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ABSTRACT 

 

Multiyear initial-value predictability of subsurface 

temperature in the North Atlantic Ocean and the 

impact of ensemble size 

by Guantong Lyu 

 

Apart from the well-documented relationships between North Atlantic sea surface temperature and 

local climate, there exists a close link connecting subsurface temperature in the North Atlantic 

Ocean and large-scale oceanic circulation and climate on multiple time scales. However relatively 

less is known about the variation and predictability of subsurface temperature due mainly to lack of 

long-term observations, which motivates this study. Using a hierarchy of coupled climate models, 

this thesis focuses on multiyear initial-value predictability of subsurface temperature in North 

Atlantic Ocean and impact of ensemble size on prediction skill and predictability assessment.  

Analysis of outputs from two GCMs with different resolutions reveals that, horizontal 

development of subsurface temperature prediction uncertainty, which is characterized by large 

ensemble variance, is propagating clockwise in the subtropical North Atlantic while anticlockwise 

in the subpolar North Atlantic. The path along the Gulf Stream and the North Atlantic Current is the 

principle site where large prediction uncertainty emerges first. A further examination of the latitude-

depth space reveals that temperature prediction uncertainty propagates downward mainly in the 

subpolar North Atlantic and Southern Ocean. The downward development in the North Atlantic is 

thought to be associated with mode water subduction and deep water formation process.  

It is also discovered that ensemble size casts a substantial impact on prediction skill and 

assessment of initial-value predictability of North Atlantic Oceanic climate. Increasing ensemble 

size leads to a significant reduction of biases of initial-value predictability assessment. Though there 



 
 

is slight difference, the minimal ensemble sizes required to make a ‘steady’ assessment of 

predictability for sea surface temperature, subsurface temperature and the Atlantic meridional 

overturning circulation in the North Atlantic in a coarse resolution (nominal resolution 2.75°-by-3° 

degree) model are all approximately 20. This minimal size reduces to about 7 in an eddy-permitting 

model (nominal resolution 1/4°-by-1/4°). This is probably caused by the difference in the potential 

uncertainty sources, as a consequence of the difference in spatial resotluion, as well as the fact that 

the IPSL-CM5A-LR is a fully coupled climate model, while the eddy-permitting model is a forced 

ocean model. That is to say, for the case of North Atlantic Oceanic climate forecasting, increasing 

ensemble size could improve the prediction skill and credibility of predictability assessment; and 

minimal size are variable-independent and resolution dependent. We therefore do not recommend 

ensemble size far less than 20/7 and suggest that continuing increasing ensemble members if the 

size is already over 20/7 could be unnecessary when attempting to forecast North Atlantic Oceanic 

climate using non-eddy-permitting/eddy-permitting models. 
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Chapter 1 Introduction and backgrounds 

 

1. Introduction 

 

Due to the chaotic nature of atmosphere, forecasting instantaneous weather several weeks ahead is 

documented almost impossible. Climate, conventionally defined as an average of the weather over a long 

time (seasonal or longer), however in some cases is predictable years or even decades in advance thanks 

to various contributors (J Shukla, 1998). It is not surprising that known varying external forcing of Earth’s 

climate, such as changing external forcing caused by volcano eruptions, would provide some potential 

of climate predictability (OH Otterå et al. 2010). Besides, internal variations of the climate system, such 

as ice sheet melting in Greenland and slow ocean processes are also predictability sources. Among them, 

the ocean is a significant internal source of climate predictability due principally to seawater’s huge 

thermal inertia (S Manabe et al 1990), some intrinsic oscillatory modes of oceans (F Sévellec & AV 

Fedorov 2013) and the change of mixed layer depth (MA Alexander & C Deser 1995) and so on. A 

typical example is the North Atlantic Ocean, where a substantial predictability of the climate system 

resides in (J Marshall et al. 2001; M Visbeck 2002; C Franzke & T Woollings 2011). On the other hand, 

as a key component of global climate system, North Atlantic Ocean influences regional and distant 

climate on various time scales. For example, evidences are found that variation of North Atlantic Sea 

Surface Temperature (SST) influences storm track (JP Kossin et al. 2010; T Woollings et al. 2010; DJ 

Brayshaw et al. 2011), North Atlantic Oscillation (A Czaja & C Frankignoul 1999; MJ Rodwell et al. 

1999; AW Robertson et al. 2000; RT Sutton et al. 2000; A Czaja & C Frankignoul 2002), climate of 

Europe and North America (RT Sutton & DLR Hodson 2005; Y Kushnir et al. 2010; S Feng et al. 2011), 

Pacific climate (R Zhang & TL Delworth 2007; C Sun et al. 2017), El Niño‐Southern Oscillation (DB 

Enfield & DA Mayer 1997; YG Ham et al. 2013) and Asian summer monsoon (R Lu et al. 2006; J Zuo 

et al. 2013). Likewise, changes of Ocean Heat Transport (OHT; JP Grist et al. 2010; M Årthun et al. 

2012), Mixed Layer Depth (MLD; R Seager et al. 2000) and the Atlantic Meridional Overturning 

Circulation (AMOC; S Drijfhout et al. 2012), subtly impact the climate on seasonal to multi-decadal 

timescales. Therefore the predictability of variation of these processes in the North Atlantic Ocean has 

drawn increasing scientific attention recently (MJ Rodwell & CK Folland 2002; M Collins et al. 2006; 
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M Latif et al. 2006; C Franzke & T Woollings 2011; L Zanna et al. 2012; MW Buckley et al. 2019). Also, 

evidences are found that North Atlantic is one of several regions where the climate is potentially 

predictable (RT Sutton & MR Allen 1997; SM Griffies & K Bryan 1997; R Msadek et al. 2010).  

Several mechanisms have been proposed to (at least partially) account for the abovementioned 

predictability of the North Atlantic Ocean. Seasonal prediction of tropical Atlantic are documented to 

remotely obtain seasonal predictability from El Niño (P Chang et al. 2003) in tropical Pacific, which is a 

well-known episodic phenomenon (with a period of approximately 4 years) in the tropical Pacific Ocean. 

It is documented that some intrinsic low-frequency modes of the ocean, such as oscillatory behavior (P 

Cessi, F Paparella 2001; Zanna, Laure 2012; Sévellec, Florian, and Alexey V. Fedorov 2013), are key 

predictability sources on relatively longer time scales. Slow oceanic processes such as ocean advection 

are believed to provide the potential of predictability (SM Griffies & K Bryan 1997). Likewise, the 

predictability of heat content in the North Alantic Ocean on decadal or multi-decal times are intimately 

associated with low-frequency variability of the Atlantic Meridional Overturning Circulation (AMOC; 

X Yan et al. 2018). Another focus is on the non-normal characteristic of the ocean, which leads to optimal 

growth of initial error (E Tziperman et al. 2008; E Hawkins & R Sutton 2009) and hence enables us to 

examine predictability limit. Which mechanism(s) is/are playing the main role depends on the specific 

problem we are dealing with. 

To quantitatively assess the consequent predictability, a number of approaches are progressively put 

forward and applied. One category of methods are based on long control simulations (E Tziperman and 

L Zanna 2008; T DelSole and MK Tippett 2009; E Hawkins and R Sutton 2009), such as Averaged 

Predictable Time (APT; T DelSole and MK Tippett 2009), Linear Optimal Perturbation (LOP; e.g., F 

Sévellec et al. 2017), Singular Value Decomposition (SVD; TN Palmer et al. 1994), Conditional 

Nonlinear Optimal Perturbation (CNOP; M Mu et al. 2003,), etc.. In addition, ensemble simulation 

proves itself to be a more straightforward yet informative approach in climate predictability study (JM 

Murphy 1988; Branković Čedo and T. N. Palmer 1997; DP Rowell 1998; M Collins 2006). One distinct 

advantage of ensemble prediction is that we can obtain both the spread and the probability distribution 

of predicted trajectories, in forms of ensemble spread (i.e., ensemble variance) and Probability Density 

Function (PDF), respectively. Probability forecasts given by ensemble predictions overcome to some 

extent the drawbacks induced by the deterministic control equations of numerical models. On the other 

side, ensemble variance analysis is widely used in climate predictability research. For example, the 
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initial-value predictability is considered to be lost if the ensemble variance is comparable to the 

climatological variance (i.e., the temporal variance of a long control run). Averaging over initialized 

ensemble members of one General Circulation Model (GCM) cancels out the initial error induced internal 

variability of the climate system, hence making temporal evolution of the ensemble mean mostly a result 

of external forcing. This in turn simplifies the quantitative comparison of internal and external variability. 

Multi-model ensemble mean, on the other hand, mitigates potential deficiency of particular model(s) to 

some degree. With these distinct advantages, ensemble method is broadly used in climate predictability 

studies recently (X Yang et al. 2013). Meanwhile, development of numerical computation capacity makes 

it possible to run ensembles with eddy-permitting or even eddy-resolving models (S Masina et al. 2017). 

Therefore in this thesis I choose ensemble approach as the fundamental research tool. In particularly, 

ensemble variance, which indicates forecast uncertainty, is frequently analyzed.    

 

2. Background A: Impact of ensemble size on weather and climate 

prediction skill and assessment of predictability 

 

Varying ensemble size can unsurprisingly influence weather and climate prediction skill on various time 

scales (Č Branković and TN Palmer 1997; R Buizza, TN Palmer 1998; A Kumar et al. 2001). Therefore 

one perpetual question prior to an ensemble forecasting is to estimate how many ensemble members are 

required to provide a trustworthy prediction. Theoretically, if the model is perfect, exhaustive simulations 

of all possible realizations of future weather or climate will provide ‘realistic’ probabilistic distribution 

and uncertainty range, which however is without doubt impossible and unnecessary. Insufficient 

ensemble size might probably lead to biases both in predicted probabilistic forecast and associated 

uncertainty range, while excessive ensemble size, on the contrary, would overly consume unnecessary 

computational resources. On the other hand, improving model spatial resolution is documented another 

way to enhance weather (CF Mass et al. 2002) or climate prediction (HT Hewitt et al. 2017). This is due 

mainly to the fact that models with higher resolution better represent small-scale processes, which are 

missed or parameterized in coarse resolution models. In this way predictions are promoted (MJ Roberts 

et al. 2016). Considering the limited computational sources, there must be a tradeoff between ensemble 

size and model resolution. Therefore to determine a sufficient but not superfluous ensemble size is an 
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unavoidable prerequisite when designing ensemble forecasts of weather or climate.  

Indeed the influence of ensemble size on weather prediction has been studied and discussed for 

decades. JM Murphy (1988) reveals a considerable improvement in amplitude and phase skill of the 

ensemble mean forecast compared with individual forecasts, and the increase of significant predictability 

period for daily fields could be up to 50%. R. Buizza & T. N. Palmer (1998) investigate how ensemble 

size influence the ensemble performance using the European Centre for Medium-Range Weather 

Forecasts ensemble prediction system (EPS). The authors find that larger ensemble size (e.g., 32) leads 

to more reliable control error bound than smaller size does (e.g., 2). They consequently anticipate that 

higher ensemble size would continue to improve ensemble prediction performance. Another interesting 

finding is that, using the L2 norm (for a vector 1 2 3[ , , , , ]T

nx x x x x , its L2 norm is defined as 

2 2 2 2

1 2 3 nx x x x   x ), skill-spread relationship could not be consistently promoted with 

higher ensemble size. It is therefore summarized that the impact of ensemble size (particularly from 8 to 

16 and from 16 to 32 members) on ensemble prediction performance relies strongly on the measure 

utilized to evaluate, which is consistent with a more recent finding (E Hawkins et al. 2016). Another 

perspective was on the trade-off between improvement of model resolution and ensemble size (R. Buizza 

et al., 1998) of ECMWF EPS. It is unsurprising that models with higher resolution has better prediction 

performance due to better representation of small scale processes in the realistic ocean. The authors 

pointed out despite the fact that most experiments indicate a relative advantage of an enhancement in 

model resolution, the best performance could be obtained by combining an increase in ensemble size 

(from 32 to 50 members) and enhancement in model resolution (from T63L19 to T106L31). A later study 

(SL Mullen & R Buizza 2002) adopts probabilistic frequency difference as the measure of prediction 

skill to examine how ensemble size influences prediction skill of 24-h accumulated precipitation. 

Interestingly this study has a slightly different conclusion, that coarser-resolution, larger-member 

ensembles have better ability to predict rare precipitation events than higher-resolution, smaller-member 

ensemble. They argue that probabilistic predictions of precipitation produced by a large ensemble sizes 

at lower resolution provide more value to users and decision makers than that by smaller ensemble sizes 

at higher resolution. Adam J. Clark et al (2011) use a measure named area under the relative operating 

characteristic curve (ROC area) to assess the Probabilistic quantitative precipitation forecasts (PQPFs) 

of a storm-scale ensemble prediction system. They find that more members are needed to reach 
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statistically indistinguishable PQPF skill relative to the full ensemble for shorter lead time increases and 

coarser spatial scales. B Zhou & J Du (2010) emphasize the improvement of probabilistic forecasts 

induced by increasing ensemble size when the size is relatively small. But they also suggest that this 

promotion would decrease with the increase in ensemble size. More recently, M Leutbecher (2019) 

investigates how ensemble size cast its influence on the mean predictions skill (e.g., the continuous 

ranked probability score, the quantile score, and the Dawid–Sebastiani score converge) and what the 

suboptimal ensemble size secondary to infinity should be. The data used in that study is a 200-member 

ensemble experiment produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) 

Integrated Forecasting System (IFS) model at a resolution of 29 km and a forecast range of 15 days. It is 

further recommended in that study, that ensemble sizes of four to eight members are anticipated to be 

best applicable to scientific testing.  

Impact of ensemble size on climate prediction, however, is still in its early stage, due mainly to 

relatively later emergence of ensemble forecasts for climate. In contrast to aforementioned investigations 

of impact on weather prediction skill, F Sienz et al. (2016) take a different approach to examine the 

influence of ensemble size on decadal predictive skill. They formulate a conceptual model to simulate 

the decadal prediction, which are a combination of a nonlinear trend, a periodic oscillation with a 72-

year periodicity and a Gaussian white noise. Their analysis reveals that small ensemble and hindcast 

sample sizes causes biased test performances. They further point out that to evaluate decadal prediction 

skill or as basis for the prediction system development, the ensemble size should not be less than 10. And 

much larger ensemble size is needed for regions with low signal-to-noise ratios. Another simple 

mathematical model is formed in Christopher A. T. Ferro et al. (2012), where the authors suggest that 

higher resolution should probably take priority over larger ensembles at resources of present day. 

However, as pointed out in the paper, whether nor not this conclusion can be applicable to general 

circulation models require more investigations and discussions. More recently, S. G. Yeager et al. (2018) 

use a bootstrapped resampling from a 40-member ensemble to investigate how Anomaly Correlation 

Coefficient (ACC) for boreal summer land precipitation relative to the CRU-TS4.0 dataset depends on 

ensemble size. It is found that a considerable improvement of ACC could be achieved by increasing 

ensemble members. Due to these benefits of increasing ensemble size, there is a growing interest in 

taking larger ensemble in climate predictions (S. G. Yeager et al. 2018). Unlike the commonly used 

approach of gradually increasing ensemble size, N Herger et al. (2018) take a contrary way. They reduce 
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the ensemble size to test whether with fewer members the ensemble could still maintain key ensemble 

characteristics. They show that the final size is dependent on the metrics utilized, which is in agreement 

with the result of R. Buizza & T. N. Palmer (1998) and E Hawkins et al. (2016). Through increasing the 

atmospheric resolution from 0.8 to 0.3°, AA Scaife et al. (2019) evaluate the effect of varying 

atmospheric horizontal resolution on the prediction skill and fidelity of seasonal forecast of El Niño–

Southern Oscillation (ENSO), North Atlantic Oscillation (NAO) and tropical cyclones. They point out 

that it would be a better choice for operational forecasting systems at these resolutions to increase 

ensemble size, due to the fact that larger ensemble size clearly promote extratropical seasonal prediction 

skill 

In addition, in a newly noticed behavior of ensemble prediction, signal-to-noise paradox, ensemble 

size comes into play. The signal-to-noise paradox in climate science is a recently found counterintuitive 

phenomenon in ensemble forecasts (Dunstone N. et al. 2016; AA Scaife & D Smith 2018; CH O'Reilly 

et al. 2019; F Sévellec & SS Drijfhout 2019; W Zhang & B Kirtman 2019). This paradox refers to the 

phenomenon that the correlation between ensemble members is lower than that between ensemble mean 

and observation. This means ensemble forecasts can predict the real world better than forecast itself. A 

typical example is the case of NAO, and it is further pointed out that the signal-to-noise paradox of 

predicted sea level pressure (SLP) is principally in the North Atlantic (AA Scaife & D Smith 2018). The 

improvement in prediction skill of winter NAO of the real world induced by creasing ensemble size is 

larger than that of the model itself (AA Scaife & D Smith 2018). From this perspective, we could consider 

ensemble size is one of the factors that contributes to signal-to-noise paradox in climate prediction.  

Despite these significant work on the effect of varying ensemble size, relatively little attention has 

been paid specifically to the impact of ensemble size on prediction skill and assessment of initial-value 

predictability of North Atlantic Ocean climate on inter-annual to multiyear time scales. Initial-value 

predictability is the degree to which the initial condition can influence forecasts (G Branstator et al. 2012). 

A commonly used metric named potential predictability (GJ Boer 2004), is referring to the predictability 

of internally generate variability of the climate system, i.e., due to orchestrated effect of the nonlinearity 

in the hydrodynamic and thermodynamic components, and linear instabilities. For an initialized ensemble, 

potential predictability can be used as one diagnostic of initial-value predictability. Pragmatically, 

potential predictability can be assessed by analyzing the spread among members (i.e., ensemble variance) 

of an initialized and identically forced ensemble. It is noteworthy that there is a fundamental and broadly 
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adopted assumption of this assessment, i.e., we assume that the model utilized perfectly represents the 

real world (E Hawkins et al. 2011). This is pragmatically impossible, therefore potential predictability 

estimated in this way is indeed the upper limit of realistic initial-value predictability.  

 

3. Background B: Predictability of sea surface temperature and upper 

ocean heat content in the North Atlantic Ocean 

 

3.1 Investigations based on observational data 

 

North Atlantic Ocean, as mentioned above, is one of the few places where the climate is considered 

predictable (R Msadek et al. 2010). Pioneering work includes RT Sutton & MR Allen (1997), where the 

authors perform analyses of shipboard observations, revealing a substantial decadal predictability of 

North Atlantic sea surface temperature. This predictability is considered attributable to the advective 

propagation of SST anomalies as well as a regular period of 12–14 years in the propagating signals. Most 

recently, using gridded ocean observations, MW Buckley et al. (2019) estimate a lower bound on 

predictability time scales for SST and upper ocean heat content in the North Atlantic. In the subpolar 

gyre decorrelation time scales for both wintertime SST and UOHC are longest. Generally the 

decorrelation time scales for wintertime SST is analogous to that of UOHC. Approximately, 51%–73% 

of the regional variations in decorrelation time scales for UOHC could be explained by spatial variations 

in the wintertime climatological mixed layer depth. This percentile drops to only 26%–40% for 

wintertime SST in the extratropical North Atlantic. It is therefore suggested that to leading order, the 

thermal memory of the ocean determines decorrelation time scales for UOHC. 

 

3.2 Investigations based on idealized or simplified models 

 

H Teng et al. (2011) quantify the decadal predictability of the AMOC and associated oceanic and 

atmospheric fields in the Community Climate System Model, version 3 (CCSM3) with a 700-yr control 

run and two 40-member “perfect model” ensemble experiments. They find that the natural variability of 

the AMOC is predictable up to a decade, and the upper 500-m temperature in the North Atlantic is more 
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predictable than the AMOC by a few years. It is pointed out that subsurface and sea surface temperature 

(SST) anomalies propagating anticlockwise along the subpolar gyre is associated with this predictability. 

After three to four forecast years, North Atlantic SST remains predictable. Based on outputs from a 

coupled global climate model (the third climate configuration of the Met Office Unified Model, 

HadCM3), E Hawkins & R S utton (2009) investigate the predictability of three-dimensional Atlantic 

Ocean anomalies on decadal time scale. It is revealed that the evolution of temperature and salinity in 

the Atlantic, and the AMOC, could be properly captured by a white noise-forced linear dynamical system. 

For several decades, this simplified linear model even possesses higher prediction skill than other 

reference forecasts. L Zanna (2012) using Linear inverse modeling (LIM) and observed Atlantic SST 

anomalies between latitudes 20°S and 66°N from 1870 to 2009 to construct a linear stochastic model. 

The assessed prediction skill is O(3–5 yr) and is hugely reduced after that, especially in the subpolar gyre. 

It is further pointed out that forecast kill of annual average SST anomalies is due to four damped 

eigenmodes, which is associated with the optimal growth of SST error, and provides information for 

interannual variability and predictability of Atlantic SSTs. 

 

3.3 Investigations based on ocean-forced or coupled models  

 

Taking another approach, SM Griffies & K Bryan (1997) use a global coupled ocean-atmosphere model, 

showing that the North Atlantic climate could be predictable longer than decades. It is hence suggested 

that predictions of variations of the dominant multidecadal sea surface temperature is possible in the 

North Atlantic once there exists an adequate and sustainable system for monitoring the Atlantic Ocean. 

Meanwhile, SM Griffies & K Bryan (1997) use the GFDL coupled ocean-atmosphere climate model to 

quantify the predictability of North Atlantic climate on multi-decadal time scales. Their results reveal 

three physical mechanisms, namely oceanic deep convection in the subpolar region, large-scale dynamics 

of the thermohaline circulation and periodic anomalous fresh water transport advecting southward from 

the polar regions in the East Greenland Current, on which the North Atlantic predictability depends. 

Predictability seems to get lost fastest in regions characterized by strong convection in the northern North 

Atlantic. R Msadek et al. (2010) examines decadal predictability of AMOCA and its signatures, i.e., sea 

surface height, subsurface temperature, and upper ocean heat content anomalies, in the GFDL CM2.1 

climate model. It is revealed that the AMOC could be predictable up to 20 years, and the predictability 
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of these signatures is analogous to that of the AMOC. LF Borchert et al. (2018) highlight the strong 

dependence of the interannual-to-decadal predictability of North Atlantic SSTs on the strength of 

subpolar ocean heat transport at the beginning of a forecasting. Specifically, they analyze three-member 

ensemble of initialized simulations (1901-2010) in the MPI-ESM-LR, unravelling the influences of 

Atlantic northward ocean heat transport (OHT) at 50°N on sea surface temperature variability in the 

North Atlantic region for several years. Warm SST anomalies in the North Atlantic and cold SST 

anomalies in the Gulf Stream region emerge three to ten years after strong ocean heat transport phases at 

50°N. Interannual-to-decadal SST predictability of annually initialized hindcasts is linked to this SST 

pattern which originates from persistent upper-ocean heat content anomalies as a consequence of 

southward-propagating OHT anomalies in the North Atlantic. G Branstator & H Teng (2014) quantify 

and compare the predictability of Atlantic meridional overturning circulation (AMOC) and that of the 

upper-500-m heat content in the North Atlantic using control simulations in nine different climate models. 

The time range at which initialization cast a positive impact on the annual-mean AMOC prediction is 

about a decade, though this range varies substantially among models. Results show that for the averaged 

fields, AMOC possesses higher predictability than heat content. It is suggested that the AMOC could 

probably cast a positive impact on the predictability of ocean heat content. F Sévellec & AV Fedorov 

(2017) examine the excitation of decadal variability and predictability of the North Atlantic Oceanic 

climate state in a realistic ocean general circulation model using initial linear optimal perturbations 

(LOPs) method. The instantaneous and annual-mean values of meridional volume and heat transports are 

shown to be less predictable than surface-averaged sea surface temperature and volume-averaged ocean 

heat content. On interannual time scales the initial ocean temperature errors could result in prediction 

errors of ~0.1-K of North Atlantic sea surface temperature. G Branstator & H Teng (2010) quantify the 

initial-value decadal predictability of upper-300-m ocean temperature in the Community Climate System 

Model, version 3 (CCSM3), with a few 40-member climate change scenario simulations. It is found that 

the impact of initial states sustains no longer than a decade, and the ensemble mean signals contribute 

more to initial-value predictability rather than the distribution about the mean does. Using hindcast 

ensemble experiments, B Tiedje et al. (2012) quantify the interannual potential predictability of the 

meridional heat transport (MHT) in the North Atlantic Ocean. The prognostic potential predictability 

(PPP) of the MHT and the AMOC varies with latitude. The gyre component of the MHT influences the 

PPP structure of the MHT in the subpolar region, on contrast the overturning component of the MHT 
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shapes the PPP structure of the MHT in the subtropical gyre. MW Buckley et al. (2014) quantify the 

upper-ocean heat budget (1992–2010) in the North Atlantic on monthly to interannual time scales using 

the Estimating the Circulation and Climate of the Ocean (ECCO) project product. The maximum 

climatological mixed layer depth (H) are determined differently in different regions: in the interior of 

subtropical gyre, H could be largely explained by local forcing on all time scales; low-frequency H 

anomalies along the Gulf Stream are forced by geostrophic convergences and damped by air–sea heat 

fluxes; it is the diffusion and bolus transports that contributes the most to H variability. G Branstator et 

al. (2012) examine the initial-value predictability (i.e., the problem of to what degree the initial state 

impact forecasts) of North Pacific and North Atlantic in six atmosphere–ocean general circulation models. 

In both basins, the impact of the initial conditions could last for approximately a decade. The 

predictability limit and high predictability locations vary substantially among models. Predictability is 

found to be determined principally by the mean of prediction distributions rather than the spread about 

the mean, which is consistent with earlier study (G Branstator & H TengWhen 2010). The horizontal 

propagation is also highlighted in playing a sbustantial role in the evolution of these signals, therefore 

make itself a key factor in tell the difference of the predictability in various models. L Trenary & T 

DelSole (2016) examine the links between the predicted Atlantic multidecadal oscillation (AMO) and 

AMOC across various climate models. It is found that across all climate models, there exist three 

overturning patterns substantially coupled to the AMO on interannual time scales. The AMO 

predictability could be prolonged by 2–9 years if these structures is included in an autoregressive model 

extends, relative to when there is no such structures. L Zanna et al. (2012) quantify the predictability 

using singular vectors of the meridional overturning circulation (MOC) and upper‐ocean temperatures 

in an idealized ocean general circulation model (GCM). The time after which the MOC and upper‐

ocean temperature anomalies experience maximum growth are 18.5 and 13 years, respectively. In this 

study, it is suggested that this growth could be partly explained by the westward propagation of upper‐

ocean anomalies riding on the mean flow. The ocean dynamics is revealed to be working on the 

substantial growth of the anomalies via non-orthogonal eigenmodes in the non-normal system. It is also 

found that there is only weak correlation between optimal MOC and upper‐ocean temperature, which 

challenges the use of SST observations to monitor MOC variability. This results highlight the difference 

between the predictability of the MOC and upper-ocean heat content. 
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4. Background C: Variability and initial-value predictability of 

subsurface temperature in the North Atlantic Ocean on varying 

time scales  

 

The Atlantic meridional overturning circulation (AMOC) plays a pivotal role in the transport of the 

heat and water masses in the Atlantic Ocean. Furthermore, the AMOC, via air-sea interaction (e.g., 

exchanges of heat, freshwater and momentum fluxes), profoundly impacts the atmosphere 

circulation over it, and consequently modulating the climate both locally and remotely (S Mahajan 

et al. 2013; LC Jackson et al. 2015; Rong Zhang et al. 2019; W Liu et al. 2020). A number of 

previous studies reveal that, subsurface temperature not only is a fingerprint of AMOC, but also can 

be utilized to skillfully reconstruct the AMOC variation (J Mignot et al. 2007; Rong Zhang 2008; R 

Msadek et al. 2010; Mahajan et al 2011). J Mignot et al. (2007) investigate the response of Atlantic 

subsurface temperature to a collapse and recovery of the AMOC using an intermediate-complexity 

climate model CLIMBER-3α. Within the first decade after the freshwater perturbation, subsurface 

temperature would either be cooled or warmed, depending on whether intermediate ventilation 

remains active. Furthermore, as long as the anomalous freshwater forcing is removed, the sign of 

subsurface temperature anomaly could be a good implication for the recovery of the AMOC. For 

example, on centennial time scales, the AMOC recovery from the cold case is much quicker. R 

Zhang (2008) analyze both altimeter data and instrumental subsurface ocean temperature data in the 

North Atlantic, showing that in both data there exists opposite signs between the subpolar region 

and the Gulf Stream path. This dipole pattern is also detected in a 1000‐year coupled ocean‐

atmosphere model run, and is deemed a fingerprint of AMOC variability. The result highlight the 

ongoing subsurface temperature measurements, for it could be used for monitoring future AMOC 

variations. Later on, motivated by these associations of AMOC and its fingerprints (SSH, SST and 

Tsub), S Mahajan et al. (2011) develop a skillful linear statistical forecast model of observed 

fingerprints of AMOC. R Msadek et al. (2010) analyze output of the GFDL CM2.1 climate model 

to examine the potential predictability of the AMOC. It is found that potential predictability of 

modeled surface and subsurface signatures of AMOC variations, such as sea surface height, 
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subsurface temperature, and upper ocean heat content anomalies, is analogous to that of the AMOC. 

This result highlights a new promising approach for assessing the predictability of AMOC variations, 

considering that observational records for these variables are longer than for the AMOC. 

EC Brady and BL Otto-Bliesner (2011) found that subsurface temperature in the subpolar region 

increases when they artificially add freshwater to the high latitude North Atlantic and slightly drops 

when freshwater is imposed to the Gulf of Mexico. In contrast, the subsurface temperature in the 

Southern Hemisphere rises in all cases.  

 

 

Figure 1 Modeled and observed anomalies. (a) Modeled SSH PC1 (blue), Tsub PC1 (red), 

AMOC index (black), and AMO Index (green) from GFDL CM2.1 1000‐year control 

integration (normalized). The standard deviation (SD) of modeled AMOC index is 1.8Sv. The 

SD of modeled AMO index is 0.16K. (b) Same as Figure 1a, but enlarged for the first 200 years. 

(c) Observed Tsub PC1 (red) and AMO Index (green) for 1955–2003, and observed SSH PC1 

(blue) for 1993–2006 (normalized), all anomalies are relative to the climatology mean of 

1993–2003. The long‐term trend of the instrumental subsurface data is removed. The SD of 

observed AMO index is 0.18K. Positive anomalies in Figures 1a– 1c correspond to a 

weakening in the subpolar gyre and a strengthening in the NRG. (d) Regression of Tsub 

anomalies (K) on the AMOC Index from GFDL CM2.1 1000‐year control integration. The 

regression corresponds to 1 SD of the AMOC Index (1.8Sv). (e) Schematic diagram of the 

dipole pattern induced by the strengthening of the AMOC. From R Zhang 2008.  
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In addition, evidences are found that multiyear subsurface temperature variability in the North 

Atlantic Ocean (NAO) is associated with the change of the North Atlantic Oscillation (NAO), 

revealing the a moderate impact of surface wind on subsurface thermal field (RL Molinari et al. 

1997). The North Atlantic Oscillation (NAO) represents a redistribution of atmosphere between the 

Arctic and the subtropical Atlantic. The NAO index is defined as the Sea-Level Pressure (SLP) 

difference between the Subtropical (Azores) High and the Subpolar Low (JW Hurrell et al. 2003). 

Likewise, a subtle subsurface-surface relationship exists on decadal time scales. It is found that 

decadal variations of North Atlantic subsurface temperature depends on surface forcing and upper-

ocean mixing rather than gyre circulation (RW Houghton 1996).  

Influences of North Atlantic subsurface temperature on basin scale variability extends to multi-

decadal time scale. Rong Zhang (2008) conduct a combined analysis of instrumental records and 

GFDL CM2.1 1000‐year control simulation, showing that AMO Index has significant correlations 

with Tsub PC1 for the period 1955–2003 in both modeling results and observations. More 

interesting, it is revealed that the AMO Index is in phase with Tsub variations in subpolar region 

and anti‐phase with Tsub variations close to the Gulf Stream path (Figure 1). Later on, an analysis 

of a 500-year simulation of version 2.1 of the Geophysical Fluid Dynamics Laboratory’s Coupled 

Model (CM2.1) discovers that, the 20–30-yr variability in the North Atlantic is predominantly 

characterized by the westward propagation of subsurface temperature anomalies (LM Frankcombe 

et al. 2010). Furthermore, using an ocean general circulation model called Océan Parallélisé (OPA), 

Sévellec et al. (2013) reveal a damped mode of the AMOC, which is dominated by the westward 

propagating upper ocean temperature (upper 300m) anomaly and compensated by the salinity. 

Interestingly, there is also a connection between North Atlantic subsurface temperature and well-

known Atlantic Mutli-decadal Oscillation (AMO, also known as Atlantic Multi-decadal Variability, 

AMV). AMO has huge impacts on regional climate, defined as the linear detrended mean sea surface 

temperature in 0-60°N North Atlantic Ocean. Observational evidence of links between subsurface 

thermohaline structure and AMO are also found, though the duration and space coverage are limited 

(Polyakov et al. 2005, 2010).  
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Figure 2 (a) Normalized ensemble variance of the AMOC averaged over the 60 experiments 

(red line) and for the 10‐member ensembles (grey lines), along with the red noise null 

hypothesis (dashed black line). (b) Predictability of AMOC fingerprints initialized around 

year 1101: the North Atlantic PC1 of the 400 m subsurface temperature Tsub (magenta circle), 

the upper 700 m OHC (green triangle), and the SSH (blue square). Plain lines are the control 

run values, dashed lines are the ensemble mean. (c) PPP of the AMOC index (black) and its 

fingerprints. The color scheme is as in Figure 1b. The dashed horizontal line indicates the 95% 

significance level. From R Msadek et al. (2010) 

 

  The variability of North Atlantic subsurface temperature has been investigated using both 

numerical models and valuable yet scarce observational data. Back in 1996 RW Houghton using 

instrumental data examine the subsurface quasi-decadal fluctuations in the North Atlantic. It is 

revealed that the quasi-decadal fluctuation seems more likely to be forced by surface heat and wind 

variations. Furthermore, it is pointed out that the cold phase of North Atlantic quasi-decadal 

fluctuations in the western sub-polar gyre is consistent with weaker mixing while in the subtropical 
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region it corresponds to larger vertical mixing and heat flux. Later on, RL Molinari et al. (1997) 

analyze subsurface temperature data obtained during 1966 and 1995 in the western North Atlantic 

Ocean, providing an evidence for decadal variability in the upper 400 m. Periods of positive 

subsurface temperature anomaly correspond to periods of positive NAO index; periods of negative 

subsurface temperature anomaly, on the contrast, are consistent with periods of negative NAO index. 

This finding extends previously found links between the NAO and western Atlantic SST on decadal 

timescales down to 400 m. More recently, A Ruiz-Barradas et al. (2018) reveal that the North 

Atlantic subsurface has a warming trend from mid-1980s to the mid-2000s while possesses a cooling 

trend since the mid-2000s. It is further pointed out that the spatial pattern of decadal trends of North 

Atlantic upper-ocean heat content (5–657 m) before and after 2006 indicates a link with variability 

of the Gulf Stream–Subpolar Gyre system. Specifically, the variability of the Gulf Stream leads that 

of upper-ocean heat content within the Subpolar gyre by approximate 13 years. Though we are 

aware of these rich variations as well as climatic significance of surface temperature variations, we 

are still short of long-term global observations of subsurface temperature. Some mapping methods 

are proposed to reconstruct global or basin-wide subsurface temperature (or ocean heat content) 

filed. In order to make a complete map of the ocean subsurface temperature (0-700m) of 1940 to 

2014, L Cheng & J Zhu (2016) apply a approach named ensemble optimal interpolation with a 

dynamic ensemble (EnOI-DE) to the outputs from multimodel ensemble of phase 5 of the Coupled 

Model Intercomparison Project (CMIP5) historical and representative concentration pathway 4.5 

simulations. This advanced mapping strategy provides an improved estimation of the long-term 

historical ocean heat content variations since 1940, which is of great significance to the evaluation 

of Earth’s energy budget. X Wu et al. (2012) use a self-organizing map (SOM) neural network 

trained with Argo gridded datasets (including anomalies of SST, SSS, SSH) to estimate the North 

Atlantic subsurface temperature anomaly (STA). IT shown that correlation coefficient between the 

estimation and in situ data for the temperature of upper 700 m is over 0.8 along the Gulf Stream 

path.  

Given the variability of North Atlantic subsurface temperature on various time scales, as well as 

its broad climatic impacts, it would be interesting to explore its predictability. H Teng et al. (2011) 

use two 40-member ensemble and a 700-yr control run to analyze the predictability of AMOC and 

associated 500-m temperature in the North Atlantic Ocean. They find that natural variability of the 
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AMOC is predictable for longer than a decade. This predictability is related to anticlockwise 

propagating subsurface and SST anomalies along the subpolar gyre, which dominate 10 years after 

the AMOC anomalies peaks. Likewise, R. Msadek et al. (2010) show that the potential predictability 

of subsurface temperature and upper-ocean heat content anomalies modeled by GFDL CM2.1 

climate model bears a resemblance to that of the AMOC (Figure 2). The case in the North Pacific 

Ocean, however, is different. H Teng & G Branstator (2011) perform an analysis to three 40-member 

ensemble experiments and a 700-year control run to examine the initial value predictability in the 

North Pacific produced by Community Climate System Model version 3 (CCSM3). They reveal 

that an eastward propagating mode is generated by the combination of the first two empirical 

orthogonal functions (EOFs) of subsurface temperature variability. They point out that the 

predictability of EOF1 is less than 6 years. Despite these significant work, little is known about the 

initial-value predictability of subsurface temperature in the North Atlantic Ocean on multiyear time 

scale. This motivates our investigation in this thesis.    

 

5. Structure of this thesis 

 

Briefly speaking, the objectives of this thesis are: to assess the impact of ensemble size on the 

evaluation of initial value predictability of slow, internal oceanic variations (chapter 2); to illustrate 

the evolution process of subsurface temperature uncertainty arising from initial perturbations and to 

unravel sources and sinks in the development of these uncertainties (chapter 3). 

There are 3 chapters following this chapter in this thesis. They are organized as follows: 

 

Chapter 2: Impact of ensemble size on prediction skill and the assessment of initial-value 

predictability of the North Atlantic Oceanic climate: perspectives from a conceptual model and two 

GCMs. Ensemble size among many other factors is a key considered issues in present climate 

prediction. By gradually enlarging the ensemble size of a conceptual SST model, we have a flavor 

of the impact of ensemble size: larger ensemble size will ‘lead’ the ensemble mean to the theoretical 

resolution, and the uncertainty is reduced in this process. We further perform an analysis to the 

output of a 40-member ensemble from a low-resolution climate model and the output of an 11-
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member ensemble from an eddy-permitting model. A diagnostic, Prognostic Potential Predictability 

(PPP), is used to reveal prediction uncertainty and probability distribution, respectively. Results 

from the three models coherently indicate that larger ensemble size will lead the mean PDF to ‘an 

asymptotic value’, and can reduce the PPP uncertainties among different sub-ensembles (i.e., 

uncertainty in different realizations of sub-ensembles with a same ensemble size).  

 

Chapter 3: Understanding the growth of subsurface temperature prediction uncertainty originating 

from initial perturbations in the North Atlantic Ocean: the effects of mean state and meso-scale 

eddies. In this chapter the spatial evolution of prediction uncertainty of subsurface temperature, in 

the form of a decreasing Prognostic Potential Predictability (PPP), is revealed and discussed. The 

evolution is characterized by a clockwise propagation in the subtropical North Atlantic and an 

opposite propagation in the sub-polar gyre. On the other hand, downward propagation of 

temperature ensemble variance, which indicates prediction uncertainty, mainly takes place in the 

North Atlantic subpolar gyre (Labrador Sea and Irminger Sea). Furthermore, this uncertainty 

develops downward principally along continental shelves (e.g., Greenland shelf), which is in 

accordance with the strong subduction in these regions. In addition, to explore the influence of 

model spatial resolution on the robustness of abovementioned findings, we analyze the output of an 

intermediate-resolution, eddy-permitting model, NEMO in ORCA25 grid configuration. Each term 

plays a qualitatively same role as in the coarse resolution ensemble.  

 

Chapter 4: Conclusions and discussions. A summary of the thesis is made in this chapter. Some 

caveats of the study are discussed. In addition, I outline possible future work beyond this thesis.  
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Chapter 2 Impact of ensemble size on prediction skill and the 

assessment of initial-value predictability of the North Atlantic 

Oceanic climate: perspectives from a conceptual model and two 

GCMs 

 

Key points: 

• The impact of ensemble size on prediction skill and the assessment of initial-value predictability 

of both conceptual and realistic models is investigated, representing predictability problems under 

varying external forcing and arising from internal nonlinear dynamics as a result of initial 

perturbation, respectively. 

• Increasing ensemble size reduces uncertainty of main prediction properties, such as Residual Mean 

Standard Deviation (RMSD) leads to a closer distance to theoretical result from a conceptual SST 

model. 

• Similar inverse correlathion exists between the pair of ensemble size and prognostic potential 

predictability, and the pair of ensemble size and PPP uncertainty. Prognostic potential predictability 

doesn’t change significantly the contribution of individual ensemble member significantly drops as 

ensemble size is over 15-20 for IPSL-CM5A-LR, yet this critical size is around 7 for the eddy-

permitting ocean model.  

• Increase of ensemble size leads to a better resemblance of PDF of the ensemble and that of the 

climatology.  

 

Abstract: In this chapter I investigate how varying ensemble sizes influence prediction skill and 

assessment of potential predictability of North Atlantic climate. Ensemble methods is a widely used 

approach to make climate predictions, whereas the impact of ensemble size on prediction skill and 

assessment of climate predictability remains an open question. Here we use several diagnostics to 

measure the effect of different ensemble sizes. Analyses of a white-noise driven, conceptual sea 

surface temperature (SST) model indicate that growth of ensemble size leads ensemble means to 

approaching to theoretical resolution and a reduction of uncertainty among ensemble means. The 
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results from an initially perturbed, low-resolution general circulation model (GCM) IPSL-CM5A-

LR show that by increasing the ensemble size the prognostic potential predictability of Atlantic 

meridional overturning circulation (AMOC), sea surface temperature (SST) and subsurface 

temperature (Tsub) smoothly declines, however the descending rate slows down substantially as the 

ensemble number is larger than a particular value. On the other hand, the uncertainty of the ensemble 

means of different ensembles with the same ensemble size reduces as the ensemble size grows, 

though there is no guarantee that larger ensemble size leads to more accurate prediction. In addition, 

the probability density function evolves closer to the climatology with the growth of ensemble size. 

Analysis of output from an eddy-permitting model show similar results, differing only in ‘critical 

size’. Both types of models reveals that the individual contribution of ensemble member drops 

substantially when ensemble size is sufficiently large. The findings imply that the extra increase of 

ensemble members should be dealt cautiously in the design of future climate prediction system for 

North Atlantic sector if the size is larger than 15~20 for low resolution coupled models, or larger 

than ~7 for eddy-permitting ocean models, efforts in alternative directions, such as improving model 

resolution, might be an option more worth considering. 

 

1. Introduction 

 

Climate prediction using numerical models inevitably includes uncertainties, due principally to 

errors in initial states (RA Pielke Sr 1998), boundary conditions and physical representations of the 

numerical model (Weaver, Andrew J., and E. S. Sarachik. 1991; M Collins 2002; Collins, Matthew, 

and Myles R. Allen. 2002). Among these factors the initial state errors, and the consequences of 

which, have attracted increasing interest. Forecasting trajectories starting from slightly different 

initial states diverge to a certain degree. To investigate the possibilities of the forecast results, 

ensemble experiments are usually performed as a powerful approach. In the phase space, these 

trajectories of forecasts originate from close phase points, projecting to a much broader range later 

on (K Fraedrich 1987; C Nicolis 1990; L Gerrit & J Schneider 1999). In the field of decadal climate 

prediction, how to determine ensemble size among many others remains one key challenges (Florian 

Sévellec and Bablu Sinha 2018). However, the choice of ensemble size does impact the properties 
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of the ensemble forecast, e.g., ensemble mean, ensemble members etc. (F Sienz et al. 2016; H Nadja 

et al. 2018; Martin Leutbecher 2018). A larger ensemble size is often competing with a higher model 

resolution, given the fact that both are beneficial to prediction performance while computation 

consuming. Ferro et al. (2012) proposed a theoretical approach, and demonstrated that within this 

simple framework optimal resolution smoothly decreases as the ensemble size increases. Though in 

this study the only measurement of forecasting performance used is root mean squared error, this 

study is informative for the problem of ensemble size with different initial conditions.  

A key assumption of underlying our ensemble experiments is the ‘perfect model framework’, i.e., 

we assume the model perfectly represents the realistic climate system (R De Elia et al. 2002). In an 

initialized ensemble, the forcing for all ensemble members is identical, the only source of ensemble 

variance comes from initial difference; i.e., potential predictability is indeed a measure of the 

predictability of internal variability.   

In this study, we narrow our focus on the impact of ensemble size on prediction skill and 

assessment of multiyear initial-value climate predictability of the North Atlantic Ocean state, which 

to the authors’ knowledge has not been broadly studied to date. Evidences are found that the Atlantic 

meridional overturning circulation impacts the climate of surrounding landmasses (Carton, James 

A., et al. 2014; Buckley, Martha W., and John Marshall. 2016; Yan et al. 2017; Weijer, Wilbert, et 

al. 2019), or even of remote basins (Timmermann, Axel, et al. 2007; Liping Zhang et al. 2017; 

Williamson, Mark S., et al. 2018), on various time scales. Sea surface temperature is documented 

to have an intimate connection to AMOC (Wei Cheng et al. 2013; Frankignoul Claude et al. 2013; 

Muir, L. C., and A. V. Fedorov. 2015). The subsurface temperature, on the other hand, are found to 

be a key finger print of AMOC (J Mignot et al. 2007; Rong Zhang 2007; Rong Zhang 2008; AP 

Parker et al. 2015). For these reasons, we analyze impact of ensemble size on prediction skill and 

the assessment of initial-value predictability of AMOC, SST and Tsub in this study.  

The scientific questions we are answering in this study are: 

(1) Whether or not can ensemble size change prediction skill and assessment of initial-value 

predictability (see methods) of SST, Tsub, and AMOC, respectively? If so, how?  

(2) What will the consistency and discrepancy be like among the impacts of ensemble size on 

prediction skill and assessment of initial-value predictability of SST, Tsub, and AMOC? 

This chapter is organized as follows: In section 2, I describe a conceptual SST model, a low-
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resolution coupled model, and an eddy-permitting ocean model. Analysis of the results is given in 

section 3. Finally I draw the conclusions and have a brief discussion of the caveats of this study and 

what remains to be done in the future in section 4. 

 

2. Models and data 

 

In this chapter we employ a simplified conceptual SST model as well as two fully coupled GCMs 

with different resolutions in this study. The reason of this mixed use of models is that hopefully in 

theoretical model we will have a flavor of what kind of ensemble size-predictability assessment 

relationship exists in the climate system, and an examination of this relevance in two GCMs may 

testify the robustness.  

 

2.1 A theoretical model of sea surface temperature 

 

The first model we use is a conceptual SST anomaly model in which the atmosphere temperature 

anomaly is taken as a zero-mean white noise and the SST anomaly is a response to SAT anomaly. 

This is an adapted version of Hasselmann 1976 model, where low-frequency SST variation at mid-

latitude is deemed a red-noise-like response to with-noise-like atmospheric forcing (K Hasselmann 

1976). Here I take the same parameters as in Florian Sévellec & Bablu Sinha (2018). The model 

reads:  

 

 t
t t

d SST
SAT SST /

dt
                          (1) 

 

Where SST refers to sea surface temperature anomaly at time step t, SAT the atmospheric 

temperature anomaly at time step t,  the oceanic adjustment time (here  is 10 years, same as in 

Florian Sévellec & Bablu Sinha, 2018). The SAT is assumed to be a zero-mean white noise with a 

variance per time of 0.5 K2 yr-1. This model simulates the one-way process between the SST and 

SAT (SAT forces SST), consequently representing a dynamical system forced by external white 

noise.  
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First of all, we solve the equation numerically by the SAT white noise SAT. For each fixed 

ensemble size, theoretically we can have infinite resolution of SST as long as we use various SAT. 

To make the computation feasible as well as statistical properties stable, we run the model N times, 

and then analyse the consequent N ensemble mean. Particularly, we are interested in the root mean 

square between the N ensemble means and the mean of the N ensemble. The root mean square 

difference over the 10,000-year simulation between the theoretical solution of the ensemble standard 

deviation evolution and the one computed N ensembles reflect the prediction skill. The ensemble 

size N is growing from 5 to 500, with an equal interval of 5.  

It is not surprising that the spread of different ensemble means, as shown in the upper panel of 

Figure 1, drops substantially as ensemble size is changed from 5 (gray lines) to 100 (cyan lines). 

The change of spreads between the situation of N=100 and N=500 (red lines), however, is not as 

obvious. This can be confirmed from the lower panel, where the Root Mean Square Deviation 

(RMSD) drops substantially as N<=100, while reduces insignificantly as N>=100. Specifically, the 

RMSD drop between RMSD for N=5 and RMSD for N=100 is 0.00156, much larger than that 

between RMSD for N=100 and RMSD for N=500, being 0.00025. This indicates the individual 

contribution to the reduction of RMSD is decreasing dramatically when ensemble size is larger than 

100.  

The middle panel displays that mean of ensemble means oscillates around zero, meanwhile the 

amplitude of this oscillation is generally reduced as the ensemble size grows (the reduction is  
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Figure 1. Sea surface temperature (SST) anomaly from adapted Hasselmann 1976 model (a). 

Gray lines represent ensemble means in repeated realizations with an ensemble size of 5; cyan 

lines are ensemble means in repeated realizations with an ensemble size of 100; red lines stand 

for ensemble means in repeated realizations with an ensemble size of 500. For each ensemble 

size, we ran the ensemble experiment for 100 times, consequently having 100 ensemble means 

(see details in the context). Probability density function of simulations with different ensemble 

size (b). Mean of the 100 ensemble means as a function of ensemble size (c). Root mean square 

deviations (RMSDs) of the 100 ensemble means for various ensemble size (d). Note that the 

results in (b), (c) and (d) are calculated using the end year of the simulation, i.e. the data of 

year 10000. This model represents a situation where the ocean is forced by the atmosphere, 

i.e., a system driven by external forcing. The results, as a consequence, display the impact of 

ensemble size on the prediction property of an externally-forced system. In (b)(c)(d) the data 

of year 10000 is used. Unit of SST anomaly: K. Unit of SST anomaly frequency: year. Unit of 

ensemble mean SST anomaly: K. 

 

smaller when size is larger than 100, though). Thus it reveals another aspect of the impacts of 

ensemble size on one measure of prediction skill, namely the approaching of mean of ensemble 

means to theoretical resolution. (Obviously, in this model, the expectation of SST is zero because 

of the zero-mean property of the external forcing. See appendix B for more details.).  

  This model represents a system forced only by external field, i.e., there’s no other internal 

dynamics in addition to the persistence of SST. To examine the robustness of findings drawn from 

this model, we perform an analysis to outputs of a low-resolution climate model and a forced-ocean 

eddy-resolving model. 

 

2.2 A low-resolution fully coupled GCM: IPSL-CM5A-LR 

 

The first GCM used in this study is IPSL-CM5A-LR fully coupled climate model. As the low 

resolution version of the IPSL-CM5A Earth system model, its atmospheric component is LMD5A 

and has a horizontal resolution of 1.875°x3.75°, and 39 vertical levels for the atmosphere component 

LMD5A. The ocean component, namely NEMOv3.2, has a nominal horizontal resolution of 2° (the 

resolution is finer near-equator region), and 31 vertical levels for the ocean (this corresponds to the 

ORCA2 configuration). In addition, a sea ice model LIM2 and a biogeochemistry model PISCES 

are also components of the ocean model as well. The coupler between LMD5A and NEMOv3.2 is 

OASIS3 (Dufresne, J-L., et al. 2013, readers are also referred to visit http://icmc.ipsl.fr/). The IPSL-
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CM5A-LR has been widely used for studies of climate predictability in terms of initial condition 

uncertainties, model performance assessment and variability of the Atlantic Ocean etc. (Mignot et 

al. 2013; P Ortega et al. 2015; Germe et al. 2017).  

In our ensemble experiments, there are 40 members, each with a duration of 20 years spanning 

from 1st January 2056 to 31st December 2075 (the year only refers to date along the control 

simulation). In addition, a 1000-year control run is utilized as well. The 1000-year control 

simulation is produced in this way: the model adopts pre-industrial boundary conditions of 

greenhouses gases and aerosols concentrations after spin-up (Dufresne et al. 2012), and is then 

integrated for more than 1000 years. These 1000 years are from model year 1800 to model yeare 

2799. The ensemble experiments are generated by imposing 40 perturbations to the model initial 

condition, which is subsequently run for 20 year (from 1st January 2056 to 31st December 2075) to 

get the entire 40 ensemble members (see Table 1 for details of the ensemble design, see Figure 2 for 

the schematic of the piControl run and the ensemble experiments). Note that 4 different methods 

have been used to generate 4 types of initial perturbation, therefore we have 4 10-member sub-

ensembles which are differently initialized. Despite the difference in perturbation types, Germe et 

al. (2017) demonstrated that no significant difference of ensemble statistics, such as ensemble mean 

and ensemble spread of SST and AMOC, arises from the 4 different options of perturbations. 

Therefore we consider the 40 ensemble as an entire set in our study.  

Readers should also keep in mind the fundamental assumption of our analysis with IPSL-CM5A-

LR, is that the 40 member capture all possible solutions of the model. This assumption is surely 

questionable, however it is justifiable to adopt it for this purpose: to examine the semi-quantitative 

impact of varying ensemble size on the assessment of initial-value predictability.   

 

Table 2.1 Scheme of the four sub-ensembles (Adapted from Germe et al. 2017) 

Sub-ensemble 

name 

Initial  

perturbation 

Ensemble 

size 

Initial  

state 

Time 

span 

ATM Coupler SST 10 1st January 2056 20 yr 

3D 3D oceanic temperature 10 1st January 2056 20 yr 

3D10 3D oceanic temperature with tenfold magnitude 10 1st January 2056 20 yr 
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DEEP Deep 3D oceanic temperature (below 2000 m) 10 1st January 2056 20 yr 

 

 

Figure 2. Schematic of the ensemble experiment design. Blue and colored curves represent 

‘ocean states’ (the stream function indices, defined as the maximum zonally averaged stream 

functions between 50-700 m). Upper panel is a general view of the control run and the 40-

member ensemble. Lower panel is the zoom-in of the 40-member ensemble. A statistically 

stable 1000-year control run is viewed as a basic state. We choose a year of the 1000 years as 

the initial basic state of the 40-member ensemble experiments. Forty slightly different 

perturbations (see Table 1 for the details of the perturbations) are imposed on the identical 

initial basic state, and the model is then time integrated for 20 years. As a consequence, the 

ocean states gradually spread from nearly identical to a widely different 20 years later. In this 

chapter we choose the control run as our reference, and explore the impact of ensemble size 

on the statistical properties of the ensemble simulations. Unit: Sv. 

 

As mentioned above, because of their profound influence on regional and global climate, we 

analyze the statistical properties of Sea Surface Temperature (SST), subsurface Temperature (Tsub) 

in the North Atlantic Ocean and the Atlantic Meridional Overturning Circulation (AMOC). Here 

the subsurface depth is referring to the depth of 400 m (same to the definition in several other studies, 

e.g., Rong Zhang 2007, Rong Zhang 2008) and the AMOC is defined as the maximum zonally 

averaged overturning stream function within 50-70°N and 500-3000 m, similar to that in D 

Swingedouw et al. (2013). The regionally averaged SST and Tsub is chosen to be consistent with 

the AMO (Atlantic Multi-decadal Variability) region (0-60°N in the North Atlantic Ocean). The 

statistics we are interested in are prognostic potential predictability (PPP), which measures the 

spread of predicted results, and probability density function, which reveals the distribution of the 
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predicted trajectories and is discussed in more details above.  

 

2.3 An eddy-permitting (a quarter degree) ocean model 

 

To investigate whether the impact of ensemble size is dependent on model resolution, an eddy-

permitting ocean model in a forced configuration is used as well. This dataset is the output of an 11-

member ensemble produced by NEMO v3.4 (Nucleus for European Modelling of the Ocean, version 

3.4). The details of the ocean model configuration are as follows: Implemented on the tripolar 

ORCA25 horizontal grid (Madec and Imbard 1996), the ocean model NEMO has a nominal 

horizontal resolution of 1/4°and 75 vertical levels. The layer thickness varies from 1 m at the surface 

to 204 m near the ocean bottom.  

  There are 11 members in the ensemble, of which each is integrated from slightly different initial 

states. We have a relatively small ensemble size because of computational cost, yet analysis below 

will show that an evident asymptotic behavior has emerged even with such a small size (at least for 

the measures and timescales considered here). The integration period is correspond to a hindcast 

from 8th January 2001 to 15th June 2005. Since no long control run is available, the traditional 

definition of PPP (see section 3 for details) is not applicable to this data. To overcome this problem 

we use an arbitrary member as climatology, in this way the PPP can be calculated (using different 

as climatology hardly changes our results, not shown).  

 

3. Methods, results and analyses 

 

3.1 Methods 

 

As mentioned above, the diagnostic we use to measure the initial-value predictability is prognostic 

potential predictability (PPP, P Holger et al. 2004), which is defined as: 

 

2

2
1 ensPPP





                                    (2) 
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Where 2

ens  is the variance between ensemble members, 2
 the time variance of control 

simulation. PPP measures the spread of the ensemble, that is, a lower PPP represents larger spread 

of the ensemble, indicating broader distribution of prediction results caused by internal dynamics 

of the system as a result of various initial perturbations. If ensemble variance is comparable to the 

climatology variance, initial-value predictability is lost. This corresponds to the case when PPP is 

close to zero. On the contrary, if ensemble variance is much smaller than climatology variance, 

initial-value predictability sustains well. This corresponds to the case when PPP is close to one.  

 

 

3.2 Results and analyses 

3.2.1 Results and analyses from IPSL-CM5A-LR 

 

Atlantic Multi-decadal Variability (AMV) is a pronounced climate phenomenon in the North 

Atlantic Ocean, it could be monitored through the detrended sea-surface temperature within 0-60°N. 

Evidences from various climate models are found that AMV significantly impact northern 

hemisphere climate (Enfield et al., 2001; Knight et al., 2006; Lu et al., 2006; Zhang et al., 2007).  

 

 

Figure 3. Prognostic potential predictability of AMOC (upper left), PPP of spatial-averaged 

Tsub in AMV region (middle left), PPP of spatial-averaged SST in AMV region (lower left),  

PPPAMOC uncertainty (upper right), PPPTsub uncertainty (middle right) and PPPSST 
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uncertainty (lower right), respectively, as a function of ensemble size. The curves in the left 

panel are the mean PPPs of the 5000 random realizations (see text for the details of the random 

selection process). The vertical bars are standard deviation of the 5000 simulations. The curves 

in the right panels are standard deviations as a function of ensemble size. Here the Tsub is 

defined as oceanic temperature at 400 m. Only year 2, 6, 10, 15 and 20 are shown here. PPP 

and its uncertainty are by definition dimensionless.  

 

We hence restrict our research region in the AMV index region (0-60°N). On the other hand, Sea 

Surface Temperature (SST), Atlantic Meridional Overturning Circulation (AMOC) and subsurface 

temperature (Tsub) in this region are also initimately linked with climate variability. Therefore we 

choose SST (within 0-60°N), AMOC and Tsub (within 0-60°N) as the analyzed objects of our study. 

Here Tsub is the oceanic temperature at 400 m within 0-60°N in the North Atlantic Ocean, and 

AMOC is defined as the maximum meridional overturning stream function in the 0-60oN and 50-

700 m sector of the North Atlantic Ocean.  

In figure 3 we present PPP of AMOC index, regionally averaged Tsub and regional averaged SST, 

and their uncertainty respectively. Readers ought to notice the horizontal axes are referring to 

ensemble size. We show only the situation at year 2, 6, 10, 15 and 20. The random selection of sub-

ensembles and averaging process is as follows: (1). Each sub-ensemble is randomly selected from 

the entire 40 members; (2). Get a PPP of the sub-ensemble produced in step (1); (3) Repeat step (1) 

and step (2) five thousand times and get the mean PPP and the standard deviation. Note that the 

sampling process is with replacement, i.e., the size of sampling pool is always 40. The uncertainty 

is due to the repeated random selection process. For instance, when we are calculate the PPP of SST 

with an ensemble size of 20, we will have 5000 different PPP values. The standard deviation across 

the 5000 values is referred to as the PPP uncertainty. There are two points of information in this 

figure: (1). PPPs smoothly decrease and approach to steady values as ensemble size grows; (2). 

PPPs with longer lead time are lower than that with shorter lead time in most cast (one exception is 

that the PPP of Tsub in AMV region in year 20 is slightly larger than that in year 15; (3). The 

uncertainty of PPP is reduced as ensemble size grows. 

It is noteworthy that, the aforementioned sub-sampling method and assessment are based on a 

critical assumption that the 40 member represents all possible situations. This is not exactly the real 

case but we can argue that, if we reveal some asymptotic properties when the size increase over a 

certain ‘critical value’ which is less than 40, it is hence justifiable to anticipate that, the asymptotic 
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properties will not experience dramatic change when the size is larger than 40. This justifies our 

analysis below.   

 

Figure 4. Flow chart of the PPP calculation method. Similar method are adopted in producing 

Figure 6, 7 and 8. 

 

Unsurprisingly the PPPs decrease as the ensemble size grows, which is in agreement with our 

empirical speculation: more ensemble members mean more simulation results and larger variance 

across these simulations. What’s interesting in the left panel is that mean PPPs will reach steady 

values when we have “enough” ensemble member. Loosely we can consider 15 as a threshold size, 

since mean PPPs in situations of ensemble size larger than 15 is basically not changing any more 

(Figure 3). Another interesting point in figure 3 is the change of PPP uncertainty. The right panel 

shows that the uncertainty drops as the ensemble size is enlarged. It is noteworthy that the changing 

patterns of PPP and PPP uncertainty as size rises are not related to the choice of variable, i.e., PPPs 

and PPP uncertainties of SST, Tsub and AMOC all tend to drop as ensemble size grows. As a matter 

of fact, the PPPs reach near-steady states when ensemble size is over 15, and the PPP uncertainties 

approach near-steady values when ensemble size is no less than 20. In terms of the assessment of 

initial-value predictability, it indicates that enlarging ensemble size no longer induces significant 

changes to PPPs when size if over 20. That is to say, in terms of ensemble spread, larger ensemble 

size leads the assessment of predictability significantly closer to the realistic predictability on when 

size is less than 20, and the contribution of extra ensemble members on the assessment of initial-

value predictability fades to negligible when size is over 20. In addition, despite the slight difference 

in minimal members needed to get a near-steady state of PPPAMOC, PPPTsub and PPPSST, loosely the 
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number 20 is sufficient, i.e., the minimal ensemble size for a near-steady PPP are variable-

independent.  

 

 

Figure 5. PPPAMOC as a function of time (upper left), PPPTsub as a function of time (middle left), 

PPPSST as a function of time (lower left). Uncertainty of PPPAMOC as a function of time (upper 

right), uncertainty of PPPTsub as a function of time (middle right), uncertainty of PPPSST as a 

function of time (lower right). There blue, green, yellow, cyan and red curves are size 2, size 5, 

size 10, size 20 and size 40, respectively. There are 4 messages in this figure: (1). PPPs decay 

as lead time increases. (2). The larger ensemble size, the lower PPP. (3). Uncertainty of PPP 

grows as lead time increases. (4). Larger ensemble size leads to smaller uncertainty of PPP. 

PPP and its uncertainty by definition are dimensionless. 

 

From another perspective, we could look at the temporal evolution of PPP and PPP uncertainty 

(Fig. 5). The anti-correlated relationships (larger ensemble size corresponds to lower PPP; and larger 

ensemble size correspond to less PPP uncertainty) is in accordance with that in Figure 3. We also 

note that as time goes by, PPPs experience sharp changes, which do not exist in the relationship of 

PPP and ensemble size. A nuance deserves some attention, that the sharp drop of PPPAMOC (starts in 

year 16) is 6 years later than that of PPPTsub and PPPSST (both start in year 10). These sharp drops 

are likely to be associated with certain particular events (such as a sudden SST cooling event), 

however further study is required to clarify the mechanism. A comparison of Figure 3 and 5 reveals 

that the PPP decreases monotonically as ensemble size increases and exhibits an asymptotic 

property as the size is larger than 15 or so. While PPP doesn’t change monotonically with longer 

lead time (see PPPs in Figure 5 occasionally jump up as the lead time increases).  
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Figure 6. Left column: contribution of one new ensemble member to reduction of PPPAMOC 

(upper), PPPTsub (middle), PPPSST (lower). The contribution is defined as PPP(size=n+1)-

PPP(size=n). Right column: contribution of one new ensemble member to reduction of 

PPPAMOC uncertainty (upper), PPPTsub uncertainty (middle) and PPPSST uncertainty (lower). 

The contribution is defined as PPPuncertainty(size=n+1)-PPPuncertainty(size=n). There are 2 

messages in this figure: (1). Contribution of one new member decreases as ensemble size grows; 

(2). Contribution of one new member is larger with longer lead time. Contribution to PPPs by 

definition is dimensionless.  

 

We further investigate individual ensemble member’s contribution to PPP and PPPuncertainty. The 

contribution is defined as  

1PPP size n size ncontribution PPP PPP                         (3) 

And,  

      P P P u n c e r t a i n t y 1i n t y i n ts i z e n s i z e nc o n t r i b u t i o n P P P u n c e r t a P P P u n c e r t a y          (4) 

Unsurprisingly, as the ensemble size grows, individual ensemble member contributes relatively 

less to the change of PPP and PPPuncertainty (Fig. 5). There are no significant difference among 

the effects of size-growing process on individual contribution to the metrics used (PPPAMOC, PPPSST 

and PPPTsub), i.e., the impact is variable-independent. This is in accordance with our analyses above. 

An integrated analysis of figure 3 and 6 reveals that, as the size is raised over 15~20, the PPP, PPP 

uncertainty and individual member’s contribution no longer change significantly. Therefore we can 

loosely define the range of 15~20 as a ‘critical size’ of IPSL-CM5A-LR. We should be cautious 

about whether we should continue increasing ensemble size when it is already larger than 15~20, 



Chapter 2 Impact of ensemble size on prediction skill and the assessment of initial-value predictability of the North 

Atlantic Oceanic climate: perspectives from a conceptual model and two GCMs 

33 
 

considering the sharp drop of individual contribution of extra members. It should be noted, though, 

that 15 members seem to be a good number for the PPP, whereas it is closer to 20 for the PPP 

uncertainty. 

Now that we have confirmed the impact of ensemble size on accurate estimation of the ensemble 

spread. We wonder what other impact ensemble size can have on numerical simulatons. One 

important aspect of ensemble simulations is the relation between the distribution of ensemble at 

long lead time and that of climatology. It is without doubt that the resemblance should be as high as 

possible. Therefore we compute the probability density functions of AMOC, SST and Tsub of the 

ensemble experiments for a range of sample size and test its convergence to climatology. Here the 

PDFs of climatology are calculated using the entire 40 members.  

 

 

3.2.2 Results and analyses from NEMO in ORCA025 configuration  

 

(a) Impact on PPPs 

 

Figure 7. PPPs and corresponding uncertainties of AMOC in the ocean-forced eddy-

permitting intermediate-resolution (red) (for the final complete year, i.e. year 2004) and 

climate model (for the final year of the ensemble experiment, i.e., year 2075) with low-

resolution laminar-ocean (blue) models. Here AMOC is defined as the maximum annual mean 

overturning stream function between 50°-70°N in the Atlantic Ocean, at depth between 500-

3000 m. Note here the denominator is obtained from control runs. PPP by definition is 

dimensionless.  
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Next, to clarify whether the ‘critical size’ is dependent on model resolution, we calculate the PPP 

of AMOC as a function of ensemble size in both GCMs which have different resolution. Figure 7 

shows us the PPPs of AMOC in both models with varying ensemble size. We use the end points of 

AMOC time series (i.e. year 20) to calculate PPPs, and the detailed calculation steps are as follows: 

Take a sub-ensemble with a size of 6 for instance. Firstly we randomly pick a 6-member sub-

ensemble from the full 11-member (or 40-member for the low-resolution model) pool, get a PPP of 

the 6 member. After running this process for 5000 times, we have 5000 PPPs. Take an average of 

the 5000 PPPs we have a mean PPP, which is shown as the red curve (or the blue curve for the low-

resolution model). It is not difficult to tell that in the eddy-permitting model, as the size grows larger 

than 7, the mean PPP is nearly saturated. Another noteworthy point is that PPP of AMOC in the 

intermediate-resolution model is always higher than in low-resolution model. The reduction of PPP 

caused by increasing ensemble members in the intermediate-resolution model is even larger than in 

the low-resolution mode. These two factors together lead to a larger gap between PPPs in two 

models with more ensemble members. This near-saturation requires only about 6 members, which 

is in contrast with the ‘critical size’ of the low-resolution model (Figure 7). If we consider the PPP 

in the case of largest ensemble size in both models as the ‘realistic’ potential predictability of the 

system, then the smallest size required to reach near-saturation state of mean PPP is actually the 

minimal size needed to reveal the ‘realistic’ potential predictability. In other words, increasing 

ensemble size over ‘critical size’ does not significantly change the assessment of predictability 

anymore. I here owe this reduction in ‘critical size’ to the increase of model resolution. The eddy-

permitting property makes it possible for the intermediate-resolution model to capture small scale 

dynamical processes, which are missed in IPSL-CM5A-LR but key to AMOC variation (Thomas, 

M. D., and X. Zhai 2013; Mecking, J. V., et al 2016). Another point we can tell from Figure 7 is that, 

the PPP for the AMOC in the eddy-permitting model is remarkably higher than in the low-resolution 

model. This once again can be at least partly attributed to the fact that the eddy-permitting model 

better represents sub-grid processes. This improvement in representation of small scale motions in 

turn reduces the caused uncertainty. Conventional wisdom holds that eddy is a source of uncertainty, 

in contrast with our result here. Further investigation is needed on this particular counter-intuitive 

problem. Apart from these discrepancies, both models agree qualitatively that PPPs decrease 

asymptotically to saturation as ensemble size grows. It is revealed that the PPP drops exponentially 
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with ensemble size. The evolving pattern, somewhat counter-intuitively, is independent of model 

resolution, lead time and variables.   

 

 

Figure 8.Mean PPPs of AMOC obtained from the high resolution model (blue, at year 3), the 

low-resolution climate model (red, at year 20), a 80-member Gaussian distribution (gray, with 

a standard of 0.5, though the PPP-ensemble size relation is indeed independent of standard 

deviation.), and a fitted exponential function based on the 40-member low-resolution ensemble 

(green). The mean PPPs is the average PPP of 5000 realizations. Note here the denominator is 

equation (2) is the variance of the full ensemble (in contrast to Figure 10, where the 

denominator is obtained from a control run, i.e., a temporal variance). PPP by definition is 

dimensionless. 

 

Table 2.2 The correlation coefficients of PPPAMOCs obtained using different realizations 

Correlation Coefficient  Intermediate-

resolution model 

Low-resolution 

model 

Fitted exponential function Random distribution 

Intermediate-resolution 1 0.9982 0.9132 0.9992 

Low-resolution 0.9982 1 0.9184 0.9985 

Fitted function 0.9132 0.9184 1 0.9062 

Random distribution 0.9992 0.9985 0.9062 1 

 

It is interesting to find that the mean PPPs of the AMOC obtained from different ensembles is 

nearly indistinguishable. Precisely, the correlation coefficients between PPP of ocean-forced 

intermediate-resolution ensemble, PPP of climate-model low-resolution ensemble, PPP of random 
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distribution and fitted exponential function are remarkably high (Table 2). It is therefore justifiable 

to conclude that the PPP-ensemble size relation is nearly exponential decrease, and independent of 

model resolution or the existence of the coupling. We employ an exponential function to fit the PPP-

ensemble size relation, the fitted equation type reads,  

 

( ) cxf x a be                                (5) 

 

Where x is the ensemble size, f(x) is the PPP. The coefficients a, b and c are 0.05277, -1.037 and 

0.2933 respectively. Following the concept of e-folding time, I calculate the e-folding ensemble size. 

And the e-folding sizes (compared to PPP with a size of 2) for the intermediate-resolution, low-

resolution and random distribution ensemble are all 6 members.  

 

 

 

Figure 9. Time series of AMOC in IPSL-CM5A-LR. The black curve is the control run. The 

colorful curves are ensemble members. Climatological average is shown as the gray thick line. 

Two standard deviations above or below climatology average are shown as gray dashed lines.  

 

(b) The detection of extreme AMOC events 

 

As mentioned, there exists an AMOC peak event (year 2071) in the modelling period (Fig. 9). 

Therefore it would be interesting to explore how many members are required to detect the AMOC 

peaks. To be more precise, we define an extremely strong (weak) AMOC event as when the AMOC 
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is 2 standard deviation above (below) the climatological mean obtained from the 1000-year control 

run. In the control run there are 3 extremely strong AMOC events (at year 2070, 2071 and 2072). In 

contrast, there are only 4 extremely strong AMOC events in the ensemble runs. Note the emergence 

time of the extremely strong is lagging that in the control run. Surprisingly 6 extremely weak AMOC 

events occur in the ensemble runs, which never exists in the control run. The ensemble is good at 

capturing above-or-below average property, but poor at capturing extreme AMOC events.  

 

4. Conclusions and discussions 

 

Ensemble climate prediction skill can be improved through various approaches, such as increasing 

ensemble size (DS Richardson et al. 2001; T DelSole et al. 2014), using higher resolution models 

(R Buizza et al. 1998), or adopting better parameterization scheme of unresolved physical processes 

(J Berner et al. 2017). On the other hand, in an initialized ensemble composed of presumed perfect 

climate model, the assessment of initial-value predictability is unsurprisingly dependent on 

ensemble size (A Kumar & M Chen 2015). Note that predictability is an inherent property of the 

climate system (A Kumar & M Chen 2015), hence it cannot be modified by changing ensemble size. 

It is the assessment of predictability that varies as ensemble size changes. Among these above 

mentioned options, the competition between increase of ensemble size and improvement of model 

resolution is a long-standing topic in climate research, because of the fact that computational 

resources are limited while both approaches are computationally expensive. It is necessary for us to 

determine a relatively small but ‘sufficient’ ensemble size prior to any ensemble forecasting, thus a 

better understanding of the impact of ensemble size on ensemble prediction skill and assessment of 

initial-value predictability is required. To this end we perform our analyses in the study of this 

chapter.  

Specifically, the outputs from a conceptual white-noise forced SST model, a fully coupled low-

resolution climate GCM IPSL-CM5A-LR and an eddy-permitting forced-ocean GCM, i.e., NEMO 

in ORCA025 configuration, are used to assess the impact of ensemble size on prediction skill and 

the evaluation of initial-value predictability of the North Atlantic Ocean subsurface temperature 

variability. The conceptual model is driven only by white-noise-type high-frequency surface air 
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temperature, representing a dynamical system that evolves under continued external forcing. The 

two ensembles are initialized and then evolves under respective identical boundary condition (i.e., 

in one ensemble, all members share one same boundary condition). The divergence of prediction 

using this kind of models stands for the spread of trajectories originating from slightly different 

initial states, due principally to the internal nonlinearity of the system. Hence the impacts of 

ensemble size on both types of models (one with numerous external forcing; one with identical 

external forcing) are evaluated in our study.  

Flaws inevitably exist in this study. Firstly, since we use only two GCMs in this study, there is no 

guarantee that the results we get here are universally applicable to various other GCMs (e.g., those 

models participating Coupled Model Intercomparison Project Phase 5 or 6, i.e., CMIP5 or CMIP6). 

Secondly, no ensemble size-model resolution relationship is obtained due to unavailability of 

datasets from models with various resolutions. Thirdly, initialization in each of the two GCMs is 

imposed on one single year (year 2056 for IPSL-CM5A-RL and year 2001 for the ocean eddy-

permitting model). We would anticipate our conclusions to be more robust if the findings could be 

examined against additional ensemble members initialized in varying years (such as 2057, 2058, 

etc. for IPSL-CM5A-LR and 2002, 2003, etc. for the ocean eddy-permitting model).In addition, it 

is possible that the differences of PPP behavior in 2 ensembles are related to other factors such as 

the inclusion of the atmospheric turbulence (In IPSL-CM5A-LR, there exists atmospheric 

turbulence, which is not included in the eddy-permitting NEMO insce it is an ocean-only model). 

Finally, ours results would be more widely representative if we test our findings against other ocean 

basins, which remains to be performed in the future. However, this study provides some insights 

about how to determine a ‘sufficient’ ensemble size when designing climate prediction. The 

conclusions are summarized as follows: 

(1) In a white noise forced, conceptual SST model, the mean of ensemble mean approaches toward 

the theoretical value as ensemble size grows. The uncertainty between ensemble means in 

different realizations is reduced as ensemble size grows.  

(2) In terms of IPSL-CM5A-LR, ensemble size rising leads to a smooth drop of PPP, and a 

reduction of uncertainties of PPPs. Furthermore, these anti-correlated relations between 

ensemble size and PPP, ensemble size and PPP uncertainty, are independent of the examined 

variables.  
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(3) The PPP and PPP uncertainty of the AMOC no longer change remarkably as the size is over the 

‘critical size’, which is loosely 15~20 for IPSL-CM5A-LR, while ~7 for the ocean eddy-

permitting model. That is to say, the minimal size needed are resolution-dependent. Individual 

contribution of extra ensemble member to the change of PPP and PPP uncertainty drops 

dramatically as the size is over ‘critical size’. It should be noted that the thresholds (i.e., 15~20 

for IPSL-CM5A-LR and approximately 7 for eddy-permitting NEMO) at this point are only 

statistical, whether there are physical processes determing these cretiria remains to be further 

examined. The difference in critical sizes, however, can probably be attributed to the varying 

resolutions. In eddy-permitting NEMO, uncertainty related to ocean turbulence are fully 

captured, indicating that less ensemble members are required for the total uncertainty to saruate 

(i.e,. PPP uncertainty reaches a quasi-steady state).  

(4) The extreme events of AMOC are not well captured in ensemble, suggesting the exceptional 

characteristics of this event.    

(5) The mean PPP-size relation is independent of model resolution, lead time and variables. The 

PPPs obtained from GCMs are indistinguishable from that obtained from a Gaussian 

distribution. As a consequence, the e-folding size of PPP for all considered variables in two 

models with different resolution is 6 member. 

 

 

Figure 10. Schematic of the relationship between model resolution, ensemble size, ensemble 
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forecast effectiveness and computational cost. To achieve a particular effectiveness, we can 

either enlarge the ensemble size or improve the model resolution. Higher effectiveness of 

ensemble forecast definitely needs more ensemble members and higher model resolution, but 

the dependent relationships between computational cost, forecast effectiveness and ensemble 

size are not simply linear. Doubling ensemble size means twice computational cost and higher 

(whist not double for sure) effectiveness, but doubling model resolution means eightfold 

computational cost and higher effectiveness.  

 

Though we suggest no more increase in members if the size is already over the range of 15~20, 

it is noteworthy that decision should be made depending on specific circumstances. With the 

intention of measuring the uncertainty caused by internal variability, we define a diagnostic 

‘effectiveness’. Th effectiveness equals identity if an ensemble can fully capture the internal 

uncertainty of a particular climate system. Evidently, the effectiveness could be promoted either by 

using more initialized ensemble members or improving model resotluion. Consider, for example, 

an ensemble with N members, and the resolution is kmn (k, m, and n are grid number in zonal, 

meridional, and vertical direction, respectively). Doubling the ensemble size will result in a double 

computation cost, in contrast, improving the resolution to 2k2m2n will lead to sixteen-fold 

computation cost (Figure 10). The one of the two that is the better approach relies on the specific 

problem we are dealing with.   
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Chapter 3 Understanding the growth of subsurface temperature 

prediction uncertainty originating from initial perturbations in 

the North Atlantic Ocean: the effects of mean state and meso-

scale eddies 

 

Key points: 

• A clockwise propagation mode of subsurface temperature prediction uncertainty originating from 

initial temperature errors are found in the subtropical North Atlantic in an ensemble produced by 

IPSL-CM5A-LR. It can be at least partly explained by the advection of large-scale barotropic 

circulation in the subtropical region. In contrast, the propagation of prediction uncertainty in the 

sub-polar region is cyclonic and the vertical development is mainly along continents. This is thought 

to be associated with the subduction processes.  

• Pathways of the Gulf Stream and the North Atlantic Current are the two main source regions of 

subsurface temperature prediction uncertainty. 

• Horizontal eddy diffusive flux of subsurface temperature variance is approximately two orders of 

magnitude larger than its vertical counterpart, both working as the sources of subsurface temperature 

predictability. 

• The three velocity-related terms as a whole is a source of subsurface temperature prediction 

uncertainty, which together with the horizontal eddy diffusive flux term are the two major 

components impacting the developments of subsurface temperature prediction uncertainty. 

• In the subtropical gyre, subsurface temperature prediction uncertainty is amplified by the 

nonlinearity of Gulf Stream and North Atlantic Current, and passively propagated by the Gulf 

Stream and North Atlantic Current; while in the subpolar gyre, subsurface temperature prediction 

uncertainty actively impacts AMOC via inducing uncertainty in subduction along continental 

shelves and deep convection process. It can be explained by a salt-advection-feedback-like process 

in the latitude-depth space. 

• Meso-scale eddies along the Gulf Stream and North Atlantic Current are crucial to ensemble spread 

of subsurface in addition to large-scale oceanic circulation and Rossby waves. 
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• On various time scales the relative importance of each term impacting the development of 

subsurface temperature prediction uncertainty is different.  

• Vertical and horizontal eddy diffusive fluxes act to suppress the prediction uncertainty (ensemble 

spread) of subsurface temperature. 

 

Abstract: Subsurface temperature (Tsub hereafter) in the North Atlantic Ocean (NA) is believed to 

be intrinsically related to the variation of the AMOC. Therefore the necessity of an in-depth 

understanding of Tsub prediction uncertainty arises in our efforts to better simulate Tsub and the 

AMOC. In this chapter we use the output of a 40-member ensemble together with a 1000-year 

control run produced by IPSL-CM5A-LR, conducting a diagnosis of the evolving process of Tsub. 

Here the Tsub prediction uncertainty develops in the form of ensemble spread, representing internal 

variability stemming from initial temperature errors. We reveal that the development of Tsub 

prediction uncertainty is consistent with the clockwise large-scale gyre circulation in the subtropical 

North Atlantic; in the subpolar region Tsub prediction uncertainty propagates anti-clockwise. In 

addition, a zonal dipole pattern sustains in the subtropical North Atlantic in the entire period of 

twenty years. To explain the development of this prediction uncertainty, a dynamical attribution of 

Tsub variance (Tsubvar hereafter) is adopted, decomposing the Tsubvar tendency into three velocity-

related terms plus horizontal and vertical eddy diffusive fluxes. In this way we find that horizontal 

eddy diffusive flux of subsurface temperature variance is two orders of magnitude larger than its 

vertical counterpart. Furthermore we point out that horizontal and vertical eddy diffusive fluxes are 

sinks of Tsubvar, while velocity-related terms as a whole act to generate and propagate the prediction 

uncertainty. Both velocity-related terms and horizontal eddy diffusive flux term are of relatively 

higher importance to the Tsubvar development. An analysis of zonally averaged fields support our 

findings from 3D data, and further points out the possibility of temperature uncertainty’s active 

impact on meridional overturning circulation via inducing uncertainty in deep convection in the 

subpolar region. This study indicates that higher prediction accuracy of velocity at subsurface depth 

can contribute to less Tsub prediction uncertainty, which is beneficial for better prediction of climate.  

It has been evidenced that subsurface temperature in North Atlantic Ocean plays a significant role 

in modulating European climate. However few attention is paid to the impact of eddy process in 

setting the pattern of subsurface temperature in North Atlantic Ocean. In this study, an eddy-
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permitting model is used to explore the impact of eddy dynamics on subsurface temperature field. 

It is revealed that in addition to the large-scale oceanic circulation, meso-scale eddies also contribute 

to the ensemble spread of subsurface temperature, partly explaining the prediction uncertainty. The 

generation of meso-eddies is taken place mainly along the Gulf Stream and North Atlantic Current, 

making these regions important seedbeds of prediction uncertainty. This uncertainty then is 

propagated to almost the entire subtropical North Atlantic Basin. In this process, horizontal and 

vertical eddy diffusive flux of subsurface temperature variance both work to suppress the uncertainty, 

though to different degrees. Eddy diffusive fluxes work as a key sink of this uncertainty. This study 

highlights the role of mesoscale eddies in shaping the pattern of Tsub prediction uncertainty 

resulting from initial value uncertainty in the North Atlantic Ocean, suggesting that via improving 

model resolution to eddy-resolving level is a possible way to reduce the biases in estimating the 

initial value predictability of Tsub in the Labrador Sea. 

 

1. Introduction  

 

Acting as a crucial northward heat conveyor, the Atlantic meridional overturning circulation 

(AMOC) plays a pivotal role in the redistribution of the oceanic thermal energy in the Atlantic 

Ocean. The variability of the Atlantic, via air-sea interaction, profoundly impacts the atmosphere 

circulation over it, and consequently modifying the climate both locally and remotely (Rong Zhang 

et al. 2019). It is fair to say that AMOC plays a non-negligibly important role of global climate 

system. Evidences are found, for example, that AMOC can impact European and global climate 

(Jackson et al. 2015; Sutton et al. 2012); Arctic sea ice state (Mahajan, Salil, et al. 2011) and ENSO 

variability (Timmermann, Axel, et al. 2007; Williamson, Mark S., et al.). To make better climate 

prediction, it is of great significance to better understand physical processes that have effect on 

dynamics of AMOC.  

Under circumstances of global warming, there exists the possibility of an AMOC (Manabe and 

Stouffer 1993; Rahmstorf and Ganopolski 1999; Houghton et al. 2001; Wei Liu et al. 2017). 

Enormous efforts have been made to get a clearer picture of the dynamics of AMOC, including 

theoretical research, field observation, and numerical simulation (MW Buckley and J Marshall 2016; 
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GD McCarthy et al. 2019; W Weijer et al. 2019). Generalization of pioneering work by Stommel 

(1961) to the AMOC pointed out its possible bi-stability. This was followed by numerous studies 

on the stability problem. Gnanadesikan use an idealized 2-layer model to study the global circulation, 

revealing the significant effect of Southern Ocean in the large scale oceanic structure. Timmermann 

et al 2000 investigate the impact role of climatic noise for the thermohaline component of the 

AMOC using the Stommel model, implying a relevance between the two. Jian Zhao uses a 2-layer 

linearized model and a state-of-the-art Earth simulator to reveal that large scale wind-forced oceanic 

internal Rossby waves leads to coherent interannual variability patterns of the AMOC across the 

tropics and subtropics. On longer timescales, intrinsic oceanic dynamics play a leading role (J 

Bjerknes 1964). A wave-pattern westward propagation of temperature anomaly, i.e., a thermal 

Rossby waves within 30-60N, are documented to be responsible for the leading interdecadal 

oscillatory-eigenmode of the AMOC (Sévellec and Fedorov, 2013). The mode can be efficiently 

stimulated by external noise due to the nonnormality of the system (Sévellec et al. 2009). Other 

factors, such as subpolar gyre in the North Atlantic (L Hermanson et al. 2014), difference of the 

freshwater flux in the South Atlantic and the North Atlantic, magnitude and location of extra surface 

freshwater flux (RS Smith et al. 2009; Q Yang et al. 2016), perturbations in the deep water and 

Southern Ocean dynamic processes, have impacts on variation of the AMOC (TL Delworth and F 

Zeng 2008; D Swingedouw et al. 2009; R Farneti and TL Delworth 2010; F Sévellec et al. 2011; T 

Martin et al. 2013; C Buizert et al. 2015) . Direct observation has become available since 2004, e.g. 

the RAPID-MOCHA array (Hirschi, J., et al 2003; B Sinha et al 2018; McCarthy, G. D., et al 2019) 

and Overturning in the Subpolar North Atlantic Program (OSNAP, MS Lozier et al. 2017). Focusing 

on the 26°N, this project provides valuable information. The duration, however, is not long enough 

for the research on variability at timescales longer than decadal. Nowadays we know the AMOC 

much better than decades ago but many details remain unclear, among them is the prediction 

uncertainty of subsurface temperature on decadal time scale.  

Unlike the case of ocean surface, subsurface ocean is less influenced by the synoptic scale 

disturbance of the atmosphere above, endowing subsurface thermal field a relatively higher signal 

to noise ratio. This characteristic implies that the study of subsurface may shed some light on the 

intrinsic dynamics of the ocean. Several previous studies reveal that, subsurface temperature not 

only play the role of the AMOC fingerprint, but also can be utilized to skillfully reconstruct the 
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AMOC variations (J Mignot et al. 2007; Rong Zhang 2008 ;R Msadek et al. 2010;Mahajan et al 

2011).  

In the second part of this chapter, an eddy-permitting model is used to explore the impact of eddy 

dynamics on subsurface temperature field. It is revealed that in addition to the large-scale oceanic 

circulation investigated using the IPSL-CM5A-LR, meso-scale eddies also contribute to the 

ensemble spread of subsurface temperature, partly explaining the prediction uncertainty. The 

generation of meso-eddies is taken place mainly along the Gulf Stream and North Atlantic Current, 

making these regions important seedbeds of prediction uncertainty. This uncertainty then is 

propagated to almost the entire subtropical North Atlantic Basin. In this process, horizontal and 

vertical eddy diffusive flux of subsurface temperature variance both work to suppress the uncertainty, 

though. 

Additionally, a quasi-annual burst of intensified subsurface temperature variance in the Labrador 

Sea is reported for the first time. With a quasi-6-week life cycle, it emerges in the spring, spreading 

in the form of an expanding cycle. This is thought to be related with atmospheric activities in the 

spring, but further studies are required. 

Here we continue our research with a study of Tsub prediction uncertainty propagation pattern, 

followed by an analysis of the subsurface temperature ensemble variance (Tsubvar hereafter) budget. 

The purpose of the first part of this chapter is to reveal (using ouput of IPSL-CM5A-LR):  

(a) What is the spatial pattern of the evolution of in IPSL-CM5A-LR? 

(b) What is dominating its evolution? What are the sources of Tsubvar and what are the sinks? 

(c) What are the relative significance of contribution of those factors impacting Tsubvar’s 

development? 

The scientific questions to be dealt with in this last part of the chapter are (using output of eddy-

permitting NEMO): 

(1) Is there any difference in the North Atlantic Tsubvar evolution in a laminar and an eddy-

permitting model? 

(2) How can the meso-scale eddies contribute to the development of North Atlantic Tsubvar? 

(3) Is the contribution of eddies dependent on time scales? 

  

This chapter is organized as follows: data, model and methods used are described in section 2; 
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results and analyses are presented in section 3; we close this chapter with conclusions and discussion 

in section 4.  

 

2. Data, model and methods 

 

2.1 A coupled low-resolution ocean model IPSL-CM5A-LR 

The ensemble experiment is performed using IPSL-CM5A-LR, with an ocean component being 

NEMO (Nucleus for European Models of the Ocean) 3.4 with a configuration of ORCA2 (Madec 

Gurvan and Maurice Imbard 1996). The data used so far are output from a 40-member ensemble 

experiments, and one 1000-year piControl run. The 40 ensemble experiments are initialized from a 

same year in the 1000 years, with a same background initial state and boundary conditions but only 

perturbed differently at the beginning. For further details of this model and the ensemble design, 

readers are recommended to refer to Germe et al (2017). The 1000-year piControl control is 

produced in this way: the model adopts pre-industrial boundary conditions of greenhouses gases 

and aerosols concentrations after spin-up (Dufresne et al. 2012), and then is integrated for more than 

1000 years. Subsequently a year in the middle part is arbitrarily appointed to be 1800, and the 

following 1000 years is utilized in our analysis. The ensemble experiments are generated as follows: 

four different types of initial temperature perturbations (SST/3D oceanic temperature/3D oceanic 

temperature with tenfold magnitude/deep 3D oceanic temperature; and for each type of them, we 

produce 10 very similar but slightly different perturbations) are imposed on an identical background 

initial state, then we have 40 ‘complete initial states’. We subsequently run the model for 20 year 

(from 1st January 2056 to 31st December 2075) to get 40 ensemble members (see Table 1 in Chapter 

3 for details of the ensemble design). The reason for choosing the span of 2056 to 2075 is the 

existence of a peak AMOC in this period, hopefully the possible factors impacting the peak can be 

investigated, such as to find a precursor of anomaly AMOC (F Sévellec and AV Fedorov 2013, 2015; 

F Sévellec et al. 2017). Besides, Germe et al. (2017) demonstrated that no significant difference of 

ensemble statistics, such as ensemble mean and ensemble spread of SST and AMOC, arises from 

different kinds of perturbations. Therefore we consider the 40 ensemble members equally in our 

study (i.e., we ignore the difference in perturbation types).  
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Table 3.1 Model details 

Ens size Oceanic horizontal resolution Oceanic vertical levels Data start time Data end time 

40 2°×2° 31 1st Jan 2056 31st Dec 2075 

 

 

A combined analysis of numerical simulation results, satellite altimetry data and instrumental 

ocean temperature reveals a consistent signal of subsurface temperature and the AMOC, suggesting 

Tsub a good proxy to reconstruct past change of the AMOC (Zhang 2008). A follow-up research 

conduct predictions basing on this relationship. Using subsurface temperature and sea surface height 

produced by GFDL CM 2.1 model, Mahajan et al. (2011) develop two statistical models to predict 

the change of the AMOC, indicating a decline trend in the near future. However the results in both 

studies are obtained using outputs from only one model and its robustness has not been examined 

in other GCMs. Other studies exhibit linkages between the AMOC and Tsub on different time scales 

(Wang et al. 2013, Marcott et al. 2011, Schmidt et al. 2012, Mignot et al. 2007). These findings 

provide some confidence in the design of our future work, to deepen our understanding of decadal 

predictability of the AMOC in the perspective of subsurface signal.  

 

2.1 An intermediate-resolution ocean model 

 

We adopt NEMO 3.4 (the Nucleus for European Models of the Ocean 3.4) to perform the ensemble 

experiments. The oceanic component is implemented on in the ORCA025 configuration: the 

nominal horizontal resolution is 1/4 degree (1442-by-1021 grid points), and on the vertical there are 

75 levels with varying thicknesses ranging from 1 m at the surface to around 200 m at the bottom. 

The ensemble size is eleven, differing only by their initial states. This version of NEMO is described 

and used in AT Blaker et al. (2012), CA Katsman et al. (2018), among many others. The time span 

of this ensemble experiment is from 8th January 2001 to 15th June 2005.  

 

Table 3.2 Model details 
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Ensemble size Model resolution Vertical levels Data start time Data end time 

11 1/4°×1/4° 75 8th January 2001 15th June 2005 

 

The diagnostic is performed with data of 3D temperature, 3D velocities and the zonally averaged 

meridional overturning stream function in the Atlantic Ocean. Among them of former two are 

available from 8th January 2001 to 2005 15th June, the latter one from 8th January 2001 to 17th 

December 2004. 

 

2.2 Prognostic potential predictability  

 

In order to reveal ensemble spared as well as the relative magnitude of ensemble variance and 

climatological variance, we use Prognostic Potential Predictability (PPP, Pohlmann et al. 2004) as 

our first diagnostic. It is defined as 

 

 

2

2
1 ensPPP





                                  (1) 

 

Where 2

ens  is the variance of the ensemble, 2
 the variance of the 1000-year control run or the 

variance of the full ensemble pool. PPP  is a dimensionless quantity usually between [0, 1], 

representing the relative difference between the climatological spread and ensemble spread. Note 

that PPP a bit lower that zero is possible, given a huge ensemble variance larger than the control 

temporal variance. If PPP  equals unity, it represents a ‘perfect’ forecast, indicating that ensemble 

spread is zero, i.e., internal variation originating from initial errors vanishes (This is definitely 

impossible in the real world, therefore zero ensemble spread indicates overconfidence of the model). 

On the contrary when PPP  approximately vanishes, it means the large internal variation, i.e., the 

forecast is not significantly better than a prediction made based on climatology (Pohlmann et al. 

2004). However PPP  possesses no straightforward physical nature, to this end we further analyze 

the evolution Tsub variance, from which the 2

ens  actually arise. Apparently, the variance of an 

initialized ensemble at the initial time is close to one. On the contrary, if the ensemble variance is 
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comparable to the total variance, PPP approximately vanishes, which suggests that the initial value 

predictability is ‘lost’ entirely. 

 

2.3 Temperature variance budget analysis in 3D and 2D (latitude-depth) spaces 

 

PPPTub is, by nature, a statistic metric of ensemble spread of Tsub, which in turn is essentially 

consequences of the climate internal variation. In order to reveal the factors responsible for the 

development of ensemble spread of Tsub, i.e., the dynamical elements involved in the internal 

variation of Tsub, I analyze the development of Tsub variance (Tsubvar hereafter). Here the Tsubvar 

refers to the variance across the forty ensemble members. Obviously, according to the definition, 

Tsubvar is anti-correlated with PPPTsub. Note that unlike PPPTsub, Tsubvar has the advantage that the 

budget equation can be directly derived from passive tracer equation of temperature. Consider the 

temperature conservation equation (Sévellec et al. 2006) for the subsurface ocean with the 

assumption that the forcing term and the convection term are constants for simplicity: 

2 2

3 2 2D H V T T

T T T
T K K F C

t y z

  
      

  
U                  (2) 

Where U is the 3-dimensional velocity. The temperature and its components can be decomposed 

into the ensemble mean 𝑇̅ and the deviation 𝑇𝑖
′, so can the velocity, hence we have: 

     
2

2

3 2

( ) ( )i i
i D i H H i V T T

T T T T
T T K T T K F C

t z

                
 

U U (3) 

Sum the 40 members up, we have: 
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The second term on the left hand side, the second, third, sixth and eighth terms on the right hand 

side all vanish. Hence we have: 
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Consider now the tendency of temperature variance: 
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Thus we have: 

 2 40 40
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Rewrite it in a compact form,  

2 2
2

3 3 3 2
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(8) 

where variables with prime symbols refer to the deviation of an individual ensemble member from 

the ensemble mean; variables with an overbar is the ensemble mean. The term on the left-hand side 

is the ensemble mean of the Tsubvar tendency. The first term on the right-hand side is the advection 

term; the second term on the right-hand side is the generation term; the third term on the right-hand 

side is the self-advection term (Tréguier Anne-Marie et al. 1997, where equation (35) is QG eddy 

potential enstrophy balance, but the second the third term on the right-hand side is in similar form 

to second and Equation (8) in this manuscript, this leads us to make this definitions); the fourth and 

fifth terms are horizontal eddy diffusive flux and vertical eddy diffusive flux, respectively. A 

residual term is expected to exist to close the budget equation. The residual being the component 

that derives from the convection and forcing terms (which are not expected to be significant in depth 

and studied region), and high-frequency process not resolved by our original monthly mean data. 

This variance budget has been successfully used in a range of previous studies (Sévellec et al. 2006; 

Arzel et al. 2006; Buckley et al. 2012; Hochet et al, 2020; Sévellec et al. 2021). The relative 

importance of the right-hand-side terms in equation (2) to (8) depends on both geographical position 

and time scale. For example, on inter-annual timescale, in ocean interior (far from boundary regions), 

the advection term is predominantly important due to larege bacis flow magnitude. However in front 

regions, there exist strong temperature gradient exis, the generation term might be comparably 

important.  

 

3. Results and analyses 
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3.1 Tsub as an indicator of the AMOC variation in the piControl run of IPSL-CM5A-LR  

 

Here the subsurface temperate refers to the oceanic potential temperature at 400-m depth, same 

as Rong Zhang (2007, 2008, 2010). The North Atlantic mean SST and Tsub are averaged over 

the North Atlantic Region, for the reason that temperature field in this region has substantial 

impact on climate over surrounding landmasses (JR Knight et al. 2006) and remote regions (R 

Zhang and TL Delworth 2007; Bin Wang et al. 2013; C Sun et al. 2017). The AMOC index 

(hereafter AMOC) are defined as the maximum overturning stream function within 50-70°N. 

These definitions can also be supported by Figure 1, when lag-correlation coefficients between 

AMOC index and temperature at different depths are displayed. Both time series are 

normalized by one standard deviation after being linearly detrended. Largest positive 

correlation coefficients (up to 0.454) occur when AMOC leads temperature by approximately 

1-8 years at depth between 80-429 m; meanwhile largest negative correlation coefficients (up 

to -0.637) occur when AMOC lags temperature by around -2-10 years at depth between 100-

1200 m. This indicates that temperature at sub-to-middle depth is can be a precursor of the 

change of AMOC up to 10 years later. 

 

 

Figure 1. Lag-correlation coefficients between the AMOC and temperature at different 

depths in the 1000-year piControl run. Note the vertical axis is not scaled according to 

real depth. The temperature is locally averaged over the entire North Atlantic Ocean, and 
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weighted by grid cell surface area. Both AMOC and temperature time series are 

normalized and detrended prior to the computation. Largest positive correlation 

coefficients (up to 0.454) occur when AMOC leads temperature by around 1-8 years at 

depth between 80-429m. Largest negative correlation coefficients (up to -0.637) occur 

when AMOC lags temperature by around -2-10 years at depth between 100-1200m. This 

indicates that temperature at sub-to-middle depth could work as a precursor of the 

change of AMOC up to 10 years later. Lag-correlation coefficients by definition are 

dimensionless.  

 

 

Figure 2. Lag-correlation coefficients between AMOC and temperature at different 

depths and with various lag time (left panel) in the 1000-year piControl run. In upper 

right panel are lag-correlation coefficients between AMOC-North Atlantic SST (green 

line), and AMOC-North Atlantic subsurface temperature (red line). In lower right panel 

are autocorrelation coefficients of North Atlantic SST (green line), North Atlantic 

subsurface temperature (blue line) and AMOC (red line). All data are normalized and 

detrended prior to calculation of correlation coefficients. Noticeably largest correlations 

coefficients occur at subsurface depth (from -200 to -1000 m), being up to around -0.6. 

On the other hand, the good agreement between NATsub autocorrelation coefficient and 

AMOC autocorrelation coefficient indicate a same periodicity between the two. Lag-

correlation coefficients are dimensionless by definition.  

 

  To further support the links between AMOC and temperature shown in Figure 1, correlation 

coefficient profiles are calculated and displayed in Figure 2 as well. Notably largest 

correlations coefficients occur at subsurface to mediate depth (from -200 to -1000m), being up 

to around -0.6. Autocorrelation coefficients of North Atlantic SST (NASST), North Atlantic 

subsurface temperature (NATsub) and AMOC are also shown in right lower panel. It clearly 

points out that NATsub and AMOC share several same periods. This implies that the 
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association between subsurface-to-deep ocean temperature and AMOC on interannual time 

scale is stronger than that between SST and AMOC.  

  So we can make a small summary that Tsub could be, at least in IPSL-CM5A-LR, a good 

indicator of the AMOC variation, partially in accordance with previous studies (J Mignot et al. 

2007; Rong Zhang 2008). Therefore the necessity of a better capture of Tsub variations in 

numerical simulations arises, which calls for a more in-depth understanding of Tsub prediction 

uncertainty. This motivates the following analysis.  

 

3.2 Understanding the prediction uncertainty of Tsub 

   

Shown in Figure 3 is the temporal evolution of PPPTsub in the twenty years. Prior to the calculation 

of PPP, the original monthly data were averaged to generate the annual mean to remove the seasonal 

cycle. A small chain of low-value patches emerges originally in the western boundary current region 

and North Atlantic Current region (for convenience chain A hereafter). Then this chain expands 

both meridionally and zonally within years 2-6. Afterwards, a small low-value patch (patch B 

hereafter) appears to be in the middle of North Atlantic Ocean. This new patch then propagates 

southwestward as well as gets larger within years 8-12. The two patches merge and extend to the 

most part of the North Atlantic Ocean within years 14-20. This temporal evolution process is 

characterized by 5 remarkable features: firstly, the low value patch originates in the western 

boundary region and North Atlantic Current (chain A); secondly, patch B propagates southwestward, 

in the opposite direction as chain A (A expands mainly eastwards); thirdly, there is a zonal dipole 

pattern of PPPTsub in the subtropical North Atlantic Ocean, i.e., high PPP is largely in the western 

subtropical North Alantic while low PPP is mainly in the east part (near Europe and northwestern 

Africa).  
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Figure 3. Prognostic potential predictability (PPP) of subsurface temperature in the 20-year 

ensemble run. All 40 members are taken into account when calculating ensemble variance. 

The control run is used to compute the historical variance. In red is above 0.5, in blue below 

0.5, in white equivalent to 0.5. Small blue patches originate in the western boundary region 

and North Atlantic Current region, expanding clockwise to fill almost the entire subtropical 

NA 20 years on, except the eastern part near southwestern Europe and northwestern Africa. 

This data used here is the annual mean of monthly PPP. PPP by definition is dimensionless.  

   

 

Figure 4. Evolution of subsurface temperature ensemble variance in NA in the 20-year 

ensemble run (unit: °C). Here the variance is the normalized squared deviation from ensemble 

mean. Unit: K2. 

 

Figure 4 exhibits the temporal evolution of Tsubvar. We can readily notice that the development of 

high-value patches of Tsubvar shear several features with the development of low-value patches of 
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PPPTsub, in correspondence with the fact that PPP is actually the local-normalization of ensemble 

variance. There are four distinct features in the development of high-value Tsubvar: 1. A high-value 

patch (patch A’) originates in the western boundary current region and North Atlantic Current; 2. 

Another high-value patch (patch B’) emerges and develops within years 6-8; 3. The expanding or 

propagation direction of patch A’ and B’ are opposing, i.e., A’ moves eastward B’ westward; 4. In 

the late period of the twenty year, a significant dipole pattern of Tsubvar exists in the subtropical 

North Atlantic Ocean, i.e., strong variance is mainly located in the western part while weak variance 

is in the east subtropical North Atlantic. This is in good agreement with the dipole pattern of PPP 

shown in Figure 3. Now we may examine the sources and sinks of Tsubvar. This requires a thorough 

investigation of terms in equation (2), see in the appendix A for the details of how to generate 

equation (2). 

  Since the velocity data are unavailable, the first three terms on the right hand side cannot be 

calculated straightforwardly. So here I only display the left-hand-side term (Figure 5) and the last 

two terms on the right-hand side (Figure 6 and Figure 7). Note that the eddy diffusivities Kh and Kz 

are indeed associated with the velocity, however we can estimate the magnitudes of term 4 and term 

5 by using typical values of Kh and Kz. Even though an exact quantification of each term cannot be 

realized, we can still have a flavor of the comparison of contributions by the first three terms on the 

right-hand side as a whole and the contributions of the fourth term and the fifth term.  

 

 

Figure 5. Development of temperature variance tendency term (i.e., the left-hand-side in 

Equation (8)) in the 20-year ensemble run. Note that there is no particular spatial pattern in 



Chapter 3 Understanding the growth of subsurface temperature prediction uncertainty originating from initial 

perturbations in the North Atlantic Ocean: the effects of mean state and meso-scale eddies 

57 
 

the growing process. Even though in individual year the left-hand-side might not be uniformly 

positive, the 20-year mean is positive. It is in accordance with the fact that the 20-year 

integration reveals a generally positive growth in the subtropical North Atlantic. Unit: K2 yr-

1 

 

Figure 5 is the temporal evolution of the left-hand-side term of Equation (8). There is no particular 

long-standing spatial pattern during this developing process. However the 20-year mean is 

predominantly positive in almost the entire North Atlantic, with high-value along the North Atlantic 

Current and in the SPG. Note that the magnitude is one order larger than vertical eddy diffusive flux 

in Figure 7 and one order smaller than horizontal eddy diffusive flux in Figure 6, indicating the 

insignificance of vertical eddy diffusive flux of Tsubvar. 

Since the background initial states (before imposing perturbation) and boundary conditions of the 

40 ensemble experiments are identical, the only source of the ensemble spread stems from the initial 

temperature perturbation and internal error growth process of the ocean, i.e., the terms in Equation 

(8). However, since we have no access to the 3D velocities, it is impossible to compute the first 

three terms, i.e., the velocity-related terms. Hence here I calculate the vertical and the horizontal 

eddy diffusive fluxes of Tsubvar. Typical values of Kh and Kv, 104 m2 s-1 and 10-4 m2 s-1, respectively, 

are taken in the computation. Figure 6 shows development of horizontal eddy diffusive flux of 

Tsubvar. Noticeably the horizontal eddy diffusive flux is negative in majority of the North Atlantic 

Ocean (NA), except in the center of subpolar gyre (SPG) and several patches in the North Atlantic 

Current. The strongest values occur in the SPG, the Gulf Stream and the North Atlantic Current. In 

the later part of the twenty year, there emerges a zonal dipole pattern of horizontal eddy diffusive 

flux of Tsubvar in the SPG. In the subtropical region, the propagation model is by and large in 

accordance with the clockwise large-scale circulation. 
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Figure 6. Temporal evolution of horizontal eddy diffusive flux of Tsubvar in the 40-member, 

20-year ensemble run. Throughout the entire twenty years the effect of horizontal eddy 

diffusive flux of Tsubvar is largely opposing the growth of Tsubvar. In most regions of the North 

Atlantic, horizontal eddy diffusive flux of Tsubvar is to depress the development of Tsubvar, the 

only exceptions are patchy areas in the center of subpolar gyre and along the North Atlantic 

Current. Unit:K2 s-1.  

 

 

Figure 7. Temporal evolution of vertical eddy diffusive flux of Tsubvar in the 40-member, 20-

year ensemble run. Similar to its horizontal counterpart, during the twenty years, vertical 

eddy diffusive flux of Tsubvar is mostly negative in the North Atlantic Ocean (Only patchy 

regions along the Gulf Stream and North Atlantic Current, and in the middle of sub-polar 

gyre are positive.). It indicates that vertical eddy diffusive flux of Tsubvar is working to depress 

the Tsubvar in most part of the subtropical North Atlantic Ocean. Note the difference of the 

color bar scales in Figure 6 and Figure 7, which indicates that the horizontal eddy diffusive 

flux of Tsubvar is loosely two orders of magnitude larger than the vertical one. Unit: K2 s-1. 
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  Likewise we calculate the vertical eddy diffusive flux of Tsubvar as well to examine its effect 

(Figure 7). Basically it depresses the development in most regions of the North Atlantic, except that 

the fluxes on the north edges of the Gulf Stream and the North Atlantic Current are positive. A 

simple comparison of Figure 6 and 7 reveals that the horizontal eddy diffusive flux is approximately 

two orders of magnitude larger than the vertical diffusive flux, and roughly one order of magnitude 

larger than the left-hand-side term. This clearly indicates that the vertical eddy diffusive flux does 

not play the main role in Tsub prediction uncertainty development.  

  Even though we cannot directly calculate the three velocity-related terms, we can still infer their 

effects from a comparison of the left-hand-side term and the horizontal and vertical eddy diffusive 

fluxes (Figure 6 and 7). In most regions, eddy diffusive fluxes work to oppose the growth of Tsubvar, 

particularly along the Gulf Stream and the North Atlantic Current. It is in distinct contrast with the 

developing pattern of Tsubvar (Figure 6 and 4). This suggests that the high-value region of three 

velocity-related terms as a whole should be along the Gulf Stream and the North Atlantic Current, 

to oppose the effect of eddy diffusive fluxes. 

3.3 Understanding zonally averaged temperature prediction uncertainty and its 

association with AMOC 

 

 

Figure 8. Ensemble variance (30 of the full 40 members excerpt the SST-perturbed sub-

ensemble, because the zonally averaged temperature of the SST-perturbed sub-ensemble 

data is unavailable.) of zonally averaged temperature in the Atlantic Ocean in the 20-year 

ensemble run. Unit: K2. 
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 Now that we are already aware of the horizontal evolution pattern of temperature prediction 

uncertainty, we might be interested in its vertical propagation as well. Therefore, to investigate 

the development of temperature uncertainty in latitude-depth space, I calculate the ensemble 

variance of zonally averaged temperature in the Atlantic Ocean (Figure 8). Strong variance 

originates from ocean surface develops throughout the entire basin, then it penetrates 

downwards firstly through the wind-driven cell and then mainly in two sites: subpolar region 

in the North Atlantic (50°-70°N) and near Antarctic continental shelf. It is probably caused by 

deep convection process in these two sites. Surface anomalies induce deep and bottom water 

formation processes uncertainty and convey surface uncertainty downwards. This means that 

oceanic temperature within this depth is less sensitive to initial temperature perturbation, even 

though the perturbation is indeed three-dimensional. 

  To examine this hypothesis, I plot the Hovmöller diagram of zonally averaged temperature 

variance at depths of 5 m, 200 m, 400 m, 1000 m, 2000 m and 3000 m, in the northern North 

Atlantic Ocean (north of 40oN, Figure 9). Remarkable and coherent propagation modes exist 

in the sub-to-deep oceans. There are 2 distinct high-value region, one centred in around 73°N, 

the other one around 60°N. At 400m, the 73°N-centered one feds away in years 12-13, 

meanwhile the 60°N-centered one starts growing dramatically. The two patches are thought to 

be caused by different reasons. The 60°N- centered one corresponds to a similar surface (at 5m 

depth) structure, indicating that this patch is probably a consequence of downward propagating 

surface temperature uncertainty. There is no such correspondance for the 73°N-centered patch. 

This patch is likely to be a result of interior ocean process, such as local enhanced mixing at 

subsurface depth. It is not clear if the two high value patches are somewhat linked or not. In 

further investigation we will dig into this problem. 
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Figure 9. Hovmöller diagram of zonally averaged temperature variance at depths of 5m, 200m, 

400m, 1000m, 2000m and 3000m, in the northern North Atlantic Ocean. Below 400m, there 

are 2 distinct high-value region, one centered in around 73°N, the other one around 60°N. At 

400m, the 73°N-centered one feds away in years 12-13, meanwhile the 60°N-centered one starts 

growing dramatically. Unit: K2. 

 

 

Figure 10. Vertical section of temperature variance along a zonal line near 59°N. The 

uncertainty develops initially in the surface of Irminger Sea, later on propagating into the 

subsurface depth (200-600m). In the late part of the 20 years, the largest uncertainty develops 

mainly along the continental shelves. Interestingly the downward propagation takes place 

mainly along continental shelves (i.e., Greenland Island shelf, Western European shelf and 

North American shelf). Unit: K2. 

 

From another perspective, the development of temperature uncertainty along a zonal grid line near 

59°N is shown in Figure 10. Interestingly, the uncertainty originates at the surface and propagates 
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into subsurface depth gradually. In the late part of the 20 years, the largest uncertainty develops 

mainly along the continental shelves. This is consistent with the fact that subpolar mode water 

formation processes are mainly happening along continental shelves (Elena Brambilla et al. 2008); 

i.e., temperature uncertainty is transported downward by subpolar mode water formation along 

shelves. In the open ocean deep convection might be involved in the downward transportation of 

temperature uncertainty, but the contribution is significantly less than near-shore subpolar mode 

water formation processes.  

 

Figure 11. Zonally averaged temperature variance tendency in the 20-year ensemble run. Here 

the term is calculated using leap-frog scheme, with a time step length of 2 years. Unit: K2 yr-1.  

 

The tendency term of ensemble variance of zonally averaged temperature is displayed in Figure 11. 

Only patches of positive values can be identified mainly above -1000 m in the ex-polar regions. 

However we can still tell that strong surface-to-deep-ocean propagation of uncertainty occurs in the 

high latitude North Atlantic.  
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Figure 12. Evolution of ensemble variance of meridional overturning circulation in the 20 

years. Large uncertainty develops mainly at sub-to-middle depth (from 100 to 2000m). Unit: 

Sv2. 

   

Now a question arises naturally that, what principally sets the pattern of temperature ensemble 

variance. Meanwhile we may wonder in latitude-depth space, what is the pattern of AMOC 

uncertainty growth, and whether or not there is resemblance and dynamical association between 

AMOC uncertainty pattern and temperature uncertainty pattern. To this end, I calculate the ensemble 

variance of meridional overturning circulation (MOC, Figure 12). As a matter of fact, the patterns 

of MOC bear little resemblance to that of temperature variance. A reminiscence of Tsubvar shown in 

Figure 4 reminds us that, even the initial temperature perturbation has no particular spatial pattern 

at subsurface depth, the development of Tsubvar is spatially non-uniform. The remarkable contrast 

between Tsubvar along the Gulf Stream and North Atlantic Current and that in the interior in the 

early years corresponds to the difference of nonlinearity in the two regions. Velocity field along the 

Gulf Stream and North Atlantic Current has larger nonlinearity. One significant cause of this strong 

nonlinearity is the active eddy activities as a consequence of barotropic or baroclinic instabilities in 

these regions. In the interior subtropics (exclude boundary regions), however, the ocean is, on the 

first order, a consequence of linear geostrophic balance. This explains the non-uniformity of Tsubvar 

developments. On the other hand, after amplified temperature uncertainty arrives at subpolar regions, 

it starts to expand into the deep ocean. In this way the temperature uncertainty probably intimately 

influences the overturning circulation, mostly likely via inducing uncertainty in the North Atlantic 
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Deep Water formation process. 

 

 

Figure 13. PPP of zonally averaged meridional stream function in the Atlantic Ocean in 

the 20-year ensemble run. Notably in the first year, low-value PPP are on ocean surface 

and at bottom. It implies that on shorter time scale (1-5 years) PPP of zonally averaged 

meridional stream function at subsurface-to-deep depth (except ocean bottom) is less 

sensitive to oceanic temperature perturbation than when it’s at surface or bottom. Then 

the two low-value PPP patches develop downwards and upwards respectively, eroding 

strong PPP in the middle ocean. In the late period (year 16-20) the PPP within 50-70°N 

drops close to zero and remains quite low. It indicates that the internal variation 

originating from initial temperature perturbation substantially contaminates the 

potential predictability of deep convection. PPP is dimensionless by definition. 

 

Next, to investigate the potential association between PPP of zonally averaged meridional 

stream function and temperature spread in latitude-depth space, I compute PPP of zonally 

averaged meridional stream function in the Atlantic Ocean and display it in Figure 13. Notably 

in the first year, weak PPP are at ocean surface and at bottom. It indicates that on shorter time 

scale (1-5 years) zonally averaged meridional stream function at subsurface to deep depth 

(except ocean bottom) is less sensitive to oceanic temperature perturbation than when it’s at 

surface or bottom. Later on the two low-value PPP patches develop downwards and upwards 

respectively, eroding strong PPP in the middle ocean. In the late period (years 16-20) the PPP 

within 50-70°N drops close to zero and remains at a low level. It indicates that the internal 

variation originating from initial temperature perturbation substantially reduces the potential 

predictability of deep convection in the subpolar region. The large ensemble variance of 
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temperature in the subpolar region (years 10-20) in North Atlantic in Figure 8 corresponds well 

with the weakest PPP of zonally averaged stream function (years 16-20) shown in Figure 13. 

  It is not difficult to find that the ensemble variance of zonally averaged meridional overturning 

circulation in figure 15 is in contrast with PPP shown in Figure 13 (usually high ensemble variance 

is in consistency with low PPP). This paradox indicates that the climatological variance is large in 

regions with low PPP (and high ensemble variance) at sub-to-middle depth. The climatological 

variance is a consequence of both external and internal forcing, while ensemble variance is a result 

of internal variance only (ensemble variance is calculated at each time step, in this way external 

forcing is excluded). 

 

 

Figure 14. Evolution of ensemble variance of meridional overturning streamfunction in the 20 

years. Large uncertainty develops mainly at ocean surface in the first 10 years. After that a 

vertical sheet of high value develops downward into deep ocean at around 60°N. Unit: Sv2. 
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Figure 15. Zoom in of ensemble variance of overturing streamfunction in year 20, plus 

ensemble mean of zonally averaged overturning streamfunction. Dashed contour lines 

represent negative stream functions, and solid contour lines are positive stream functions. 

Shading stands for ensemble variance of streamfunction. Unit: Sv2.     

 

Figure 15 exhibits the ensemble variance of meridional overturning streamfunction in year 20, as 

well as mean overturning stream function. It can be found that there seems no obvious links between 

mean stream function and ensemble variance of meridional overturning streamfunction. This 

suggest that the development of meridional mass transport is not dominated by the ensemble mean 

signal.  

 

 

Figure 16. Same to Figure 14 but for the vertical velocity. Notably the ensemble variance of 

vertical velocity is 4 orders of magnitude larger than its’ meridional counterpart. It rules out 

the possibility that the ensemble variance of meridional velocity shapes the pattern of 
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temperature uncertainty evolution. Unit: Sv2. 

  

Next, to identify whether the uncertainty of meridional or vertical transport is more important than 

the other one, I calculate the ensemble variance of both and display them in Figure 14 and 16, 

respectively. Remarkably the ensemble variance of vertical transport is 4 orders of magnitude larger 

than its meridional counterpart, which excludes the possibility that uncertainty in meridional 

transport shapes the evolution pattern of zonally averaged temperature. In addition, what’s intereting 

is that, the patterns of ensemble variance of meridional overturning streamfunction (Figure 14) bears 

a resemblance to that of temperature variance (Figure 11).  

In order to give an idea of how Tsubvar in an ocean forced eddy-permitting model differs from 

that in a coupled laminar ocean model, we begin by calculating annual average of Tsubvar from the 

output of both models (i.e., IPSL-CM5A-LR in used in Chapter 2/3 and NEMO3.4 used in this 

chapter) (Figure 17).  

 

 

Figure 17. Comparison of subsurface temperature ensemble variance from the coupled 

laminar model (upper) and that from the forced eddy-permitting model (lower). Only four 

years are presented because the intermediate-resolution model data is merely available from 

8th January to 15th December 2005. The main concensus between the two model output:1.high 

Tsubvar along the Gulf Stream and the North Atlantic Current and low Tsubvar in the southern 

part of the subtropical gyre. The main discrepency is that, after 2 years of integreation, SPG 

in the coupled laminar model is fullfilled with high-value Tsubvar, while in the forced eddy-

permitting model, a diople pattern sustains throughout the four years. 
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In order to reveal evolution of Tsubvar tendency, we first calculate left-hand-side term from 5-day 

average (Figure 18). 

 

 

Figure 18. The left hand side of equation (8), namely tendency of Tsubvar. This term here is 

obtained from 5-day mean. High tendency is located mainly along the Gulf Stream and the 

North Atlantic Current. Unit: K2 s-1. 

 

High Tsubvar tendency is mainly along the Gulf Stream and the North Atlantic Current, and 

spreading far into the Norwegian Sea. On both sides of the North Atlantic Current, the Tsubvar 

tendency is much weaker. This is in contrast to the case in the coupled laminar model, where the 

tendency of Tsubvar in the Labrador Sea is comparable to that in the Irminger Sea.  

Next in order to explore the effect of advection term in equation (8), we then calculate it from the 

5-day average (Figure 19). 
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Figure 19. The first term on the right hand side of equation (8), namely the horizontal 

advection term. This term here is computed from 5-day mean. This term work both to damp 

and feed positively the growth of Tsubvar. Unit: K2 s-1. 

 

Interestingly the effect is not straightforward. The advection term feed both positively and 

negatively to the evolution of Tsubvar. There is no particular location for each of the both effects. 

That is to say, Tsubvar both damp and favor the growth of Tsubvar everywhere in the North Atlantic 

Ocean.  

In order to quantify the effect of the generation term, the term 2 on the right-hand side is obtained 

from 5-day average (Figure 20). 
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Figure 20. The second term on the right hand side of equation (8), namely the generation term. 

This term here is calculated from 5-day mean. This term contributes both positively and 

negatively to the Tsubvar tendency. Unit: K2 s-1. 

 

Like the case of the advection term, the generation term oppose as well as flavor the Tsuvar growth. 

What is different is that, both effects are mainly along the Gulf Stream and the North Atlantic 

Current (the only exception is the case of 3245 days). 

To achieve a quantification of the self-advection, the third term on the right-hand side of equation 

(8) is then obtained from 5-day mean (Figure 21). 

 

 

 

Figure 21. The third term on the right hand side of equation (8), namely the self-advection 

term. This term here is obtained from 5-day mean. This term work both to oppress and boost 

the growth of Tsubvar. Unit: K2 s-1. 

 

The self-advection term bears a resemblance to the advection term. It work both to damp and 

promote the development of Tsubvar, and both effects are at work everywhere in the North Atlantic 

Ocean.  

It should be noted that even though each of the velocity-related terms has both damping and 

enhancing effects, the net contribution from every term is positive. Therefore the net effect of the 

three velocity-related terms is positive as well, i.e., the three terms work together to feed positively 

the growth of Tsubvar. This is clearly in qualitative consistency with the results from the coupled 
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laminar model.  

 

 

Figure 22. The fourth term on the right hand side of equation (8), namely the horizontal eddy 

diffusive flux. This term here is calculated from 5-day mean. Note that this term 

predominately contribute negatively to the growth of Tusbvar, with vanishingly few exceptions 

as scattered patches. Unit: K 2 s-1. 

 

Next, to clarify the contribution from eddy diffusive fluxes, the horizontal and vertical eddy 

diffusive fluxes are obtained from 5-day averages (Figure 22, 23). Unsurprisingly, the horizontal 

eddy diffusive flux mainly work to damp the Tusbvar, with negligibly few exceptions existing as 

scattered patches. High damping effect are along the Gulf Stream and the North Atlantic Current. 

This is qualitatively consistent with results from coupled laminar model. It should be noted that the 

magnitude of horizontal diffusive fluxes is 3 orders larger than that in Figure 6. This might be 

associated with the fact that temperature fluctuation on 5-day time scale is larger than on monthly 

time scale. 

As for the vertical eddy diffusive flux, it predominate effect is also to suppress the growth of 

Tsubvar (Figure 23). Likely, the damping are also along the Gulf Stream and the North Atlantic 

Current. What is distinctly different from its horizontal counterpart is that, on the north and west 

boundaries of the North Atlantic Current, vertical eddy diffusive flux contributes positively to the 

development of Tsubvar. This is qualitatively consistent with the result from a coupled laminar model 

in (Figure 7) even if the spatial extent is more restricted in the case of forced eddy-permitting model.   
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Figure 23. The fifth term on the right hand side of equation (8) in Chapter 3, namely the 

vertical eddy diffusive flux. This term here is calculated from 5-day mean. Note that this term 

mainly contribute negatively to the growth of Tusbvar, with exceptions merely on the north and 

west edges of North Atlantic Current and in scattered patches in other regions. Unit: K 2 s-1.  

 

Another interesting finding worth mentioning is a quasi-annual burst of subsurface temperature 

variance in the Labrador Sea (Figure B.1 in Appendix B). The whole life cycle is as follows: in the 

early spring, a high-value patch of temperature variance occurs in the middle of the Labrador Sea. 

This patch then spread into all directions in the form of an expanding cycle. Finally the cycle merge 

into near-shore high-value region in the northern and western edge of Labrador Sea, or is somehow 

damped in the eastern and southern border of the Labrador Sea. This whole evolution last for 

approximately 40 days (≈ 6 weeks), and occurs in every spring of the 4 modelling years. As of 

this writing, this phenomenon has not been reported previously to the author’s knowledge. However 

investigation into the underlying is beyond the scope of this thesis due mainly to the limitation of 

length. 

 

4. Conclusions and discussions 

 

Subsurface temperature in the North Atlantic is one of the key fingerprints of the AMOC (J Mignot 

et al. 2007; Rong Zhang 2008) and are connecting to variations of SST, upper ocean heat content 

and regional climate (G Shaffer et al. 2004; LM Frankcombe et al 2010) on multiple time scales. 



Chapter 3 Understanding the growth of subsurface temperature prediction uncertainty originating from initial 

perturbations in the North Atlantic Ocean: the effects of mean state and meso-scale eddies 

73 
 

Using subsurface temperature to construct the AMOC variation is documented to be skillful 

(Mahajan et al 2011). Besides, models with assimilated subsurface temperature field has better 

performance than those without (Ziwang Deng et al. 2010). It is therefore worthwhile to further 

investigate the factors that increase, propagate, and decrease Tsub prediction uncertainty. Here I use 

a forty-member ensemble and a 1000-year piControl run produced by IPSL-CM5A-LR to examine 

the development process of Tsub prediction uncertainty. A clockwise propagation mode of Tsub 

prediction uncertainty is found by diagnosing the PPPTsub evolution. Then I decompose the Tsubvar, 

which by nature is equivalent to opposite PPP, into six components. The first five terms on the right 

hand side come from tracer budget equations, the sixth term is due to unresolved sub-grid processes. 

  There are of course a few drawbacks in this study. For instance, despite our efforts of extracting 

valuable information from the reduced data, the fact that we lack velocity data makes it difficult to 

conduct a full investigation of all the terms in Equation (8). This attempt is then carried with the 

output from an eddy-permitting model. Furthermore, the data is produced by a single model, hence 

it would be interesting to examine the robustness of our finding against other model outputs in the 

future. Even though, our analysis provides a better understanding of the Tsubvar development in the 

North Atlantic Ocean. This is beneficial on several aspects, for example, when designing the 

monitoring system of subsurface temperature, we can implement more equipment along Gulf 

Stream and North Atlantic Current, for the reason that largest uncertainty is arising from these 

regions. Another example is the reconstruction and use of upper ocean heat content: we can be 

clearer about the internally generated uncertainty range if we have a thorough understanding of the 

development of Tsubvar. In the late part of this Chapter, using an 11-member ensemble produced by 

a forced eddy-permitting ocean general circulation model (NEMO3.4), I have studied the subsurface 

temperature variance in the North Atlantic Ocean, with special interest in the effect of meso-scale 

eddies. We realize that some shortcomings are in this study. For instance, only one model is used in 

this study, therefore it would be desirable to examine the robustness of our findings using output 

from other models. Besides, it would be better if the integrated time of the ensemble were longer. 

The main findings in our study can be summarized as follows:    

(1) The prediction uncertainty of subsurface temperature, represented by low-value PPP, is mainly 

consistent with the clockwise large-scale gyre in the subtropical North Atlantic Ocean. It 

originally emerges in the Gulf Stream region and North Atlantic Current region, then expands 
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and propagates southwestward to low-latitude subtropical North Atlantic. In the end of the 

twenty model years, Tsub prediction uncertainty has grown to be overwhelming in the entire 

subtropical North Atlantic Ocean.  

(2) A zonal dipole pattern of Tsub prediction uncertainty exists in the subtropical North Atlantic. 

Uncertainty in the western subtropical North Atlantic, such western boundary region and 

interior of the subtropical gyre, is distinctly larger than in the east, especially the coastal regions 

along south Europe and northwestern Africa.  

(3) The growth of Tsubvar, the physical nature of the prediction uncertainty, is decomposed into five 

different components. Among them horizontal and vertical eddy diffusive temperature variance 

fluxes work to depress Tsubvar. In contrast, first three terms on the right-hand side as a whole 

act to produce and propagate Tsubvar. These three terms are associated with velocity, implying 

that a more accurate prediction of velocity may contribute to reduce Tsub prediction uncertainty. 

Horizontal eddy diffusive flux is two orders of magnitude larger than vertical eddy flux, though 

both work to limit the growth of Tsub prediction uncertainty.   

(4) The left-hand side is of the same magnitude than vertical eddy diffusive flux, while around two 

orders of magnitude smaller than the horizontal eddy diffusive flux and velocity-related terms 

as a whole. This indicates that the left-hand side of Equation (8), i.e. the Tsubvar tendency, is by 

and large a consequence of the competition among the two larger terms (velocity-related terms 

as a whole and horizontal eddy diffusive flux).  

(5) Downward propagation of temperature ensemble variance in the subpolar region of North 

Atlantic takes place mainly along continental shelves, i.e., Greenland Island shelf, Western 

European shelf and North American shelf. This is in accordance with the strong subduction in 

these regions.  

(6) The triple terms work together to generate and propagate the temperature error.  

(7) The meso-scale eddies damp the temperature variance. Three velocity-related terms work 

together to feed positively to the growth of Tsubvar. More specifically, the net effects of the 

advection term, the generation term and the self-advection term are all positive.  

(8) It is found that the horizontal and vertical eddy diffusive fluxes mainly work to oppose the 

Tusbvar, and the high damping effect are along the Gulf Stream and the North Atlantic Current.  

(9) A quasi-annual break-out of Tsubvar in the Labrador Sea is reported for the first time in this 
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Chapter. This break-out appears in the spring and propagates as an enlarging cycle for around 

6 weeks, finally disappearing on edge of the Labrador Sea. This is reckoned to be linked with 

atmospheric activities and sea-ice melting in the spring, however this argument needs further 

evidenced confirmation. 

In addition to these findings, some shortcomings exist in this study. First of all, considering the 

limitation induced by our two data sources, it would be desirable to examine the robustness of our 

findings here, by analyzing outputs from various models in the future. In this way we could probably 

rule out the possibility that the findings are special cases in one particular model. Different details 

in models, for example different eddy parameterization schemes or different coordinate frameworks, 

may probably modify our findings to some degree. On the other hand, whether or not model 

resolution will impact the development of Tsubvar remains an open question. These questions has 

been dealt with, at least partly. Consensuses and discrepancies of results of different models are 

anticipated to be explored and explained in future work as well.  

As noted above, it would also be desirable to examine the robustness of these findings in the 

future, using outputs from other forced ocean or coupled climate models, such as those participating 

in CMIP5/6 (Coupled Model Inter-comparison Project phase 5/6). 

 

 

 

 

 

 

 

 

  

 



Chapter 4 Conclusions and discusssions 

76 
 

Chapter 4 Conclusions and discussions 

 

1. Overview of research content and findings 

 

Subsurface temperature variation in North Atlantic Ocean is intimately associated with the changes 

of AMOC and climate over North Atlantic sector on various time scales (J Mignot et al. 2007; R 

Zhang 2008; R Msadek et al. 2010; S Mahajan et al. 2011; H Teng et al. 2011; CD Roberts et al. 

2013). However, despite several valuable endeavors (MS Lozier et al. 2017; DA Smeed et al. 2018), 

we still lack an enduring, dedicated basin-wide observation of subsurface temperature in the Atlantic 

Ocean, besides Argo networks (not particularly design for this purpose of AMOC monitoring). 

Therefore numerical ensemble experiment remains a worthwhile approach to examine variations 

and predictability in ocean and climate sciences, though in some cases there might be biases in the 

predictability assessment using climate models (DM Smith et al. 2020). Besides, a key prerequisite 

for ensemble forecasting is to estimate the required ensemble size. So in this thesis, using 3 suites 

of ensemble experiments run at varying model resolutions, I investigate multiyear predictability of 

North Atlantic subsurface temperature, and the impact of ensemble size on prediction skill and 

assessment of initial-value predictability of North Atlantic Oceanic climate. To be more exact, the 

following questions are examined in this study:  

In chapter 2: 

(1) Whether or not can ensemble size change prediction skill and assessment of initial-value 

predictability (see methods) of SST, Tsub, and AMOC, respectively? If so, how?  

(2) What will the consistency and discrepancy be like among the impacts of ensemble size on 

prediction skill and assessment of initial-value predictability of SST, Tsub, and AMOC? We have 

these findings: 

(1) In an externally forced, conceptual SST model, which is an adapted version of Hasselmann (1976) 

model, the mean of ensemble mean approaches toward the theoretical value as ensemble size grows. 

The uncertainty between different realizations of ensemble means is reduced in the size-growing 

process. 

(2) In terms of IPSL-CM5A-LR, ensemble size rising leads to a smooth drop of PPP, and a reduction 
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of uncertainties of PPPs. This anti-correlated relations between ensemble size and PPP, ensemble 

size and PPP uncertainty, don’t dependent on the chosen variables (within the tested ones).(3) The 

PPP, PPP uncertainty and RMSD of AMOC no longer change remarkably as the size is no less than 

the ‘critical size’, which is loosely 15 to 20 for IPSL-CM5A-LR, while ~7 for the forced eddy-

permitting model. Individual contribution of extra ensemble member to the change of PPP and PPP 

uncertainty drops dramatically as the size is over ‘critical size’.  

To summarize, we have answered all the scientific questions listed in Chapte 2. In addition, we 

also revealed through our analysis that the there is a different ‘critical sizes’ for the coarse ensemble 

and the eddy-permitting ensemble. This indicates the effect of oceanic eddies in the growth of 

internal uncertainty, and imply that one advantage of eddy-permitting ensemble forecasting is that 

it need less members to quantify the upper bound of internally generated uncertainty.  

In the first part of chapter 3 the scientific questions are: 

(1)What is the spatial pattern of the evolution of Tsubvar? 

(2)What is dominating its evolution? What are the sources of Tsubvar and what are the sinks? 

(3)What are the relative significance of contribution of those factors impacting Tsubvar’s 

development? 

In Chapter 3, we have also examined subsurface temperature ensemble variance by analyzing 

output from a forced eddy-permitting ocean model, to gain a better understanding of eddy’s role in 

initial value predictability of subsurface temperature. The scientific questions in the second part of 

chapter 3 are:  

(1) Is there any difference in the North Atlantic Tsubvar evolution in a coupled laminar ocean 

model and a forced eddy-permitting ocean model? 

(2) How can the meso-scale eddies contribute the development of North Atlantic Tsubvar? 

(3) Is the contribution of eddies dependent on time scales? 

 

The main findings in Chapter 3 are:  

 

(1) The prediction uncertainty of subsurface temperature, represented by low-value PPP, is mainly 

consistent with the clockwise large-scale gyre in the subtropical North Atlantic Ocean. It originally 

emerges in the Gulf Stream region and North Atlantic Current region, then expands and propagates 
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southwestward to low-latitude subtropical North Atlantic. In the end of the twenty model years, 

Tsub prediction uncertainty has grown to be overwhelming in the entire subtropical North Atlantic 

Ocean.  

(2) Uncertainty in the western subtropical North Atlantic, such western boundary region and interior 

of the subtropical gyre, is distinctly larger than in the east, especially the coastal regions along south 

Europe and northwestern Africa.  

(3) The growth of Tsubvar, the physical nature of the prediction uncertainty, is decomposed into five 

different components. Among them horizontal and vertical eddy diffusive temperature variance 

fluxes work to depress Tsubvar. In contrast, first three terms on the right-hand side as a whole act to 

produce and propagate Tsubvar. These three terms are associated with velocity, implying that a more 

accurate prediction of velocity may contribute to reduce Tsub prediction uncertainty. Horizontal 

eddy diffusive flux is two orders of magnitude larger than vertical eddy flux, though both work to 

oppose the growth of Tsub prediction uncertainty.   

(4) The left-hand side is of the same magnitude of vertical eddy diffusive flux, while around two 

orders of magnitude smaller than horizontal eddy diffusive flux and velocity-related terms as a 

whole. This indicates that the left-hand side of Equation (8), i.e. the Tsubvar tendency, is by and large 

a consequence of the competition among the two larger terms (velocity-related terms as a whole and 

horizontal eddy diffusive flux).  

(5) Downward propagation of temperature ensemble variance in the subpolar region takes place 

mainly in along continental shelves, i.e., Greenland Island shelf, Western European shelf and North 

American shelf. This is in accordance with the strong convection in these regions. 

In general, the work presented in Chapter 3 has answered the corresponding scientific questions 

except questions 3 of the second part of Chapter 3, due mainly to the sudden termination of the 

research. Some elementary work (not shown in this thesis) indicates time-depent of eddy’s effects, 

however a quantitative evalutation is still needed.  

 

Implications of findings in chapter 3: 

 

In all, this thesis provides a quantification of the subsurface temperature variance development 

in the North Atlantic Ocean on inter-annual time scale. This is beneficial for a better understanding 
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of the predictability of North Atlantic Ocean state and of the AMOC.  

 

2. Discussions of caveats and outlook of future research  

 

2.1 What have been learnt? 

 

In spite of our best effect to improve this study, there are several drawbacks and caveats in it. 

Firstly, since we use only 2 models in this study (one coupled climate model with a laminar ocean 

and one forced eddy-permitting ocean model), there is no guarantee that the results we get here are 

universally applicable to various GCMs (e.g., those models participating Coupled Model 

Intercomparison Project Phase 5/6, i.e., CMIP5/6), for instance, or even to the actual climate. 

Secondly, no ensemble size-model resolution relationship is obtained due to unavailability of 

datasets from models with various resolutions. Thirdly, initialization in each of the two GCMs is 

imposed on one single year (model-year 2056 for IPSL-CM5A-RL and actual-year 2001 for the 

forced eddy-permitting ocean model). We would anticipate our conclusions to be more robust if we 

have additional ensemble members initialized in varying years (such as 2057, 2058, etc. for IPSL-

CM5A-LR and 2002, 2003, etc. for the forced eddy-permitting ocean model). 

 

2.2 Some suggesitons  

For those who are are building an AMOC preictions system, we would, based on our findings in 

this thesis, make some suggestions. 

The first one is on the necessary ensmemem size, which is basically resolution dependent. As 

memtioned in Chapter 2, usually 15-20 members are enough for a non-eddy-permitting, laminar 

decadal prediction system. Larger ensembles seems unnecessary if computational resources are 

limited due mainly to substantially reduced gain by new added mmbers when size is over the 15-20 

threshhold. If the forced eddy-permitting system is used to make a forecasting, we would suggest 

that to have approximately 7 members, and beyond that, no more members are suggested.  

The second one is on the initialized approach for estimation of upper limit of subsurface 

temperature uncertainty on internal-annual to multi-annual time scales. Our analyses suggest that 
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western boundary and North Atlantic Currents regiosn are major sites where uncertainty originates, 

properly perturbe temperature in these regions could probably lead to better estimation of internal 

uncertainty of Tsub. From another perspective, targeted observations can be implemented in these 

‘sensitive regions’ to reduce intial error, in order to diminish the consequent internal uncertainty.  

2.3 Open questions 

Also, despite our best efforts of extracting valuable information from the reduced data, the fact 

that we lack velocity data makes it difficult to conduct a full investigation of all the terms in Equation 

(8). This attempt is carried in the second part of Chapter 3 with the output from a forced eddy-

permitting ocean model. However, the data is produced by a single model, hence it would be 

interesting to examine the robustness of our finding against other ocean or climate model output in 

the future. 

In the future, it would be desirable to quantify the subsurface temperature prediction uncertainty 

in the sub-polar region using other initialized ensembles, such as those participating in CMIP5/6. 
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Appendix A Integral of adapted Hasselmann 1976 stochastic climate 

model 

 

In chapter 2 a stochastic SST is used, which is an adapted version of famous Hasselmann 1976 

model (Florian Sévellec & Bablu Sinha 2018; K Hasselmann 1976). Essentially, in that model, the 

red-noise power spectral characteristic of mixed layer temperature at mid-latitude is well reproduced 

by a white-noise forced slab ocean model (K Hasselmann 1976). The model reads, 

 

      
d 

d

t
t t

SST
SAT SST

t
                （A.1）                                    

 

where SSTt is instantaneous sea surface temperature anomaly, SATt instantaneous surface air 

temperature anomaly,   the adjustment time scale of ocean (set to be 10 years, same to that in 

Florian Sévellec & Bablu Sinha 2018). The SATt here is set to be a zero-mean white noise with a 

variance of 0.5 K2 (While in Florian Sévellec & Bablu Sinha 2018 it is set to be 1.6K2). 

Take an infinite integral on both sides of equation (1),  

 
d 

d d
d

t
t t

SST
t SAT SST t

t
                             (A.2) 

which is equivalent to 

( d d ) /t t tSST SAT t SST t                               (A.3) 

Since SATt is prescribed to be a zero-mean white noise, its infinite integral vanish. Therefore we 

have  

           (0 d ) /t tSST SST t                              (A.4) 

This is equivalent to 

21/ (2 ) 0t tSST SST                              (A.5) 

There are two solutions of SSTt, 0 or 2 . The latter is unreasonable in the real world, so the 

solution of SSTt (i.e., expectation of SSTt) must be zero.  

In pragmatic calculation of Chapter 2, the integral length is 10000 years, which is long enough to 

be considered ‘infinite’. Therefore the expectation of instantaneous SST at year 10000 is zero.  
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Appendix B Some supporting figures 

 

In this appendix, a few supporting figures for chapter 2 and 3 are presented.  

 

Figure B1. (a) Time series of normalized anomalies of annual mean AMOC, SST and Tsub in 

the North Atlantic Ocean. The anomalies are calculated by subtracting long-term mean from 

its corresponding original series. The normalization is carried out by dividing the anomaly by 

standard deviation. Blue line represents normalized AMOC anomaly; red line denotes 

normalized SST anomaly; normalized Tsub anomaly is shown in green line. These series by 

construction are dimensionless. (b) Lead-lag correlations among anomalies of AMOC, Tsub 

and SST. Blue line represents normalized AMOC anomaly; red line denotes normalized SST 

anomaly; normalized Tsub anomaly is shown in green line. These coefficients by construction 

is dimensionless. (c) Power spectrum of normalized AMOC, SST and Tsub. Blue line 

represents power spectra of normalized AMOC anomaly; red line denotes power spectra of 

normalized SST anomaly; power spectra of normalized Tsub anomaly is shown in green line. 

These power densities by construction are dimensionless. 
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Figure B2. A life cycle of quasi-annual burst of subsurface temperature variance in the 

Labrador Sea. In the 80th 5-day mean, a high value patch occurs in the middle of the Labrador 

Sea. Afterwards it spreads in the form of a growing cycle. In the end of the life cycle it emerges 

on the western and northern edge of the Labrador Sea, or disappears (is damped) in the 

southern and eastern boundary of the Labrador Sea. Unit of temperature variance: ℃2. 
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