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The thesis investigates the physical question of mechanisms of the Atlantic multidecadal 

variability (AMV) in a new way, using the weather noise forced interactive ensemble. It 

includes two distinct but closely related components. 

1) Verification of the interactive ensemble strategy and justification for the noise forcing. 

In order to separate the noise from the SST forced response, the SST forced response in 

the atmospheric GCM (AGCM), forced by the SST from the coupled GCM (CGCM), has 

to be the same as in the CGCM. To be consistent, the noise should also be the same 

statistically in the CGCM and AGCM. Comparison of the CGCM and AGCM ensemble 

shows that these conditions are satisfied. Therefore, the interactive ensemble is an 

appropriate tool for the investigation, and the "noise" that is diagnosed and used as 

forcing is appropriate. Our results apply not just to the interactive ensemble, but also have 
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broader implications important for the design of a wide range of climate modeling 

experiments. 

2) Diagnosis of the multidecadal variability in the CGCM simulation. The diagnosis is 

done using the interactive ensemble CGCM, in which the heat flux, wind stress and fresh 

water flux weather noise components are applied at the ocean surface in different regions 

and in different combinations. The interactive ensemble simulations prove that the 

model’s climate variability is predominantly forced by weather noise. The local weather 

noise forcing is found to be responsible for the SST variability in the Atlantic, with the 

noise heat flux and noise wind stress playing a critical role, while the noise fresh water 

flux has negligible impact. The North Atlantic Oscillation (NAO) pattern in the 

atmosphere, dominated by weather noise, forces the AMV 45-year mode through the 

noise heat flux and noise wind stress, with the former important in the eastern North 

Atlantic and the latter along the separated Gulf Stream. The noise wind stress forces the 

AMV 45-year mode through ocean dynamics, including Rossby waves, ocean gyres and 

the Atlantic Meridional Overturning Circulation. The atmospheric response to SST, 

including the SST-forced heat flux and SST-forced wind stress, acts as a damping on the 

AMV 45-year mode. 
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CHAPTER 1  EVALUATION OF WEATHER NOISE AND ITS ROLE IN 
CLIMATE MODEL SIMULATIONS  

1.1	  Introduction	  

The atmosphere and ocean are coupled in two directions: on the one hand, the 

atmosphere is forced by the ocean through the SST; on the other hand, the ocean is forced 

by the atmosphere through surface fluxes: surface heat flux (short wave radiation, long 

wave radiation, sensible and latent heat flux), momentum flux (zonal and meridional 

wind stress), and fresh water flux (precipitation and evaporation). It has been recognized 

that atmospheric models forced by specified SST, in which the coupling is only one way 

(referred to hereafter as uncoupled models), have substantially different properties from 

coupled models, where the two way coupling is correctly represented (Gallimore 1995; 

Manabe and Stouffer 1996; Bladé 1997; Bhatt et al. 1998). In particular, the variances of 

some quantities (air temperature, specific humidity) were larger in the coupled model 

than in the uncoupled model, the variances of other quantities, especially net surface heat 

flux (NHF), were smaller, and there was enhanced persistence of atmospheric anomalies 

in the coupled model.  

These results have been explained by Barsugli and Battisti (1998, referred to 

hereafter as BB98) using a simple linear two variable model consisting of a stochastically 

forced one-point atmosphere heat budget equation characterized by an atmospheric 

temperature, locally coupled to a one-point slab ocean heat budget equation characterized 
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by an ocean temperature (“SST”). This is the simplest possible non-trivial representation 

of a coupled model with the atmosphere model/ocean model structure of a current-day 

coupled general circulation model (CGCM). The model reduces to the one variable 

stochastically forced ocean model of Hasselmann (1976) for time scales at which the heat 

capacity of the atmosphere can be ignored. The BB98 model is a good approximation for 

extratropical regions where stochastic atmospheric variability is the primary driver of 

SST anomalies, but not for the tropical regions where ocean dynamics plays more 

important roles (e.g., the equatorial Pacific and western boundary current regions) or 

where atmospheric variability is strongly influenced by remote oceanic forcing (e.g., 

tropical Indian Ocean). The relative role of local and remote SSTs also varies with the 

evolution of ENSO events over the tropical Indian Ocean (e.g., Xie et al. 2009). 

In BB98, the SST responds to the heat flux produced by the difference between 

the atmosphere and ocean temperatures. When the atmosphere and ocean are coupled, the 

stochastic forcing, which we term as “weather noise”, forces the SST variability, while 

the SST forced response of the atmosphere damps the SST variability. This leads to 

interference between the weather noise and the forced response – destructive interference 

for the NHF and constructive interference for the atmospheric temperature. When the 

atmosphere and ocean are decoupled by forcing the atmosphere with a specified SST 

evolution, while still including a stochastic forcing in the atmosphere, the weather noise 

and the forced response are temporally uncorrelated. Therefore, the ratio of the NHF 

variance in the coupled model to that in the atmospheric model forced by the SST 

obtained from a coupled model simulation is less than one, while the ratio of the coupled 
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to uncoupled atmospheric temperature variance is greater than one. Physically, the forced 

response in the uncoupled model is the same as in the coupled model, and the weather 

noise in the uncoupled model has the same variance as in the coupled model, but is 

uncorrelated with that in the coupled model (representing the chaotic dynamics of the 

atmosphere), and is thus uncorrelated with the SST. 

Saravanan (1998) performed a regression analysis of the local relationship 

between NHF and SST patterns in the North Pacific and North Atlantic in a long CGCM 

simulation and an ensemble of atmospheric general circulation models (AGCM) forced 

by observed SST (“AMIP”-type simulations, named for the Atmospheric Model 

Intercomparison Project, Gates et al. 1999). It was found that the correlation between 

NHF anomalies and SST anomalies in the uncoupled simulations were opposite in sign to 

that found in the coupled simulation. This behavior occurs in the context of the BB98 

model due to weather noise forcing of the SST anomalies. Energetically, from the simple 

model SST equation, the production of SST variance in the coupled model by the 

stochastic forcing is balanced by damping of SST variance by the forced response to the 

SST anomalies.  

The SST forced response from the CGCM or from the SST forced AGCM cannot 

be found directly, as the weather noise cannot be eliminated from the individual model 

simulations. However, the weather noise can be filtered out by taking the ensemble mean 

of a large ensemble AGCM simulations with the common SST forcing, as long as the 

weather noise in the ensemble members is statistically independent, e.g. is white noise 

with the same variance (Bretherton and Battisti 2000). 
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The methodology of extracting weather noise from simulations or analyses of 

observations by removing the SST forced component, taken as the ensemble mean of an 

ensemble of AMIP-type AGCM simulations, is intuitively appealing, and has been 

discussed by Saravanan (1998) and Frankignoul (1999). Investigations that have applied 

this methodology include Schneider and Fan (2007), Fan and Schneider (2012), and 

Schneider and Fan (2012), which used it to determine the weather noise surface fluxes, 

and then forced an Interactive Ensemble (IE) CGCM (Kirtman and Shukla 2002) with the 

weather noise to isolate the noise forced SST variability. Kirtman et al. (2011) examined 

weather noise in IE simulations with and without external forcing. Hurrell et al. (2009) 

compared the SST-forced and free (weather noise) variability in simulations made with 

various AGCMs forced by the observed SST and found substantial model dependence. 

However, results from other studies, some of which are described below, appear 

to challenge a major assumption behind this procedure. The most convincing of these 

studies eliminate model bias and observational uncertainty issues by comparing the SST 

forced response in perfect model experiments, and infer that the SST forced response of 

the AGCM ensemble does not reproduce the SST forced response of the parent CGCM 

simulation. Since this assumption is a cornerstone of our ongoing research to isolate the 

weather noise forced SST variability, we have reexamined the results from the other 

studies and have tested whether, under ideal perfect model and perfect data conditions, 

the noise extraction procedure satisfies the conditions of the BB98 model. These 

conditions are that when an uncoupled model (AGCM) is forced by the SST from a 

coupled (CGCM) simulation, 1) the weather noise is statistically the same in the coupled 
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and uncoupled simulations; and 2) that the SST forced solution is identical in the coupled 

and uncoupled simulations. In BB98, constant noise variance was assumed, and the 

linearity of the model led to the equivalence of the SST forced response.  

Wu and Kirtman (2004) compared a coupled model simulation (COLA CGCM) 

with the uncoupled simulations (COLA AGCM, forced by an ENSO-related pattern of 

the SST variability from the coupled simulation). They performed a regression analysis 

against Indian monsoon rainfall (IMR) index and found that the signs of the regression 

patterns (e.g. SST outside the index region) were opposite in the AGCM and CGCM. As 

the regression against remote indices should filter out weather noise, their results indicate 

that the forced responses of the AGCM and CGCM to the SST forcing are very different.  

 Kumar et al. (2005) examined the regression of SST against IMR index, using the 

uncoupled AGCM (NCAR CCM3). They found that the AGCM forced by observed SST 

totally disagreed with the observed relationship. However, if the same AGCM was 

coupled with a mixed layer ocean model except in the tropical Pacific where the observed 

SST was specified, then the model simulation recovered the observed ENSO-monsoon 

relationship, i.e., wet (dry) IMR corresponding to the cold (warm) SSTs adjacent to 

northern Indian Ocean and across the ENSO region. Again, since the regression should 

filter out remote weather noise to the extent that the weather noise is spatially 

uncorrelated, the results suggest that the forced response might depend on the coupling, 

although other explanations are also possible, since the SST in the uncoupled and 

partially coupled cases presumably differ outside the tropical Pacific.  
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Wang et al. (2005) compared a CGCM with an SST forced AGCM simulation in 

a perfect model framework, where the SST forcing was the output from the CGCM, and 

the atmospheric component of the CGCM was ECHAM4, the same as the uncoupled 

AGCM. They examined lag correlations between the local SST and precipitation 

anomalies, and found substantial differences for simultaneous and rainfall-leading 

correlations between the coupled and uncoupled simulations in a region of the tropical 

West Pacific. They concluded that the atmosphere-ocean coupling was crucial for 

seasonal prediction in the Asian-western Pacific summer monsoon region.  

Our experiments are designed to exclude the impact of model bias, following the 

perfect model strategy (e.g., Kitoh and Arakawa 1999, Wu and Kirtman 2004, Wang et 

al. 2005, Wu et al. 2006, Schneider and Fan 2007). We carry out evaluation of the role of 

weather noise in climate model simulations in two ways. First, we examine if the 

estimated weather noise in the SST forced AGCM is statistically the same as in the 

CGCM. Second, we perform the same regression and correlation analyses as in the 

studies mentioned above (Wu and Kirtman 2004, Kumar et al. 2005, Wang et al. 2005, 

and Wu et al. 2006) with “observations” from our perfect model simulations. Our work is 

part of the CLIVAR International Climate of the Twentieth Century Project (Folland et 

al., 2002).  

In the following, Sec. 1.2 describes the models and experiments, and introduces 

the two hypotheses to be tested. The results are presented in Sec. 1.3, including the tests 

of the two hypotheses and the discussion of the role of weather noise: the CGCM/AGCM 

standard deviation ratios for atmospheric variables and the weather noise components, 
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and regressions and correlations in the coupled and uncoupled models. Sec. 1.4 contains 

the summary and potential applications. 

1.2	  Models	  and	  experiments	  

A coupled model and an uncoupled SST forced atmospheric model are used to 

carry out the experiments. The experimental design follows the perfect model strategy. 

1.2.1	  The	  coupled	  model	  

The coupled model (also referred to as the CGCM) is the Community Climate 

System Model version3 (CCSM3, Collins et al. 2006a) from the National Center for 

Atmospheric Research. CCSM3 couples the atmosphere, ocean, land, and ice models 

through a flux coupler without flux correction. The components are the Community 

Atmosphere Model version 3 (CAM3, Collins et al. 2006b), the Community Land Model 

version 3 (Dickinson et al. 2006), the Parallel Ocean Program version 1.4.3 (Danabasoglu 

et al. 2006), and the Community Sea Ice Model (Holland et al. 2006). The atmospheric 

model dynamics are spectral with a triangular truncation at total wavenumber 42 (T42) 

with 26 vertical levels. The transform grid, also used by the atmosphere and land surface 

physical parameterizations is 128 longitudinal by 64 latitudinal points. The ocean and ice 

models have 1° horizontal resolution and the ocean has 40 vertical levels.  

The simulated climate of CCSM3 has some biases. For instance, Deser et al. 

(2006) displayed that CCSM3 had significant mean climate bias in the tropical oceans, in 

common with most other present-day CGCMs. The ENSO variability in CCSM3 has a 

shorter-than-realistic and too regular biennial period (e.g. Collins et al. 2006a).  
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1.2.2	  The	  uncoupled	  model	  

The uncoupled atmosphere/land model (also referred to as the AGCM) is the 

standalone CAM3 (Collins et al. 2006b), the same as the atmospheric component in 

CCSM3. The version used in this study has the same horizontal and vertical resolutions 

as in the coupled model. We use the standalone version rather than going through the flux 

coupler in order to include thermodynamic sea ice. In order to match the standalone 

CAM3 with CCSM3, the following settings have been made:  

1) Since the ocean-atmosphere coupling frequency is once per day in the CGCM, 

the AGCM is forced by the daily surface temperature (referred to as TS, same as SST in 

the ocean grids) and sea ice obtained from the atmospheric model output of the CGCM. 

A test experiment with the AGCM forced by the monthly boundary conditions from the 

CGCM output has also been performed, in which we find the TS variance over the ocean 

is reduced by about 10% compared to the CGCM output, due to linear interpolation from 

monthly to daily data. However, TS from the daily data forced AGCM output is perfectly 

matched with that from the CGCM over the ocean, except in the grid boxes that contain 

more than one boundary type (ocean plus land and/or sea ice). In these mixed ocean-

land/ice grid boxes, TS from the CGCM output is a combination of temperature from the 

ocean, land and/or sea ice, but is treated as ocean temperature only during forcing the 

uncoupled AGCM.  

2) The topography in the CAM3 is specified the same as the CCSM3, as the 

default topography for the standalone CAM3 has some differences from the CCSM3.  

3) The external forcing is constant and the orbital year is 1990 in both models.  
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4) The initial conditions for the AGCM are chosen from an existing CAM3 

experiment.  

1.2.3	  Experimental	  design	  

First, the CGCM with constant external forcing is integrated for 100 model years, 

and is considered as “observations”. Then an ensemble of six 100-year AGCM 

simulations is performed, with each forced by the same boundary condition from the 

CGCM but starting with different initial atmosphere and surface conditions. Since the 

atmospheric surface fluxes do not interact with the ocean to change the SST in the 

AGCM, the surface fluxes in the AGCM ensemble members are different from those in 

the CGCM.  

1.2.4	  Estimation	  of	  weather	  noise	  

Next we describe the determination of the weather noise. An atmospheric variable 

is composed of two parts. One is the SST forced response of the atmosphere, taken to be 

the same for each AGCM ensemble member. The other is the weather noise, which is the 

internal variability of the atmosphere, and is different for each member. The SST forced 

response is obtained as the average of the AGCM ensemble members, therefore, it 

includes teleconnections from remote SST anomalies and the associated ocean heat 

storage plus transports can also be inferred. The weather noise in each AGCM ensemble 

member is defined by subtracting the SST forced response. Assuming that the SST forced 

response is the same in the atmosphere of the coupled and uncoupled models, the weather 

noise in the CGCM is calculated in the same way, as the value from the CGCM, minus 
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the SST forced response from the AGCM ensemble mean. This definition of weather 

noise can be applied to any atmospheric variable.  

We use a six-member AGCM ensemble. If the SST forced response is estimated 

by the average of all six AGCM members from the ensemble, the weather noise of an 

AGCM from the ensemble is not independent of the SST forced response. Therefore, in 

order to eliminate data dependence, the weather noise of an AGCM ensemble member is 

calculated by removing the SST forced response from that member, where the SST 

forced response is estimated as the average of the other five ensemble members. Then 

there are six SST forced response estimates, leading to six weather noise estimates for the 

six AGCMs and also six weather noise estimates for the CGCM atmosphere. Also, 

because of the finite size of the AGCM ensemble, errors exist in the estimated SST 

forced response and weather noise, and the impact of these errors can be reduced using 

bias correction. The bias corrections for the SST forced response, the weather noise, the 

variances, the covariances, and the correlations are derived in the Appendix 1, an 

extension of relationships derived in Rowell et al. (1995), and have been employed in the 

results shown in the figures. 

1.2.5	  Hypotheses	  and	  statistical	  testing	  

The results from the model simulations are used to test two hypotheses: 

Hypothesis 1: The statistics of the weather noise are the same in the AGCM 

ensemble members and in the CGCM. 

Hypothesis 2: The SST forced response is the same in the CGCM and each 

AGCM ensemble member. 
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We present some simple statistical tests of these hypotheses; however, 

comprehensive evaluation is outside the scope of this paper. Hypothesis 1 is tested by 

examining if the standard deviation ratio of the weather noise found in the CGCM to that 

in the AGCM ensemble members is not significantly different from one. Hypothesis 2 is 

tested by checking if the regression of a locally defined index onto fields outside the 

index region is not significantly different in the CGCM and AGCM ensemble members. 

1.3	  Results	  

This section tests the hypotheses described above and presents analyses of the role 

of weather noise. The monthly mean data, with the annual cycle and linear trend 

removed, are analyzed. 

First, the mean climate is examined for both the coupled and uncoupled models. 

Figure 1.1a shows that the climatological precipitation is larger in the AGCM than the 

CGCM over the tropical western and eastern Pacific and northern Indian Ocean, which 

agrees with Kitoh and Arakawa (1999), and is smaller over the equatorial central Pacific. 

There are large differences near the ocean-land boundaries in the maritime continent, 

Africa and East Asia. Most of them disappear when land and mixed grid boxes are 

masked out (Fig. 1.1b), which may indicate that the differences near the continents are 

caused by the differences between the CGCM and AGCM SSTs over the mixed ocean-

land grid boxes. These continental precipitation differences could be forcing the 

precipitation differences over the ocean. Another potential cause for the differences in the 

precipitation climatologies will be discussed in Sec. 1.3.1.6. 



12 
 

Since the following results might be affected by different boundary conditions 

over the mixed grid boxes in the coupled and uncoupled models, we mask the land and 

mixed grid boxes in subsequent figures. 

 

 

Figure 1.1:  (a) Differences of climatological precipitation, CGCM minus the average of the six member AGCM 
ensemble; (b) as in (a), with grid boxes containing land masked. Unit: mm day-1. The values between -0.2 mm 
day-1 and 0.2 mm day-1 are not plotted. 
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1.3.1	  Test	  of	  Hypothesis	  1	  

BB98 assumed that the atmospheric weather noise variances were the same in the 

coupled and uncoupled models. In this section, we assume the SST forced response is the 

same in the CGCM and each AGCM ensemble member, and then examine the standard 

deviation of both the total fields and the weather noise in the CGCM and AGCM. The F-

test is used to determine the statistical significance. The degrees of freedom are 

calculated based on the lag-1 autocorrelation function (Leith 1973). For instance, the e-

folding time of the auto-correlation function for air temperature at 850 hPa is around 8-10 

months in the tropical Pacific (figure not shown), which reduces the degrees of freedom 

in this region compared to other regions. In the following, the SST forced component and 

weather noise of a variable are referred to hereafter as _F and _N, respectively. 

1.3.1.1	  Net	  surface	  heat	  flux	  

Figure 1.2 is the standard deviation ratio of the NHF between CGCM and AGCM. 

Figure 1.2a shows that the NHF variability is reduced over the ocean in the CGCM 

simulation compared to the AGCM simulation, consistent with BB98. The reduction due 

to atmosphere-ocean coupling is larger in the low latitude Indian Ocean, tropical western 

Pacific and tropical Atlantic, and to the southeast of Australia (more than 20%) and is 

smaller in the equatorial central and eastern Pacific, the southern ocean, and near 60°N 

(around 10%). Figure 1.2b shows that the variance of the NHF_N in the CGCM is the 

same as that in the AGCM, which supports Hypothesis 1. That is, as in BB98, the NHF_F 

variance is the same in the coupled and uncoupled simulations, and the NHF_N variance 

is also the same. However, the total variance is larger in the uncoupled than in the  
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Figure 1.2: The bias-corrected standard deviation (STD) ratio (CGCM/AGCM) of (a) net surface heat flux 
(NHF) and (b) noise NHF. The STD of the NHF in the uncoupled model is represented by the average of six 
STDs from the six AGCMs. The STD of the noise NHF in the coupled (uncoupled) model is represented by the 
average of six STDs from six weather noise estimates in the CGCM (AGCMs) (see text). The shaded regions are 
different from one at the 1% level using the F-test. Land and mixed ocean-land/ice grid boxes are masked. The 
contour interval is 0.1 and the unit contours are not plotted. 

 

coupled simulations. This occurs because the covariance of NHF_F and NHF_N is 

negative in the coupled simulation, since the NHF_N is forcing and the NHF_F is 

damping the SST variability, while NHF_F and NHF_N have no correlation in the 
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uncoupled simulations. Note that it is not completely correct to say that this behavior is 

the result of the “atmosphere forcing the ocean”, as is sometimes stated, since the SST 

forced component includes the atmospheric teleconnections from the remote SST 

anomalies. 

Next we diagnose the reasons for these spatial differences. In the regions where 

the ratio is close to one, the NHF_N is not an important forcing for the SST variability, 

for example, in the tropical Pacific region. We infer that the model ENSO is not forced 

by the NHF_N. This is consistent with the previous result that the model ENSO is an 

unstable or near neutral coupled mode in CCSM3 (Kirtman et al. 2009). In the high 

latitudes of both hemispheres, where the ratio is near one, a reasonable candidate to 

explain the SST variability is internal ocean dynamics (i.e., ocean “weather noise”, Wu et 

al. 2004). 

The NHF variability is dominated by short wave radiation (SWR, positive 

downwards) and latent heat flux (LHF, positive upwards), thus the covariance of the 

NHF_F and NHF_N, which leads to the CGCM/AGCM variance ratio being different 

from one, can be expanded into four components (Eqs. A12 and A13 in the Appendix 1). 

Figure 1.3 displays the contributions associated with each of the four terms and their sum. 

The terms involving the covariances of SWR_F and SWR_N (Fig. 1.3a) and of SWR_F 

and LHF_N (Fig. 1.3b) are both negative in the low latitude Indian and western Pacific 

Oceans, with the former larger in magnitude, and are both positive in the central and 

eastern equatorial Pacific, with the latter being larger. The terms involving the covariance 

with the downward LHF_F (Figs. 1.3c,d) have less east-west contrast and are  
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Figure 1.3: The bias-corrected covariances from the CGCM of (a) forced short wave radiation (SWR) and noise 
SWR, (b) forced SWR and -1 × noise latent heat flux (LHF), (c) noise SWR and -1 × forced LHF, (d) -1 × forced 
LHF and -1 × noise LHF. The covariances are divided by the variance of the net surface heat flux from the 
AGCM. (e) The sum of (a), (b), (c) and (d). The values between -0.05 and 0.05 are not plotted. 
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predominantly negative in low latitudes. In the western region, both the SWR_F and 

downward LHF_F correlate negatively with the NHF_N. Thus, the combined 

contributions to the NHF_N reinforce in the western region, leading to the ratio less than 

one. However, in the eastern equatorial Pacific, the SWR_F and downward LHF_F 

correlate with the NHF_N with opposite signs. Therefore, the combined contributions to 

the NHF_N cancel out in the eastern equatorial Pacific, leading to the ratio closer to one. 

Figure 1.3e shows the sum of the four covariance terms. The contribution is negative 

everywhere in low latitudes (compare to Fig. 1.2a). 

1.3.1.2	  Surface	  wind	  stress	  and	  fresh	  water	  flux	  

Similarly, the standard deviations of the surface wind stress (WS, Fig. 1.4a) and 

fresh water flux (FWF, Fig. 1.4c) in the CGCM are smaller than in the AGCM, although 

the reductions are not as large as Fig. 2a. Also, similar to Fig. 1.2b, the standard deviation 

of the WS_N and FWF_N can be regarded as the same in the CGCM and AGCM except 

in some small regions (Figs. 1.4b,d). The mechanisms for the reduction of the WS and 

FWF variabilities are not as straightforward as that for the NHF. In particular, the 

mechanisms require connections between WS and SST variabilities (e.g. WS_N forcing 

SST variability and WS_F damping SST variability), and between FWF and SST 

variabilities. 

1.3.1.3	  Atmospheric	  temperature	  

Following the argument of BB98, the NHF serves to damp the air temperature 

variability. Therefore, reduced NHF variability suggests that the amplitude of the  
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Figure 1.4: Same as Fig. 1.2, but for (a) surface wind stress (WS), (b) noise WS, (c) fresh water flux (FWF), and 
(d) noise FWF. 

 

temperature anomalies should increase. This behavior is clearly seen in Fig. 1.5a, as the 

standard deviation of air temperature at 850 hPa (referred to as T850) in the CGCM is 

larger than in the AGCM over the most of extratropical oceans. There is an exception 

over the central tropical Pacific, where the standard deviation of T850 is smaller in the 

CGCM than in the AGCM. The variance of T850_N is statistically the same in the 

CGCM and AGCM except over the same region of central tropical Pacific (Fig. 1.5b). 
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Figure 1.5: Same as Fig. 1.2, but for (a) air temperature at 850 hPa (T850), (b) noise T850, (c) sea level pressure 
(SLP), (d) noise SLP, (e) 2-meter air temperature (T2m), and (f) noise T2m. 
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Thus, hypothesis 1 is supported, except in the central tropical Pacific.T850 is considered 

as the free atmospheric temperature, while 2-meter air temperature (referred to as T2m) is 

a purely diagnostic model output field interpolated between the SST and the lowest 

model level temperature, with a strongly nonlinear interpolation factor that is a function 

of the surface layer stability, NHF and WS. Figure 1.5e shows that the standard deviation 

ratio of T2m in the CGCM is larger than in the AGCM over most of the extratropical 

oceans and is smaller over the tropical oceans, but the spatial structure is not the same as 

the T850 (Fig. 1.5a). However, the T2m_N (Fig. 1.5f) is greater than one for most of the 

global oceans. Thus, hypothesis 1 is rejected for this field. It is not clear to us why T2m 

differs from other fields in the weather noise ratio. 

1.3.1.4	  Sea	  level	  pressure	  

The difference of sea level pressure (SLP) variability is less than 10% between 

the coupled and uncoupled models (Fig. 1.5c). The difference in the mid-troposphere, 

such as the 500 hPa geopotential height variability, is even smaller (figure not shown). 

The CGCM/AGCM ratio of SLP_N is not different from one, except for some relatively 

small areas in the eastern North Atlantic and eastern North Pacific, and in the Southern 

Ocean to the south of Australia (Fig. 1.5d). 

1.3.1.5	  Precipitation	  

A pronounced reduction of precipitation variability in the coupled model occurs 

over much of the tropics (Fig. 1.6a). The CGCM/AGCM weather noise ratio is not 

significantly different from one over most oceans, except for small regions in the  
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Figure 1.6: Same as Fig. 1.2, but for (a) precipitation, and (b) weather noise precipitation. 
 

equatorial central Pacific, the eastern and western North Pacific, the eastern North 

Atlantic and the southern Indian Ocean (Fig. 1.6b). The reduction of the total 

precipitation is again due to interference between the SST forced and weather noise 

precipitation variability. The NHF variability in our results is dominated by LHF and 

SWR, and reduced NHF variability corresponds to reduced LHF variability (as in Wu et 



22 
 

al. 2007). The reduced LHF variability could then cause the reduced precipitation 

variability. 

The spatial structure of the coupled to uncoupled precipitation ratio in low 

latitudes (Fig. 1.6a) has substantial spatial variability. The conceptual model for the noise 

forcing and the SST forced response to co-vary is: (1) the noise forces the SST, and (2) 

there is a substantial response to the SST, so that the SST forced response is then 

relatedto the noise. In order to understand the precipitation/SST connection, we then need 

to examine the mechanisms by which noise precipitation forces SST anomalies and SST 

anomalies force precipitation anomalies. Since it is not the precipitation directly, but the 

NHF and heat flux divergence due to ocean dynamics that cause the SST to vary, we 

additionally examine the relationship between the noise precipitation and the NHF_N. 

The structure of the pattern could also involve WS_N and ocean dynamics, but we do not 

examine that possibility here. 

Relationships between the noise precipitation and NHF_N are displayed in Fig. 

1.7. In the tropics, the regions of higher precipitation in the uncoupled model (Fig. 1.6a) 

generally coincide with regions of larger negative correlation of NHF_N with noise 

precipitation (Fig. 1.7a). The SWR_N is negatively correlated with noise precipitation 

everywhere (Fig. 1.7c), as might be expected since precipitating clouds shade and cool 

the surface. The correlation of the downward LHF_N with noise precipitation has a 

banded structure, with altering zonal bands of positive and negative correlations (Fig. 

1.7b). The regions where the LHF_N and SWR_N effects have the same sign seem to 

coincide with the regions of enhanced precipitation in the uncoupled model. We infer that  
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Figure 1.7: Pointwise bias-corrected correlations from the CGCM (a) between noise precipitation and noise net 
heat flux, (b) between noise precipitation and -1× noise latent heat flux, (c) between noise precipitation and noise 
short wave radiation. The shaded regions are statistically significant at the 5% level using the t-test. The zero 
contours are not plotted. 
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it is in these regions that the noise precipitation is most efficient in forcing SST 

anomalies, and the atmosphere and ocean are most closely coupled. 

1.3.1.6	  Climatological	  precipitation	  difference	  

The regions of enhanced precipitation in the AGCM (Fig. 1.6a) also appear to 

coincide with regions where the climatological precipitation in the AGCM is larger than 

in the CGCM (Fig. 1.1b). Since the precipitation in these areas appears to be primarily 

weather noise forced and episodic, we speculate that the differences in the climatology 

are a real effect rather than due to one of the flaws in the experimental design, and occur 

because total precipitation is non-negative. The probability distribution function of 

precipitation in this case is not a normal distribution, but is rather more like a Maxwell-

Boltzmann distribution. The mean precipitation and the variance are then not independent 

– in order for the width of the distribution to increase, the mean also must increase. The 

smaller precipitation variability in the CGCM, due to coupling, would then be associated 

with reduced mean precipitation compared to the AGCM. 

1.3.1.7	  Summary	  of	  test	  of	  Hypothesis	  1	  

The above results are robust among the AGCM ensemble members. Coupling 

generally reduces the variances of the surface fluxes and the thermal damping effect. 

Hence, the air temperature variance is enhanced over the extratropics, but the effects are 

small (less than 10%) over most oceanic regions. The weather noise in the CGCM 

atmosphere generally is statistically the same as the AGCM atmosphere, although not 

everywhere, supporting Hypothesis 1. 
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1.3.2	  Test	  of	  Hypothesis	  2	  

Hypothesis 2, that the forced response is the same in the coupled and uncoupled 

models, is necessary to be true for our weather noise calculation to be valid. We devise a 

test for this hypothesis independent of the weather noise calculation, based on the 

assumption that the weather noise is spatially uncorrelated at sufficiently large horizontal 

scales. Then regression of a locally defined index onto fields elsewhere will isolate the 

forced response for regions sufficiently distant from the index region. We also check the 

assumption of spatial independence of the noise for consistency with the regression 

results by verifying that the weather noise calculated as in Sec. 1.3.1 is uncorrelated or 

correlated with the noise in the index. As an example, the test is applied with respect to 

an IMR index, defined below, as several investigators have considered regressions 

against this index with different models. In future research we plan to compare the 

coupled and uncoupled forced responses more comprehensively. 

Wu and Kirtman (2004) found that the negative correlation between an IMR 

index and ENSO in the COLA IE CGCM was reversed when the COLA AGCM was 

forced by a dominant SST pattern extracted from a simulation made with the COLA IE 

CGCM. This behavior fails our test and implies that in the COLA model, either the 

forced response in the CGCM is different from that in the AGCM, or that the weather 

noise is spatially correlated. Figure 1.8 (plotted for comparison with Figs. 3 and 7a from 

Wu and Kirtman 2004) shows June-July-August-September (JJAS) mean precipitation, 

LHF and SST anomalies derived from regression with an IMR index from our 
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simulations for the CGCM and a single AGCM ensemble member. The index is defined 

as the average of summer precipitation over the region of 5°N-25°N, 60°E-100°E.  

The most striking feature of Fig. 1.8 is that the AGCM simulates the same 

monsoon-ENSO relationship as the CGCM to a very high degree. Specifically, the 

precipitation anomalies (Figs. 1.8a,b) are positive over the northern Indian Ocean and 

 

 

Figure 1.8: June-July-August-September (JJAS) mean (a)-(b) precipitation, (c)-(d) latent heat flux, and (e)-(f) 
SST anomalies, derived from regression with normalized JJAS Indian monsoon rainfall index (the average of 
summer rainfall over the region of 5°N-25°N, 60°E-100°E) from the CGCM, (a), (c), (e) (left panels) and a single 
AGCM ensemble member, (b), (d), (f) (right panels). The contour interval is 0.3 mm day-1 for precipitation, 2 W 
m-2 for latent heat flux, and 0.1 °C for SST. The zero contours are not plotted. The shaded regions are 
statistically significant at the 10% level using the t-test. 
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negative over the equatorial central and eastern Pacific. The LHF (Figs. 1.8c,d) 

corresponds well to the precipitation, with positive anomalies over the northern and 

southern Indian Ocean and negative anomalies over the equatorial eastern Pacific. The 

positive area over the northern Indian Ocean is insignificant in the coupled model but 

significant in the uncoupled model at the 10% level. The major difference occurs close to 

the index region, and will be analyzed below. Increased IMR is associated with warmer 

SST in the northern Indian Ocean and cooler SST in the equatorial central and eastern 

Pacific (Figs. 1.8e,f). In sum, outside of the immediate vicinity of the index region, the 

uncoupled model is able to reproduce the relationship between the IMR and ENSO of the 

coupled model, and the relationship that we find is opposite to Wu and Kirtman (2004). 

We have verified that the weather noise in the regions, where the regression is the same, 

is uncorrelated with the weather noise in the index. Therefore, the forced response is the 

same in CCSM3 and CAM3, except close to the index region, supporting Hypothesis 2 

for these models. The good agreement of Fig. 1.8e with Fig. 1.8f implies that the 

discrepancies between observation and AGCM simulations in Kumar et al. (2005), which 

used the same models as we do, would seem to be attributable to model bias rather than 

specifying SST in the AGCM. 

In order to try to understand the cause for the difference between our results and 

those described by Wu and Kirtman (2004), we also analyzed the results from a set of 

perfect model coupled vs. uncoupled simulations described in Schneider and Fan (2007), 

which employed the same COLA AGCM as Wu and Kirtman (2004), but used the 

standard COLA CGCM, instead of COLA IE CGCM, to perform the coupled simulation. 



28 
 

We found that the uncoupled model could simulate the monsoon-ENSO relationship of 

the coupled model in the western Pacific, but not in the eastern Pacific (figures not 

shown). Therefore, the properties of the COLA model are different from those of 

CCSM3, and there is model dependence in the consistency of the regression relationship. 

Now we look at the difference of the LHF regressions over the northern Indian 

Ocean, 4~6 W/m2 smaller in the CGCM than in the AGCM (Figs. 1.8c,d). To investigate, 

we decompose an atmospheric variable into SST forced and weather noise parts, and 

expand the covariance of the total IMR index and total LHF (Figs. 1.9a,b) into four 

terms, and then compare each term from the coupled model to the one in the uncoupled 

model. The forced-forced covariance (Figs. 1.9c,d) is the same in both models from the 

assumption of Hypothesis 1, and the noise-noise covariance (Figs. 1.9i,j) is rather small 

in both models. The forced-noise and noise-forced covariances are different, particularly 

close to the index region. In the CGCM, the IMR_F (IMR_N) is negatively correlated 

with the LHF_N (LHF_F) in the region where the rainfall index is defined (Figs. 1.9e,g), 

while they are not related in the SST forced AGCM (Figs. 1.9f,h). Note that there are 

some anomalies over the tropical Pacific in the CGCM (Figs. 1.9e,g,i), which might be 

residuals not completely removed by bias correction. The weather noise affects the SST 

forced response only close to the index region. Thus, the result that Fig. 1.9a and Fig. 

1.9b differ only in the index region is due to the local negative correlation between SST 

forced response and the weather noise in the coupled model, compared to zero correlation 

in the uncoupled. 
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Figure 1.9: Bias-corrected covariance of the June-July-August-September (JJAS) Indian monsoon rainfall 
(IMR) index and latent heat flux (LHF) from the CGCM (left panel) and AGCM (right panel). (a)-(b) 
Covariance of the total field, (c)-(d) Covariance of the forced IMR and forced LHF, (e)-(f) Covariance of the 
forced IMR and noise LHF, (g)-(h) Covariance of the noise IMR and forced LHF, (i)-(j) Covariance of the noise 
IMR and noise LHF. (b) (d) (f) (h) and (j) are represented respectively by the average of six covariances from six 
AGCMs; (c) (e) (g) and (i) are represented respectively by the average of six covariances from the CGCM, with 
six atmospheric weather noise components in the CGCM corresponding to six SST forced components (see Sec. 
1.2.4). The contour interval is 2 W m-2 and the values between -2 W m-2 and 2 W m-2 are not plotted. 
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1.3.3	  Role	  of	  weather	  noise	  

The role of weather noise has been mentioned above with regard to testing the 

two hypotheses. In the following, we further examine it through comparison of the local 

correlations with SST and SST tendency. 

1.3.3.1	  Local	  SST-‐precipitation	  correlation	  in	  the	  Asian	  summer	  monsoon	  

region	  

In a perfect AMIP experiment using the ECHAM model described in Wang et al. 

(2005), the AGCM failed to simulate the simultaneous negative SST-precipitation 

correlation of the CGCM during JJAS in the Asian-western Pacific summer monsoon 

region (oceans in the box region in Fig. 1.10). Since this is a local result, weather noise is 

not filtered out by the correlations. 

Our version of this result using CCSM3 is shown for simultaneous correlations in 

Fig. 1.10, and is similar to that found by Wang et al. (2005). The pointwise correlation 

between the monthly SST and precipitation anomalies from June to September is 

insignificant at the 5% level (though positive) in the box region in the CGCM (Fig. 

1.10a) and positive in the AGCM (Fig. 1.10b). The AGCM result indicates that positive 

SST anomalies force the positive precipitation anomalies. Fig. 1.10c shows that the 

correlation in the CGCM is smaller than that in the AGCM in regions including the box 

region, the northwest Pacific and other oceans; thus, the box region does not appear to be 

particularly special in this measure. The difference of the correlation (given by Eq. A16 

in the Appendix 1) is found to be determined by the correlation between the noise 

precipitation and SST in the CGCM. This correlation is zero in the AGCM. Figure 1.10d  



31 
 

 

 

Figure 1.10: Simultaneous pointwise correlations between the monthly SST and precipitation anomalies 
computed for June through September in the (a) CGCM and (b) AGCM. The shaded regions are statistically 
significant at the 5% level using the t-test. The bold blue box shows the Asian-western Pacific summer monsoon 
region. (c) Difference between (a) and (b). Values between -0.1 and 0.1 are not plotted. (d) Bias-corrected 
pointwise correlation between the monthly SST and weather noise precipitation in the CGCM. The shaded 
regions are statistically significant at the 5% level using the t-test. (a), (b), and (d) share the same color bar. 

 

shows the noise precipitation-SST correlation in the CGCM, in agreement with Fig. 1.10c 

in the large negative regions in the box and northwest Pacific. The differences of the 

SST-precipitation correlation between CGCM and AGCM simulations are caused by the 

precipitation-related local weather noise forcing of SST in the CGCM. The difference 
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between the CGCM and AGCM relationships is then not in the response of the 

precipitation to the SST, which can be consistently viewed as the same in the coupled and 

uncoupled models, nor in the statistics of the noise precipitation, which can be 

consistently argued to be the same in the coupled and uncoupled models, but rather in the 

temporal relationship between the noise precipitation and SST variability. 

We note that Fig. 1.10d shows that the noise precipitation variability is negatively 

correlated with SST over many of the regions where the AGCM precipitation variance is 

enhanced in Fig. 1.6a, especially north of the equator. The low correlations in the box 

region in Fig. 1.10a are evidence that precipitation-related weather noise forcing of SST 

is dominant. This could have practical implications for understanding the predictability of 

the Asian-western Pacific summer monsoon. 

1.3.3.2	  Latent	  heat	  flux	  correlation	  with	  SST	  and	  SST	  tendency	  

The simultaneous correlation between an atmospheric variable and SST, as well 

as between an atmospheric variable and SST tendency, can be used to analyze the relative 

importance of atmospheric forcing and SST forcing (Wu et al. 2006). We demonstrate 

that decomposition into SST forced and weather noise components allows further 

understanding. Figure 1.11 shows the local LHF correlations with SST and SST 

tendency. The results are consistent with those shown in Fig. 7 from Wu et al. (2006), an 

indication that such relationships may be model-independent. Since the LHF and 

precipitation are closely related, it is not surprising to find the similarity of Figs. 1.11a,b 

with Figs. 1.10a,b. Both the CGCM and AGCM simulate the significantly positive 

correlation between the LHF (positive upwards) and SST in the equatorial central and 
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eastern Pacific and mid-latitude Atlantic, representing damping of SST by the LHF. The 

AGCM correlation is due to the SST forced LHF, since the weather noise LHF is 

uncorrelated with the SST. The differences between CGCM and AGCM in Fig. 1.11c 

represent the LHF-related local weather noise forcing of SST in the CGCM, similar to the 

results for precipitation described above.  

 

 

Figure 1.11: Pointwise and simultaneous correlations between the monthly latent heat flux (LHF) and SST 
anomalies in the (a) CGCM and (b) AGCM. Pointwise and simultaneous correlations between the monthly LHF 
and SST tendency in the (d) CGCM and (e) AGCM. The zero contours are not plotted. The shaded regions are 
statistically significant at the 5% level using the t-test. The differences (a) minus (b) and (d) minus (e) are shown 
in the bottom panels (c and f). Values between -0.2 and 0.2 are not plotted. 
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A negative LHF-SST tendency correlation in the tropical oceans is simulated in 

both CGCM and AGCM (Figs. 1.11d,e), corresponding to a cooling tendency for 

enhanced evaporation. The differences between CGCM and AGCM in Fig. 1.11f again 

represent the effect of weather noise LHF forcing of the SST tendency in the CGCM, but 

not the AGCM. The non-zero LHF-SST tendency correlation in the tropics of the AGCM 

(Fig. 1.11e) is again entirely due to the SST forced LHF, as the weather noise in the 

AGCM is uncorrelated with the SST tendency. In the tropics, Fig. 1.11e shows that the 

SST forced LHF is a skillful predictor of the coupled SST evolution, even without 

coupling. This effectively shows that SST is a skillful predictor of SST evolution, 

consistent with the well established usefulness of statistical prediction models of ENSO. 

The roles of the LHF response to local SST variability and, through teleconnections, to 

remote SST, are not, however, readily distinguishable. 

1.4	  Conclusions	  

A brief summary is provided, and we conclude by discussing some potential 

applications. 

1.4.1	  Summary	  

The relationship between coupled atmosphere-ocean GCM simulations and SST 

forced atmospheric GCM simulations was re-examined in a perfect model framework 

using the CCSM3. A century-length coupled simulation with constant external forcing 

provided synthetic observations. Monthly mean output data was analyzed. 
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The time-dependent signal (the response to the SST forcing) was taken as the 

ensemble mean from an ensemble of uncoupled (atmosphere-land) simulations forced by 

the SST from the coupled simulation. Atmospheric weather noise in the coupled and 

uncoupled simulations was calculated by subtracting the signal from the respective 

simulations.  

Two questions were addressed, both related to the issue of understanding the 

origin of previously described differences between the statistics of anomalies in the 

coupled and uncoupled simulations. First, we tested if the statistics of the weather noise 

were the same in the coupled and uncoupled simulations, assuming that the signal was 

the same in both. After correcting for the finite number of members in the uncoupled 

ensemble, we found that the weather noise variances in the coupled and uncoupled 

simulations were statistically indistinguishable, as were the variances in separate 

ensemble members. 

Second, we tested if the SST forced signal was the same in the coupled and 

uncoupled simulations. One test assumed that the weather noise was spatially 

uncorrelated for sufficiently large length scales. Our test was to regress previously 

examined IMR index against various fields. This test was positive – the structure of the 

signal was the same in the coupled and uncoupled simulations except close to the index 

region, where the interference between weather noise and signal in the CGCM plays a 

role.  

Our results provide clear evidence that the SST forced response in the coupled 

and uncoupled simulations (CCSM3 and CAM3) is the same, and that the weather noise 
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statistics are the same as well. The differences in the variances of various fields in the 

coupled and uncoupled simulations are shown to be due to constructive or destructive 

interference between the signal and noise in the coupled simulation, but no interference 

between the signal and noise in the uncoupled simulations. The origin of at least part of 

the signal in the coupled simulation can then be attributed to forcing by the weather 

noise; while on the other hand, specifying the SST in the uncoupled simulation eliminates 

the mechanism relating the signal to the noise. This picture corresponds exactly to the 

one presented in an idealized stochastically forced model by BB98, where it was assumed 

that the statistics of the specified noise were the same in the coupled and uncoupled 

models. It is an open question as to whether these results will be confirmed by other 

models.  

We extend the results of BB98 to global models, in which the response to remote 

SST through atmospheric teleconnections is part of the SST forced response. 

Discrepancies between the coupled and uncoupled simulations forced by the coupled SST 

are then attributable only to atmospheric weather noise forcing the ocean in the coupled 

simulation. 

Our results appear to disagree with some results presented previously, where 

substantial differences were found between the observed forced response and simulated 

forced response using observed SST. Assuming that the behavior we have found applies 

to other models, potential explanations for the different conclusions include model bias 

and insufficient or inaccurate observational data. 
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Some deficiencies in the experimental design, mainly in the specification of the 

boundary conditions for the uncoupled simulation, were noted and hopefully will be 

alleviated in the future. First, because the specified SST dataset was created from a single 

value for each grid box using atmospheric model output, it contained errors in grid boxes 

that included both ocean and other surface types (i.e. land and/or sea ice). Second, since 

land surface conditions and sea ice temperature (but not concentration) were free to vary 

in the uncoupled simulations, the forced response due to the evolution of land and sea ice 

conditions that occurred in the coupled simulation is not represented in the uncoupled 

simulations, and hence is not removed from the inferred weather noise. 

1.4.2	  Potential	  applications	  

One potential advance that could follow from our results is a better understanding 

of the mechanisms of climate predictability beyond the limit of deterministic weather 

prediction. According to the signal/noise decomposition, only the SST and externally 

forced signal can be viewed as potentially predictable at longer time scales. If the SST is 

itself forced by the weather noise, then the effect of the weather noise can only be to 

degrade the SST prediction, that is, to destroy predictability. The rate at which the SST 

predictability is destroyed will depend on the competition between the weather noise 

forcing and the initial value problem evolution of the SST signal incorporating ocean heat 

capacity and dynamics, and atmosphere-ocean coupling. 

Another application of our results could be for model verification. An uncoupled 

model ensemble forced by observed SST and externally forcing will produce an estimate 

of the signal in various fields. These signals could then be used to infer the weather noise 
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in the model and in observations. The model could then be said to be more or less 

realistic to the extent that its weather noise variance resembles or differs from the 

estimated observed weather noise variance. 

A third application could be with regard to dynamical downscaling. We can view 

the uncoupled AGCM in the perfect model simulations as “samescaling”, analogous to 

dynamical downscaling using an atmospheric model forced by specified SST. In the 

perfect model case, the statistics of the samescaled precipitation variability are different 

from the correct (CGCM) statistics. Consequently, the samescaled results could produce 

misleading results concerning precipitation extremes, at least over ocean. Therefore, we 

suggest that it would be useful to devise experiments to evaluate specified-SST 

dynamical downscaling in a perfect model configuration. 

A final application is in model development. Tuning adjustable parameters in 

physical parameterizations is a necessary step in the development of a coupled general 

circulation model. Tuning is commonly done to produce the most realistic response of the 

AGCM to observed SST, and the tuned AGCM is then coupled to the ocean without 

further change. If parameters in the AGCM component of a coupled model are tuned in 

climate mode (i.e. by verifying the statistics of long simulations against observed 

statistics) to agree with observed precipitation variance when forced by observed SST, an 

intrinsic lower precipitation variance bias will be built into the coupled model, assuming 

the coupled model produces realistic SST statistics. This is because the weather noise 

variance in the uncoupled model in climate mode is not correlated with the SST. To the 

extent that the precipitation variance reflects the surface heat flux variance, the tuning 
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would lead to deficient SST variance in the coupled model. Thus the statistics of the SST 

forced AGCM should not necessarily be tuned to best match the observed statistics. One 

approach to alleviate the bias introduced in our example would be to tune the uncoupled 

AGCM precipitation variance to agree with observations in short-range retrospective 

weather predictions, such as in reanalysis mode (in keeping with “seamless prediction,” 

Brunet et al. 2010). In the deterministic limit, the weather noise is predicted accurately 

and hence correctly related to the SST, and the tuned AGCM will give realistic 

precipitation variance in the coupled model. Another approach would be to tune in the 

context of the coupled model. 
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APPENDIX 1 

A1.1	  Bias	  correction	  

An atmospheric variable is comprised of two parts, the SST forced response and 

weather noise, i.e., 

 

 

where Vc and VA
i  are the atmospheric variable in the CGCM and the ith AGCM, and F is 

the actual SST forced response. Nc and NA
i are the actual weather noise in the CGCM and 

the ith AGCM, respectively. ~ indicates the estimated values.  

We have three assumptions in the following derivation. First, the weather noise in 

an AGCM is independent of the weather noise in the CGCM and the weather noise in 

other AGCMs in the ensemble except itself. Second, the variance of the weather noise is 

the same in each AGCM ensemble member. Third, the SST forced response and weather 

noise in the AGCM are uncorrelated. These assumptions are checked after we have 

derived the equations with bias correction, and they are found not being violated. 

The estimated SST forced response is the ensemble mean of the AGCM ensemble 

members, i.e., 
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where M is the number of the AGCM ensemble members participating in the averaging. 

If M is infinite, then the average of noise equals zero, and the estimated forced response 

equals the actual forced response. 

The variance of the estimated forced response is 

 

where the variance is denoted by Var. 

The estimated weather noise in the ith AGCM member and the CGCM are 

 

 

Then the variance of the estimated weather noise in the ith AGCM and CGCM are 

 

 

where the covariance is denoted by Cov. 

In this paper, the ith AGCM is not included in calculating the ensemble mean of 

the AGCM ensemble members (j ≠ i), thus the covariance terms in (A5) and (A6) are 

assumed to be equal to zero. If the ith AGCM is included, the modifications to the bias 

corrections are straightforward. Equations (A5) and (A6) are written as 
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which are similar to the derivations in the Appendix of Rowell et al. (1995).  

Therefore, the variance of the actual weather noise and SST forced response can 

be represented by the variance of the estimated counterparts with bias correction. 

 

 

 

Similarly, we can derive the following bias corrected relationships, assuming that 

the covariance of the SST forced response and weather noise in the AGCM is zero. The 

covariance in the CGCM is 

 

The covariances of two atmospheric variables in the ith AGCM and the CGCM are 

 

 

where Vk,A
i and Vk,C  (k=1,2) are the variable Vk from the ith AGCM and CGCM, Fk is the 

SST forced response for Vk, and Nk,A
i and Nk,C  are the weather noise component of Vk 

from the ith AGCM and CGCM. 
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The ratio (R) between the variance of VC and the variance of VA
i is 

 

If F is dominated by two components F1 and F2, and NC is dominated by two 

components N1,C and N1,C, then 

 

where 

 

 

A1.2	  Correlation	  of	  precipitation	  and	  SST	  in	  the	  CGCM	  and	  the	  ith	  AGCM	  

The correlations of precipitation and SST in the CGCM and ith AGCM are 
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where CorrC and CorrA
i refer to the correlation between precipitation and SST in the 

CGCM and the ith AGCM. PC and PA
i are precipitation in the CGCM and the ith AGCM. 

The precipitation is comprised of the SST forced part and the weather noise, i.e., 

 

Then (A14), (A15) can be written as 

 

 

The variance of precipitation in the CGCM is around 10% smaller than the 

AGCM (Fig. 1.5a), and is regarded here as equal for simplicity. Then the residual of 

(A14) minus (A15) is 

 

where the correlation term on the RHS is the correlation between SST and noise 

precipitation in the CGCM. Thus, the difference of correlations between CGCM and the 

ith AGCM is linearly related to correlation between noise and SST. 

Using (A4) and (A10), we can obtain 
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CHAPTER 2 COMPARISON OF THE SST FORCED RESPONSES BETWEEN 
COUPLED AND UNCOUPLED CLIMATE SIMULATIONS 

2.1	  Introduction	  

Atmospheric GCMs (AGCM) forced by the observed SST are often used to 

estimate the SST forced response of the observed atmosphere. However, some studies 

suggest that this approach is intrinsically flawed. Kumar et al. (2005) found that an 

AGCM forced by observed SST disagreed with the observed relationship between SST 

and Indian monsoon rainfall (IMR); however, the observed relationship was reproduced 

if the AGCM was coupled with a mixed layer ocean model, except with SST specified in 

the tropical Pacific (pacemaker strategy). Copsey et al. (2006) showed that the observed 

relationship between SST trend and sea level pressure (SLP) trend in the Indian Ocean 

was reversed in an AGCM simulation forced by the observed SST. Meng et al. (2011) 

found a similar result from forcing an AGCM with observed SST. These results suggest 

that the forced response to observed SST in the AGCM is different from the SST forced 

response in the observations. 

Perfect model experiments, in which the AGCM is forced with SST from the 

CGCM instead of from observations, eliminate the model bias and the observational 

uncertainties. Wu and Kirtman (2004) found that the regressions of atmospheric fields 

onto IMR index were opposite in sign in the CGCM and SST forced AGCM. Wu et al. 

(2006) showed that the local correlations between the latent heat flux and SST or SST 
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tendency were different between the CGCM and AGCM. These results may indicate that 

the SST forced responses are different in the perfect model experiments. Gallimore 

(1995) also reached a similar conclusion. On the other hand, Meng et al. (2011) found no 

inconsistency in the SLP trends in a CGCM simulation made with no external forcing and 

an AGCM forced by the SST from the CGCM. 

This paper uses perfect model experiments to investigate whether the SST forced 

response is the same in the CGCM and the AGCM forced by the SST from the CGCM 

(AGCM in the following). Recently, Chen et al. (2013) evaluated the role of weather 

noise, the internal variability of the atmosphere that is not SST forced. When the 

atmosphere and ocean are coupled, weather noise forces the SST variability, while the 

SST forced response of the atmosphere damps the SST variability. This leads to 

interference between weather noise and the forced response in the coupled model, but not 

in the uncoupled atmosphere (e.g., Hasselmann 1976; Barsugli and Battisti 1998). The 

weather noise was determined for the CGCM and for the AGCM based on the 

assumption that the SST forced response was the same in the CGCM and AGCM. 

Additionally, the SST forced response was taken to be the ensemble mean of an ensemble 

of AGCMs forced by the same SST (e.g., AMIP-type simulations, Gates et al. 1999). The 

statistics of the atmospheric weather noise were found to be indistinguishable between 

the CGCM and AGCM. The interference mechanism due to weather noise forcing of SST 

operates in the CGCM, but not in the AGCM. This then explains the differences between 

the CGCM and AGCM, but only if the SST forced response is taken to be the same in 

both cases. However, to our knowledge, the assumption that the SST forced response is 
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the same in the CGCM and AGCM has not been rigorously tested. In the present study, 

we devise tests to investigate whether the AGCM reproduces the SST forced response of 

the CGCM, but without calculation of the SST forced response.  

The SST forced response from the CGCM or from the AGCM cannot be found 

directly, as weather noise cannot be eliminated from the individual model simulations. 

The methodology of extracting the SST forced response as the ensemble mean of an 

AMIP-like AGCM ensemble has been employed by many investigators (Harzallah and 

Sadourny 1995, Saravanan 1998, Frankignoul 1999, Schneider and Fan 2007, Hurrell et 

al. 2009, Fan and Schneider 2012, and Schneider and Fan 2012). The interactive 

ensemble coupling procedure (Kirtman and Shukla 2002, Schneider and Fan 2007, 

Kirtman et al. 2009, Kirtman et al. 2011, Fan and Schneider 2012, and Schneider and Fan 

2012) is relevant to understanding the climate variability only if the SST forced responses 

in the CGCM and AGCM are the same. 

Frankignoul (1985) showed that lagged covariance was a useful tool to 

distinguish between cause and effect. If the atmosphere acts as weather noise forcing on 

the SST and the SST has no feedback interaction with atmosphere, then the lagged 

covariance between SST and atmospheric variables is negligible when SST leads by more 

than the atmospheric persistence time, but not when the atmosphere leads the SST. Using 

a singular value decomposition of the covariance matrix between SST and an 

atmospheric field from observations, Czaja and Frankignoul (1999) found that significant 

anomalies of the atmospheric circulation were related to the previous SST anomalies in 

the North Atlantic, reaching maximum when SST led the atmosphere by 3-5 months.  
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Here, extending the arguments of Frankignoul and Hasselmann (1977), 

Frankignoul (1985) and Czaja and Frankignoul (1999), two tests are devised based on the 

assumption that weather noise is temporally uncorrelated, i.e., weather noise is 

unpredictable. Additionally, covariances of the monsoon rainfall indices and precipitation 

are discussed. 

In the following, Sec. 2.2 describes the models and experiments, and introduces 

the tests. Results are shown in Sec. 2.3. Sec. 2.4 summarizes the results and discusses 

applications.  

2.2	  Models	  and	  experiments	  

The CGCM and AGCM used are the same as in Chen et al. (2013). Thus, the 

models and experiments are only briefly described in this section. 

2.2.1	  Models	  

The CGCM is the Community Climate System Model version3 (CCSM3, Collins 

et al. 2006a) from the National Center for Atmospheric Research. It couples the 

atmosphere, ocean, land, and ice models through a flux coupler without flux correction. 

We choose the version “T42_gx1v3” consisting of a spectral atmosphere truncated at 

total wavenumber 42 with 26 levels in the vertical, and 1° horizontal resolution in the 

ocean and ice models. 

The AGCM is the standalone CAM3 (Collins et al. 2006b), the same as the 

atmospheric component in CCSM3. The version used in this study has the same 

horizontal and vertical resolutions as the CGCM. We use the standalone version rather 
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than going through the flux coupler in order to include thermodynamic sea ice. Settings 

have been chosen in order to match the standalone CAM3 with the version in CCSM3 

(see details in Chen et al. 2013). 

2.2.2	  Experiments	  

First, the CGCM with constant external forcing was integrated for 300 years, and 

was considered as the control simulation. Then a six-member AGCM ensemble, with 

each ensemble member starting from different initial conditions but forced by the SST 

and sea ice boundary condition from the CGCM, was integrated for 300 years. A single 

ensemble member was arbitrarily chosen to compare with the CGCM. The results do not 

depend on which ensemble member is chosen. 

2.2.3	  Tests	  

As weather noise is assumed to be unpredictable, SST at time t is uncorrelated 

with weather noise at later time t+τ. Then time lagged regressions of the atmospheric 

fields onto SST, with SST leading, will be the same in the CGCM and AGCM if their 

SST forced responses are the same. In the case of SST lagging the atmosphere, the 

regressions can differ between CGCM and AGCM even when the SST forced responses 

are the same. The statistical tests find whether the SST forced responses are different 

between CGCM and AGCM. Then: 

Test 1: Compare the time lagged regressions of the atmospheric fields onto the 

SST indices. 

Test 2: Compare the time lagged covariances of the atmospheric indices and SST. 
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The tests described here reinterpret and extend those presented in Wang et al. 

(2005), which considered the local lag correlations between the SST and rainfall. 

2.2.3.1	  Test	  1	  

As discussed in Chen et al. (2013), an atmospheric variable (V) consists of two 

components, the SST forced response and the weather noise, i.e, 

 

where the superscripts F and N denote the SST forced response and weather noise, 

respectively. Since the SST is the same for the CGCM and AGCM, it has no “noise” 

component for these calculations. Then regression of an atmospheric variable onto the 

SST index (SSTI) is 

 

where Cov is covariance and Var is variance. As stated above, based on the assumption 

that weather noise is unpredictable, the SST index cannot predict the future weather 

noise, and therefore the SST index and weather noise are uncorrelated when SST leads, 

i.e., 

 

where the subscripts denote the time t and time lag τ. 

This is valid in both the CGCM and AGCM. Then Eq. (2) can be written as 
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When SST leads the atmosphere, the CGCM/AGCM difference of regressions 

onto the SST index is  

 

where the subscripts C and A denote CGCM and AGCM, respectively. If the regressions 

are different between CGCM and AGCM when SST leads, then the SST forced responses 

are different.  

When SST is simultaneous with or lags the atmosphere, the covariance of SST 

and weather noise is always zero in the AGCM since forcing is in only one direction - 

from ocean to atmosphere; however, the covariance is not zero in the CGCM as the prior 

or simultaneous weather noise forces the ocean. Then the CGCM/AGCM difference of 

regressions onto the SST index is 

 

Hence, comparison of the regressions when SST lags includes the contribution of 

the weather noise forcing of SST. 

2.2.3.2	  Test	  2	  

Covariance is used in this test, since total variances of the atmospheric variables 

differ between the CGCM and AGCM due to interference between the weather noise and 

the response to the weather noise-forced SST in the CGCM only (Chen et al. 2013). 

When SST leads, the covariance of SST and the noise component of the atmospheric 

index is zero, and if the SST forced responses are the same, the difference of the CGCM 

and AGCM covariances will be indistinguishable. 
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where Idx is an atmospheric index. 

When SST lags or is simultaneous with the atmosphere, the CGCM/AGCM 

difference of covariances of the index and SST is  

 

Differences for τ ≤ 0 indicate regions where weather noise forces the SST. 

2.3	  Results	  

This section presents comparison of the SST forced response between the CGCM 

and AGCM. Monthly mean data with the annual cycle removed are analyzed.  

2.3.1	  Test	  1:	  Regressions	  of	  atmospheric	  fields	  onto	  the	  SST	  indices	  

In order to apply Test 1, we define indices to characterize the space-time 

variability of SST from an empirical orthogonal function (EOF) decomposition 

performed on monthly SST anomalies within the latitudinal band of 40°S~60°N in the 

CGCM. EOF decomposition is employed on three distinct 100-year segments of the 

monthly SST anomalies for computational reasons. The consistency among the three 

segments is an additional but less formal test of significance. In the first segment, the 

leading three modes are significant by the rule of thumb of North et al. (1982), with the 

percentage of the total variance explained by each mode 16.2%, 7.8% and 4.7%, 

respectively. Figure 2.1 displays the physical EOF patterns, derived from regressions of 

SST anomalies onto the normalized principal components (PCs). In Fig. 2.1a, there are 

large positive SST anomalies over the central and eastern equatorial Pacific, resembling 

the spatial pattern of ENSO. PC1 has obvious interannual variability (Fig. 2.1b) and the  
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Figure 2.1: (a), (c) and (e) The spatial patterns of the first three dominant SST modes, derived from regression 
onto the normalized PC1, PC2 and PC3 from the EOF decomposition of the first 100-year segment of the 
monthly SST anomalies in the region of 40°S-60°N from the CGCM simulation. Unit: K per standard deviation 
of PCs. The shaded regions are significant at the 5% level using the t-test. (b), (d) and (f) Time evolution of 
normalized PC1, PC2 and PC3. 

 

spectrum indicates a significant period of 2 years (figure not shown), which is the period 

of ENSO in CCSM3 (Collins et al. 2006a). Thus, the first EOF/PC mode is called the 

“ENSO mode”. In Fig. 2.1c, there are large negative SST anomalies over the 

extratropical central North Pacific at 40°~50°N, surrounded by the bow-shaped positive 

anomalies, and there are also negative anomalies with smaller magnitude over the 
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extratropical North Atlantic at the same latitudes. PC2 has more decadal variability (Fig. 

2.1d) and the spectrum shows a significant period of 17 years. The second EOF/PC mode 

is called the “North Pacific mode”. In Fig. 2.1e, the large anomalies are located at the 

extratropical North Atlantic at 40°~50°N and high-latitude southern oceans, with 

significant periods of 15-22 years for PC3 (Fig. 2.1f). The third mode combines the 

Atlantic and southern ocean variability on decadal time scales. The ENSO mode and 

North Pacific mode from the CGCM are consistent with the leading modes from the 

observational global SST anomalies using rotated EOF (Kawamura 1994).  

The spatial patterns of the leading EOFs are broadly similar among the three 100-

year SST segments, although there are also noticeable differences. The anomalies over 

the North Pacific for EOF1 and the anomalies over the equatorial Pacific for EOF2 in the 

second segment are more prominent than in the first and third segments, and could be 

considered as a mixed ENSO and North Pacific mode. In addition, the anomalies over the 

high-latitude southern oceans are much smaller in the second and third segments. Despite 

the differences, the largest SST anomalies in each EOF pattern are in the same locations 

in the three segments. Results from the first 100-year segment are displayed in this 

section.  

Regressions of the net surface heat flux (NHF), SLP and precipitation anomalies 

onto SST PC1 in the CGCM and AGCM are examined (see Figs. A1-A6 in the Appendix 

2) and their differences are displayed in Fig. 2.2. When SST leads the atmosphere, NHF 

damps SST, and SLP (precipitation) is negatively (positively) related to SST in the SST 

forcing region (Figs. A1-A6). The differences (Figs. 2.2a,d,g) are not significantly 
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different from zero, with the exception of SLP over some tropical areas. Then from Eq. 

(5), the SST forced responses of the atmosphere are indistinguishable between the 

CGCM and AGCM.  

 

 

Figure 2.2: CGCM minus AGCM difference of the regressions onto SST PC1 of (a)-(c) the net surface heat flux 
(NHF, top row), (d)-(f) sea level pressure (SLP, middle row), and (g)-(i) precipitation (bottom row). PC1 leads by 
one month in the left column (a), (d), (g); by zero month in the center column (b), (e), (h); and lags by one month 
in the right column (c), (f), (i). The units are W m-2 per standard deviation of PC1 for (a)-(c), Pa per standard 
deviation of PC1 for (d)-(f), and mm day-1 per standard deviation of PC1 for (g)-(i). The shaded regions are 
significant at the 5% level based on Fisher’s z transformation. 

 



60 
 

When SST and atmosphere are simultaneous, the differences are not negligible 

and are not restricted in the SST forcing region (Figs. 2.2b,e,h), due to the non-zero 

simultaneous correlation of SST and weather noise in the CGCM but not in the AGCM 

from Eq. (6). 

When the atmosphere leads SST, the regressions are not zero but weaken with 

lead time in the AGCM, due to the persistence of SST; while in the CGCM, the pattern 

changes structure between SST lagging and leading (Figs. A1-A6). Large differences 

(Figs. 2.2c,f,i) are primarily over the extratropical oceans, arising from the atmospheric 

noise forcing of SST in the CGCM from Eq. (6).  

Similar conclusions can be drawn for regressions onto SST PC2 and PC3 (Figs. 

2.3 and 2.4). When SST leads the atmosphere (left columns in Figs. 2.3 and 2.4), the SST 

forced responses of the atmosphere are indistinguishable between the CGCM and AGCM 

except for SLP. Regressions of SLP onto SST PC2 (and PC3), with SST leading, are 

different over the high latitudes; however, such differences are not seen in the third 100-

year SST segment, indicating that in some sense the result is not robust. When SST and 

atmosphere are simultaneous (middle columns in Figs. 2.3 and 2.4) and when the 

atmosphere leads SST (right columns in Figs. 2.3 and 2.4), CGCM and AGCM differ 

over the extratropical oceans, due to the atmospheric noise forcing of SST in the CGCM 

but not in the AGCM. In particular, there are large differences in the high-latitude regions 

in the Northern (or Southern) Hemisphere from regressions of SLP onto SST PC2 (or 

PC3), resembling the Arctic Oscillation (AO, Thompson and Wallace 2000) (or Antarctic 

Oscillation, AAO, Schneider and Kinter 1994). It suggests a possible role of AO (or 
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AAO) in forcing the North Pacific mode (or the third SST mode) in the model 

simulations. 

 

 

Figure 2.3: Same as in Fig. 2.2, but regressions onto SST PC2. 
 

2.3.2	  Test	  2:	  Covariances	  of	  monsoon	  rainfall	  indices	  and	  SST	  

Test 2 is illustrated by taking Idx as various monsoon rainfall indices. In this 

study, it is defined in the same way as Wang et al. (2011) by the local summer-minus-

winter precipitation rate exceeding 2 mm day-1 and the local summer precipitation 
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exceeding 55% of the annual total. Figure 2.5a displays the monsoon regions from the 

control simulation, in agreement with the observations (Fig. 2.5b). Seven monsoon 

indices, defined by the local summer precipitation averaged within monsoon regions, are 

examined here (see Table 2.1).  

 

 

Figure 2.4: Same as in Fig. 2.2, but regressions onto SST PC3. 
 

 



63 
 

 

Figure 2.5: Monsoon regions (blue shades) in (a) CCSM3 and (b) analysis of observation, using the CPC Merged 
Analysis of Precipitation (CMAP, Xie and Arkin 1997) from 1979 to 2009. In (a), boxes indicate the seven 
monsoon regions defined in Table 2.1. 

 

The correlation coefficients between CGCM and AGCM monsoon indices are 

very small for EAM (0.03), SAF (0.06) and AUS (0.04), showing that SST forcing of the 

rainfall variability is small in these monsoon regions. In other words, these monsoon 

indices are very noisy. In the following, we focus on the significantly correlated 

monsoons, i.e., IMR (0.49), NWP (0.7), NAF (0.23) and SAM (0.35). 
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Table 2.1 Regions of monsoon rainfall indices 
Name Acronym Region 

Indian monsoon rainfall index IMR (70°E~100°E, 5°N~20°N) 

Northwest Pacific monsoon rainfall index NWP (110°E~180°E, 10°N~20°N) 

East Asian monsoon rainfall index EAM (110°E~120°E, 20°N~40°N) 

North African monsoon rainfall index NAF (20°W~10°E, 0°~15°N) 

South African monsoon rainfall index SAF (20°E~35°E, 30°S~0°) 

North Australian monsoon rainfall index AUS (110°E~160°E, 20°S~10°S) 

South American monsoon rainfall index SAM (290°E~320°E, 25°S~5°S) 

 

 

Figures 2.6a,c show simultaneous covariances of the local summer mean IMR and 

surface temperature anomalies in the CGCM and AGCM (c.f. regressions in Figs. 1.8e,f). 

IMR is positively related to SST in the index region and negatively related to SST over 

the equatorial Pacific. This is opposite to the relationship found by Kumar et al. (2005) 

using the same AGCM forced by observed SST. The CGCM/AGCM differences over 

ocean (Fig. 2.6e) are primarily in the tropical and subtropical western Pacific and 

equatorial central Pacific. We interpret this as due to the weather noise forcing of the SST 

in the CGCM from Eq. (8). However, when SST leads the atmosphere (Figs. 2.6b,d), 

both CGCM and AGCM simulate positive covariance over the northern Indian Ocean and 

central North Pacific and negative covariance over the tropical Pacific. Significant 

differences (Fig. 2.6f) are found over a much smaller area than for the simultaneous  
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Figure 2.6: Left column: Simultaneous covariances of June-July-August (JJA) Indian monsoon rainfall index 
(IMR) and surface temperature anomalies in the (a) CGCM and (c) AGCM. (e) is (a) minus (c). Right clolumn: 
SST leading covariance of JJA IMR and May surface temperature anomalies in the (b) CGCM and (d) AGCM. 
(f) is (b) minus (d). Unit: K mm day-1. The shaded regions are statistically significant at the 5% level based on t-
test in (a)-(d) and based on Fisher’s z transformation in (e)-(f). 
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covariance. The results are consistent with the SST forced responses being 

indistinguishable between the CGCM and AGCM from Eq. (7). 

It can be seen that IMR is also related to the surface temperature over land. 

Although the atmosphere is not coupled with ocean in the AGCM, the atmosphere and 

land are strongly coupled. Hence, the land forcing in the AGCM is different from the 

CGCM, but we are not able to provide an interpretation of the land differences at this 

time. An ensemble of AGCMs with specified land surface state variables is needed to 

find the forced response over land, which is beyond the scope of this work. 

Figure 2.7 is plotted in the same way as Fig. 2.6, with IMR replaced by NWP. 

When NWP and SST are simultaneous (Figs. 2.7a,c), they are positively related within 

the index region, and negatively related over the northern Indian Ocean and subtropical 

North Pacific. The differences over ocean (Fig. 2.7e) are primarily in the tropical and 

subtropical western Pacific, again due to the weather noise forcing of SST in the CGCM. 

When SST leads (Fig. 2.7f), there is no difference between CGCM and AGCM over 

ocean. 

Similar results are found for the NAF and SAM. There is no CGCM/AGCM 

difference when SST leads the atmosphere (figure not shown). Then Test 2 is consistent 

with the SST forced responses being the same in the CGCM and AGCM. Fig. 2.8 

displays simultaneous covariances of NAF (SAM) and SST. NAF (SAM) is negatively 

related to SST over the equatorial Pacific and local land temperature where soil moisture 

and temperature follow an inverse relationship (Figs. 2.8a-d). SAM is also related to SST 

over the southern oceans (Figs. 2.8b,d), suggesting a joint role of equatorial Pacific and  
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Figure 2.7: Same as in Fig. 2.6, but for Northwest Pacific monsoon rainfall index (NWP). 
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Figure 2.8: Left column: Simultaneous covariances of JJA North African monsoon rainfall index (NAF) and 
simultaneous surface temperature anomalies in the (a) CGCM and (c) AGCM. (e) is (a) minus (c). Right 
column: Simultaneous covariance of December-January-February (DJF) South American monsoon rainfall 
index (SAM) and simultaneous surface temperature anomalies in the (b) CGCM and (d) AGCM. (f) is (b) minus 
(d). Unit: K mm day-1. The shaded regions are statistically significant at the 5% level based on t-test in (a)-(b) 
and based on Fisher’s z transformation in (c)-(d). 
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southern oceans in the SAM variability. Figures 2.8e,f show that differences are primarily 

over the tropical Atlantic, that is, the noise component of NAF and SAM are related to 

the SST in the tropical Atlantic from Eq. (8).  

Taking the above results together, the CGCM/AGCM differences of the 

simultaneous covariances of the monsoon indices and SST come from the interference 

between the weather noise and SST in the CGCM, but not in the AGCM. There is no 

significant difference when SST leads the atmosphere, indicating that the SST forced 

responses are indistinguishable between the CGCM and AGCM. 

2.3.3	  Covariances	  of	  monsoon	  indices	  and	  atmospheric	  fields	  

In terms of the covariances of an atmospheric index and an atmospheric field, the 

situation is more complicated than those above, because both include noise components. 

Therefore, these covariances cannot be used to test whether the forced responses are 

different between the CGCM and AGCM. However, they are presented here because the 

CGCM/AGCM differences are relevant to understanding the interference of the SST 

forced response and weather noise. 

The covariance of an atmospheric field (V) and a locally defined atmospheric 

index (Idx) is 

 

Since the SST forced response and weather noise are not related in the AGCM, 

the covariance terms between noise and forced components on the RHS of Eq. (9) are 

zero in the AGCM. The covariance term between noise and noise components on the 
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RHS of Eq. (9) can be non-zero, as weather noise may have spatial structures. Hence, in 

the AGCM, Eq. (9) is reduced to 

 

However, these simplifications do not apply to the CGCM for SST either leading 

or lagging. The second term on the RHS of Eq. (9) can be non-zero when the atmospheric 

noise (VN) forces the SST, which can force the index through teleconnections. However, 

when the index leads, the second term is zero. The third term on the RHS of Eq. (9) can 

be non-zero when the noise component of the index (IdxN) forces SST, which could then 

force the atmosphere both inside and outside the index region through teleconnections. 

When the index lags, the third term is zero. For simultaneous covariance, there is no 

simplification.  

Then differences between CGCM and AGCM covariances are: 

 

where the results from the above two tests (Sec. 2.3.1 and 2.3.2), that the SST forced 

responses are indistinguishable between the CGCM and AGCM, have been applied. 

Equations (11)-(13) each has non-zero covariances terms involving noise. As an example 

of application of Eqs. (11)-(13), the time lagged covariances of IMR and precipitation are 

discussed below. 
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When IMR lags, Fig. 2.9a shows that in the CGCM, IMR and precipitation are 

negatively related over the central and western Pacific and the northern Indian Ocean, 

and positively related over the equatorial Indian Ocean. In the AGCM (Fig. 2.9d), they 

are positively related over the index region and are negatively related over much smaller 

areas in the central and western Pacific than the CGCM. The differences (Fig. 2.9g) are 

mostly over the northern and equatorial Indian Ocean and the western Pacific and are 

attributed to the noise-involved covariance terms in Eq. (11). 

The simultaneous covariances of IMR and precipitation in the CGCM and AGCM 

(Figs. 2.9b,e) are positive in the index region and negative over the equatorial Pacific. 

The differences over ocean (Fig. 2.9h) are largely in the equatorial Indian Ocean and 

western Pacific and are attributed to the covariances terms involving noise in Eq. (12).  

When IMR leads, Figs. 2.9c,f show that IMR and precipitation are negatively 

related over western Pacific and positively related over maritime continent. The CGCM 

and AGCM are not significantly different (Fig. 2.9i), consistent with the SST forced 

responses being the same in the CGCM and AGCM. This indicates that the noise-

involved covariances terms in Eq. (13) are very small, and that the noise component of 

IMR does not have substantial teleconnections with precipitation. 

Taking the above discussions together, the CGCM/AGCM differences are 

attributed to the interference between the SST forced response and weather noise in the 

CGCM and to the covariances of the noise and noise components in both CGCM and 

AGCM. To further illustrate this, the covariances terms on the RHS of Eqs. (11)-(13) are 

plotted in Fig. 2.10. The method of obtaining the SST forced response and weather noise  
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Figure 2.9: Left column: Lag covariances of JJA IMR and May precipitation anomalies in the (a) CGCM and 
(d) AGCM. (g) is (a) minus (d). Middle column: Simultaneous covariances of JJA IMR and precipitation 
anomalies in the (b) CGCM and (e) AGCM. (h) is (b) minus (e). Right column: Lag covariances of JJA IMR and 
September precipitation anomalies in the (c) CGCM and (f) AGCM. (i) is (c) minus (f). Unit: mm2 day-2. The 
shaded regions are statistically significant at the 5% level based on t-test in (a)-(f) and based on Fisher’s z 
transformation in (g)-(i). 

 

was described in Chen et al. (2013). When IMR lags (Fig. 2.10a), the sum of the noise- 

involved covariances terms on the RHS of Eq. (11) is similar with Fig. 2.9g to a large 

degree, especially over the northern and equatorial Indian Ocean. When IMR is 

simultaneous with precipitation (Fig. 2.10b), the sum of the covariances terms on the 
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RHS of Eq. (12) is consistent with Fig. 2.9h within the index region and over the 

equatorial Indian Ocean and the western Pacific. When IMR leads (Fig. 2.10c), the sum 

of the covariances terms on the RHS of Eq. (13) is very small compared to the cases of 

IMR lagging or simultaneous with the precipitation, which agrees with Fig. 2.9i. In 

addition, the sum of the covariances of noise and noise components is much smaller than 

the covariances of noise and forced components in Eqs. (11)-(13), indicating that the 

CGCM/AGCM differences (Figs. 2.9g,h,i) are primarily attributed to the interference 

between the SST forced response and weather noise in the CGCM. Similar results can be 

obtained for other monsoon rainfall indices. 

2.4	  Conclusions	  

In Chen et al. (2013), we assumed that the SST forced responses were the same in 

the CGCM and the AGCM forced with SST from the CGCM. It was found that the 

weather noise statistics were indistinguishable between the CGCM and AGCM. This 

paper tested whether the SST forced responses were the same in the CGCM and AGCM 

in a perfect model framework. 

Due to the existence of weather noise, the SST forced response from the CGCM 

or from the AGCM cannot be found directly. Instead, we compared the forced response 

indirectly by two tests, based on the assumption that weather noise was unpredictable. 

The first test was to regress the atmospheric fields onto the PCs of the dominant SST 

modes. When SST led the atmosphere, the differences of regressions of the surface heat 

flux and precipitation onto SST PCs were statistically not different from zero, indicating 

that the SST forced responses were indistinguishable between the CGCM and AGCM. 
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Figure 2.10: (a) The sum of covariances involving noise when IMR lags, corresponding to Eq. (11). (b) The sum 
of covariances involving noise when IMR is simultaneous with precipitatation, corresponding to Eq. (12). (c) The 
sum of covariances involving noise when IMR leads, corresponding to Eq. (13). Unit: mm2 day-2. Values between 
-0.2 mm2 day-2 and 0.2 mm2 day-2 are not plotted.  
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When SST was simultaneous with or lagged the atmosphere, large differences were 

found primarily over the extratropical oceans, and were attributed to the atmospheric 

noise forcing of SST in the CGCM, but not in the AGCM. The second test was to 

compare the time lagged covariances between CGCM and AGCM of the monsoon 

rainfall indices and SST. The covariances of the monsoon indices and SST were 

indistinguishable when SST led, indicating that the SST forced responses were 

indistinguishable between the CGCM and AGCM. When SST was simultaneous with or 

lagged the atmosphere, the covariances were significantly different, due to the 

interference between weather noise and SST in the CGCM. Therefore, we can conclude 

from the above two tests that the SST forced responses are indistinguishable between the 

CGCM and AGCM. 

We return now to the apparent inconsistencies between coupled and uncoupled 

models mentioned in the introduction. The results of Kumar et al. (2005) from forcing the 

AGCM with observed SST can probably be attributed to model bias, as we did not find 

this discrepancy using the same AGCM forced with the CGCM SST. The results from the 

pacemaker strategy still need to be better understood. We are in the process of 

reexamining Copsey et al. (2006) in the perfect model simulations and will report on the 

results in due course. We suspect the results of Copsey et al. (2006) and Ming et al. 

(2011) can be explained by model bias. The results of Gallimore (1995), Wu and Kirtman 

(2004) and also Kumar et al. (2005) are equivalent to simultaneous regressions, and we 

have shown that the difference between CGCM and AGCM can be explained by weather 

noise forcing of SST in the CGCM (Eqs. 8 and 12; e.g. Figs. 2.6e and 2.9h). The 
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simultaneous correlation with SST tendency in Wu et al. (2006), calculated using 

centered finite difference, is close to lag correlation with SST lagging from Eqs. (7) and 

(8). 

A schematic diagram (Fig. 2.11) shows the complementary nature of the 

arguments given in this paper (red box) and in Chen et al. (2013) (blue box). The dotted 

lines show the connections between the two studies. Chen et al. (2013) was based on the 

assumption that the SST forced responses were the same in CGCM and AGCM and 

inferred the weather noise. This study was based on the assumption that weather noise 

was unpredictable, and found that the SST forced responses were the same in CGCM and 

AGCM (green dotted line). To complete this argument, we need to examine the validity 

of the weather noise unpredictability assumption. This can be done by testing the validity 

of Eq. (3) using the weather noise found in Chen et al. (2013), and this step is indicated 

by the purple dotted lines. It is found that the explicitly calculated weather noise satisfies 

the unpredictability assumption (figure not shown). Therefore, the assumptions are 

verified and the SST forced responses and weather noise in the CGCM and AGCM can 

be taken to be the same. 

The SST forced response and weather noise statistics from different AGCMs 

forced by the same SST can be found and compared using the same technique we have 

described. Similarly, the weather noise statistics for observations can be estimated 

assuming that the SST forced response in the observations is that of an AGCM forced by 

the observed SST (Fan and Schneider 2012). If a model is realistic, its weather noise 

statistics should agree with those inferred for the observations, and its SST forced 
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response should be indistinguishable from that found from observations. Current models 

are not realistic by these tests. Time lagged regression analysis using suitably defined 

indices can also be used to compare the SST forced response patterns in different coupled 

models or between the coupled models and observations. 

 

 

Figure 2.11: Schematic diagram of the logic in this paper and Chen et al. (2013). See text for explanation. 
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APPENDIX 2 

Additional figures for the associated paper, Chen and Schneider (2013), are given 

below. 

 

 

Figure A1: Regressions onto SST PC1 of the monthly mean net surface heat flux (NHF) anomalies in the 
CGCM. From the top left to bottom right: SST PC1 leads NHF by 6 months, 4 months, 2 months, 1 month, 0 
month, (-1) month, (-2) months, (-4) months, and (-6) months. Unit: W m-2 per standard deviation of PC1. The 
shaded regions are statistically significant at the 5% level based on t-test. 
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Figure A2: Same as in Fig. A1, but in the AGCM. 
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Figure A3: Regressions onto SST PC1 of the monthly mean sea level pressure (SLP) anomalies in the CGCM. 
From the top left to bottom right: SST PC1 leads SLP by 6 months, 4 months, 2 months, 1 month, 0 month, (-1) 
month, (-2) months, (-4) months, and (-6) months. Unit: Pa per standard deviation of PC1. The shaded regions 
are statistically significant at the 5% level based on t-test. 
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Figure A4: Same as in Fig. A3, but in the AGCM. 
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Figure A5: Regressions onto SST PC1 of the monthly mean precipitation anomalies in the CGCM. From the top 
left to bottom right: SST PC1 leads precipitation by 6 months, 4 months, 2 months, 1 month, 0 month, (-1) 
month, (-2) months, (-4) months, and (-6) months. Unit: mm day-1 per standard deviation of PC1. The shaded 
regions are statistically significant at the 5% level based on t-test. 
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Figure A6: Same as in Fig. A5, but in the AGCM. 
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CHAPTER 3 MECHASNIMS OF THE INTERNALLY GENERATED 
MULTIDECADAL VARIABILITY IN THE ATLANTIC 

3.1	  Introduction	  

The object of this section is to investigate the mechanisms of the internally 

generated multidecadal time scale SST variability in the Atlantic, in particular the 

Atlantic Multidecadal Variability (AMV), which has climate impacts on the African 

Sahel rainfall, Atlantic hurricane and North American and European summer climate 

(Knight et al. 2006). 

There are generally two kinds of mechanisms explaining the low frequency 

climate variability, external forcing and internal dynamics. External forcing refers to the 

solar radiation (e.g., Lean et al. 1995), aerosols from volcanic eruption (e.g., Robock et 

al. 1992), and greenhouse gas changes (e.g., Houghton et al. 1990). With constant 

external forcing, the low frequency climate variability can still exist due to the internal 

dynamics caused by atmospheric and oceanic internal variability, i.e. atmospheric and 

oceanic weather noise (e.g. Hasselmann 1976, Kirtman et al. 2006, Schneider and Fan 

2007, Fan and Schneider 2012), the coupled instability between climate systems such as 

the atmosphere-ocean coupled feedback (e.g. Zebiak and Cane1987, Latif and Barnett 

1994, Barsugli and Battisti 1998), and ocean dynamics including the gyre circulations 

(e.g. Marshall et al. 2001, Czaja and Marshall 2001), wave dynamics (e.g. Schneider et 

al. 1995, Marshall et al. 2001) and the Atlantic Meridional Overturning Circulation 
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(AMOC, e.g. Delworth et al. 1993, Marshall et al. 2001, Dima et al. 2007, Frankcombe et 

al. 2010). 

There are two major modes of low frequency variability of SST and associated 

SLP over the North Atlantic, an interannual and decadal time scale SST variability with a 

spatial tripole-like distribution and an interdecadal time scale mode with a single-signed 

spatial distribution. The tripole mode, with three distinct centers in the subpolar, western 

subtropical and tropical North Atlantic, appears to be related to the North Atlantic 

Oscillation (NAO) in the atmosphere (e.g., Marshall et al. 2001, Czaja and Marshall 

2001). The interdecadal single-signed SST structure in the North and equatorial Atlantic 

(e.g. Deser and Blackmon 1993, Delworth et al. 2007) is referred to as the AMV pattern 

(Fig. 3.1). Trenberth and Shea (2006) defined the AMV index as the annual mean SST 

anomalies averaged over the North Atlantic (0~60°N, 0~80°W). The magnitude of the 

index is less than 0.4°C, and it has alternating warm and cold phases, with a warm phase 

from 1930 to 1970 and two cold phases from 1902 to 1925 and from 1970 to 1994. A full 

cycle of AMV is about 70 years (Fig. 3.1). 
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Figure 3.1: (Left) Correlation of the AMV index with global surface air temperatures for 1900 to 2004 based on 
annual values. Only values in the North Atlantic can be considered significant (Fig.4 in Trenberth and Shea, 
2006). (Right) Annual SST anomalies averaged over the North Atlantic (0° to 60°N, 0° to 80°W) for 1870-2005, 
relative to 1901 to 1970 (°C) but with the global mean SST removed. The heavy line with fill from the low-pass 
filter depicts the revised AMO (Fig.3 in Trenberth and Shea 2006). 

 

Visbeck et al. (2003) hypothesized that the AMV is closely related to tripole 

variability. The AMV may be the northern hemisphere component of what is most simply 

described as a dipole mode encompassing the whole Atlantic with sign changing across 

the ITCZ (e.g. Delworth and Mann 2000, Tanimoto and Xie 2002). Many studies found 

the association of AMV with AMOC. Delworth et al. (1993) shows an AMV-like SST 

pattern derived from the AMOC index, defined as the maximum of the annual-mean 

meridional overturning streamfunction in the northern hemisphere. Using COADS data, 

Deser and Blackmon (1993) and Kushnir (1994) found a monopole SST pattern with 

multidecadal time scale, and considered it to be governed by a basin-wide dynamical 

interaction that involves AMOC. Based on observed analysis, Dima et al. (2007) 

suggested a hemispheric mechanism for the AMV, associated with the atmospheric 

response of a hemispheric wavenumber-1 SLP and wind stress affecting the sea ice and 

freshwater flux in the subpolar North Atlantic. Huang et al. (2011) found the association 

of the horseshoe-shape SST pattern with the AMOC 30-year oscillation in the NCEP 
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climate forecast system. To understand the low-frequency AMV, it is important to isolate 

weather noise forcing from other mechanisms, including the coupled feedback, the gyre 

circulations, wave dynamics and the AMOC. On top of all this, the external forcing could 

play a role in the AMV. 

Highly simplified models have been employed to discuss the North Atlantic 

decadal tripole SST variability (e.g., Marshall et al. 2001, Czaja and Marshall 2001, 

Schneider and Fan 2012). The weather noise heat flux forces the tripole variability, while 

the atmospheric feedback heat fluxes acts as damping. The wind stress consisting of 

weather noise and the atmospheric feedback to the tripole variability, forces the ocean 

dynamically through the Ekman transport, mean gyre circulation, intergyre-gyre (IGG) 

circulation and AMOC. Time delays, associated with Rossby wave propagation in the 

ocean, were provided by the gyres and AMOC. Such simple stochastically forced coupled 

models can also be employed to examine the mechanisms for the AMV. 

3.2	  Models	  and	  experiments	  

The CGCM is the same as in previous chapters, the CCSM3 (Collins et al. 

2006a). Thus, only the interactive ensemble (IE) CGCM is described in this section. 

3.2.1	  Models	  

The IE coupling strategy was introduced by Kirtman and Shukla (2002), and the 

IE version of CCSM3 (IE_CCSM3) was described in Kirtman et al. (2009, 2011). Figure 

3.2 is a schematic diagram of the CGCM and IE_CGCM. 
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Figure 3.2: A schematic diagram of the CGCM and IE_CGCM. 
 

Our IE_CGCM uses an ensemble of six AGCMs coupled to a single ocean model, 

a single sea-ice model and a single land model. Each AGCM ensemble member has the 

same boundary condition but different initial conditions. As the IE evolves, each AGCM 

experiences the same SST predicted by the OGCM, so they have the same signal. The 

OGCM, on the other hand, experiences the ensemble mean of the surface fluxes from 6 

AGCMs. The IE coupling strategy reduces the atmospheric weather noise substantially at 

the cost of increased computational expense. The ensemble mean of the six-member 

AGCM ensemble reduces the noise variance by approximately 83% and is considered as 

the SST-forced component aside from weather noise, yet the residual noise is not truly 

negligible. 

The weather noise forced IE_CCSM3 will be employed to investigate the 

mechanisms of the internally generated multidecadal variability in the Atlantic. Due to 
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software constraints, the land and sea ice in IE_CCSM3 are forced with the ensemble 

mean atmospheric conditions (i.e. temperature, wind, precipitation) rather than the 

ensemble mean surface fluxes, a feature that leads to mean biases over land and sea ice 

(Kirtman et al. 2011). The weather noise surface fluxes will be applied to the ensemble 

mean surface fluxes from the six-member AGCM ensemble, and will then force the 

ocean model (Fig. 3.3). If the null hypothesis is true that weather noise is the primary 

forcing of the low frequency climate variability, then the weather noise forced IE_CGCM 

could reproduce the CGCM. 

 

 

Figure 3.3: A schematic diagram of the weather noise forced IE_CGCM. 
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3.2.2	  Experiments	  

This study is based on perfect model and perfect data experiments, where all 

simulations are carried out in the model world. The CGCM and an ensemble of AGCMs 

experiments were described in Chapter 1. The IE_CGCM experiments are listed in Table 

3.1 and each is integrated for 100 years. 

3.2.2.1	  Weather	  noise	  in	  global	  oceans	  

The IE_G_all is forced with full weather noise surface fluxes (including heat flux, 

momentum flux and fresh water flux) in the global oceans to demonstrate the role of 

weather noise in the SST variability in the CGCM. This tests the hypothesis that the low 

frequency SST variability is forced by weather noise surface fluxes. We emphasize that 

SST variability being forced by weather noise does not preclude important roles for 

ocean dynamics or atmospheric response to the SST. 

3.2.2.2	  No	  weather	  noise	  	  

The IE_no_noise is an IE_CGCM without any type of weather noise surface 

fluxes added to the ocean model. We use the model output by Kirtman et al. (2009), 

which has the same model settings as our IE_G_all except for the weather noise forcing. 

This experiment is compared with the CGCM to demonstrate the role of weather noise in 

the SST variability in the CGCM. 

3.2.2.3	  Weather	  noise	  restricted	  in	  the	  Atlantic	  

The IE_ATL_all is forced with full weather noise surface fluxes restricted in the 

Atlantic only (40°S~65°N, 100°W~20°E). This simulation will show the extent to which 
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the Atlantic SST variability is forced by local weather noise and to what extent by 

feedbacks to weather noise in other regions.  

The IE_ATL_hf is forced by weather noise heat flux in the Atlantic only, the 

IE_ATL_ws is forced by weather noise momentum flux (i.e., wind stress) in the Atlantic 

only, and the IE_ATL_fwf is forced by weather noise fresh water flux in the Atlantic 

only. These three experiments are used to determine the contributions to the Atlantic SST 

variability by forcing type. The stratification of the response by forcing type will isolate 

the role of specific noise in ocean dynamics (e.g., waves, ocean gyres and AMOC). 

 

Table 3.1 IE_CGCM simulations 
Experiment Description Purpose 

IE_G_all 
IE_CGCM forced by full 
weather noise surface fluxes in 
global oceans 

IE_no_noise 
IE_CGCM without weather 
noise surface fluxes forcing the 
ocean 

To demonstrate the role of weather 
noise in the SST variability in the 
CGCM  

IE_ATL_all 

IE_CGCM forced by full noise 
surface fluxes restricted in the 
Atlantic only (40°S~65°N, 
100°W~20°E) 

To focus on the local weather noise 
forcing 

IE_ATL_hf IE_CGCM forced by noise heat 
flux in the Atlantic only 

IE_ATL_ws IE_CGCM forced by noise wind 
stress in the Atlantic only 

IE_ATL_fwf IE_CGCM forced by noise fresh 
water flux in the Atlantic only 

To isolate the role of specific type of 
weather noise in the SST variability 
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3.3	  Results	  from	  model	  simulations	  

This section describes the results from the CGCM and IE_CGCMs. 

3.3.1	  Weather	  noise	  

The determination of weather noise has been described in Chapter 1 as a residual 

by subtracting the SST-forced surface fluxes from the total surface fluxes. Figure 3.4 is 

the signal-to-noise standard deviation ratio for the heat flux, wind stress and fresh water 

flux. If the ratio is much smaller than one, noise dominates over signal; if the ratio is 

much larger than one, signal dominates over noise; if the ratio is close to one, both signal 

and noise are important in the SST variability. Figure 3.4 shows that the SST-forced 

component dominates over the tropical oceans, while the weather noise dominates over 

the extratropical oceans, except for the heat flux in mid-and-high latitude North Atlantic 

and near Antarctic, indicating that the noise heat flux and SST-forced heat flux are 

equally important in these regions. 
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Figure 3.4: Signal-to-noise standard deviation ratio (SNR) in the CGCM of (a) surface heat flux, (b) zonal wind 
stress, (c) meridional wind stress, and (d) fresh water flux. 

 

3.3.2	  SST	  variability	  

The monthly SST anomalies (SSTA) in the CGCM are highly correlated with the 

SSTA in the IE_G_all, except in the equatorial western Pacific, mid-and-high latitude 

North Atlantic, Arctic and near Antarctic (Fig. 3.5a). Besides, the variances of the SST 

variability in the CGCM are properly simulated in the IE_G_all in many regions, except 

over the tropical and high-latitude oceans (Fig. 3.5b). Thus, the weather noise forced 

IE_CGCM could reproduce most of SST variability in the CGCM over most of the global 

oceans, indicating that the weather noise is responsible for the SST variability in these 

oceans. The possible reasons for inconsistency in Figs. 3.5a,b may be that the SST is not 
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forced by weather noise (e.g., ENSO), or that the effect of oceanic weather noise (e.g., 

Kirtman et al. 2006) is not taken into account, or that there is noise residual from the 

ensemble mean of AGCMs due to finite number of ensemble members in the IE_CGCM.  

 

 

Figure 3.5: Left column: Local correlation of the monthly SSTA in the CGCM with (a) IE_G_all and (c) 
IE_no_noise. The values between -0.2 and 0.2 are not plotted. (a) and (c) have the same color bar. Right column: 
Standard deviation ratio of the monthly SSTA (b) between IE_G_all and CGCM, and (d) between IE_no_noise 
and CGCM. The values between 0.9 and 1.1 are not plotted. (b) and (d) have the same color bar. 

 

The SSTA in the IE_no_noise are very weakly correlated with the CGCM (Fig. 

3.5c), and only a small fraction of the SST variances of the CGCM is captured, with only 

20%~40% in the North Pacific and high-latitude North Atlantic and 40%~60% in other 

oceans, except for 60%~80% in the equatorial Pacific (Fig. 3.5d). This indicates that the 
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SST variability in most of the global oceans in the CGCM is primarily weather noise 

forced. The larger ratio in the equatorial Pacific implies that ENSO may not be forced by 

weather noise, in agreement with Kirtman et al. (2009). 

Thus, the SST variability of the CGCM can be reproduced in the IE_CGCM in 

many oceans. Although the IE_CGCM is not perfect, it is a useful tool to diagnose the 

mechanisms of the SST variability as we can specify different types of weather noise 

forcing in different oceanic regions in the IE_CGCM to identify the respective role in the 

SST variability and the influences on ocean dynamics. 

Figure 3.6 displays the correlation and standard deviation ratio of the SSTA 

between the IE_G_all and IE simulations with weather noise restricted in the Atlantic. 

The Atlantic SST variability is captured in the IE_ATL_all and there is not much 

teleconnection from the Atlantic to other oceans except the equatorial eastern Pacific 

(Figs. 3.6a,b). The weather noise heat flux and weather noise wind stress play an 

important role in the SST variability in the Atlantic (Figs. 3.6c~f), while the weather 

noise fresh water flux has negligible impact on the SST variability (Figs. 3.6g,h). 

3.3.3	  AMV	  

The AMV index is defined as the annual mean SST averaged over the North 

Atlantic (0~60°N, 80°W~0). Figure 3.7a shows that the AMV index varies from 

interannual to decadal and multidecadal time scales. Although the climatological AMV is 

around 0.4°C smaller in the IE_G_all than the CGCM, the AMV time series are 

significantly correlated between the CGCM and IE_G_all (r = 0.75), and the correlation 

is still large (r=0.7) after detrending (Fig. 3.7b). Figure 3.7c shows the AMV indices from 
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Figure 3.6: Left column: Local correlation of the monthly SSTA between the IE_G_all and (a) IE_ATL_all, (c) 
IE_ATL_hf, (e) IE_ATL_ws, and (g) IE_ATL_fwf. The values between -0.2 and 0.2 are not plotted. Right 
column: Standard deviation ratio of the monthly SSTA (b) between IE_ATL_all and IE_G_all, (d) between 
IE_ATL_hf and IE_G_all, (f) between IE_ATL_ws and IE_G_all, (h) between IE_ATL_fwf and IE_G_all. The 
values between 0.9 and 1.1 are not plotted. 
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Figure 3.7: (a) Time evolution of the AMV index defined as the annual mean SST averaged over the region of 
(0~60°N, 80°W~0) in the CGCM (black curve) and IE_G_all (blue curve). The correlation between the two 
curves is 0.75. (b) Time evolution of the AMV index after removing the linear trend in the CGCM (black curve) 
and IE_G_all (blue curve). The correlation between the two curves is 0.7. (c) Time evolution of the AMV index 
after removing the linear trend in the IE_ATL_all (red curve), IE_ATL_hf (green curve), IE_ATL_ws (purple 
curve) and IE_ATL_fwf (grey curve). Unit: °C. 
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IE experiments with weather noise restricted to the Atlantic, and their correlations with 

the AMV in the CGCM are 0.64 for IE_ATL_all, 0.57 for IE_ATL_hf, 0.21 for 

IE_ATL_ws and 0.14 for IE_ATL_fwf, with the last insignificant at 95% level. Thus, the 

global weather noise forcing (IE_G_all) could simulate the AMV in the CGCM to a large 

degree, and the local weather noise forcing (IE_ATL_all) simulates the AMV in the 

CGCM similarly well, with the noise heat flux and noise wind stress playing a role. 

 

 

Figure 3.8: Regressions of SSTA onto the normalized AMV index from the CGCM in the (a) CGCM and (b) 
IE_G_all. Unit: °C per standard deviation of AMV. The spatial correlation is 0.87 between (a) and (b) over 
global domain. 
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The regression of SSTA against the AMV index in the CGCM (Fig. 3.8a) displays 

a monopole pattern in the Atlantic region, in agreement with Trenberth and Shea (2006). 

It is significant at 95% level only in the North Atlantic. The monopole AMV pattern is 

not homogeneous but a horseshoe shape. The positive anomalies are large along the Gulf 

Stream after it separates from North America (referred to thereafter as the separated Gulf 

Stream) and also on the eastern North Atlantic, and are small or even weakly negative in 

the subtropical gyre. Thus, the CGCM could simulate realistic AMV spatial pattern. The 

IE_G_all could simulate the same SST pattern as the CGCM (Fig. 3.8b), with a spatial 

correlation of 0.87 over the global domain. Therefore, the IE_CGCM is appropriate for 

diagnosing the mechanisms of AMV of the CGCM. 

Then we can analyze the AMV pattern in the IE experiments forced with different 

types of noise surface fluxes restricted in the Atlantic. The AMV pattern in the 

IE_ATL_all (Fig. 3.9a) is similar with IE_G_all (Fig. 3.8b), suggesting that AMV is 

primarily forced by the local weather noise. The AMV pattern is captured on the eastern 

North Atlantic and Labrador Sea in the IE_ATL_hf and is captured along the separated 

Gulf Stream in the IE_ATL_ws, but not in the IE_ATL_fwf. Thus, both the noise heat 

flux and noise wind stress are responsible for generating the AMV horseshoe pattern. 

Figure 3.9e is most related to Fig. 3.9a (r = 0.87), suggesting the forcing from three types 

of weather noise on the AMV is linearly combined. 
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Figure 3.9: Regressions of SSTA onto the normalized AMV index from the CGCM in the (a) IE_ATL_all, (b) 
IE_ATL_hf, (c) IE_ATL_ws, (d) IE_ATL_fwf, and (e) sum of (b), (c) and (d). Unit: °C per standard deviation of 
AMV. The spatial correlations over the Atlantic domain are 0.76 between (a) and (b), 0.63 between (a) and (c), 
0.32 between (a) and (d), and 0.87 between (a) and (e). 

 

3.3.4	  Decomposition	  of	  the	  AMV	  index	  

Using the ensemble empirical mode decomposition (EEMD, Wu and Huang 

2009), the AMV index is decomposed into a relatively small collection of empirically 

determined intrinsic mode functions based on the local characteristic time scale of the 

data. The AMV index in the CGCM after EEMD includes the interannual mode (not 
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shown), decadal mode (not shown), multidecadal modes (Figs. 3.10b,c), century modes 

(Figs. 3.10d,e), and a nonlinear trend (the red curve in Fig. 3.10a). The period of each 

EEMD mode is a mean period that is determined by counting the number of peaks (local 

maximum), and it is in good agreement with the periods found by spectrum analysis (Fig. 

3.11). Based on Monte Carlo test, only two modes (45-year mode and 90-year mode) are 

significantly different from white noise at 95% level. This confirms that the CCSM3, 

with constant external forcing, is able to generate substantial SST variability on 

multidecadal time scale. If 100-year AMV index is used, the two multidecadal modes 

(25-year mode and 45-year mode) still exist. 

Figure 3.11 shows the spectrum of the annual mean AMV index and the 11-year 

running mean AMV index. The red solid curves are corresponding red noise spectrum, 

and the red dashed curves are 95% confidence upper limit of red noise spectrum. For the 

annual mean AMV index (Fig. 3.11a), there are many peaks from interannual to 

centennial time scales, but only one peak, centered near the period of 86 years, is 

significantly different from red noise at 95% level. After doing 11-year running mean 

(Fig. 3.11b), the interannual variability is filtered out and there are two significant peaks 

centered near the periods of 26 years and 48 years. Another peak, with period of 97 years, 

is nearly significantly different from red noise at 95% level. Therefore, the peaks from 

spectral analysis are consistent with the periods of the EEMD modes, suggesting that the 

EEMD modes can efficiently represent the AMV variability at different time scales. 
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Figure 3.10: AMV index and EEMD modes in the 300-year CGCM. (a) AMV index (black curve) and trend (red 
curve), (b) EEMD mode 4 with period of 25 years, (c) EEMD mode 5 with period of 45 years, (d) EEMD mode 6 
with period of 90 years, and (e) EEMD mode 7 with period of 180 years. 
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Figure 3.11: (a) Spectrum of the annual mean AMV index (black curve). The red solid curve is corresponding 
red noise spectrum, and the red dashed curve is 95% confidence upper limit of red noise spectrum. The x-axis is 
frequency, unit: cycles per year. The y-axis is spectrum. (b) Spectrum of the 11-year running mean AMV index. 

 

3.4	  Mechanisms	  of	  the	  AMV	  multidecadal	  mode	  

In the following, we concentrate on the AMV multidecadal mode with 45-year 

period (referred to thereafter in brief as the AMV mode), as this mode is significant and 

can be resolved by the IE experiments of only 100 years. The regressions of oceanic and 

atmospheric fields onto the AMV 45-year mode pick out the spectrum of 45 years for 

these fields. Hence, the lag regressions onto the AMV mode, from the AMV leading by 
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20 years to AMV lagging by 20 years, display an approximately complete cycle. Our 

purpose is to diagnose the mechanisms of the AMV mode in the CGCM, thus the AMV 

mode employed in the lag regressions is from the CGCM. Discussions are carried out in 

the IE_CGCM experiments, where we are able to examine the respective role of different 

types of noise forcing on the AMV mode. 

3.4.1	  SST	  

Figure 3.12 shows the lag regressions of the SST in the CGCM onto the AMV 

mode. The simultaneous SSTA associated with the AMV mode (Fig. 3.12e) is a 

horseshoe shape, with large positive SSTA along the separated Gulf Stream at 40°~50°N 

and on the eastern North Atlantic and with weak negative SSTA over the subtropical gyre 

and to the southwest of Iceland. This is in good correspondence with regression of SSTA 

onto the annual AMV index in the Atlantic (Fig. 3.8a), indicating that the AMV 45-year 

mode is capable of reproducing the spatial pattern of the full AMV. The SST pattern at 

20 years ahead (Fig. 3.12a) is opposite to the simultaneous one, and can be regarded as 

the negative phase of the AMV mode. Approaching the positive phase, the negative 

SSTA weakens locally and the positive SSTA in the subtropical gyre moves northward to 

mid-latitude and strengthens rapidly (Figs. 3.12b~d). After the AMV reaches maximum 

at lag zero (Fig. 3.12e), the positive SSTA weakens and moves southward along the 

subtropical gyre (Figs. 3.12f~i). Figure 3.12 is equivalent to the evolution of SSTA 

within one cycle of the AMV mode, with the period of around 40~50 years. 
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Figure 3.12: Lag regressions of SSTA in the CGCM onto the AMV 45-year mode of the CGCM. From (a) to (i): 
Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 years. Negative years 
indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit: °C per standard 
deviation of AMV mode. 

 

The regression patterns of the SSTA in the IE_ATL_all (and also IE_G_all) onto 

the AMV mode (Fig. 3.13) are very similar with the CGCM, although the magnitude, 

especially for positive anomalies along the separated Gulf Stream, is smaller than the 

CGCM. This may be due to model bias of the IE_CGCM. It may also suggest that the 

weather noise outside Atlantic should affect the AMV mode in the CGCM, which is 

beyond the scope of current study. 
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Figure 3.13: Same as Fig. 3.12, but for SSTA in the IE_ATL_all. 
 

In the IE_ATL_ws, the noise wind stress is the only weather noise forcing applied 

to the ocean model. Compared to IE_ATL_all, Fig. 3.14e shows that the large positive 

SSTA are reproduced along the separated Gulf Stream, suggestive of the role of noise 

wind stress playing in the AMV mode. The magnitude of the SSTA on the eastern North 

Atlantic is much smaller than the IE_ATL_all, implying that there should be other 

forcings on the AMV mode. The 45-year oscillation related to the AMV mode is similar 

with Fig. 3.13. 
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Figure 3.14: Same as Fig. 3.12, but for SSTA in the IE_ATL_ws. 
 

In the IE_ATL_hf, the noise heat flux is the only weather noise forcing applied to 

the ocean model. Figures 3.15e shows that the large positive SSTA are reproduced on the 

eastern North Atlantic, suggestive of the role of noise heat flux playing in the AMV 

mode. The SSTA along the separated Gulf Stream is weak negative, opposite to the 

IE_ATL_all, indicating that noise heat flux is not forcing the SST along the separated 

Gulf Stream. After the maximum AMV (Figs. 3.15f~i), the positive AMV weakens and 

gradually converts to the negative phase. 
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Figure 3.15: Same as Fig. 3.12, but for SSTA in the IE_ATL_hf. 
 

In the IE_ATL_fwf, the noise fresh water flux is the only weather noise forcing 

applied to the ocean model. The noise fresh water flux plays a negligible role in forcing 

the AMV mode (figure not shown). 

Therefore, both the noise heat flux and noise wind stress force the AMV mode, 

with noise wind stress forcing along the separated Gulf Stream and noise heat flux 

forcing on the eastern North Atlantic. Both are important and contribute jointly to the 

horseshoe shape of the AMV pattern. 
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3.4.2	  NAO	  

The regression of SLP in the CGCM onto the AMV mode resembles the NAO 

pattern in the atmosphere, a north-south dipole of SLP anomalies with the northern center 

over Greenland and southern center spanning the mid-latitude North Atlantic and western 

Europe. The NAO is in positive phase at 0~10 years leading the maximum AMV (Figs. 

3.16c~e), with lower-than-normal SLP over subpolar region centered at southern 

Greenland, and with higher-than-normal SLP spanning the mid-latitude North Atlantic 

centered at eastern North Atlantic and western Europe. After the maximum AMV (Figs. 

3.16f~i), the positive NAO weakens and converts to negative phase. The structure and 

magnitude of the noise component of SLP (Fig. 3.17) is analogous to Fig. 3.16, indicating 

that NAO is dominated by weather noise. 

The NAO forcing on the AMV mode, associated with the noise heat flux and 

noise wind stress, is shown in Fig. 3.17. In the positive phase of NAO (Figs. 3.17c~e), 

the pressure gradient increases between subpolar and mid-latitude regions, enhancing the 

climatological westerly in between and thus resulting in more turbulent heat flux out of 

ocean (i.e., negative heat flux); in the meantime, the anomalous easterly to the south of 

the positive SLP center weakens the climatological westerly and thus resulting in less 

turbulent heat flux out of ocean (i.e., positive heat flux). In the negative phase of NAO 

(Figs. 3.17h,i), the heat flux is positive between subpolar and mid-latitude regions and is 

negative to the south of the positive SLP center. 
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Figure 3.16: Lag regressions of SLP in the CGCM onto the AMV 45-year mode of the CGCM. From (a) to (i): 
Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 years. Negative years 
indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit: Pa per standard 
deviation of AMV mode. 
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Figure 3.17: Same as Fig. 3.16, but for the noise component of SLP. 
 

Figure 3.18 shows that the noise heat flux is related to NAO as described above. 

At 0~5 years leading the AMV, the noise heat flux (Figs. 3.18d,e) is negative (upward) at 

50°~60°N and is positive (downward) south of 50°N on the eastern North Atlantic; the 

SSTA from IE_ATL_hf (Figs. 3.15d,e), where only the noise heat flux forces the ocean, 

is also positive on the eastern North Atlantic, indicating the noise heat flux forcing of the 

AMV mode on the eastern North Atlantic. At 15~20 years lagging the AMV, the noise 

heat flux (Figs. 3.18h,i) is positive (downward) at 50°~60°N and negative (upward) south 

of 50°N on the eastern North Atlantic; the SSTA from IE_ATL_hf (Fig. 3.15i) is also 
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negative on the eastern North Atlantic, indicating the noise heat flux forcing of the 

negative phase of AMV mode on the eastern North Atlantic. 

 

 

Figure 3.18: Lag regressions of the weather noise heat flux onto the AMV 45-year mode of the CGCM. From (a) 
to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 years. Negative 
years indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit: W m-2 per 
standard deviation of AMV mode. 

 

On the other hand, the NAO pattern (Figs. 3.16, 3.17) is consistent with the noise 

wind stress (Fig. 3.19), with lower-than-normal SLP corresponding to cyclonic wind 

circulation (i.e., positive curl) and higher-than-normal SLP corresponding to anticyclonic 
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wind circulation (i.e., negative curl). The noise wind stress forcing on the AMV mode is 

related to ocean dynamics and will be discussed in detail in Sec. 3.4.5. 

 

 

Figure 3.19: Lag regressions of the weather noise wind stress onto the AMV 45-year mode of the CGCM. From 
(a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 years. 
Negative years indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit of wind 
stress vector: N m-2 ×10-1 per standard deviation of AMV mode. The wind stress curl is shaded, unit: N m-3 ×10-8 
per standard deviation of AMV mode. 

 

Therefore, the NAO forcing on the AMV mode consists of both noise heat flux 

forcing and noise wind stress forcing, with the former responsible for the SSTA on the 
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eastern North Atlantic and the latter responsible for the SSTA along the separated Gulf 

Stream. 

3.4.3	  The	  SST-‐forced	  heat	  flux	  

As there is only noise wind stress applied to the ocean model in the IE_ATL_ws, 

the heat flux from the ocean output has no noise component but only the SST-forced 

component. The SST-forced heat flux (Fig. 3.20) has opposite sign to the SSTA (Fig. 

3.14) at all lags, i.e., a positive SSTA is related to negative (upward) heat flux response 

that cools the SST. Therefore, the SST-forced heat flux acts as a damping on the AMV 

mode. The heat flux response to the SST forced by the noise heat flux can be derived by 

subtracting the noise component from the heat flux in the ocean output of the IE_ATL_hf 

and it is found to damp the SST (figure not shown). 
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Figure 3.20: Lag regressions of surface heat flux in the IE_ATL_ws onto the AMV 45-year mode of the CGCM. 
From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 years. 
Negative years indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit: W m-2 
per standard deviation of AMV mode. 

 

3.4.4	  The	  SST-‐forced	  wind	  stress	  

The wind stress from the ocean output in the IE_ATL_hf has no noise component 

but only the SST-forced component. There is cyclonic SST-forced wind stress on the 

northeast North Atlantic at 0~10 years leading the AMV (Figs. 3.21c~e) and anticyclonic 

SST-forced wind stress at 5~15 years lagging the AMV (Figs. 3.21f~h). The SST-forced 

wind stress damp the SST (Fig. 3.15) through the wind-driven ocean gyres, which will be 
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discussed in Sec. 3.4.5. The wind stress response to the SST anomalies forced by the 

noise wind stress can be derived by subtracting the noise component from the wind stress 

in the ocean output of the IE_ATL_ws (figure not shown). 

 

 

Figure 3.21: Lag regressions of surface wind stress in the IE_ATL_hf onto the AMV 45-year mode of the 
CGCM. From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 
years. Negative years indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit 
of wind stress vector: N m-2 ×10-1 per standard deviation of AMV mode. The wind stress curl is shaded, unit: N 
m-3 ×10-8 per standard deviation of AMV mode. 
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3.4.5	  Ocean	  dynamics	  

As stated in Sec. 3.4.2, the noise wind stress forces the AMV mode through ocean 

dynamics (e.g., ocean gyres, Rossby waves and AMOC). 

3.4.5.1	  Ocean	  gyres	  

Figure 3.22 shows lag regressions of barotropic streamfunction (BSF) in the 

IE_ATL_ws onto the AMV mode. The thick curve is zero line from climatology, 

separating the subtropical and subpolar gyres. The most outstanding characteristic is the 

northward displacement of the subtropical gyre across the zero line at 0~10 years leading 

the AMV mode (Figs. 3.22c~e), which was also found by Marshall et al. (2001) and 

named as intergyre gyre. The more northerly subtropical gyre transports warmer water 

from subtropics to mid-and-high latitude and warms the SST, resulting in a positive 

AMV phase. 

However, in the IE_ATL_hf, there is no northward movement of subtropical gyre 

leading the AMV mode (Figs. 3.23a~e). Instead, the subpolar gyre extends southward 

across the zero line at 0~10 years leading the AMV mode, which is driven by the SST-

forced wind stress (Figs. 3.21c~e). The more southerly subpolar gyre transports colder 

water from subpolar to mid-latitude region and damps the mid-latitude SST. 

Therefore, the noise wind stress forces the AMV mode through northward 

displacement of subtropical gyre and the separated Gulf Stream. As the SST gradient is 

very large in the separated Gulf Stream, there are large SST anomalies associated with 

the northward displacement, leading to a positive AMV. The SST-forced wind stress 

damps the AMV mode through driving the subpolar gyre southward, damping the AMV. 
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Figure 3.22: Lag regressions of barotropic streamfunction (BSF) in the IE_ATL_ws onto the AMV 45-year 
mode of the CGCM. From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 
years and 20 years. The black curve is zero line of BSF climotology. Negative years indicate the AMV mode 
lagging and positive years indicate the AMV mode leading. Unit: Sv per standard deviation of AMV mode. 
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Figure 3.23: Same as Fig. 3.22, but for BSF in the IE_ATL_hf. 
 

3.4.5.2	  Rossby	  waves	  

Figure 3.24 shows lag regressions of the sea surface height (SSH), related to the 

geostrophic streamfunction (ψ=gh/f), in the IE_ATL_ws onto the AMV mode. The most 

prominent feature is what appears to be the existence of oceanic Rossby waves. At 0~20 

years leading the AMV (Figs. 3.24a~e), the positive SSH propagates westward at around 

30°N and the negative SSH propagates westward at around 55°N. The speed of Rossby 

wave is related to β, the variation of Coriolis parameter with latitude, which is larger at 
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low latitude than high latitude. Then the wave speed at 30°N should be larger than that at 

55°N by a factor of 1.5. However, due to the advection by mean ocean currents, the 

westward propagation is accelerated by the westward mean current above 55°N. Along 

the separated Gulf Stream, the positive SSH is primarily advected by the swift eastward 

ocean currents. In the IE_ATL_hf, there is no westward progression, indicating that the 

Rossby waves may not exist (Fig. 3.25). 

 

 

Figure 3.24: Lag regressions of sea surface height (SSH) in the IE_ATL_ws onto the AMV 45-year mode of the 
CGCM. From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years and 20 
years. Negative years indicate the AMV mode lagging and positive years indicate the AMV mode leading. Unit: 
cm per standard deviation of AMV mode. 
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Figure 3.25: Same as Fig. 3.24, but for SSH in the IE_ATL_hf. 
 

The progressions of SSH anomalies can be seen more clearly in the time-

longitude cross section (Fig. 3.26). In the IE_ATL_ws, there is apparent westward 

propagation of the positive and negative anomalies (Figs. 3.26a,c), where the propagation 

speed can be calculated by the slope of shadings. The positive anomaly advected by the 

Gulf Stream is also evident (Fig. 3.26b). Such behavior is similar in the IE_ATL_all 

(Figs. 3.26g~i), but not in the IE_ATL_hf (Figs. 3.26d~f). Since the weather noise wind 
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stress (Fig. 3.27) does not display westward propagation as shown in the SSH from the 

noise wind stress forced IE experiment, the westward progressions of SSH in the 

IE_ATL_ws and IE_ATL_all are Rossby waves. 

 

 

Figure 3.26: Left column: Time evolution of the lag regressions of SSH in the IE_ATL_ws onto the AMV 45-
year mode of the CGCM along (a) 55°~60°N, (b) 40°~45°N and (c) 30°~35°N. Middle column: Time evolution of 
the lag regressions of SSH in the IE_ATL_hf onto the AMV 45-year mode of the CGCM along (d) 55°~60°N, (e) 
40°~45°N and (f) 30°~35°N. Right column: Time evolution of the lag regressions of SSH in the IE_ATL_all onto 
the AMV 45-year mode of the CGCM along (g) 55°~60°N, (h) 40°~45°N and (i) 30°~35°N. The y-axis is time lag 
from -20 years to 20 years, with negative years indicating the AMV mode lagging and positive years indicating 
the AMV mode leading. The x-axis is longitude from 80°W to 0°. Unit: cm per standard deviation of AMV 
mode. 
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Figure 3.27: Left column: Time evolution of the lag regressions of the noise zonal wind stress in the CGCM onto 
the AMV 45-year mode of the CGCM along (a) 55°~60°N, (b) 40°~45°N and (c) 30°~35°N. Middle column: Time 
evolution of the lag regressions of the noise meridional wind stress in the CGCM onto the AMV 45-year mode of 
the CGCM along (d) 55°~60°N, (e) 40°~45°N and (f) 30°~35°N. Right column: Time evolution of the lag 
regressions of the noise wind stress curl in the CGCM onto the AMV 45-year mode of the CGCM along (g) 
55°~60°N, (h) 40°~45°N and (i) 30°~35°N. The y-axis is time lag from -20 years to 20 years, with negative years 
indicating the AMV mode lagging and positive years indicating the AMV mode leading. The x-axis is longitude 
from 80°W to 0°. Unit for (a)~(f): N m-2 ×10-2 per standard deviation of AMV mode. Unit for (g)~(i): N m-3 ×10-8 
per standard deviation of AMV mode. 

 

Therefore, the noise wind stress forces the AMV mode through the westward 

propagation of Rossby waves, with the propagation speed influenced by mean ocean 

currents. The role of the Rossby waves is in the adjustment of the ocean gyre circulations 

to the wind stress (e.g., Fig. 3.22), with a delay due to the propagation from the wind 

stress forcing region to the western boundary. 
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3.4.5.3	  AMOC	  

Labrador Sea is the deep water formation site related to the decadal AMOC 

variability in the CCSM3 (Danabasoglu 2008). Here mixed layer depth (MLD) is used as 

an identifier of the deep convection. In the IE_ATL_ws, MLD in the Labrador Sea 

increases at 0~15 years leading the AMV (Figs. 3.28b~d). The AMOC, consistent with 

MLD, occurs at 50°~65°N at shallow depth (Fig. 3.29b), strengthens and penetrates into 

deeper ocean and extends southward in following years (Figs. 3.29c,d), and becomes 

strongest when the AMV is maximum (Fig. 3.29e). The AMOC transports warmer water 

at upper ocean from low-latitude to mid-and-high latitude North Atlantic and warms the 

SST, contributing to the positive AMV phase. After the warmer water reaching high-

latitude ocean, the upper ocean density decreases as it is dominated by temperature 

(Tulloch and Marshall 2012). Then the MLD decreases and converts to negative in the 

Labrador Sea (Figs. 3.28e~g); the AMOC weakens and becomes shallower and moves 

southward (Figs. 3.29f~g).  

However, in the IE_ATL_hf, the MLD associated with the AMV mode is very 

small, and the AMOC is not related to the AMV mode (figures not shown), indicating 

that the noise heat flux is not related to deep convection in Labrador Sea or AMOC. In 

the IE_ATL_all, the MLD and AMOC associated with the AMV mode are very similar 

with those in the IE_ATL_ws (figures not shown). 

Therefore, the noise wind stress forces the AMOC, transporting the upper-ocean 

warmer water northward from low-latitude to mid-and-high latitude and contributing to a 

positive AMV. 
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Figure 3.28: Lag regressions of the mixed layer depth (MLD) from the IE_ATL_ws onto the 45-year AMV mode 
of the CGCM. From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 years, 0 year, 5 years, 10 years, 15 years 
and 20 years. Negative years indicate the AMV mode lagging and positive years indicate the AMV mode leading. 
Unit: meter per standard deviation of AMV mode. 
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Figure 3.29: Lag regressions of the Atlantic meridional overturning streamfunction (AMOC) from the 
IE_ATL_ws onto the 45-year AMV mode of the CGCM. From (a) to (i): Lag=−20 years, −15 years, −10 years, −5 
years, 0 year, 5 years, 10 years, 15 years and 20 years. Negative years indicate the AMV mode lagging and 
positive years indicate the AMV mode leading. Unit: Sv per standard deviation of AMV mode. The axis of y is 
depth (km), and the axis of x is latitude from 30°S to 65°N. Positive streamfunction is clockwise and negative 
streamfunction is anticlockwise. 

 

3.4.6	  Summary	  

All of the above analyses on the mechanisms of the AMV 45-year mode can be 

summarized as a schematic diagram (Fig. 3.30). The NAO is dominated by weather 

noise. The NAO forcing on the AMV mode consists of both the noise heat flux forcing 

and noise wind stress forcing, with the former mainly on the eastern North Atlantic and 
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the latter primarily along the separated Gulf Stream. They contribute jointly to the 

horseshoe pattern of the AMV. The noise wind stress forces the AMV mode through 

ocean dynamics, including Rossby waves, ocean gyres and AMOC. The noise wind stress 

in the central North Atlantic forces Rossby waves that propagate to the western boundary, 

leading to rearrangement of the gyre circulations and northward displacement of the 

separated Gulf Stream. Large SST anomalies are associated with the displacement of the 

separated Gulf Stream, since the mean SST gradient is very strong in that region. The 

AMOC, related to MLD, enhances and transports the upper-ocean warmer water from 

low-latitude to mid-and-high latitude and contributing to a positive AMV.  

 

 

Figure 3.30: A schematic diagram of mechanisms of the AMV 45-year mode. See text for explanation. 
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On the other hand, the heat flux response to SST (i.e., the SST-forced heat flux) 

acts as a damping on the AMV mode. The SST-forced wind stress also damps the AMV 

through driving the subpolar gyre southward. 

3.5	  Conclusions	  

The mechanisms of the internally generated multidecadal variability in the 

Atlantic, particularly the AMV 45-year mode, are investigated in a perfect model 

framework with constant external forcing. The IE coupling strategy is applied to the 

CGCM, where the oceanic response to weather noise forcing can be separated by noise 

forcing type and noise forcing region. 

Weather noise, defined as a residual by subtracting the SST-forced surface fluxes 

from the total surface fluxes, dominates in the extratropical oceans except for the heat 

flux in the mid-and-high latitudes where both noise and SST-forced components are 

important. The IE_CGCM without noise forcing simulates only a small fraction of the 

SST variability in the CGCM. In contrast, the IE_CGCM forced with full weather noise 

reproduces most of the SST variability in the CGCM over most of the global oceans 

(except ENSO), indicating that the SST variability in the CGCM is predominantly forced 

by weather noise. The local weather noise forcing is found to be responsible for the SST 

variability in the Atlantic, with the noise heat flux and noise wind stress playing a critical 

role, while the noise fresh water flux has negligible impact. 

The spatial pattern of AMV is a horseshoe shape, with large positive SSTA along 

the separated Gulf Stream and on the eastern North Atlantic. The 300-year AMV index in 

the CGCM can be decomposed into the interannual mode, decadal mode, multidecadal 
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mode and century mode, with the 45-year mode and 90-year mode significantly different 

from white noise. The AMV 45-year mode is picked out for diagnosis of mechanisms, as 

this mode is significant and can be resolved by the IE experiments.  

The NAO, dominated by noise component, forces the AMV 45-year mode 

through the noise heat flux and noise wind stress. The former is responsible for the AMV 

pattern on the eastern North Atlantic, the latter is responsible for the AMV pattern along 

the separated Gulf Stream, and both contribute jointly to the horseshoe shape of the 

AMV. The noise wind stress forces the AMV mode through ocean dynamics, including 

Rossby waves, ocean gyres and AMOC. The Rossby waves propagate to the western 

boundary, leading to rearrangement of the ocean gyre circulations (intergyre gyre) and 

northward displacement of the separated Gulf Stream, with large SST anomalies 

associated with it. In addition, the AMOC transports upper-ocean warmer water 

northward from low-latitude to mid-and-high latitude. These oceanic responses to noise 

wind stress lead to a positive AMV. The atmospheric response to SST, including the 

SST-forced heat flux and SST-forced wind stress, acts as a damping on the AMV mode.  

We notice that although the AMV 45-year mode from EEMD is significantly 

different from white noise, the spectral peak of 45-year oscillation is not significantly 

different from red noise by spectrum analysis. Thus, this multidecadal variability may 

just be red noise. Since the AMV 90-year mode is significantly different from red noise, a 

thorough diagnosis of the mechanisms of the 90-year mode would provide more insight 

into the current study. Therefore, one of the future work we plan to do is to extend the IE 

experiments to 300 years, the same length as the CGCM. 
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As the current IE simulations are imperfect to some extent, some other 

experiments can be designed for future research. (1) A larger number of ensemble 

members in the IE_CGCM can be done to reduce noise residual from the ensemble mean, 

which would improve the IE model’s ability to simulate the CGCM over the oceans. (2) 

As we have pointed out that the ocean weather noise is probably responsible for some 

SST variability over the high-latitude ocean, an IE_CGCM with an ensemble of ocean 

models will rule out this possibility. (3) The mean biases over land and sea ice can be 

eliminated by IE experiments forced with weather noise surface fluxes on the land and 

sea ice. (4) We find that the noise heat flux and noise wind stress force the AMV mode in 

different regions. This can be further studied and proved by a set of IE experiments, in 

which the noise heat flux and noise wind stress are restricted in specific regions in the 

North Atlantic. (5) A “backward” simulation (as in Schneider et al. 1995), the IE_CGCM 

forced with the same noise wind stress but reversed in time, can help to identify the 

Rossby waves that are forced by the noise wind stress. (6) A simple stochastically forced 

coupled model can be derived by fitting the parameters from the numerical model output. 

(7) Predictability experiments (e.g., Stan and Kirtman 2008) can be made by perturbing 

initial states from the CGCM simulations. 
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