψ  and second moments from the numerical ensemble 

simulations as defined above are compared with those represented by solutions from the 

second-order closure solutions with a zonal-uniform polar forcing as shown in Fig. 2a. 

By considering this different forcing, we further examine the validity of the second-order 

closure. At the same time, this idealized forcing may be viewed to represent surface 

heating/cooling source in the polar region. Therefore, we may examine if this kind of 

forcing can excite the annular mode. 

Validations of forced Rossby waves in various basic eddy flows with an isolated 

forcing have been discussed in earlier work (Jin and Lin 2007). Now, we will further 

examine the validity of the second-order closure for forced responses with a zonal-

uniform polar forcing as shown in Fig. 1a. At this time, this idealized forcing may be 

viewed to represent surface heating/cooling source in the polar region. Therefore, we may 

examine if this kind of forcing can excite the annular mode. In previous study (Jin and 

Lin 2005), a basic flow with the observed climatological mean and a component of 

stochastic eddy flow represented by the first CEOF pattern of the eddy flow is used. It is 

indeed a simplified version of the basic state in Eqs. (1) and (2) as follows: 

..),()(3),( 1

111 cceEt
ti

cc ++= ωϕλξσϕλψψ    (16) 

In this basic flow, there is one propagating wave packet with its stochastic evolution in 

amplitudes and phases characterized by a complex red noise process (the pattern of real 

and imaginary parts of ),(3 11 ϕλσ E are shown in Fig. 2); this component of the basic flow 

is an idealized representation for the transient synoptic eddy flow. To ensure that the total 

variance of this synoptic eddy flow is close to the observed level, we increase its 

amplitude by a factor of 3 so that the variance contribution of the first mode is increased 

by a factor of 9. Because the first CEOF mode is explaining about 10% of total variance 

of observed synoptic eddy variability, the eddy variance in the basic flow of Eq. (16) is 

about 90% of the observed total synoptic eddy variance.  

Now, to exclude the contributions from the stationary waves in the basic state to 

the forced response, we further simplify the basic flow (16) by removing the zonal 
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asymmetric part of the climatological mean so that the basic flow can be expressed as 

follows: 

    [ ] ..),()(3 1

111 cceEt
ti

cc ++= ωϕλξσψψ    (17) 

Here [ ]cψ   represents the zonal-averaged climatological mean flow. A similar basic flow 

was used in Jin et al. (2006a), where the authors demonstrated that the leading dynamic 

mode in the linear model of Eq. (4) under the basic flow of Eq. (16) is an annular-like 

mode. Because the climatological mean flow is purely zonal in this particular case, the 

forced solution without the stochastic eddy component in the basic flow gives rise to a 

simple monopole zonal flow as the steady solution, which is shown as the solid line in 

Fig. 1b. The ensemble-mean solution with the eddy effect is, in fact, no longer zonally 

uniform, although it is dominated by this zonal response, also shown in Fig. 1b as the 

dashed line. This forced response now bears some similarity with the observed zonal 

component of the annular modes, as it has a clear dipole structure in the zonal flow 

anomaly. This kind of feature was also distinct in the annual mode obtained in Jin et al. 

(2006b) under the same basic flow. It should be mentioned that we again find that the 

forced solution from the second-order closure agrees well with the numerical (500 

member) ensemble average (not shown). 

To understand the impact of the SELF feedback on the annular-mode-like 

response, we may examine the anomalous eddy pattern n,2ψ  shown in Fig. 3. The zonal 

flow anomaly generates anomalous transient eddy activity as reflected in n,2ψ  due to the 

anomalous zonal advection of the synoptic eddies. The anomalous eddy patterns have a 

northeast–southwest tilt and contribute to an enhanced net zonal-mean and ensemble-

mean northward momentum flux that reinforces the anomalous zonal shear flow. 

Therefore, stochastic synoptic eddies in the basic flow make it possible for the annular 

mode of dipole structure to exist and be excited by this kind of polar forcing. 

 

2.4 The Quasi-Equilibrium Approximation 

Thus far, we have focused on the accuracy of the second-order closure and the 

impact of the stochastic component in the basic flow to external forcing. In this section, 

we will use the second-order closure to examine the effect of the stochastic component on 
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the evolution of forced solutions. In particular, we will examine the validity of the quasi-

equilibrium approximation introduced in Jin et al. (2006a) and its potential distortion to 

the evolution of forced solutions. The quasi-equilibrium solutions in this section are 

obtained by removing the tendency term in the second-order closure in Eq. (7). 

 

2.4.1 Forced Rossby Waves in a Stochastic Superrotational Flow 

First, we analyze the case for forced ensemble-mean Rossby waves in a 

superrotational flow by numerically integrating Eq. (4). This stochastic superrotational 

zonal flow is defined as 

 ϕψψ sin0

2

00 uc a Ω−= , ϕξψ sin)( 2

uc at Ω−=′ ,   (18) 

where 00ψ  is an arbitrary constant, a is the earth radius, and ξ  denotes a normalized real 

red noise process that satisfies the following equation:  

).(1
tw

dt

d
+−= − ξτ

ξ
     (19) 

 In this experiment, we set the time scale r = (10 days)
-1

, along with a standard 

deviation uaΩ =15ms
-1

. The mean zonal velocity 0uaΩ  is set as 15 ms
-1

, and the system 

is forced by a steady elliptical vorticity source centered at 30°N, with a zonal width of 

40° in longitude and meridional width of 20° in latitude, the maximum amplitude for the 

forcing is about 10
-10

 s
-2

.  

The responses to that steady vorticity source with constant damping rates r is 

shown in Fig. 4. In this case, the basic flow does not include the stochastic component, 

namely uaΩ =0. In this solution, the classic Rossby waves emanate from the steady 

source region along the great circles.  

We find that the difference in response to external forcing with and without the 

stochastic component in the basic flow becomes evident in about one week (Fig. 5). In 

this particular case, the quasi-equilibrium approximation tends to distort the evolution of 

the forced solution very quickly, mostly in the first few days (Fig. 5).  It should be noted 

that in our linear model the quasi-equilibrium approximation does not alter the final 

steady response in all cases. 
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2.4.2    Forced Solutions under Different Stochastic Basic Flows with an Isolated 

Forcing 

We further examine the evolution of other forced solutions with the same isolated 

forcing as shown in Fig. 4. Two different stochastic basic flows are considered. One is in 

the form of (16), and the other is a “realistic” basic eddy flow with Nc=10 in the basic-

state equations (1) and (2). Because each red noise process in Eq. (2) is a complex 

process, the multivariate Gaussian synoptic eddy flow (2) has, in fact, 20 independent red 

noise processes when Nc =10. The steady-state ensemble-mean streamfunction responses 

are shown in Fig. 6b and 6a, respectively.  

Different from what we see in Section 2.4.1, it takes two to three weeks for the 

impact of the SELF feedback to take full effect. By the first week, the Rossby waves 

generated by the isolated forcing start to produce significant anomalous eddy activity 

through perturbations on the eddies in the basic flow. They induce a visible feedback on 

the forced response, as shown in Fig. 7. This process continues and the solution becomes 

nearly steady by the end of the third week. The distortion resulting from the quasi-

equilibrium approximation is very small in the first several days, in contrast with the case 

shown in Fig. 5. This is because the nature of the stochastic component in the basic flow 

is completely different. The distortion becomes sizable by the end of the first week, but 

then diminishes rather quickly afterward. In other words, the quasi-equilibrium 

approximation distorts the evolution of the forced solution to some degree only in the 

first a couple of weeks. 

 

2.4.3    Forced Solution with a Zonal-Uniform Polar Forcing 

For the case with zonal forcing discussed in Section 2.3, we find that the SELF 

feedback takes effect very quickly (not shown). This is because the zonal uniform forcing 

generates a zonal anomaly flow that simultaneously perturbs synoptic eddies of the basic 

flow over all longitudes. As a result, it generates the anomalous eddy activity everywhere 

(Fig. 3) in the storm track regions, inducing an effective feedback onto the zonal flow 

anomaly. This is in contrast with the isolated forcing that generates forced Rossby wave 

trains, which take some time to reach the storm track regions and then perturb only a 

portion of the storm track regions with a more localized eddy effect. 
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2.5 Summary 

Jin et al. (2006a) proposed a SELF paradigm for studying the dynamics of the 

low-frequency flow. The key concept is to relate the linear dynamics of the low-

frequency flow to the ensemble-mean dynamics of the linear system under a stochastic 

basic flow and then to find an approximate closure for the SELF feedback. In the present 

study, we examine the accuracy of the earlier SELF closure and the consequences of the 

so-called quasi-equilibrium approximation. 

The accuracy of the second-order closure is tested under stochastic basic flow 

with a zonal-uniform polar forcing. Direct numerical simulations confirm the validity of 

the second-order closure. The forced experiment with a zonally uniform forcing also 

provides a simple example in support of the analytical prototype model proposed by Jin 

et al. (2006a) for the annular modes, which were regarded as internal dynamic modes 

resulting from the positive SELF feedback through the so-called tilted trough mechanism. 

The SELF feedback starts to alter the atmospheric response to external forcing 

from a few days to several weeks depending on the nature of the forcing. In the initial 

phase of a couple of weeks, the quasi-equilibrium approximation distorts the evolutions 

of the forced solutions, whereas beyond that initial adjustment, this approximation is 

largely valid and, in fact, does not affect the final steady responses to the steady external 

forcing. 

Our study is carried out in a simple barotropic model. The method of deriving the 

second-order and the higher-order closure, however, can be extended to a general full 

primitive equation framework in a straightforward manner. We expect our main 

conclusions, including the accuracy of the second-order closure and the impact of the 

quasi-equilibrium approximation of the adjustment process, to qualitatively hold in such a 

general framework. 

The linear framework with the second-order closure has been used by Jin et al. 

(2006a) as a tool for understanding the dynamics of low-frequency atmospheric 

variability in the extratropics. Another plausible application of the framework is to 

understand the ensemble-averaged solutions from ensemble simulations and ensemble 

forecasts. Sizable members for ensemble simulations and ensemble forecasts have 

become feasible for various comprehensive models for weather and climate. The 
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dynamics for individual realization and for the ensemble average of a large ensemble 

member size can be significantly different. It will be a worthy effort to understand the 

dynamics of ensemble-averaged solutions from ensemble simulations and forecasts of 

general circulation models. 
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CHAPTER 3 

ENSEMBLE-MEAN DYNAMICS OF THE ENSO 

RECHARGE OSCILLATOR UNDER STATE-DEPENDENT 

STOCHASTIC FORCING 

 

 

 

3.1 Introduction 

The slow deterministic dynamics of the El Niño-Southern Oscillation (ENSO) 

phenomenon have been extensively explored using conceptual and intermediate models 

(e.g., Anderson and McCreary 1985; Cane and Zebiak 1985; Suarez and Schopf 1988; 

Battisti and Hirst 1989; Philander 1990; Jin 1997). These studies consistently suggested 

that deterministic ENSO dynamics are governed by the leading coupled oscillatory 

modes in the tropical Pacific. However, a number of studies suggested that the Madden-

Julian Oscillation (MJO), westerly wind bursts (WWB), and North-Pacific Oscillation 

(NPO), may all have significant impacts on ENSO variability and predictability (e.g., 

Kessler et al. 1995; Kleeman and Moore 1997; Moore and Kleeman 1999; Perigaud and 

Cassou 2000; Zhang et al. 2001; Zhang and Gottschalck 2002; Yu et al. 2003; Lengaigne 

et al. 2004; McPhaden 2004; Vimont et al. 2001; Zavala-Garay et al. 2005).  

Moreover, not only is ENSO dependent on fast atmospheric variability, but MJO 

and WWB activity is modulated by temperature anomalies in the central equatorial 

Pacific (Keen 1982; Luther et al. 1983; Gutzler 1991; Kessler et al. 1995; Kessler and 

Kleeman 2000; Vecchi and Harrison 2000; Yu et al. 2003; Eisenman et al. 2005; Perez et 

al. 2005). As conjectured by Keen (1982), Lukas (1988) and Lengaigne et al. (2004), an 

individual MJO/WWB can shift the warm pool eastward, making it more likely for more 

MJO/WWB events to be generated and thus further extensions of the warm water front 

and developments of Kelvin pulses, which may contribute to the generation of a mature 

El Niño event. This type of fast and coupled interaction, which can be parameterized in 

terms of a multiplicative noise source, may have an important influence on ENSO 
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predictability (Lengaigne et al. 2004), the instability of ENSO (Eisenman et al. 2005), 

and the statistical probability distribution of ENSO (Perez et al. 2005). The aim of our 

study is to develop a new theoretical framework that captures and synthesizes these 

effects and illustrates the main qualitative differences between the additive (e.g., Penland 

and Sardeshmukh 1995; Thompson and Battisti 2000; Zavala-Garay et al. 2005) and state 

dependent (multiplicative) stochastic forcing on the dynamics of ENSO. 

In this study, the conceptual recharge oscillator model for the El Niño-Southern 

Oscillation phenomenon (ENSO) is utilized to study the influence of fast variability such 

as that associated with westerly wind burst (WWB) on dynamics of ENSO and 

predictability. Section 3.2 describes the ENSO recharge oscillator that is forced by 

additive and multiplicative noise data sources and selection. Section 3.3 discusses the 

impacts of temperature-dependent noise on ENSO. The ensemble-mean dynamics under 

stochastic closures are presented in Section 3.4. Conclusions and future work are 

provided in Section 3.5. 

  

3.2 ENSO Recharge Oscillator Forced by Additive and Multiplicative 

Noise 

As exemplified by numerous studies, the fast atmospheric fluctuations associated 

with the MJO/WWB activity alter the tropical thermocline depth and SST by triggering 

oceanic Kelvin waves and affecting the ocean currents and heat fluxes. The slow 

variations of the ocean thermal conditions also modulate the atmospheric fast variability. 

These type of interactions can be mathematically described in terms of state-dependent 

noise forcing – the so-called multiplicative noise (Blauboer et al. 1982; Timmermann and 

Lohmann 1999). Conceptually, similar approaches were adopted recently by Jin et al. 

(2006) such as to capture the feedbacks between synoptic eddies and the low frequency 

flows in the extratropical atmospheric circulation.  

Here, we adopt the same conceptual approach and a highly idealized model to 

study the interaction between fast MJO/WWB variations and the slow dynamics of 

ENSO. Let us consider the following simple recharge oscillator model of ENSO with an 

ad hoc stochastic multiplicative forcing term: 
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ξ
     (20) 

This form of the equations can be justified following Jin (1997) and Burgers et al. (2005). 

Here T and h represent theeastern equatorial Pacific SST and the zonally averaged 

equatorial heat-content anomalies, respectively; w(t) is a white noise forcing term which 

drives a Gaussian process )(tξ , that is normalized to be of a unit variance and a decay 

timescale of 1/r; s is the amplitude of the multiplicative noise forcing. For simplicity, we 

have normalized T and h, for instance by their typical amplitudes, respectively. The 

stochastic forcing terms Gt)(σξ and Gta )(σξ  represent the effects of fast atmospheric 

wind anomalies (short de-correlation timescales) on the eastern equatorial SST anomalies 

and the equatorial heat content variations, respectively. The proportionality coefficient a 

reflects the fact that the same stochastic wind stress can serve as the forcing for SST and 

also for the recharge and discharge of the equatorial heat-content anomalies. For the sake 

of simplicity, a is set to zero hereafter. 

We use the function G to characterize the modulation of the atmospheric noise by 

the interannual SST anomalies. When G = 1, the system is forced by additive noise (see 

also discussion by Jin (1997), whereas the case G = 1 + BT represents the state-dependent 

noise forcing due to the inter-annual modulation of WWB/MJO activity via SST 

anomalies. Another interpretation of this term is that it captures a randomly fluctuating 

growth rate 
( )

2

)(tBξσλ +−
 of the ENSO recharge oscillator. A similar state-dependent 

noise forcing has been described by Perez et al. (2005), who found qualitative changes of 

the stationary PDF in an intermediate ENSO model driven by multiplicative noise forcing. 
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3.3 Impacts of Temperature-Dependent Noise on ENSO 

To illustrate the impacts of the state-dependent noise forcing on ENSO dynamics, 

we consider some idealized cases. Here, we set λ =
6

1
 month

-1
, r =

5.1

1
 month

-1
, 

24

1
=σ  month

-1
, 

48

2π
ω = month

-1
 and the initial values are chosen as T = 0, h = 2. The 

initial conditions are chosen near a transition from a neutral into a warm phase. The given 

values for λ and ω correspond to a stable ENSO oscillator with a negative growth rate. 

In the case of B = 0, the ensemble-mean solution of our linear model does not 

depend on the noise forcing. The numerical ensemble-mean solution obtained from a 

5000-member ensemble is indeed almost indistinguishable from the deterministic 

solution solved with the same initial conditions without noise forcing (not shown). The 

warm events in the ensemble simulations mostly have relative weak amplitudes (Fig. 8a) 

and the ensemble spread is modest (Fig. 8d). The ensemble-mean event dies out without 

even going into a significant cold phase (Fig. 8c) because the ENSO mode in this case is 

heavily damped. 

On the contrary, when B = 1, a significant number of warm events in the 

ensemble simulations attain very large amplitudes (Fig. 8b). The ensemble-mean ENSO 

cycle is stronger and a weak cold phase follows the strong warm phase (Fig. 8c). The 

ensemble spread is clearly amplified due to the modulated noise forcing (Fig. 8d). For a 

lead time over 12 months, the signal-to-noise ratio is higher in the additive forcing case 

than that for the case B = 1, which suggests WWB-ENSO interactions might have a 

crucial influence on the predictability of ENSO, as pointed out by Lengaigne et al. (2004). 

Furthermore, the PDFs (probability distribution function) of SST anomalies for 

the cases with B = 0 and B = 1 (Fig. 8e) are clearly different, and the later has a skewness 

towards rear and large warm SST anomaly events. Thus, linearly modulated stochastic 

forcing in (27) has an equivalent effect to the nonlinearity in terms of the generation of 

the ENSO warm skewness. 

Although the different roles of additive and multiplicative noise on dynamical 

systems have been documented extensively in the literature, it is still elusive how this 

type of noise-induced destabilization may influence ENSO stability and predictability in 
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coupled ENSO models. We propose a conceptual ensemble-mean framework to address 

this issue in the next section. 

 

3.4 Ensemble-Mean Dynamics Under Stochastic Closures 

From the simple examples in Fig. 8, it becomes evident that modulated noise has 

a crucial impact on the amplitudes of ENSO in the ensemble mean sense. In this section, 

we propose an analytical closure approach to study the ensemble-mean dynamics of 

ENSO. Separating the variables into ensemble mean and departure, i.e.: 

hhhTTT ′+=′+= , , 

where T , h  denote the ensemble means for T and h, respectively, and using the 

approach proposed by Jin et al. (2006), we can obtain the following equations: 

                                          ,TBhT
dt
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′++−= ξσωλ  

      ,T
dt
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                                      ( ) ,1)( 3BTTBhTr
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         .Thr
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                                             (21) 

Here, T3= T ′2ξ . By adopting a second order closure (letting T3 = 0), the system of 

equations (21) is closed for the ensemble-mean evolution. 

Typically r>> λ , we thus can apply the quasi-equilibrium assumption (Jin et al., 

2006) by further omitting the time tendency terms in (21). Then, the approximate 

ensemble-mean equations for the ENSO recharge oscillator read as follows: 

     ( )rr
BhT

dt

Td
E /2
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ωλ
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++−= , 

T
dt

hd
ω−= .      (22) 
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Here ( )rr
B

E /2

22

ωλ
σλλ

++
−≈ gives a reduced damping rate for the ensemble 

mean ENSO oscillator (22). This expression clearly shows that the ensemble-mean 

ENSO oscillator is less stable in the presence of multiplicative noise forcing (Fig. 9). For 

instance, the negative growth rate is reduced by nearly 25% when B = 1 and reduced by 

half when B = 1.4, as seen from Fig. 9. It is this noise-induced destabilization that is 

responsible for the difference in amplitudes of the ensemble-mean ENSO cycles for the 

same deterministic initial conditions as shown in Fig. 8d. In other words, the modulated 

noise forcing, representing the ENSO-WWB/MJO interaction, tends to enhance the 

instability of the slow ENSO oscillator. This kind of destabilization can be inferred from 

the well-known mathematical properties of stochastic dynamical systems (Gardiner 1990). 

We here refer to this new instability as the noise-induced ensemble-mean instability of 

ENSO. Eisenman et al. (2005) reported a similar result from the parameterized ENSO-

WWB interaction in their numerical study of an intermediate ENSO model. The 

analytical result from the ensemble-mean dynamical framework (22) clearly reveals that 

this destabilization depends on the variance as well as on the damping timescale of the 

modulated noise forcing. 

Furthermore, there is a constant forcing term in the ensemble-mean equations (22). 

This term comes from equation (21) for T ′ξ  and represents a rectification effect of 

modulated noise forcing. It leads to a non-zero ensemble-mean steady solution (not 

shown). Thus, modulated noise forcing has a rectification effect on the mean state, which 

may contribute to a climate mean state bias in the coupled models. 

To test the accuracy of the closure approximation used in ensemble-mean 

dynamical system, we further compare the ensemble-mean solutions obtained from this 

second-order closure to those computed statistically after numerically integrating 

equations (20) using a 5000-member ensemble. The good agreement depicted in Fig. 10a 

indeed confirms the validity of our approach. 

We also derived the ensemble-mean dynamic system for the covariance matrix: 

                      ( ) 22
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Combining equations (23) with equations (21) yields an equation for the ensemble-mean 

dynamics of the spread 2T ′ . In case of multiplicative noise B ≠ 0, closures for the third 

moments are needed to solve equations (23). Using the equations for the third moments 

(not shown here) and the fourth-order closure approximations (cf. Jin and Lin, 2007), we 

can obtain the closed dynamical equations for the ensemble-mean spread. The details for 

the fourth-order closure will be reported elsewhere. 

The ensemble spread was obtained statistically by numerically integrating 

equations (20) 5000 times using different noise realizations as well as by solving the 

ensemble spread equations (23) under the 4th order closure approximation (Fig. 10b). 

The agreement between results from the two different approaches for the ensemble 

spread or the second moment is not as close as ensemble-mean evolution or the first 

moment. Nevertheless, the results in both Figs. 10a and 10b basically validate our closure 

assumptions and the ensemble dynamics framework. 

  Our results suggest that on the one hand, modulated noise can effectively enhance 

the instability of ENSO in the ensemble-mean sense and thus help to amplify the 

ensemble-mean amplitude of the ENSO cycles; on the other hand, it also enhances the 

spread of ENSO forecasts. In other words, when MJO and WWB activities are modulated 

by ENSO-related SST anomalies and feedback to the generation of SST anomalies in the 

eastern equatorial Pacific, ENSO cycles are likely to become stronger than without this 

mutual interaction. But, predicting the ENSO cycles can become more difficult because 

of the enhanced error growth and ensemble spread and hence the reduced signal-to-noise 

ratio. This dilemma was in fact noted recently using a coupled general circulation model 

(CGCM) which simulates large-amplitude, quasi-periodic ENSO events, but exhibits a 

very large-ensemble spread in a series of ensemble forecasts (Lengaigne et al. 2004). 

The influences of the modulation factor B on the noise-induced destabilization of 

ENSO as well as on the ensemble spread are further illustrated in Figs. 10c and 10d. Not 

only is there a significant amplification during the first stages of an ENSO forecast (lead 
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time 12 months) but also when reaching long-term saturation after several years (Fig. 

10d). It is expected that when the multiplicative noise tends to bring the system near to 

the noise-induced criticality such that the system becomes unstable, then nonlinearities 

have to be taken into account to damp the amplitude growth. In that case, we anticipate 

that Fig. 10d will look quite different if nonlinearities are included in equations (20). A 

discussion of the nonlinear ensemble dynamics of the ENSO recharge oscillator driven 

with multiplicative stochastic forcing will be presented elsewhere. 

In case of multiplicative noise, the initial condition of the ensemble-mean SST 

will have an impact on the evolution of the ensemble spread, as illustrated in Fig. 11. The 

onset of warm events from a recharged state (T = 0, h = 2, a state with positive equatorial 

heat content) is much less predictable than that of cold events from a discharged state (T 

= 0, h = -2, a state with negative equatorial heat content). This is consistent with the 

findings of Kessler (2002) who found that the onset of large El Niño events prior to any 

major eastern equatorial SST perturbation has a very low predictability, thus challenging 

the concept of ENSO being an oscillatory mode. Rather than questioning the concept of 

ENSO cycles, we can attribute this feature to the properties of the state-dependent noise. 

It should also be pointed out that for a linear system under additive noise forcing (B = 0), 

the noise-induced spread is independent of the deterministic initial conditions. 

 

3.5 Summary 

Using a conceptual recharge-oscillator model for ENSO, we studied the 

interaction between the fast varying atmospheric variability, represented by a state-

dependent stochastic process with a short de-correlation time scale, and the relatively 

slow-evolving ENSO mode. Unlike for linear additive noise forcing, state-dependent 

multiplicative noise not only alters the ensemble-mean evolution of ENSO, but also 

amplifies the ensemble spread during an ensemble forecast. 

We demonstrated that multiplicative noise may destabilize the ENSO oscillator 

through the so-called noised-induced instability. This finding challenges the view of 

ENSO being an additive-noise driven stable oscillator because noise itself can generate 

instability. Moreover, for our particular ENSO model, the modulated noise can greatly 
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amplify the ensemble spread and make it initial-condition dependent. It may also induce a 

systematic drift in the ensemble-mean solutions. 

We proposed approximation closures for studying the ensemble-mean dynamics 

of ENSO under modulated stochastic forcing. We demonstrated that the second-order 

closure (the fourth-order closure) is accurate to describe the ensemble-mean evolution 

(spread) of ENSO. The amplifications of both signal and spread can be captured by the 

approximate ensemble-mean dynamics system. 

The simple ensemble-mean dynamics concepts and approaches illustrated here for 

the ENSO recharge oscillator model need to be extended to more comprehensive coupled 

model frameworks. This may open a venue for understanding not only the interaction 

between the fast varying variability and slow ENSO modes, but also for refining the 

ensemble approach for ENSO predictions. 
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CHAPTER 4 

COMPARING GPS RO TEMPERATURES AND LAPSE 

RATES WITHIN CLOUDS WITH LARGE-SCALE 

ANALYSIS 

 

 

 

4.1     Introduction 

Clouds play an important role in Earth’s climate, and their modeling, or 

parameterization, is one of the most uncertain aspects of climate models. They influence 

the radiative energy budget and atmospheric hydrological processes. Temperatures within 

clouds are important for determining many other cloud properties, such as cloud water 

phase, cloud particle size and cloud water path, whose accurate measurements are 

required for improvements and validations of climate and weather forecast models 

(Stephens et al. 1990; Diak et al. 1998; Bayler et al. 2000).  In the past, a large number of 

studies have been carried out, including the inter-comparisons of satellite cloud-top 

height retrieval with observations from in situ, airborne, and surface-based instruments 

(Smith and Platt, 1978; Smith and Frey, 1990; Frey et al. 1999; Wylie and Wang, 1999; 

Naud et al., 2002, 2003; Hollars et al. 2004; Mahesh et al. 2004; Sherwood et al. 2004; 

Hawkinson et al. 2005; Stubenrauch et al. 2005; Holz et al. 2006; Kahn et al. 2007; 

Weisz et al. 2007a, 2007b). The primary data sources for studies related to in-cloud 

thermodynamic structures are in situ dropsonde measurements from aircraft and weather 

balloons (radiosondes), and remote sensing from weather satellites. However, 

measurements from dropsondes and radiosondes have limited Earth coverage and are not 

available under severe weather conditions. Operational weather satellites can only 

identify horizontal distributions of clouds; they cannot observe the detailed vertical 

variability of the thermodynamic structure within clouds. Weather balloons cannot 

provide data for thin ice clouds and cannot reach the uppermost parts of the troposphere 

in the tropics.  
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The Global Positioning System (GPS) radio occultation (RO) limb-sounding 

technique makes use of radio signals from the GPS satellites for sounding Earth’s 

atmosphere. This technique has the following unique features: high accuracy and 

precision, high vertical resolution, no contamination from clouds, no system calibration 

required, and no instrument drift (Kursinski et al. 1997; Rocken et al. 1997; Anthes et al. 

2000; Kuo et al. 2004). These features make RO particularly useful for climate studies. 

Early studies show that GPS RO soundings from the first Earth RO mission, GPS 

Meteorology (GPS/MET), agree with those from radiosondes and large-scale analyses to 

better than 1.5 K between 5 and 30-km altitude (Kursinski et al. 1996; Ware et al. 1996; 

Rocken et al. 1997; Gorbunov and Kornblueh, 2001). Studies by Wickert et al. (2001, 

2004) conclude that the differences between a later GPS RO mission, CHAllenging 

Minisatellite Payload (CHAMP), and the ECMWF analysis are less than 1 K above the 

tropopause and less than 0.5 K in the altitude range from 12 to 20 km in mid- and high-

latitudes. Hajj et al. (2004) have compared CHAMP occultation results with another GPS 

mission, the Argentina’s Satelite de Aplicaciones Cientificas-C (SAC-C), and concluded 

that the individual CHAMP profiles are accurate to better than 0.6K between 5 and 15 

km. Temperature profiles derived from COSMIC have even better accuracies than those 

of CHAMP. The global mean differences between COSMIC and high-quality reanalyses 

within the height range between 8 and 30 km are estimated to be ~0.65ºC (Kishore et al. 

2008). The precision of COSMIC GPS RO soundings, estimated by comparison of 

closely co-located COSMIC soundings, is approximately 0.05
o
C in the upper troposphere 

and lower stratosphere (Anthes et al. 2008).  

Earlier validations of RO data have been carried out without separating cloudy 

and clear air soundings. In this study, COSMIC RO temperatures within clouds are 

compared with those of NCEP/NCAR reanalysis (Kalnay et al. 1996) and ECMWF 

analysis. The cloud-top and cloud-base heights are obtained from CloudSat 

measurements. In this study, we consider RO soundings in clouds as well as clear sky air. 

The chapter is arranged as follows: Section 4.2 describes data sources and selection. 

Section 4.3 presents a comparison of cloud-top temperature among RO “dry” retrievals, 

RO “wet” retrievals, NCEP/NCAR reanalysis and ECMWF analysis. Temperature 

profiles within clouds are compared in Section 4.4. Model and RO refractivity differences 
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in clear and cloudy air are discussed in Section 4.5. A new RO retrieval algorithm is 

proposed in Section 4.6 for obtaining in-cloud vertical profiles of temperature from RO 

refractivity data. The resulting temperature and lapse rate within clouds using the new 

retrieval algorithm are compared with those from the standard RO wet retrieval. 

Conclusions and future work are provided in Section 4.7. 

 

4.2     A Brief Description of Observations and Analyses 

Under the assumption of the spherical symmetry of the refractive index in the 

atmosphere, vertical profiles of bending angle and refractivity can be derived from the 

raw RO measurements of the excess Doppler shift of the radio signals transmitted by 

GPS satellites (Kursinski et al. 1997; see also Appendix A1 in Zou et al. 1999). The 

profiles of refractivity can then be used to generate the so-called “dry” and “wet” 

retrieval products. For dry air, the density profiles are first calculated using the 

relationship between density and refractivity. The dry temperature profiles are then 

derived from the density profiles based on the hydrostatic equation and the ideal gas law 

under the assumption that water vapor is zero. The wet retrieval algorithm estimates both 

temperature and water vapor profiles using a one-dimensional variational data 

assimilation (1D-Var) algorithm (see Healy and Eyre, 2000; Palmer et al. 2000).  The 

algorithm used here is described by http://cosmic-io.cosmic.ucar.edu/cdaac/doc/ 

documents/1dvar.pdf . 

The COSMIC satellite system consists of a constellation of six Low-Earth-Orbit 

(LEO) microsatellites, and was launched on 15 April 2006 into a circular, 72
o
 inclination 

orbit at 512-km altitude (Anthes et al. 2008). The first COSMIC GPS RO global data sets 

of atmospheric parameters (e.g., refractivity, pressure, temperature, etc.) were provided 

on 21 April 2006. The daily occultation count was about 400 during the initial four-

month period and increased after that to about 1400-1600 soundings in August 2006 and 

up to 2,500 more recently. The vertical resolution ranges from better than 100 m in the 

lower troposphere to approximately 0.5 km in the stratosphere. Each GPS RO 

measurement quantifies an integrated refraction effect of the atmosphere on the ray along 

the ray path over a few hundred kilometers of space, centered at the perigee point 

(Kursinski et al. 1996). The RO data used in this study are obtained from the UCAR 
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COSMIC Data Analysis and Archival Center (CDAAC; Kuo et al. 2004). The CDAAC 

1D-Var wet retrieval employs the NCEP/NCAR reanalysis as the first guess field. The 

present study uses COSMIC soundings in June 2007 and from June to September 2006.  

The selection of cloudy RO soundings were based on CloudSat data. CloudSat 

was launched into a 705-km near-circular sun-synchronous polar orbit on April 28, 2006. 

It orbits Earth approximately once every 1.5 hours, finishing the so-called one 

observation granule. The primary observing instrument on CloudSat is a 94-GHz, nadir-

pointing Cloud Profiling Radar (CPR), which measures the returned power backscattered 

by clouds. The along-track temporal sample interval equals 0.16 second, resulting in 

more than 30,000 vertical profiles of radar reflectivity, liquid water content and ice-water 

content for each granule. The along-track spatial resolution is about 1.1 km, with an 

effective field of view (FOV) of approximately 1.4km × 2.5km. Besides reflectivity, 

liquid water content and ice-water content, cloud layers (with a maximum of five layers), 

cloud type, as well as the altitudes of cloud tops and cloud bases, are also provided by 

CloudSat (Stephens et al. 2002).  

Cloudy COSMIC RO soundings must collocate with a CloudSat cloudy profile, 

where collocation is defined by a time difference of no more than half hour and a spatial 

separation of less than 30 km. Second, the cloud top must be above 2 km in order to 

minimize the impact of the uncertainty of RO wet retrievals in the lower troposphere. 

Third, for simplicity, only soundings with a single layer cloud are chosen. An example is 

given in Fig. 12, which shows the orbital track of an observation granule initialized at 

17:02:24 UTC June 5, 2007 and the location of a nearby RO sounding (Fig. 12a). The 

radar-observed reflectivity along a segment on this orbital track is shown in Fig. 12b and 

the vertical profile of reflectivity observed by CloudSat at the point on the CloudSat track 

that is closest to the RO location is shown in Fig. 12c. The reflectivity cross section 

suggests the presence of a deep cloud system of large horizontal extent. 

Different types of clouds are usually produced by different dynamic processes and 

have different microphysical properties (Hartmann et al. 1992; Chen et al. 2000). 

CloudSat classifies clouds into eight groups (St, Sc, Cu, Ns, Ac, As, deep convective, and 

high cloud) based on structural features of cloud, presence of precipitation, temperature 

and amount of upward radiance (Stephens et al. 2002). Figure 13 shows cloud types for 



 30 

three selected COSMIC cloudy RO soundings. Large refractivity differences between 

NCEP/NCAR reanalysis and ECMWF analysis and COSMIC observations are seen near 

the tropopause, cloud top, cloud base and within clouds.  

Based on the above-mentioned cloudy sounding selection criteria, a total of 72 

COSMIC RO soundings were found, with 11 in June 2007 and 61 from June to 

September 2006. Their geographical distribution is shown in Fig. 14a. It is noticed that 

most soundings are located in middle and high latitudes, which results from the fact that 

multi-layer clouds are eliminated in this study. The vertical distributions of reflectivity 

from CloudSat and temperature from COSMIC wet retrievals within cloud for the 72 

soundings are presented in Figs. 14b and 14c, respectively. The observed reflectivity 

varies between -20 dBz and 20 dBz. The low-level clouds are as warm as 10
o
C, and the 

high-level clouds are as cold as -70
o
C.  

Vertical profiles of temperature from the ECMWF analyses along the CloudSat 

observation granule at CloudSat data resolution are included in the CloudSat auxiliary 

data products and are used for this study. These ECMWF profiles are generated from an 

ECMWF analysis at T799L91 model resolution (see CloudSat Algorithm Process 

Description Documents 1 ). The NCEP/NCAR reanalysis data used in this study are 

obtained from NOAA’s Earth System Research Laboratory (ESRL) at 

http://www.cdc.noaa.gov/data/gridded/data.ncep.reanalysis.spectral.html at T62L28 

model resolution (Kalnay et al. 1996). The NCEP/NCAR reanalysis is given on sigma 

levels, while COSMIC RO data are given on geometric heights. In order to compare the 

RO refractivity and temperature with the NCEP/NCAR reanalysis, sigma-level data are 

first converted to corresponding geometric heights using the hydrostatic approximation, 

the surface pressure and the terrain height. Then a horizontal bilinear interpolation is 

performed to obtain the temperature at the GPS RO data location. Finally, a vertical 

linear interpolation is carried out to calculate analysis values at the RO measurement 

height. Analyses at the two times, separated by a six-hour interval, closest to the RO 

observation time are interpolated in time to obtain the final vertical profiles of the 

NCEP/NCAR reanalysis that are compared to the RO data.  COSMIC data above 4 km 

                                                 

1 http://www.cloudsat.cira.colostate.edu/cloudsat_documentation/html/index.html). 
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are included in the June 2007 ECMWF analyses (Healy and Thépaut, 2006).  They are 

not included in the 2006 ECMWF analyses or in any of the NCEP/NCAR reanalyses. 

 

4.3     Comparisons of Cloud-Top Temperatures 

To compare temperatures at the cloud top from the RO standard retrievals with 

NCEP/NCAR and ECMWF analyses, we first present (Fig. 15) temperatures at the cloud 

top from the dry and wet RO retrievals, NCEP/NCAR reanalysis, and ECMWF analysis 

for the 11 cloudy soundings in June 2007. The cloud-top height is determined based on 

CloudSat data, which are shown in Fig. 15b. The NCEP/NCAR cloud-top temperatures 

tend to be higher than the other temperatures. The ECMWF analysis compares more 

favorably with the RO retrievals than the NCEP/NCAR reanalyses. Moreover, the RO 

dry temperature retrieval is quite accurate at the cloud top, except for the cloud whose top 

is at 4.3 km.  This is expected for the very cold cloud tops where water vapor makes a 

negligible contribution to the RO refractivity. These features characterizing data for the 

soundings in June 2007 also hold true for the cloudy soundings from June to September 

2006 are included.  

Figure 16 plots temperature differences between the RO, NCEP/NCAR, and 

ECMWF temperatures at the cloud-top heights. A systematic warm bias of more than 

1.5K is found for the NCEP/NCAR temperatures.  The largest warm bias reaches 3.5K at 

9 km, which could be a result of a combined effect of cold cloud tops and a cold 

tropopause at this altitude, both of which may be inadequately resolved by the model 

analyses. The ECMWF temperatures also show a systematic warm bias at cloud top in 

the middle troposphere. The largest warm bias is about 1.5K from 3.5-5.5 km. In upper 

levels, both warm and cold biases are found, but the magnitude is less than 1K. Due to 

the omission of water vapor contribution, a cold bias is expected in the dry retrieval 

compared to the wet retrievals (Fig. 16c). This is also true for cloud top temperature 

below 5 km in Fig. 16d.  

Differences of refractivity at the cloud top between the RO retrievals and the 

ECMWF and NCEP/NCAR analyses are presented in Fig. 17. The ECMWF refractivities 

compare more closely with the RO refractivities (N) than do the NCEP/NCAR 

refractivities. The ECMWF refractivity show a small negative difference (< 2 N units) 
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compared to the RO refractivity. The NCEP/NCAR refractivities show large variations 

from the RO refractivities, resulting in the root-mean square (RMS) differences between 

the NCEP/NCAR and RO refractivity being twice as large as those between ECMWF and 

RO. These differences may be related to the differences in the resolutions of the analyses. 

The temperatures near the cloud top (within ± 2 km) are also examined. Figure 18 

shows the temperature difference between ECMWF analysis and NCEP/NCAR 

reanalysis and the RO wet temperatures for all 72 cloudy soundings. While there are 

considerable variations between these difference profiles, there are some similarities.  For 

many of the soundings the RO temperatures are several degrees lower than the analyses 

in the vicinity of the cloud top. Overall, the ECMWF temperatures are more consistent 

with the RO temperatures compared to the NCEP/NCAR temperatures. 

 The mean and RMS differences between the ECMWF and NCEP/NCAR and the 

RO temperatures near the cloud top are calculated for three groups of soundings (Fig. 

19): low clouds (cloud-top height is between 2 to 5 km), middle clouds (cloud-top height 

is between 5 to 8 km), and high clouds (cloud-top height is between 8 to 12 km). There 

are 24, 17, and 20 cloudy soundings in low, middle and high cloud groups, respectively.  

The RO temperatures in the mean tend to be lower than the model temperatures, with a 

maximum anomaly of 1-2 K near and just below the cloud top.  The consistency in the 

shape of the profiles suggests that the RO soundings are measuring real cloud effects that 

are not in the analyses, particularly the NCEP/NCAR reanalysis. 

 

4.4     In-Cloud Temperatures 

Based on the cloud-top height and cloud-base height provided by CloudSat, we 

are able to examine the vertical variation of temperature within clouds. In order to see the 

temperature structure within cloud more clearly, the temperature is subtracted from its 

vertical mean within cloud. Figure 20 shows the 11 soundings in June 2007 from the RO 

wet retrievals. It is seen that the temperature within cloud decreases with altitude at 

different lapse rates. Similar results are found for the 61 cloudy soundings in 2006 from 

June to September (figures omitted).  
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4.5     Model and RO Differences in Clear and Cloudy Air 

Earlier studies have found a negative refractivity bias in the lower and middle 

troposphere (Rocken et al. 1997; Ao et al. 2003; Sokolovskiy 2003; Hajj et al. 2004; 

Beyerle et al. 2006; Xie et al. 2006; Anthes et al. 2008). Comparing CHAMP 

observations with ECMWF analysis, Hajj et al. (2004) documented that the negative 

fractional refractivity difference is nearly 1-4% below 10 km. Anthes et al. (2008) found 

that negative N-bias only occurs below 3 km for COSMIC with a magnitude of ~1%. 

These studies did not distinguish between clear and cloudy air. Here we consider whether 

the mean differences between models and RO vary between clear and cloudy air.  The 

total number of cloudy soundings is increased to 131 by including multi-layer clouds. A 

total of 86 clear-sky RO soundings (see Fig. 14) are identified with collocated CloudSat 

data based on the same criteria for the identification of cloudy profiles that are described 

in Section 4.2.  Figure 21 presents a comparison between RO and the ECMWF and 

NCEP/NCAR refractivities in cloudy and clear-sky conditions. For cloudy soundings, a 

positive refractivity difference (N
GPS

 greater than N
analysis

) is found throughout the entire 

layer of the atmosphere below 18 km. This positive difference may be caused by the 

presence of liquid water in the clouds (31) which would tend to increase the observed RO 

refractivity.  In contrast, a negative refractivity difference (N
GPS

 less than N
analysis

) is 

found for clear-sky soundings. The magnitude of negative clear-sky bias is slightly 

smaller than the positive cloudy bias. The RMS differences are also smaller under clear-

sky conditions. 

 

4.6     A New GPS Cloudy Retrieval Algorithm 

4.6.1 Cloudy Retrieval Assuming Saturation 

In the neutral atmosphere the atmospheric refractivity ( N ) is related to the 

pressure (P), temperature (T), water vapor pressure (Pw), and liquid water content (W) 

through the following relationship: 

                                        N
obs = 77.6

P

T
+ 3.73 × 105 Pw

T
2

+ 1.4W                                    (24) 

                                                 ≡ N dry + N wet + N LWC , 



 34 

where P is in mb, T in K, P w  in mb, and W is liquid water content in grams per cubic 

meters. The first term on the right hand side of (24) is referred to as the “dry” term, the 

second one is the “wet” term, and the third one is the liquid water content term.  

The new cloudy retrieval starts from the cloud top ( ztop ) and goes downward to 

the cloud base ( basez ), where ztop and basez  are obtained from CloudSat. Cloud-top 

temperature ( 0T ) and pressure ( 0P ) are defined as the RO wet temperature and pressure 

at cloud top ( ztop ). The values of topz , 0T  and 0P  serve as the upper boundary conditions 

for the cloudy profile retrieval. 

For saturated cloudy air, the equation of state can be written as:  

P = ρRdT 1 + 0.61× qs( ),                                 (25) 

where R d  is the gas constant for dry air (R d =287 J kg 1− K 1− ), T  is the temperature and qs 

is the saturation specific humidity. 

The saturation specific humidity qs in (25) can be expressed as a function of the 

saturation vapor pressure (es): 

qs =
0.622 × Pw

P − 0.378 × Pw

=
0.622 × es (T )

P − 0.378 × es (T )
,                                   (26) 

which is a function of temperature (T) only and 

�
�

�
�
�

�

−

−
=

65.29

)15.273(67.17
exp112.6)(

T

T
Tes .                                  (27) 

In (27), se  is in hPa and T in K. It is an expression with accuracy of 0.3% for T ≤ 35o
C  

(Bolton, 1980).  

Substituting (25)-(27) into (24), we obtain 

ρ =
P

RdT × 1+ 0.61 ×
0.622 × es (T )

P − 0.378 × es (T )

�

��
�

��

≡ ρ(P,T ) .         (28) 

Therefore, density ( ρ ) within a saturated cloud is a function of temperature (T) and 

pressure (P) alone. 

Starting from the cloud top, the following procedure can be followed to obtain the 

in-cloud profiles of pressure and temperature from the refractivity observations. We use 
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the subscript “m” to denote the vertical level, and m=0 to represent the cloud top. The 

hydrostatic equation can be integrated to obtain the pressure at the (m+1)
th

 vertical level  

below the m
th

 level: 

),( 11 mmmmm zzgPP −−= ++ ρ  where  ),( mmmm TPρρ = .               (29) 

The temperature at the (m+1)
th

 vertical level (Tm+1

GPSsat ) can be obtained from (23) given  

refractivity observations ( Nm +1

obs ) at the (m+1)
th

 vertical level  and pressure ( Pm +1 ) 

calculated by (29). The effect of liquid water term on the RO temperature retrieval is 

negligible as will be shown later using CloudSat observations for Wm +1  within clouds.  

The value of Tm+1

GPSsat
 is determined to be within the temperature range 

Tm − 5o
C,Tm + 5o

C�� �� . The squared differences of refractivity between the GPS RO 

observations ( Nm +1

obs ) and model refractivity ( N ) are calculated at different temperatures 

in this temperature range at 0.1
o
C interval. The temperature at which 

J(T ) = N(T ) − Nm+1

obs( )
2

 reaches minimum is taken as the value for Tm+1

GPSsat , i.e., 

J(Tm+1

GPSsat ) = min J(Tm+1) . Figure 22 illustrates this process for obtaining Tm+1

GPSsat  for the 

RO sounding located at (144.1
o
W, 67.22

o
S), 1437 UTC July 21, 2006. The distributions 

of J(Ti )  (i=1,2,…,100) at six selected vertical levels are shown by black curves in Fig. 

22. The solutions of cloudy retrieval Tm+1

GPSsat  assuming saturation are the minimum points 

on these curves, i.e., J(Tm+1

GPSsat ) = min
T

J(T ) . The purple line connecting all the minimum 

points (at different vertical levels) gives the vertical profile of RO temperature assuming 

saturation (T
GPSsat

). 

To show how sensitive GPS cloudy retrieval is to the saturation assumption, we 

show in Fig. 23 the differences between the RO temperature retrievals assuming 

saturation (T GPSsat ) and the standard GPS wet retrieval (T GPSwet ) at the middle height of 

cloud. As expected, the difference between T GPSsat  and T GPSwet  is quite small when the 

relative humidity is nearly 100%. The temperature difference is less than ± 4
o
C when the 

relative humidity is greater than 85%. However, differences of more than ± 4
o
C are 

found for soundings with relative humidity less than 85%.   
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4.6.2 An Empirical GPS RO Cloudy Retrieval Algorithm Without Assuming 

Saturation 

Saturated clouds usually occupy only a fraction of the area over which the 

averaged state of the atmosphere is either measured by the RO technique or represented 

by the ECMWF or NCEP/NCAR analyses.  Therefore, similar to what is often done in 

NWP models in which convection is initiated when the relative humidity exceeds a 

threshold value (such as 85% instead of 100%), we introduce a relative humidity 

parameter, α, in the retrieval of the RO temperature within cloud.  The saturation vapor 

pressure es  in the equation of state (28) is replaced by αes and the temperature at the 

(m+1)
th

 level is obtained as a solution to the following equation:  

N obs

m+1 = (1 − α ) ⋅ Nm+1

clear + α ⋅ Nm+1

cloud ,                                   (30) 

where 

Nm+1

clear = Nm +1

dry + Nm+1

wet , 

Nm+1

cloud = Nm+1

dry + Nm +1

sat , and N
sat = 3.73 × 105 es

T
2

. 

The saturation assumption corresponds to α=1 in (30).  

In order to determine the parameter α, let us first examine the in-cloud relative 

humidity for the 72 soundings (see Fig. 24).  The mean relative humidity is in the range 

of 60-80%.  The scatter (RMS difference from the mean) for the NCEP/NCAR reanalysis 

is more than twice as large as for ECMWF or GPS wet retrieval. The dependence of the 

relative humidity on the liquid/ice-water content is shown in Fig. 25. Because of missing 

data of liquid/ice-water content from CloudSat, a total of 12 liquid water clouds and 35 

ice-water clouds are found. Surprisingly, we find no relationship between observed liquid 

water content and ECMWF relative humidity (RH).  For ice-water clouds, however, a 

linear relationship between ECMWF RH and ice-water content is found (Fig. 25d). A 

linear regression model is thus developed using a biweighting method (Lanzante 1996): 

�
�
 +×

=
.1

,7067.05036.0 IWC
α  

)/(5824.0

)/(5824.0
3

3

mgIWC

mgIWC

>

≤
               (31) 
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Τhen, the formulation of α  is applied to those 47 soundings for determining the in-cloud 

temperature. For liquid water clouds, the average value of relative humidity, α = 0.8, is 

used. 

Considering the uncertainty of the initial condition (T0 and P0) at the cloud top, 

we set the initial condition for in-cloud profile retrieval as 

T0 = T
GPSwet − T

GPSwet − T
ECMWF( )±

i

2
σT , P0 = P

GPSwet − P
GPSwet − P

ECMWF( )±
i

2
σ P  (i=1,2), 

where σT

2  and σ P

2 are variances of the temperature and pressure of the GPS wet retrieval 

at the clout top and are estimated from the differences between GPS wet retrieval and 

ECMWF analysis. The final retrieval is defined as the mean of the temperature profiles 

obtained using nine perturbed boundary conditions at the cloud top.  

 

4.6.3 Numerical Results 

The contributions of dry term, wet term and liquid water content term to the total 

refractivity and the influence of each term to the temperature retrieval at the middle 

height of the cloud are shown in Fig. 26. The liquid water/ice content is less than 1.4 g/m
3
 

(Fig. 26a-b). The dry term makes the greatest contribution to the total refractivity (about 

90%). The wet term’s contribution is about 10% and the liquid water term is less than 

1%. Moreover, as the liquid water content increases, the importance of the wet term 

increases as well (Fig. 26c-d).  

Differences of temperature retrievals within clouds using our method and the 

standard RO wet retrieval algorithm (T
GPScloud

-T
GPSwet

) are shown in Figs. 27. Mean and 

standard deviations are calculated using the biweight estimation method (Lanzante 1996; 

Zou and Zeng 2006). Data points whose distance to the mean is more than three times of 

the standard deviation at any vertical level are identified as outliers. This leads to a total 

of 39 cloudy soundings that have liquid water/ice-water data from CloudSat. The liquid 

water contribution to refractivity (i.e., the third term in (31)) is included in the retrieval 

although its effect on the temperature retrieval is small. The mean and standard deviation 

are calculated by aligning all clouds by cloud middle height (Figs. 27a-b), cloud top 

(Figs. 27c-d) and cloud base (Figs. 27e-f). It is found that the cloudy retrievals produced 

a warmer temperature within cloud (see solid line in Fig. 27a-b) but colder temperature 
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near the cloud base than the RO wet retrievals. The differences between the cloudy and 

wet retrievals are relatively small near the cloud top. The largest positive bias is about 

2K, which occurred at about 1 km above the middle of the cloud. The largest negative 

bias is at the cloud base, with a magnitude of 1.5K. The standard deviation is less than 

1.5K.    

The cloudy retrievals are compared to ECMWF analysis and NCEP/NCAR 

reanalysis in Fig. 28. The cloudy retrieval of temperature is higher than both analyses in 

the lower part of the cloud and near the cloud top, but lower elsewhere in the cloud. The 

cloudy retrieval compares more favorably with the ECMWF analysis than with the 

NCEP/NCAR reanalysis. The large mean difference is about ± 1K for NCEP/NCAR 

reanalysis and that for ECMWF analysis is only 0.5K. The standard deviation varies 

between 0.3-0.7K.  

The effect of cloudy retrieval on the lapse rate within clouds is shown in Fig. 29. 

It is seen that the temperature lapse rate is close to the moist lapse rate (~ 6 °C/km). Also 

shown in Fig. 29 is a simple cloudy retrieval using a constant value 0.85 for the 

parameter α (to be denoted T GPScloud 85 ) instead of the linear regression model (30). At the 

middle of cloud, the two cloudy retrievals agree well with ECMWF profiles, giving a 

lapse rate of about 5.6
o
C/km. The GPS wet retrieval produces a slightly larger lapse rate 

(5.9
o
C/km) than the cloudy retrievals and that of the NCEP/NCAR reanalysis is as small 

as 5.2
o
C/km. The lapse rate from the RO cloudy retrievals increases from cloud middle to 

cloud top, reaching a value of about 7.6
o
C/km. The lapse rate from the ECMWF analysis 

and NCEP/NCAR reanalysis also increases with height, but at a slightly slower rate. The 

GPS standard wet retrieval, however, remains nearly constant with height. In the lower 

part of the cloud, the lapse rate from all data sources does not change with height, again 

with ECMWF analysis comparing more favorably with the cloudy retrievals than the 

NCEP/NCAR reanalysis and GPS standard wet retrieval.  The NCEP/NCAR lapse rate is 

larger than the ECMWF lapse rate and the GPS wet retrieval is even larger than the 

NCEP/NCAR lapse rate. The cloudy retrieval with α=0.85  gives similar results as the 

cloudy retrieval that requires ice-water content as input. 
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4.7     Summary 

In this study we examined the vertical structure of temperatures and lapse rates 

within clouds as retrieved from COSMIC GPS RO refractivity profiles and compared to 

temperature profiles from ECMWF and NCEP/NCAR analyses.  CloudSat data were 

used to determine the presence or absence of clouds at the location of the RO 

observations.  GPS RO provides vertical profiles of temperature and water vapor in 

cloudy regions over the globe with high vertical resolution.  

By separating cloudy and clear-sky COSMIC RO soundings, we find that the 

observed RO refractivities N are greater on average than the refractivities of the ECMWF 

and NCEP/NCAR large-scale analyses within clouds, i.e.,  N
GPS − N

analysis( )/ N
analysis > 0 , 

where the bar represents the average over many cloudy ROs, throughout the atmosphere 

(from 2 km to 18 km). In contrast, the observed RO refractivities in clear areas are less in 

the mean than the refractivities in the ECMWF and NCEP/NCAR analyses.  

The standard GPS RO wet temperature retrieval used in previous studies does not 

distinguish between cloudy and clear-sky conditions. A new cloudy retrieval algorithm is 

proposed in this study. By introducing a sounding-dependent relative humidity parameter 

α  that depends on the ice-water content, the in-cloud temperature profile is retrieved 

from a weighted sum of clear-sky and cloudy refractivity values. Compared to the 

standard wet retrieval, the cloudy temperature retrieval is consistently warmer within 

clouds by ~2K and slightly colder near cloud top and cloud base (1-2K), leading to a 

more rapid increase of the lapse rate with height in the upper half of the cloud than in 

both the ECMWF and NCEP/NCAR analyses. The average lapse rate within clouds is 

nearly constant and close to moist lapse rate in the lower half of the clouds. In the 

absence of ice-water content measurements, an empirical value of 85%  seems to be a 

good approximation to α .   
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CHAPTER 5 

CONCLUSIONS 

 

 

 

5.1 Summary 

In this study, we have focused on the validation for the first-order approximation 

with zonal-uniform polar forcing and examined the consequences of so-called quasi-

equilibrium approximation used in the proposed SELF paradigm for studying the 

dynamics of low-frequency flow by Jin et al. (2005). Firstly, the second-order closure for 

the ensemble-mean dynamics of linear barotropic model is derived, along with a general 

fourth-order closure. Then the second-order closure is utilized to analytically study the 

forced solution under a simplified stochastic basic flow with forced annular mode. It is 

proved that the second-order closure is adequate to describe the ensemble-mean linear 

dynamics with stochastic basic flow. Moreover, the stochastic basic flow eddies play an 

important role to the ensemble-mean responses to external forcings. Examination of 

quasi-equilibrium shows that it affects the initial phase for a couple of weeks, but not 

changes the final steady responses. 

The same method is also applied for investigating the ensemble-mean dynamics 

of the ENSO recharge oscillator under state-dependent stochastic forcing (e.g., MJO, 

WWB). A second-order closure system is derived. Numerical experiments are executed 

given an additive noise or a temperature-dependent noise which is indeed multiplicative. 

We find that unlike for linear additive noise forcing, state-dependent multiplicative noise 

can not only alter the evolution of the ensemble-mean, but also amplify the ensemble 

mean spread during the evolution. We also notice that multiplicative noise may 

destabilize the ENSO oscillator through the noised-induced instability.  

In order to better understand and refine the forecasting of daily weather systems, 

it is required to improve our knowledge of cloudy airs. Given many advantages of GPS 

RO data and high quality of geometric properties of cloud provided by CloudSat, we are 

able to study the in-cloud thermodynamic structures. We find that there is a positive N-



 41 

bias in cloudy airs, whereas a negative N-bias in clear areas. Comparisons of the vertical 

structure of temperatures and lapse rates from COSMIC GPS RO retrievals and ECMWF 

and NCEP/NCAR analyses show that COSMIC dry retrieval is reasonably accurate for 

cloud top temperature when the cloud top extends to middle troposphere, but has a 

understandable cold bias below 7 km; NCEP-reanalysis has a systematic warm bias at 

and near cloud top, whereas ECMWF temperature compares more favorably with GPS 

wet retrieval at and near cloud top. Within cloud, ECMWF analysis and NCEP-reanalysis 

generally have the same bias from GPS wet retrieval. A new GPS RO cloudy profile 

retrieval algorithm is proposed. Numerical experiments prove that empirical value of 0.85 

gives similar result as that from liquid water dependent relative humidity parameter (α). 

The new cloudy retrieval temperature tends to be warmer than the GPS wet retrieval 

within the cloud (~2K) and colder near the cloud top and cloud base (1-2K). In-cloud 

lapse rate shows that GPS wet retrieval lapse rate is consistently close to the moist lapse 

rate of 6
o
C/km. The new cloudy temperature lapse rate agrees well with ECMWF lapse 

rate in the lower part of the cloud and increases with height much faster than that of 

ECMWF and reaches a value of about 7.6
o
C/km near the cloud top.  

 

5.2 Future Work 

In current study, only four months are studied, the next step is to include a longer 

period of data. It will enable us to draw statistical conclusions of the thermodynamic 

characteristics for cloud airs. CloudSat provides eight cloud types, and it gives us the 

opportunity to investigate the thermodynamic structures of cloud based on different cloud 

types. It is also worthwhile to discuss the dependence of cloud thermodynamic properties 

on location (ocean or land), and latitudes (tropics, mid-latitudes and high-latitudes).  

In the proposed GPS cloudy retrieval algorithm, the upper boundary condition is 

determined based on the GPS wet temperature and pressure at cloud top. But because of 

the fact that instead of point value, the GPS generates a horizontal integrated value at 

tangent point, the infrared observation (such as AIRS), which provides cloud-top 

pressure, could also be used as the upper boundary condition.  

The validation of the proposed GPS cloudy retrieval method is difficult due to the 

lack of “truth”. One feasible way is to compare the cloudy retrieval with the averaged 
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dropsonde data. We can also obtain the statistical thermodynamic structure from 

dropsonde data, regardless of the collocation with GPS RO data. It may also shed some 

light on the validation of the proposed retrieval algorithm. 

Cloud data assimilation is Cloud data assimilation of GPS RO observations is 

greatly beneficial, because it can improve the cloud analysis, cloud and precipitation 

forecast, cloud background for interpretation of satellite radiances and the cloud-radiation 

parameterizations. Moreover, once the scheme is verified, the GPS RO cloudy retrieval 

can be carried out systematically, and these profile data will be extremely valuable for a 

better understanding of the in-cloud atmospheric thermodynamics structures, physical 

parameterization of clouds and global radiative energy budget. 
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FIGURES 

 

 

 

 
 

Figure 1: (a) Meridional distribution of zonal uniform forcing in the form of streamfunction tendency and 

(b) the zonal wind of the forced solutions with (dashed) and without (solid curve) the stochastic eddy 

component. 
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Figure 2:  The (a) real and (b) imaginary parts of the spatial pattern of ),(3 11 ϕλσ E in which 

),(11 ϕλσ E is the observed first complex EOF pattern from the 500-hPa synoptic eddy fields of the 

Northern Hemisphere wintertime from 1979 to 1995. Contour interval is 3×  10
6
 m

2
s

-1
. 
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Figure 3: The anomalous eddy structure n,2ψ associated with the solution in Fig. 1b. Contour interval is 

10
6
 m

2
s

-1
.  
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Figure 4: Steady-state streamfunction response to an elliptic wave source shown as shaded with a steady 

superrotational basic flow at 15 ms
-1

 and a linear damping rate at  r = (10 days)
-1

. The zonal means in the 

responses have been removed. Contour interval is 10
6
 m

2
s

-1
. 
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Figure 5: (top) Snapshots of the streamfunction evolution of the forced Rossby wave solution 

corresponding to the case in Fig. 3a, (middle) difference between the solution in the top panels and the 

solution without the stochastic component in the basic superrotational flow, and (bottom) differences 

between the solution in the top panels and the solution obtained under the quasi-equilibrium approximation 

of the second-order closure. Zonal means in the solutions have been removed. Contour interval is 10
6
m

2
s

-1
. 
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Figure 6: The steady-state streamfunction response to the same forcing as in Fig. 4a from the second-order 

closure under the basic flow (a) with 10 complex eddy patterns in Eq. (1) and (b) Eq. (16). The zonal means 

in the solutions have been removed. Contour interval is 10
6
 m

2
s

-1
. 
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Figure 7: As in Fig. 5 except that the top panels show snapshots of the solution corresponding to the case 

in Fig. 6a, the middle panels show the difference between the solution in the top and the solution 

corresponding to the case in Fig. 6b, and the bottom panels show the differences between the solution in the 

top and the solution obtained under the quasi-equilibrium approximation of the second-order closure. 

Contour interval is 10
6
 m

2
s

-1
. 
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Figure 8: Fifty randomly chosen realizations out of 5000-member ensemble simulations for (a) B = 0 and 

(b) B = 1. (c, d) Ensemble-mean evolutions of T and ensemble spread 
2

T ′  based on the 5000-

member simulations and for both B = 0 (solid curve) and B = 1 (dashed curve). (e) PDF of SST anomalies 

from 1000-year simulations for both B = 0 (solid curve) and B = 1 (dashed curve). 
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Figure 9: Dependence of growth rate �
�
�

�
�
�−

2
Eλ

 of the ensemble-mean ENSO oscillator (26) on the 

parameter B. 
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Figure 10: Evolutions of (a) T and (b) 
2

T ′ as well as the dependences of 
2

T ′  at (c) year 1 and 

(d) year 9 on the parameter B. The results simulated by the ensemble mean dynamics are in solid curves 

and those simulated by a 5000-member numerical ensemble are depicted by curves with squares. 
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Figure 11: (a) Evolutions of 
2

T ′ for El Niño (solid line) and La Niña (dashed line) onsets obtained 

from two different initial conditions as specified in the text. (b) Dependences of 
2

T ′ at year 1 on the 

parameter B under the two different initial conditions. 
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Figure 12: (a) CloudSat orbital track (red curve) at 17:02:24 UTC on June 5, 2007 and a GPS RO sounding 

(yellow dot) located at (72.98
o
W, 43.79

o
N) whose distance from the CloudSat orbital track is less than 30 

km. (b) Reflectivity (unit: dBz) observed by CloudSat along a segment of the orbit track indicated by the 

green line in (a). (c) Vertical profile of reflectivity observed by CloudSat at a point on its track, (72.88
o
W, 

43.82
o
N), that is closest to the GPS RO location. Dotted lines in (c) indicate cloud top and cloud base. 

 

 



 55 

 
 

Figure 13: Cloud types (left panels) and vertical profiles of refractivity differences of N
GPSwet

-N
ECMWF

 (red 

solid line, right panels) and N
GPSwet

- N
NCEP 

(blue solid line, right panels) for three selected COSMIC cloudy 

soundings. (a)-(b) 0922 UTC on Sept. 2, 2006; (c)-(d) 0331 UTC Aug. 20, 2007; and (e-f) 2018 UTC Sept. 

20, 2006. Cloud top and cloud base are indicated by solid black lines. The dashed horizontal lines indicate 

the tropopause height calculated from GPS wet retrieval (black), ECMWF (red) and NCEP/NCAR (blue) 

analyses.  
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Figure 14: (a) Geographical locations of 72 single-cloud-layer COSMIC soundings that were collocated 

with CloudSat data in June 2007 (blue dots) and from June 1 to September 30 2006 (red dots). (b) Vertical 

distributions of reflectivity from CloudSat and (c) GPS wet temperature retrievals within cloud for the 72 

cloudy soundings. The RO soundings are numbered based on cloud center height in increasing order. Also 

shown in (a) are additional 59 multi-layer (black solid dots) and 86 clear-sky (black open circle) COSMIC 

soundings that were collocated with CloudSat data within the same time periods.  

 

 

 

(a) 
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Figure 15:  (a) T

NCEP
 (blue), T

ECMWF
 (red), T

GPSwet
 (black) and T

GPSdry
 (green) at cloud top for the 11 cloudy 

soundings in June 2007. (b) Cloud-top height (open circle), cloud types and cloud thickness (symbols). 
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Figure 16: Temperature differences at cloud top: (a) T

ECMWF
– T

GPSwet
; (b) T

NCEP 
– T

GPSwet
 and (c) T

GPSdry 
– 

T
GPSwet

. (d) Mean (solid) and RMS differences (dashed) of T
ECMWF 

- T
GPSwet

 (red), T
NCEP 

– T
GPSwet

 (blue), and 

T
GPSdry 

– T
GPSwet

 (green). Y-axis indicates cloud-top height. 
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Figure 17: Refractivity differences at cloud top for: (a) N

ECMWF
-N

GPSwet
; and (b) N

NCEP
-N

GPSwet
. (c) Mean 

(solid) and RMS differences (dashed) of N
ECMWF

-N
GPS

 (red) and N
NCEP

-N
GPS 

(blue). Y-axis indicates cloud-

top height. 
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Figure 18: Vertical profiles of T

ECMWF
– T

GPSwet
 (red) and T

NCEP 
– T

GPSwet 
(blue) within ± 2 km of the cloud 

top (indicated by horizontal solid line).  
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Figure 19: Mean (solid) and RMS (dashed) of T
ECMWF

-T
GPSwet

 (red) and T
NCEP

-T
GPSwet 

(blue) within 2km 

above and below the cloud top for soundings with cloud top between (a) 2 to 5 km, (b) 5 to 8 km, and (c) 8 

to 12 km. (d) Total numbers of cloudy soundings included in (a) (solid), (b) (dashed), and (c) (dotted).  
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Figure 20: Temperature anomaly within cloud: T
GPSwet

 - T GPSwet
, where T GPSwet

 represents the vertical 

mean of T
GPSwet

 within cloud for the 11 cloudy soundings in June 2007. Cloud base for soundings, whose 

GPS RO observation does not reach the cloud-base height is indicated by horizontal dashed line. 
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Figure 21: Mean (a) and RMS (b) of COSMIC GPS and ECMWF fractional refractivity difference ((N

GPS
-

N
ECMWF

)/N
ECMWF

) for cloudy soundings (solid) and clear soundings (dashed). (c)-(d): Same as (a)-(b) except 

for the fractional refractivity difference (N
GPS

 -N
NCEP

)/ N
NCEP

. 
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Figure 22: The squared difference of refractivity (black curve) between GPS RO observations (N
obs

) and 

model-calculated refractivity at different temperatures, assuming saturation within cloud (N
sat

) at six 

selected vertical levels (altitudes indicated on the right). The solution of GPS saturation retrieval T
GPSsat

 

where N
obs

-N
sat ≈ 0 is represented by the purple line. The RO sounding shown in this figure is located at 

(144.1
o
W, 67.22

o
S), 1437 UTC July 21, 2006.  
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Figure 23: Dependence of the differences between GPS saturation retrieval and wet retrieval (T
GPSsat

-

T
GPSwet

) on  relative humidity calculated from ECMWF analysis using data from the middle of cloud. 
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Figure 24: Vertical mean of relative humidity within clouds calculated from (a) GPS wet retrieval, (b) 

ECMWF and (c) NCEP/NCAR analyses. (d) The mean (solid) and RMS differences (dashed). Y-axis 

indicates cloud middle height. 

 

 

 

 

 

 

     



 67 

 
 
Figure 25: Vertical variations of (a) liquid water content and (b) ice-water content observed by CloudSat 

within cloud. Vertical mean of (c) liquid water content and (d) ice-water content. Y-axis in (c)-(d) is the 

vertical mean of relative humidity within cloud calculated from ECMWF analysis. Dashed line in (d) 

represents a linear regression model between ice-water content and relative humidity with cloud. Open 

circle “o” in (d) indicates outlier removed from linear fitting whose distance to the biweighting mean is 

more than three times the biweighting standard deviation.  
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Figure 26: (a) Liquid water content and (b) ice-water content observed by CloudSat at cloud mid height. 

The percentage contribution of the dry term (blue), wet term (red), and liquid water term (green) to the total 

refractivity calculated from T
GPSwet

 for (c) water cloud and (d) ice cloud calculated at the center of the 

cloud.  
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Figure 27: Vertical profiles of the mean and standard deviations of temperature differences between the 

cloudy retrievals and the RO wet retrieval (i.e., T
GPScloud

-T
GPSwet

 (green) and T
GPScloud85

-T
GPSwet

 (purple)) 

within clouds aligned at (a)-(b) the middle of cloud, (c)-(d) cloud top and (e)-(f) cloud base.  
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Figure 28: Mean (left panels) and standard deviation (right panels) for temperature difference between 

ECMWF and NCEP/NCAR analyses and GPS cloudy retrievals within clouds (red: T
ECMWF

 - T
GPScloud

, blue: 

T
NCEP 

- T
GPScloud

) aligned by (a-b) the mid height of cloud, (c-d) cloud top, and (e-f) cloud base. Numbers on 

y-axis indicate the vertical distance above (positive) and below (negative) the cloud center height, cloud top 

and cloud base. 

 

 

 



 71 

 
 

Figure 29: Biweight mean (left panels) and standard deviation (right panels) of the lapse rate within cloud 

calculated from T
GPSwet

 (black), T
ECMWF

 (red), T
NCEP 

(blue), T
GPScloud

 (green), and  T
GPScloud85

 (purple) aligned 

by (a-b) the middle height of cloud, (c-d) cloud top, and (e-f) cloud base. Numbers on y-axis indicate the 

vertical distance above (positive) and below (negative) the middle height, cloud-top height and cloud-base 

height. 
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