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ABSTRACT

A very large ensemble is used to identify subgrid-scale parameter settings for the HadCM3 model that are

capable of best simulating the ocean state over the recent past (1980–2010). A simple particle filtering

technique based upon the agreement of basin mean sea surface temperature (SST) and upper 700-m ocean

heat content with EN3 observations is applied to an existing perturbed physics ensemble with initial condi-

tions perturbations. A single set of subgrid-scale parameter values was identified from thewide range of initial

parameter sets that gave the best agreement with ocean observations for the period studied. The parameter

set, different from the standard model parameters, has a transient climate response of 1.68K. The selected

parameter set shows an improved agreement with EN3 decadal-mean SST patterns and the Atlantic me-

ridional overturning circulation (AMOC) at 268N asmeasured by the Rapid Climate Change (RAPID) array.

Particle filtering techniques as demonstrated here could have a useful role in improving the starting point for

traditional model-tuning exercises in coupled climate models.

1. Introduction

Simulations forced by historical estimates of external

climate drivers are common tools used to evaluate

coupled general circulation models (GCMs) of the at-

mosphere and ocean (Flato et al. 2013; Jones et al. 2013).

Despite a continual improvement of the fidelity of

coupled atmosphere–ocean GCMs over the past de-

cades, significant biases in the representation of the

present-day observed ocean properties remain. Indi-

vidual GCMs can have biases in their simulations of sea

surface temperatures of over 28C or more in higher

latitudes (Flato et al. 2013). The future evolution of

important large-scale oceanic circulations, such as the

Atlantic meridional overturning circulation (AMOC), is

uncertain, at least in part because of the substantial

spread in mean-state simulations apparent in GCMs

(Gregory et al. 2005). Because of the ocean’s important

role in determining the time scales of the climate re-

sponse to radiative forcing, as well as being an important

sink of anthropogenic CO2 emissions, improving the

representation of ocean mean states could have sub-

stantial value in helping to constrain estimates of future

climate changes.

Representations of the climate mean state and/or

transient climate changes over the historical period can

be improved either by alterations to the parameteriza-

tion schemes that represent unresolved climate pro-

cesses in terms of resolved variables on the finite grid of

the GCM, or by changes to the numerical value of spe-

cific coefficients within these schemes. The approach of

sampling large numbers of alternative realizations of

subgrid-scale parameters to assess their impact on

the climate representation is commonly known as a

perturbed physics [or perturbed parameter ensemble
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(PPE)] approach. Many previous studies (Williamson

et al. 2013; Yamazaki et al. 2013; Shiogama et al. 2012;

Sanderson 2011; Collins et al. 2007; Stainforth et al.

2005; Murphy et al. 2004) have used PPEs to explore the

effect of changes in atmospheric and ocean parameters

on the quality of the model’s simulated climate, largely

within the Met Office family of models. PPEs can be

used in a variety of ways, ranging from establishing the

sensitivity of the model response to changes in different

parameters to identifying parts of parameter space that

are incapable of producing a realistic present-day sim-

ulated climate. Williamson et al. (2013) investigate the

latter of these two applications and use a large PPE in

which multiple parameters were varied simultaneously

in order to span a multidimensional parameter space.

They applied a history matching technique, using sta-

tistical emulators with the simulation of a number of

atmosphere climate variables as constraints, to rule out

areas of parameter space that could not match obser-

vational metrics within their uncertainty ranges. They

were able to rule out around half of parameter space by

using this technique and suggest this technique can be

used to remove complex and irrelevant behavior in un-

realistic parts of parameter space.

In this paper, parameter sets are assessed using a PPE

(Murphy et al. 2004; Stainforth et al. 2005) of theHadley

Centre Coupled Model, version 3 (HadCM3), GCM

(Gordon et al. 2000), run without flux adjustments

(Yamazaki et al. 2013), for their ability to accurately

simulate properties of the oceanic climate mean state

over recent decades. The PPE that was used to ensure

reasonable TOA balance in Yamazaki et al. (2013)

forms the starting point for this study, and is conceptu-

ally similar to that of Shiogama et al. (2012) and uses the

spinup control experiment of Johns et al. (2011). Thirty-

three model parameters are perturbed simultaneously

such that each parameter set is well separated in pa-

rameter space and initial results have been filtered to

ensure each parameter set produces a reasonable top-of-

atmosphere radiative balance. Very large ensembles are

used to sample both initial condition uncertainty and

uncertainty in the many different HadCM3 subgrid-

scale parameters (in both the atmosphere and ocean).

For each ensemble member, we assess the compatibility

of the simulated oceanic heat content and sea surface

temperature (SST) with observational datasets on a bi-

annual basis, with the aim of identifying new parameter

combinations that are capable of best simulating the

entirety of the recent observational record.

Ocean parameter perturbation studies have been

performed previously with versions of the Hadley

Centre GCM (Forest et al. 2006; Collins et al. 2007), and

in general have been found to have limited impact on

global quantities such as the transient climate response

(TCR) and equilibrium climate sensitivity (ECS).

However, it remains unclear how important oceanic/

atmospheric parameter uncertainty is to the ability of a

GCM to achieve consistency with observed changes in

the oceanic state on nonglobal scales. Understanding

these relationships will be key to understanding the

implications (if any) of the recent warming hiatus to

climate sensitivity, as recent work has indicated that the

warming hiatus may be linked with changes in the pat-

tern of oceanic heat uptake relative to earlier periods

(Nieves et al. 2015; Liu et al. 2016). This study looks to

find potential ocean parameter sets that yield a better

agreement of the absolute values of sea surface tem-

perature and upper 700-m ocean heat content in the

recent past by principally identifying parameter adjust-

ments that lead to an improvement of the mean state of

the model.

This paper is structured as follows. Section 2 describes

the model, and section 3 describes the sulfate emissions

used as forcing over the historical integration. Section 4

details the methodology used to refine parameter sets

based upon their fit to observed ocean metrics and de-

tails the resulting TCR values of the selected parameter

sets. Section 5 compares the selected parameter sets to

the standardHadCM3 configuration and is followed by a

general discussion of results.

2. The model

Because of the large number of possible perturbations

to coupled GCM parameters and the potentially com-

plex interactions between them, very large ensembles

are required to identify suitable parameter sets that best

represent ocean mean states. This is achieved via the use

of the distributed computing project climateprediction.

net (CPDN), where large numbers of public volunteers

donate resources by agreeing to run simulations during

idle time on their home computers. The model used in

this study, the HadCM3 (Gordon et al. 2000), has been

used previously by CPDN in studies such as Yamazaki

et al. (2013), from which the starting conditions for this

experiment are taken. The parameter perturbations

used here are equivalent to those in Yamazaki et al.

(2013), and parameter definitions are included in Tables

1–3 for easy reference. Within this ensemble, atmo-

spheric and oceanic parameters are varied simulta-

neously, with the initial ranges chosen by use of a Latin

hypercube so as to fill the available parameter space.

Hence, the climate representation of each of the initial

parameter sets may be substantially different from each

other because of the nature of the design of the per-

turbed parameter sampling.
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The atmospheric component of the model is run at

3.758 3 2.58 longitude/latitude resolution with 19 vertical
levels (N48L19). The vertical levels use hybrid vertical

coordinates. This version of the model includes an in-

teractive sulfur cycle as described in Jones et al. (2001).

Sulfate aerosol concentrations are simulated from pre-

scribed emission fields of SO2, natural dimethyl sulfide

(DMS), and tropospheric sulfur arising from quasi-

regular volcanic eruptions. In this experiment, the

natural fields are left unaltered and historical anthro-

pogenic emissions are extended with RCP4.5. SO2

emissions data are used with a 2% yr21 increase applied

to 1995 values in East Asia (see section 3a for details). A

further modification has been made to the model so that

volcanic forcings [taken from Sato (2013)] are applied in

73 (as opposed to 4) latitude bands. All other forcing

fields are consistent with the CMIP5 RCP4.5 scenarios.

The ocean model component [as in Cox (1984)]

includes a thermodynamic sea ice model and has a

horizontal resolution of 1.258 in both directions and 20

vertical levels, spaced nonuniformly to give greater

resolution near the surface.

3. Methodology

a. Sulfate emissions

As one of the aims of this study is to try to find new

parameter combinations that are capable of simulating

the recent ocean state in a model that is not flux ad-

justed, it is important that the external climate forcings

used to drive the model are represented as accurately as

possible.

A large source of uncertainty in net climate forcing

over the recent past relates to uncertainties in both

sulfate aerosol emissions in East Asia (Hong et al. 2017)

and their net radiative effect on atmospheric energy

flows (Myhre et al. 2013). As emissions of sulfate aero-

sols could induce a potentially very large negative

(cooling) radiative forcing, which would offset a sub-

stantial fraction of the positive (warming) radiative

forcing of greenhouse gases, underestimates or over-

estimates of East Asian sulfate emissions provided as

climate model drivers could have a substantial effect on

the simulation of regional climate mean states over the

past several decades.

In this study we use the Advanced Along Track

Scanning Radiometer (AATSR) and the second Along

Track Scanning Radiometer (ATSR2) satellite re-

trievals of aerosol optical thickness (AOT) using the

Optimal Retrieval of Aerosol and Cloud (ORAC;

Thomas et al. 2009) to estimate the observed trend in

sulfate aerosol as a percentage trend per year over the

western North Pacific Ocean (WNPO). That range of

trends (in percent per year) is then applied to East Asian

emissions that are used to driveHadCM3 and the impact

on global surface temperature assessed. AATSR and

ATSR2 retrievals of AOT over the western North Pa-

cific Ocean (defined as 208–608N, 1008–1808E) are sec-

tioned into 108 3 108 bins. Trends from 1995 to present

TABLE 1. Atmospheric physics and dynamics parameter

definitions.

Parameter name Description

VF1 Ice particle fall speed

CT Cloud liquid water–precipitation con-

version rate

CW_LAND Threshold cloud liquid water content

over land

CW_SEA Threshold cloud liquid water content

over sea

RHCRIT Critical relative humidity for cloud

formation

EACF Empirically adjusted cloud fraction

ENTCOEF Atmospheric entrainment rate

coefficient

ALPHAM Albedo at sea ice melting point

DTICE Temperature range over which ice al-

bedo varies

ICE_SIZE Ice particle size

START_LEVEL_

GWDRAG

Lowest model level for gravity wave

drag

KAY_GWAVE Surface gravity wave drag wavelength

KAY_LEE_GWAVE Surface gravity wave trapped lee-wave

constant

ASYM_LAMBDA Vertical distance before air parcels

mix with surround

CHARNOCK Constant in Charnock formula (mo-

mentum transport over sea)

Z0FSEA Sea surface roughness (heat, moisture

transport)

G0 Used in calculation of boundary layer

stability function

R_LAYERS No. of soil levels from which water can

be extracted

DIFF_COEF Horizontal diffusion coefficient

DIFF_COEF_Q Horizontal diffusion coefficient for

water vapor

DIFF_EXP Order of horizontal diffusion

DIFF_EXP_Q Order of horizontal diffusion for water

vapor

TABLE 2. Atmospheric chemistry parameter definitions.

Parameter name Description

L0 Sulfate mass scavenging parameter L0

L1 Sulfate mass scavenging parameter L1

SO2_HIGH_LEVEL Model level for high-level sulfur dioxide

emissions

VOLSCA Scaling factor for volcanic emissions

ANTHSCA Scaling factor for anthropogenic sulfate

aerosols
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are calculated and result in the distribution shown in

Fig. 1. Fitting a Gaussian (Fig. 1, gray line) to this dis-

tribution and computing the standard deviation (Fig. 1,

range denoted by dark blue shading) gives an estimate of

the plausible range of values of the observed trend.

Rounding these values up to the nearest integer value

(for convenience) gives a range of a 64% yr21 trend in

sulfate aerosol to be considered in this study (denoted by

light blue shaded range in Fig. 1).

The SO2 CMIP5 RCP4.5 emissions fields supplied to

the model are then adjusted with each integer value

between a 64% yr21 trend over the East Asian region

(EAS). In this case, the EAS boundaries are taken to be

the Giorgi and Francisco (2000) EAS region (208–508N,

1008–1458E). There is a slight discrepancy between the

region used to measure the sulfate aerosol trends and

the Giorgi and Francisco (2000) region where SO2

emissions are altered. Sulfate emissions are mainly from

land sources, whereas the sulfate aerosol trends are

measured by satellite retrievals over the ocean. Satellite

retrievals are only considered over the ocean and be-

come noisier nearer the land, and so theWNPO region is

larger than EAS in an attempt to minimize the noise.

Most of the emissions occur over the land area, and this

represents the area in which the emissions are most in-

creased. Figure 2 shows the implications of mean SO2

emissions in the EAS region (right panel) and globally

(left panel). The solid and dotted yellow lines represent

the unaltered CMIP5 RCP4.5 and RCP8.5 emissions

scenarios, respectively. Each of the perturbed EAS

emissions used in this experiment is denoted by the

other colored lines. This highlights that the range of

plausible emissions studied here (gray shading) is much

larger than the difference between CMIP5 RCP sce-

narios. For each of these sulfate emission scenarios, an

initial conditions ensemble with 256 members is run for

HadCM3 with standard physics parameters.

For each of the nine different sulfate emissions per-

turbations and the unaltered CMIP5 RCP4.5 sulfate

emissions, 256 model simulations are performed. The

EAS and global-mean surface temperatures for each of

the EAS sulfate adjustments and the unaltered CMIP5

RCP4.5 emissions scenario are shown in Fig. 3. Colored

lines represent the ensemble mean for each of the nine

different EAS sulfate perturbations along with the

CMIP5 RCP4.5 sulfate emissions simulations. The

shaded regions denote the standard deviation of en-

semble members within each emissions set. It is clear

that EAS sulfate emissions have little impact on either

the global or regional surface temperature and are in-

distinguishable from both each other and the standard

RCP emissions scenario. Johns et al. (2003) suggest that

it is possible that the apparent insensitivity to SO2

emissions may be linked to too-low aerosol loading

arising from too-fast wet and dry deposition rates in this

version of HadCM3. This lack of sensitivity to sulfate

emissions within HadCM3 suggests that the precise

choice of sulfate emissions will not substantially affect

the model simulations, and hence the selection process

to find new plausible parameter sets that are capable of

reproducing recent oceanic observations.

b. Filtering process

Starting conditions for 1980, 1990, and 2000 taken

from existing RAPID–ChAAOS (Change in the At-

lantic Atmosphere–Ocean System) simulations, de-

tailed in Yamazaki et al. (2013), are used to initialize the

experiment for each decade of simulation. In Yamazaki

et al. (2013) a larger ensemble was filtered to ensure that

ensemble members give good top-of-atmosphere radi-

ation balance in their simulated control climates. Forcings

have since been updated over the recent period to include

small volcanic eruptions, and a 2% yr21 East Asian

FIG. 1. Distribution of the percentage change in AOT from 1995

to present from AATSR and ATSR2 measurements over the

North Pacific Ocean (gray shaded histogram). The gray curve

shows a Gaussian fit with the dark blue shaded region corre-

sponding to61 std dev. The light blue shaded region represents the

64% yr21 variations used in this study.

TABLE 3. Ocean dynamics parameter definitions.

Parameter name Description

ISOPYC Surface tracer isopycnal diffusion

VERTVISC Background momentum vertical diffusion

VDIFFSURF Background vertical diffusion of tracer at

surface

VDIFFDEPTH Increase of tracer background diffusion with

depth

MLLAM Wind-mixing energy scaling factor

MLDEL Wind-mixing energy rate of decay with depth
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emission growth was chosen with RCP4.5 data used else-

where. This is consistent with observational data trends

published in Yoon et al. (2016; section 6). In this study,

results are split into eight ocean basins, namely, the North

Atlantic, South Atlantic, North Pacific, South Pacific,

north Indian, south Indian, Southern Ocean, and Artic

Ocean. During the initial setup, ocean restart files with

identical ocean parameter settings are swapped with al-

ternative atmospheric restart files (in practice a very small

number, since the parameter sets were initially designed to

fill parameter space). The standard physics parameter sets

are included in the initial ensemble. After each 2-yr sim-

ulation period, for each ocean basin (except theArctic) the

Euclidean distance between the modeled SST and upper

700-m ocean heat content (OHC) and the EN3 v2a

gridded objective analysis observations (Ingleby and

Huddleston 2007) of these quantities are calculated for

each ensemble member and ranked. This dataset in-

cludes bias correction for expendable bathythermo-

graph (XBT) fall rates as detailed in Ingleby and

Huddleston (2007). The basin mean SST andOHCwere

chosen to constrain the ensemble, as they give a broad

FIG. 2. (top) The global-mean and (bottom) EAS-mean total SO2 emissions. The solid and

dotted yellow lines show the CMIP5 RCP4.5 and RCP8.5 SO2 forcing fields, respectively. The

gray region denotes a64% yr21 trend starting in 1995 applied to the EAS region with the line

denoting the trend to emissions applied in the simulations.
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indication of the surface and upper-ocean states without

matching finer features. They are also quantities where

ocean datasets are more reliable for comparison, since

deep oceanmeasurements are sparse. The basin ranks of

SST and OHC are summed and then reranked to form a

combined ranking over both constraining quantities for

each model in each ocean basin. These ocean basin

ranks are then summed across all ocean basins and re-

ranked again to find an ordering of models globally. The

top 15% of these models are then selected for each year

and only those that are in the top 15% across all three

filtering periods (1980s, 1990s, and 2000s) are retained at

each stage. Initial condition perturbations are then ap-

plied to these model states to maintain the size of the

FIG. 3. (top) The global-mean and (bottom) and EAS-mean 1.5-m temp for each of the EAS

SO2 emissions adjustments starting in 1995. For each scenario the61 std dev values for the 256

members is indicated by the light shaded areas. The unaltered RCP4.5 scenario is also included

for comparison.
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ensemble, and they are run forward for a further two

years. By using this method (summarized in Fig. 4), if

initial conditions were dominating the variability in a

given ocean basin, models from a large number of the

available parameter sets will be retained. However, if

variability in an ocean basin is primarily governed by

parameter perturbations, then it will act as a strong

filter on the model variants selected to continue. At

no point in this procedure are any flux adjustments

applied to ensure good agreement with observations.

It is worth noting that since more initial conditions

perturbations are added for each surviving parameter

set at every 2-yr filtering stage, by the end of the 10-yr

selection period the ensemble will be sampling the

variability that the model is capable of producing

relatively comprehensively. This in itself will not

improve the model’s variability, but will ensure that

by the end of the selection process the variability is

well sampled. Typically the difference between pa-

rameter sets is larger than the difference between

initial conditions perturbations, so the selection will

principally screen for these different parameter sets

based on their associated simulation of the mean

state.

4. Results

a. Validation of methodology

Figures 5 and 6 show basin mean time series of SST

and OHC for the ensemble mean (gray) and EN3 ob-

servations (yellow) for all ocean basins (except the

Arctic). This shows how the ensemble develops through

the filtering process and, by positive selection, becomes

closer to observed values. There are basins that show a

persistent bias compared to the observed values, such as

North Pacific, north Indian Ocean, and Southern Ocean

SST values, and North Atlantic and North Pacific OHC.

As some basins display a temporal trend in bias, caution

should be taken in using these results for understanding

climate change on a regional scale. The mean of en-

semble members selected to be in the top 15% across all

decades and ocean basins (hereafter ‘‘the selected en-

semble’’) are shown in blue (annual means) to illustrate

that there are no major discontinuities between one

FIG. 4. Summary of the experiment configuration, design, and ensemble selection process.
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decade and the next. The basin mean differences from

the EN3 observations are shown in Figs. 7 and 8. The

selected ensemble mean is shown in blue with darker

colors denoting that more ensemble members con-

tribute to the mean value (because of the reinflation of

the ensemble after each filtering step). This shows that

ensemble members close to the EN3 observations are

being selected correctly and these ensemble members

are close to observations for the whole period. Indi-

vidual ocean basin biases exist for either the SST or

OHC but, with the exception of the North Pacific, not

usually in both. In the case of the North Atlantic

OHC, there is a consistent 13 1023 J positive bias

compared to EN3 observations. This bias, although

marked, is a large improvement on the standard

physics configuration (Figs. 7 and 8, purple), and

demonstrates the benefits of using such an ensemble

filtering technique. The SSTs in the Southern Ocean

are biased warm and show a large difference when

compared to observations in the annual cycle, which is

likely to be related to differences in modeled sea ice.

However, some of the biases reduce (e.g., North Pa-

cific SST) or increase over the simulation period (e.g.,

North Pacific OHC), which indicates some long-term

drift in this ocean basin when using the selected model

parameter settings. The biases in SST and OHC over

the other ocean basins are smaller, although still show

annual cycle differences.

The TCRs for the parameter sets, computed through

1% yr21 CO2 concentration increase experiments, are

shown in Fig. 9 for each selection year. The TCR of the

standard physics parameter set lies on the median of the

parameter set distribution (denoted by the middle red

line and curves for each year in Fig. 9). Although pa-

rameter sets with similar TCR values were retained until

the third filter, the standard physics simulation was

eliminated in the initial selection. The TCR of the se-

lected parameter set is calculated to be 1.68K (which is

within the IPCC range) and is toward the lower end of

the distribution of TCRs in the initial PPE, although it is

FIG. 5. SST time series for each ocean basin. EN3 observations are shown in yellow and the simulated ensemble mean is shown in gray.

Shading denotes the 1 std dev spread in the ensemble. Annual-mean values for the selected ensemble are shown in blue.
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by no means the lowest included in this study. The pa-

rameter set distributions (violin curves) give an in-

dication of the likelihood that a parameter set of a given

TCR value is selected at random. The selection of a

TCR for the selected ensemble toward the lower end of

initial TCR distribution indicates that the use of such

filtering techniques to reduce mean-state biases can

potentially have important consequences for the distri-

bution of future transient climate projections, which are

strongly mediated by ocean responses, when the en-

semble is constrained in this way.

Figure 10 shows the normalized change in parameter

values compared to the standard physics settings for the

selected parameter set (blue), and six parameter sets

that survive until the fourth filtering stage (hereafter

‘‘next-best sets’’; yellow). The range of initial parameter

values are denoted by the gray box. It is worth noting

that some parameters, such as ‘‘START_LEVEL_

GWDRAG’’ and ‘‘R_LAYERS’’ are only sampled dis-

cretely within the range shown. The six next-best parameter

sets are included for comparison, as there may be

parameter perturbations in the selected parameter set

that are not important in improving the simulation’s

agreement with observations. It is clear from Fig. 10

that a diverse combination of parameter sets can yield

reasonable climate simulations. This is due to the

highly nonlinear and complex way in which the effects

of parameters can combine. Common changes in both

the best and next-best parameter sets may be more

indicative in defining the relevant changes that may be

made to standard model values to achieve better

agreement. Focusing principally on the common

changes in the ocean parameters suggests that in-

creasing the ‘‘VERTVISC’’ parameter, which relates

to the background vertical diffusion of momentum

(viscosity) of the ocean, ‘‘VDIFFDEPTH,’’ which

represents tracer background diffusion with depth, and

‘‘ISOPYC,’’ which is the surface tracer isopycnal dif-

fusion, may be important. Also, looking at nonocean

parameters that may be most relevant, an increased

‘‘CHARNOCK’’ parameter (which relates to mo-

mentum transport over the sea) may contribute to an

FIG. 6. As in Fig. 5, but for OHC.
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improved agreement with observations. It is evident from

Fig. 10 that the precise magnitude of the change in

these parameters is uncertain, likely because of com-

plex nonlinear interactions of parameters that mean

that a wide range of combinations can result in a sim-

ilarly realistic climate. This high degree of uncertainty

is reflected in the history-matching process of

Williamson et al. (2013), where regions of parameter

space are ‘‘ruled out’’ from yielding realistic climates,

leaving the rest of parameter space as ‘‘not ruled out.’’

It is worth noting that there are other parameter values

that suggest a common change may yield better re-

sults for this model, such as a decrease in ‘‘KAY_

GWAVE’’ and ‘‘KAY_LEE_GWAVE,’’ or an in-

crease in ‘‘CW_LAND,’’ ‘‘CW_SEA,’’ ‘‘ALPHAM,’’

and ‘‘VOLSCA.’’

A recent study byMulholland et al. (2017) looks at how

perturbed parameter ensembles could be used to inform

parameter perturbations that may need to be made to

reduce short-term forecast drift. They suggest that re-

gionally varying parameter perturbations may be useful

in improving model forecasts and that such an im-

plementation may be useful to improve climate simula-

tions. The presence of different biases in SST andOHC for

different ocean basins shown in Figs. 7 and 8 may lend

support to this claim, and it is possible that if regionally

varying parameterswere used inmodels that better overall

agreement with observations could be attained. Parameter

changes suggested by Mulholland et al. (2017) (their

Fig. 5) show a number of common features with Fig. 10,

such as an increase in ‘‘ISOPYC’’ and ‘‘CW_LAND’’;

however, there are also a number inconsistencies. These

inconsistencies may be reduced if regional parameter ad-

justments were possible within the setup used here and

may partially account for the ambiguity in the value of the

highest ranked parameter sets. In short, a single globally

homogeneous parameter value may not be ideal for

matching observations in all ocean basins.

FIG. 7. SST time series differences for each ocean basin from EN3 observations (yellow). The selected ensemble mean is shown in blue

(darker blue indicatesmore ensemblemembers); the ensemblemean is shown in gray; and the standard physics ensemblemean is shown in

purple. Shading shows 1 std dev spread of the ensemble.
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b. Comparison to standard physics

A comparison can be made between the decadal-

mean SST patterns for the EN3 observations, selected

ensemble, and a 230-member standard physics ensemble

(Fig. 11). For the selected ensemble (Fig. 11, middle

panel), a yearly mean of all members is calculated for

each year to give a yearly time series for the selected

ensemble. This is then used to calculate a decadal mean.

By constructing the decadal mean in this way, the dif-

ferent number of ensemble members between years in a

given decade caused by reinflating the ensemble after

every selection year is accounted for. The global-mean

absolute bias is smaller in the selected ensemble than in

the standard physics over all decades. The remaining

bias between the selected ensemble and observations

displays the same structural pattern over all three de-

cades. Together this highlights that the principal effect

of the filtering process is to reduce mean-state bias

rather than improve model variability, which is an order

of magnitude smaller than the biases shown in this

ensemble. It is clear from Fig. 11 that the major im-

provement of the selected ensemble over the standard

physics ensemble lies in the more realistic representa-

tion of the tropical SSTs, where the warm bias seen in

the standard physics ensemble is reduced. Figure 11 also

shows the north–south SST gradient in Northern

Hemisphere Pacific midlatitudes is not as well repre-

sented in the selected ensemble as in the standard

physics ensemble, with the gradient being steeper in the

selected ensemble. In the NorthAtlantic, this results in a

cool bias of the SSTs aligning spatially with the Gulf

Stream of around238 to268C. The most recent version

of EN4 data (Good et al. 2013) provides uncertainty

estimates, which are high in regions of high variability

such as theGulf Stream. Similar uncertainty patterns are

likely to have been present in the EN3 v2a observations

used in this analysis, such that the discrepancy of the

selected ensemble to the EN3 observations in this region

may be less significant.

Figure 12 shows the AMOC at 268N (left) and 508N
(right) from the final two years simulated, traced back in

FIG. 8. As in Fig. 7, but for OHC.

15 JUNE 2018 S PARROW ET AL . 4649



time through the filtering process to the first years sim-

ulated. The selected ensemble mean is shown in blue

(darker blue indicates more ensemble members make

up the mean value), with shading denoting a 1 standard

deviation spread of the ensemble. The ensemble-mean

AMOC index calculated from the 230-member initial

condition ensemble of the standard physics HadCM3

parameters set is shown in purple in Fig. 12. For all

simulations the AMOC index is calculated from annual-

mean values. At both 268N and 508N the AMOC is

stronger in the selected parameter simulations than for

standard physics HadCM3. The 268N AMOC index

values for the selected parameter set better match the

observations from the RAPID array at 268N (Fig. 12,

orange). This is further evidence that, although there is a

systematic bias in the North Atlantic OHC compared to

EN3 observations, the ocean transport of the selected

ensemble members remains realistic. Similarly, biases in

meridional heat transport at 268N are also reduced in

line with the reduction in AMOC mean-state bias

(not shown).

To establish how the selected parameter set performs

outside of the selection period, a 42-member ensemble

was run for the 2000–15 period. Figure 13 showsmonthly

mean AMOC at 268N compared to the RAPID array

observations. While the model variability is too small,

the overall magnitude of theAMOC continues to show a

good agreement in terms of the mean bias, with the

observations into the future period. The bottom panel of

Fig. 13 shows the power spectra for the RAPID obser-

vations and selected parameter set. A Bartlett window is

applied with a width corresponding to the length of the

observational data.Although the power at lower periods

is similar, and there is evidence that the peaks around 1

and 3 years exist within our data, the magnitude of the

power is much weaker than in observations. This high-

lights differences in the variability that remain between

the model simulation and observations and indicates the

periods that are underrepresented in the model.

5. Conclusions

The purpose of this work was to identify new param-

eter sets for HadCM3 that are capable of capturing the

observed ocean state over the recent past (1980–2010)

and reducing the biases present in the standard version

of HadCM3’s ocean mean state. A particle filtering

technique is applied to a very large perturbed physics

ensemble to select simulations based on their agreement

with basin mean SST and OHC observations. Starting

conditions are taken from existing HadCM3 historical

simulations [detailed in Yamazaki et al. (2013)], which

have been preselected to have a good top-of-atmosphere

balance and include both physics and initial condition

FIG. 9. TCR values for parameter sets retained during each selection year. The selected

ensemble is shown in blue; ensemble members that are within the top 15% for a given year are

shown in green; ensemble members outside the top 15% are shown in gray; and standard

physics ensemble members are shown in purple. Open circles denote TCR values derived from

an emulation process. The number of points for a given TCR is denoted by the curved distri-

butions, with red lines denoting median and extreme values.
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FIG. 10. Comparison of the top selected parameter set (blue line) with the standard physics

parameter set (purple line). The gray range shows the range of values for the parameter at the

start of the filtering process. Parameter values are normalized between 0 and 1 and shifted so

that the standard physics ensemble is centered on zero. The arrow indicates the change in

parameter value from standard physics to selected parameter. The six parameter sets that make

it as far as the second-to-last filtering step are shown in yellow.
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perturbations. As mentioned in the introduction, the role

of internal modes of variability presents a challenge for

comparing free-running models over the historical period

to observations. In the filtering technique used here, the

selection process will principally select to reduce biases in

the mean state of a coupled atmosphere–ocean GCM,

without flux adjustments. The addition of further initial

conditions as the process evolves means that during the

final two years simulated, the variability that the model is

capable of producing with the surviving parameter set is

well sampled. This does not improve the variability that

the model is capable of producing for those parameter

settings in itself. The simple filtering method used in this

paper on such a large ensemble has the advantage of not

distinguishing between ensemble members generated by

physics perturbations or initial condition uncertainty and

only requiring good agreement with observations for an

ensemble member to be carried through to the next

simulation phase, whether this is the result of internal

variability or not.

As part of this study, the impact of East Asian

aerosol emissions on global and East Asian surface

temperature is considered while trying to ensure that

the applied forcings are representative of the recent

observed past. Satellite retrievals of AOT over the

western North Pacific Ocean were used to determine a

plausible range of trends (in percent per year) of sul-

fate aerosol from 1995 to present. These percent-per-

year changes were applied to the 1995 CMIP5 RCP4.5

sulfate emissions fields in East Asia as inputs to the

sulfur cycle in the model. A large ensemble of 2560

HadCM3 simulations show that there is no impact on

either global or East Asian surface temperature by

altering values within this range. Indeed, they are also

indistinguishable from the original RCP4.5 scenario.

The insensitivity of the model response to the different

applied sulfate emissions in East Asia within HadCM3

may be truly representative of the real world or may

simply indicate that a more sophisticated aerosol

scheme is required [e.g., improving wet and dry deposition

FIG. 11. (left) Decadal-mean SST patterns from EN3 observations; (middle) the mean of the selected ensemble members minus EN3

observations; (right) the mean of the standard physics ensemble minus EN3 observations for each of the three decades [(top) 1980s,

(middle) 1990s, and (bottom) 2000s]. Bold numbers denote the global-mean absolute bias.
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rates and hence low-level aerosol loading as in Johns et al.

(2003)] to simulate any such effect.

Our results demonstrate that the simulation of ocean

properties depends in a complex and nonlinear fashion

on perturbations to subgrid-scale parameters. As such,

optimizing model performance in these metrics is likely

to require large ensembles to enable these interactions

to be fully explored. Therefore, where possible, the de-

ployment of a similar technique could add value to the

model development process but comes with computa-

tional challenges for state-of-the-art high-resolution

ocean models. A possible implementation may involve

use of a lower-resolution model for initial screening

before a traditional tuning exercise is undertaken with

the full-resolution model.

A single-parameter configuration was identified that

gave the best agreement with basin mean SST and OHC

observations over the whole period. The TCR value

FIG. 12. AMOC (in Sverdrups; 1 Sv5 106m3 s21) at (top) 268N and (bottom) 508N from the

final two years simulated, traced back in time to the first years simulated. The selected en-

semble is shown in blue (darker blue indicates more ensemble members) simulated during that

period. The standard physics ensemble, taken from a 230-member initial condition ensemble, is

shown in purple. The observations from the RAPID array at 268N are shown in orange (yearly

mean) and yellow (12-hourly data).
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associated with this parameter set is 1.68K, close to peak

of a lognormal distribution fit to the IPCC likely range.

Within HadCM3, in order to better match the recent

observed changes, a model setup is needed that has a

lower TCR than the standard physics configuration.

Reducing absolute mean-state bias may therefore have

important implications for the range of uncertainty in

future climate projections under an observationally

constrained perturbed parameter setup. Although the

selection criteria constrain only basin mean SST and

OHC compared to observations, this resulted in an im-

provement of transport diagnostics. For instance, the

AMOC circulation at 268N shows a better agreement

with observations from the RAPID array than those

captured by the standard physics configuration of

HadCM3. Johns et al. (2011) show within a PPE that

there is positive relationship between climate sensitivity

and a decrease of AMOC strength. The results presented

FIG. 13. (top) AMOC (in Sv) at 268N between 2000 and 2015 for a 42-member ensemble of

the selected parameter set (shown in blue and as ensemble mean and std dev). Observations

from the RAPID array at 268N are shown in orange (monthly mean) and yellow (12-hourly

data). (bottom) The power spectra for the AMOC time series shown in the top panel with the

dark blue line indicating the ensemble-mean power spectrum. A Bartlett window for the full

width of the observational time series is applied.
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here seem to indicate a relationship between simulated

AMOC and TCR in perturbed physics ensembles. In the

selected ensemble, the TCR is decreased relative to the

standard physics parameter set and this results in an

increased AMOC.

In this study, equal weighting was applied to each of

the selection diagnostics and to the results from each

ocean basin considered, as a proof of concept. This

technique could be further refined by altering these

weights to target particular phenomena of interest. It

may be possible to identify more parameter sets that can

capture the ocean state of the recent past in two ways: 1)

by retainingmore than 15% of members at each filtering

point, or 2) by adding in further parameter sets in the

identified region of the parameter-phase space. One

advantage of using a method such as this is that a re-

alistic ocean state can be achieved without the use of

either nudging or flux adjustments. Such a technique

(or a suitable variant) could be useful for model tuning

to achieve good mean-state agreement with observa-

tions during the development process. The complexity

of the dependence of ocean mean state on parameter

settings highlights the importance of using large per-

turbed parameter ensembles to tune ocean mean states.

The technique outlined here is more computationally

efficient as a means of narrowing the parameter selec-

tion compared to a full PPE. This could be used as a

precursor to traditional model-tuning techniques to

produce a prefiltered set of parameters to tune from.
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