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Abstract

The seasonal cycle of sea surface water characteristics is important for the global climate

system. Seasonal extrema of sea surface temperature (SST) and sea surface salinity

(SSS) determine water mass properties below the surface. Evaluation of climate models

typically focuses on annual or long-term mean state, not on seasonal extrema. In this

thesis, the seasonal cycles of SST and SSS in HiGEM and SST seasonal extrema in 20

CMIP6 models are assessed globally.

Sparse sampling leads to large di�erences between observational climatologies in both

SST and SSS in polar regions. There are also large SST di�erences in regions with

strong SST horizontal gradient, likely because gridding on coarse resolution can smooth

the gradient. To exclude regions with large di�erences between climatologies, masks

are proposed for global model assessments.

The results demonstrate the importance of evaluating model performance not simply

against annual mean properties. Although the biases in SST and SSS seasonal

extrema are largely consistent with their annual means, the amplitude of SST and

SSS biases has large seasonal variations in speci�c regions. Large seasonal variations

of SST bias in CMIP6 models occur in eastern boundary upwelling regions, polar

regions, the North Paci�c and eastern equatorial Atlantic. Large seasonal variations

of SSS bias in HiGEM occur in equatorial and polar regions. SST biases in some

CMIP6 models have seasonal spatial patterns. Models with greater vertical resolution

in the ocean typically demonstrate better representation of SST extrema, particularly

seasonal maximum SST. However, no signi�cant relationship is found with ocean

model horizontal resolution.
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1

Introduction

1.1 Climate and climate modelling

Climate has a profound in
uence on human and it is important for water, agriculture,

energy, human health and ecosystems. However, since the beginning of the Industrial

Revolution, human activities, particular those producing greenhouse gases, have

begun to have a large impact on global climate. Excessive amounts of greenhouse

gases are released into the atmosphere and the heat from the warming atmosphere

can be transferred into the ocean. Ocean warming can cause extreme weather which

impacts people living in coastal areas. As sea surface temperature (SST) is related to

ocean heat content, it is an essential variable for quantifying climate change.

Climate modelling is a key tool for understanding and predicting the response of climate

system to human-induced forcing. Many climate system models (CSMs) have been

extended into earth system models. Earth system models include physical processes

in other climate models, but also include the biogeochemical processes. Representing

the interaction of biogeochemical processes and physical climate alters the response

of physical climate to forcing such as that associated with anthropogenic emissions of

greenhouse gases (Flato, 2011).

As running the most comprehensive and highest resolution models requires high

computational costs, model family, which contains a range of models, is developed for

di�erent applications (Pope et al., 2007). A model family shares a common physical

framework, but has di�erent complexity and resolution. For example, as models in

the HadGEM family, HadGEM3-GC31-MM was running at higher resolution
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(Andrews et al., 2020); E3SM-1-0 (an earth system model) was running at lower

resolution with increased complexity (Golaz et al., 2019).

The quality of model simulations is assessed by comparing simulated climate with

observations, and then analyse the di�erences. If climate models are able to simulate

past climate variables, they are more likely to provide good forecasts of the future.

Historical runs from around 1850 to near-present allow scientists to compare model

predictions of the past climate to recorded observations (Eyring et al., 2016). Therefore,

it is crucial to evaluate the performance of climate models using historical runs.

1.2 Sea surface water characteristics

The ocean and atmosphere interact at the sea surface. Sea surface water

characteristics re
ect the coupling of ocean-atmosphere and they are important

variables to better understand interactions between the ocean and atmosphere. SST

and sea surface salinity (SSS) are two important physical characteristics of sea surface

water.

SST exerts a major in
uence on the exchange of energy between ocean and

atmosphere. Longwave radiation, sensible and latent heat 
uxes all depend on SST.

Air-sea heat 
uxes are important components of the climate system, which enable

energy exchange between ocean and atmosphere. Much of the small-scale variability

of the wind is attributable to SST: cool SST stabilizes marine atmospheric boundary

layer and decouples the surface winds from winds aloft, thus decreases the wind

speed; warm SST destabilizes the boundary layer and decrease the vertical shear of

the wind, thus increases the wind speed (Chelton et al., 2004). SST gradient therefore

in
uences the wind stress divergence and curl (Chelton et al., 2004). In the tropical

oceans, when SST increases, atmospheric deep convection tends to occur more

frequently and with larger intensity (Bjerknes, 1966). This in
uences the development

of tropical cyclones (hurricanes and typhoons), which draw energy from warm ocean

waters to the atmosphere. SST seasonal maximum in the tropical region determines

formation and intensity of tropical cyclones (Evans, 1993; Tory and Dare, 2015).
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There exists a SST threshold, below which tropical cyclones do not form. Palmen

(1948) suggested that a SST threshold of about 26�-27�C may be necessary for

tropical cyclone formation, while Dare and McBride (2011) concluded that the SST

threshold was 25.5�C.

SST has strong controls on precipitation. Warmer SST increases atmospheric moisture,

which favours precipitation. Roxy (2014) quanti�ed the SST-precipitation relationship

in the tropical oceans and indicated that precipitation increases at 2 mm/day for an

1�C increase of SST. SST can be used to monitor the tropical Paci�c. Ni~no SST indices

are commonly used to de�ne El Ni~no and La El Ni~na events (Trenberth and Stepaniak,

2001). SST along the equator in the Paci�c Ocean gets warmer during El Ni~no, which

has global impact. When El Ni~no occurs, there are heavy rainfall in the southern

United States and severe drought in Australia, Indonesia and Southern Asia. Changes

in SST can shift storm tracks, contributing to precipitation in some areas. Brayshaw

et al. (2011) found that SST fronts related to Gulf Stream and North Atlantic Drift

impact the midlatitude storm track and enhance precipitation on the warm side of SST

front.

SST is also important in chemical and biological oceanography. The variation of SST

can threaten sensitive ocean life such as coral. Temperature is fundamental to

determining coral health and survival, and temperature anomalies can cause coral

bleaching. SST seasonal maximum coincides with coral bleaching event both in onset

and duration (Brown et al., 1996). Therefore, SST is used to predict coral bleaching

and it also has important application for reef restoration (Liu et al., 2006; Foo and

Asner, 2020). Above average SST caused large-scale coral bleaching in nearly every

major coral reef ecosystem (Maynard et al., 2008). SST also changes the frequency

and intensity of harmful algal bloom such as "red tide". Higher SST under climate

warming will be a favourable condition for algal blooms and probably lead to an

intensi�cation of algal blooms (L�urling et al., 2013).

Both atmospheric and oceanic processes govern SST. On the atmospheric side, wind

speed, air temperature, cloudiness and humidity are in
uencing factors of the energy

exchange at sea surface; on the oceanic side, currents, vertical mixing and mixed layer
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depth in
uence heat transport and thus SST. Following Deser et al. (2010), the equation

for the mixed layer layer temperature (equal to SST) is written as

@T=@t = Qnet=(�CpH) + (~Vgeo + ~Vek) � ~OT + (We +Wek)(T � Tb)=H; (1.1)

where T is mixed layer temperature or SST, Qnet is net surface energy 
ux, � is density

of seawater, Cp is speci�c heat of seawater, Vgeo is geostrophic current velocity, Vek

is Ekman current velocity, We is vertical entrainment rate, Wek is Ekman pumping

velocity, and Tb is the temperature of the water at depth that is entrained into the

mixed layer. Qnet is de�ned as

Qnet = Qsw +Qlw +Qsh +Qlh; (1.2)

where Qsw is downward solar radiative 
ux, Qlw is longwave radiative 
ux, Qsh is

sensible heat 
ux, Qlh is latent heat 
ux. The radiative 
uxes (Qsw +Qlw) are functions

of air, temperature, humidity and cloudiness; the turbulent energy 
ux (Qsh + Qlh)

is linearly proportional to the wind speed and di�erence of air-sea temperature or

humidity.

Solar radiation passes through atmosphere and clouds, reaching the ocean surface. The

incoming solar radiation is partially absorbed and re
ected by clouds and water vapor,

and thus only part of the solar radiation reaches the ocean and is converted into heat

energy (Qsw). Qsw is the largest term in the four heat 
ux terms. The path of the

sunlight through the atmosphere and the length of daylight combined determines the

seasonality of solar radiation. Therefore, Qsw is largest in summer and smallest in

winter; the higher the latitude, the larger the seasonal variation in Qsw. Qlw is the

electromagnetic energy that is radiated outward by the ocean. Qlw mainly depends on

SST (the warmer the SST, the larger the Qlw). Qsh is the heat conduction between

the sea surface and atmosphere due to the air-sea temperature di�erence. When air

is cooler than sea surface, heat will be conducted away from the sea, resulting in a

negative Qsh; when air is warmer than sea surface, heat will be conducted into the sea,
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resulting in a positive Qsh. Qlh is usually the second largest of the four heat 
ux terms

and it is associated with evaporation. Wind speed, SST and the humidity in the air

determine evaporation rate and thus Qlh (Talley, 2011).

Sea surface salinity (SSS) plays an important role in ocean strati�cation and in
uences

the processes controlling mixed layer temperature through changes in mixed layer depth

(MLD). Near-surface freshening in the tropics contributes to the formation of barrier

layer, and barrier layers limit the mixing of cold thermocline waters into the near surface

layer as the mixed layer is shallower than isothermal layer (Sprintall and Tomczak,

1992; Scannell and McPhaden, 2018). By modulating SST, SSS indirectly a�ects air-

sea interaction.

At low-mid latitudes, SSS can be a proxy for the impact of the hydrologic cycle, or the


ux of freshwater across the air-sea interface (Bingham et al., 2012). At high latitudes,

SSS can be a proxy for the sea ice melting-freezing cycle (Garcia-Eidell et al., 2019).

High SSS indicates strong evaporation or brine rejection process, while low SSS is linked

to strong precipitation or sea ice melt.

SSS is governed by evaporation, precipitation, sea-ice melting and formation, and

salinity transport by currents, vertical mixing and mixed layer depth. Similar to the

heat budget equation 1.1, the equation for the mixed layer salinity (equal to SSS) can

be written as

@S=@t = S(E + F � P �M)=H + (~Vgeo + ~Vek) � ~OS + (We +Wek)(S � Sb)=H; (1.3)

where S is mixed layer salinity or SSS, E is evaporation, F is sea ice formation, P

is precipitation, M is sea ice melting, Sb is the salinity of the water at depth that is

entrained into the mixed layer.

Evaporation and precipitation are the two main components of hydrological cycle.

Water moves from the ocean surface to the atmosphere in form of evaporation and

back in form of precipitation. Evaporation rate depends on wind speed, SST and the
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humidity in the air. Subtropical regions are dominated by high evaporation and have

a high SSS. Evaporation is lower over the equator than the subtropical regions

because of the combination of higher moisture and lower wind speed, even though the

SST is warmer. Precipitation occurs when the air becomes saturated with water

vapor, and the heaviest precipitation occurs within the tropical regions, especially

along ITCZ and SPCZ.

Sea ice formation and melting are the main processes controlling the SSS seasonal

cycle in the polar regions. Moreover, the exchange of salt between sea ice and ocean

can lead to changes of sea water density. When sea ice forms, brine rejection occurs

and SSS increases, and therefore density of surface water increases and the water sinks.

When sea ice melts, freshwater enters the sea and SSS decreases. S�evellec et al. (2017)

connected the Arctic sea-ice decline with AMOC slow-down, as the freshwater 
uxes

due to sea ice melting can result in less dense water and weaken the circulation.

Sea water properties within the mixed layer is well mixed vertically. Temperature and

salinity are vertically uniform within the mixed layer. MLD varies seasonally. It can

be less than 20 m in the summer hemisphere, while reaching over 500 m in the winter

hemisphere in the subpolar regions (de Boyer Mont�egut et al., 2004). Vertical mixing

can deepen the mixed layer and entrain water with di�erent temperature/salinity

from below. Vertical mixing occurs due to buoyancy loss and/or wind. Cooling or

evaporation at the sea surface can deepen the mixed layer to over several hundred

meters, or even over 1000 m in deep convection locations in winter (Talley, 2011).

However, wind-stirred mixing cannot extend that deep. It cannot be deeper than 100

or 150 m and it can only reach this depth in winter (Talley, 2011). Other than the

vertical entrainment, horizontal advection associated with geostrophic current and

Ekman transport can also cause SST/SSS change by bringing waters with di�erent

temperature/salinity from other regions.

As temperature and salinity determine density, seasonal extrema of SST and SSS are

important for water mass formation and have a direct e�ect on ocean circulation.

Fresh and warm waters with low density will remain at the surface. Salty and cold

surface waters with large density can lead to strong vertical mixing, creating dense deep
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and intermediate waters (Fig. 1.1). Therefore, seasonal minimum SST and seasonal

maximum SSS are especially important in areas where dense water forms, such as the

Arctic. The Gulf Stream brings high-salinity waters northwards into the high latitudes,

where they cool and sink, forming dense water masses and push the thermohaline ocean

circulation. The evolution of surface water masses to intermediate or deep water masses

is important for the global redistribution of heat and salt. It also provides a pathway

for the transport of anthropogenic carbon dioxide to greater depths and slows down

climate warming (Bopp et al., 2015).

Figure 1.1: Schematic of intermediate water and deep water formation, adapted from
Talley (2011).

Realistic model simulation of seasonal extrema of SST and SSS is important for

prediction of intermediate and deep waters and hence large scale ocean circulation.

Seasonal maximum SST is also important for model prediction of tropical cyclones

and coral bleaching. Therefore, a good representation of seasonal extrema of SST and

SSS is an essential aspect of model skill for future climate projections.
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1.3 The Coupled Model Intercomparison Project

The Coupled Model Intercomparison Project (CMIP) is an international collaboration

providing a multi-model context for climate simulations. The objective of CMIP is

to better understand past, present and future climate changes arising from natural,

unforced variability or as a response to changes in radiative forcing. CMIP promotes

a standard set of model simulations in order to evaluate how realistic the models are

in simulating the recent past and provide projections of future climate change on near

term (out to about 2035) and long term (out to 2100 and beyond). The results of

CMIP model runs are used extensively in the Intergovernmental Panel on Climate

Change (IPCC) reports (Solomon et al., 2007; Stocker, 2014), which provides policy

makers with scienti�c assessments of climate change.

U.K.’s High-Resolution Global Environmental Model (HiGEM) was developed by the

Natural Environment Research Council, the Met O�ce and the academic community

in UK. HiGEM is based on HadGEM1 and it is a CMIP5 model (Sha�rey et al., 2009).

The horizontal resolution is 0:83� latitude � 1:25� longitude for the atmosphere, and

1=3� � 1=3� globally for the ocean and sea ice. In the vertical, the atmosphere model

has 38 levels with a top at 39 km; the ocean model has 40 unevenly spaced levels, which

is about 10 m resolution close to the surface, and increases gradually to about 300 m

at depth. The ocean component is formulated on a spherical latitude-longitude grid,

with a singularity at the North Pole.

CMIP6 (CMIP Phase 6) is the most current of the CMIPs. CMIP6 models with

di�erent characteristics allow investigation of the factors related to di�erences in

model performance. Models used in this thesis vary in ocean grid type, ocean vertical

coordinate, ocean horizontal and vertical resolution, atmosphere horizontal and

vertical resolution, Earth system or not (more details can be seen in table. 4.2).

The desire for better climate modelling motivated an increase of model resolution.

Higher model resolution generally leads to mathematically more accurate models

(Flato et al., 2013). In any model, processes which occur over too small a scale to be

resolved must be parameterised. For example, the CMIP6 models with higher
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horizontal resolution (1/3� or 1/4�) are eddy permitting, whereas in the lower

resolution models (1�) eddies are parameterised (Flato et al., 2013). Previous studies

have mostly emphasised the bene�ts of increasing the horizontal resolution. The

representation of boundary currents, ocean fronts, eddies and air-sea 
uxes can be

signi�cantly improved as resolution increases (Hewitt et al., 2017; Kirtman et al.,

2012; Roberts et al., 2016). Therefore, as horizontal resolution is increased,

pronounced SST bias reduction occurs in the Southern Ocean, in the Agulhas

retro
ection region, and along the Gulf Stream extension in the North Atlantic

(Sk�akala et al., 2019; de la Vara et al., 2020; Chassignet et al., 2020). However, higher

model resolution does not necessarily lead to more reliable simulations (Flato et al.,

2013). Richter and Tokinaga (2020) showed that the CMIP6 models with the smallest

SST bias in the tropical Atlantic all have relatively high horizontal resolution, but

there are also models with low-resolution that perform well. Chassignet et al. (2020)

used four pairs of matched low-resolution and high-resolution ocean simulations from

global ocean-sea-ice models to isolate the e�ect of ocean horizontal resolution. They

found that increased horizontal resolution does not improve SST bias unambiguous in

all regions for all models.

The models used here have four di�erent horizontal grid type: regular

latitude-longitude, tripolar, displaced pole and unstructured meshes. Regular

latitude-longitude grid lines converging towards the pole can be a source of numerical

di�culties in ocean modelling. To leave a smooth, singularity-free grid in the Arctic,

a displaced pole grid (Jones et al., 2005) has the North Pole displaced over

Greenland, and a tripolar horizontal grid (Murray, 1996) has poles over Eurasia,

North America and Antarctica. By using an unstructured-mesh, it is possible to put a

focus on dynamically active regions such as the North Atlantic Current (NAC), the

Southern Ocean and the tropics while using relatively coarse resolution elsewhere

(Semmler et al., 2020).

Compared with ocean horizontal resolution, ocean vertical resolution has drawn much

less attention. Xavier et al. (2008) revealed that coarse vertical resolution of oceanic

general circulation models limits their ability to represent intraseasonal processes,

such as the formation of diurnal warm layer. Ge et al. (2017) conducted numerical
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experiments using an oceanic general circulation model with 1 m and 10 m vertical

resolution for the upper ocean and found that 1 m vertical resolution had a more

realistic representation of the vertical temperature structure in the upper ocean.

For ocean vertical coordinate, most of the models considered here use z-level or some

variation of it (z�-level), but there are also z-isopycnal and sigma level. All layers of

traditional z-level models have �xed thickness, and layers of z�-level models are

rescaled for more accurate representation of free-surface variations. Z-level models are

prone to high spurious diapycnal mixing, which is related to spurious heat uptake and

modi�ed water masses (Gri�es et al., 2000; Willebrand et al., 2001; Legg et al.,

2006). Isopycnal models have no diapycnal mixing and produce no spurious mixing,

but they can su�er from insu�cient resolution in the mixed layer (Bleck, 1978).

Hybrid coordinate (e.g. z-isopycnal coordinate) combine the advantages of z-level in

the upper ocean for higher resolution and isopycnal coordinate in the deep ocean to

reduce diapycnal mixing (Bleck, 2002; Chassignet et al., 2003; Legg et al., 2009).

Sigma coordinate (�) models have all layers contract to follow bottom bathymetry

and are particularly useful for coastal modeling, but errors exist in the pressure

gradient when layers have large slopes along steep topography (Shchepetkin and

McWilliams, 2005).

1.4 Representation of sea surface water in climate models

1.4.1 Annual mean

Previous model evaluation mainly focuses on the simulation of ocean mean state (annual

or longer-term mean SST). Flato et al. (2013) analysed the long-term mean di�erences

of zonal SST distribution between Coupled Model Intercomparison Project Phase 5

(CMIP5) models and observations, indicating larger biases at mid to high latitudes

than at other latitudes. Wang et al. (2014) showed long-term mean SST biases in

CMIP5 multi-model mean (Fig. 1.2), and stated that SST biases in speci�c regions

(e.g. the cold biases in the North Atlantic and North Paci�c, and the warm bias in the

Southern Ocean) are commonly linked to a too weak Atlantic meridional overturning
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circulation (AMOC).

Figure 1.2: The annual mean SST bias averaged in 22 CMIP5 models. The dots denote
where at least 18 of 22 models have the same sign in the SST bias. Adapted from Wang
et al. (2014).

Models show a common cold bias in the North Atlantic SST and a warm bias near

the North American coast, due to the poor representation of Gulf Stream and NAC in

the models (Willebrand et al., 2001; Eden et al., 2004; Keeley et al., 2012). The poor

representation of the NAC, which is too zonal in lower-resolution models, leads to a

signi�cant SST cold bias (up to 6�) in the northwest Atlantic (Kuhlbrodt et al., 2018),

and this is common in 1� ocean models (Danabasoglu et al., 2014). This SST cold

bias can be dependent on the ocean resolution, as there are signi�cant improvements

in the NAC with ocean-only simulations at higher resolutions (Storkey et al., 2018;

Marzocchi et al., 2015). A �ner horizontal ocean resolution has been shown to enable a

more realistic SST over the North Atlantic in CMIP6 models via a better representation

of the Atlantic Ocean heat transport (Docquier et al., 2019; Roberts et al., 2020).

Most coupled climate models have substantial SST warm biases in the Southern

Ocean (Sall�ee et al., 2013; Hyder et al., 2018). These warm biases have been linked to

insu�cient cloud which causes excessive downward surface short-wave radiation

(Bodas-Salcedo et al., 2012). Analysing CMIP5 and Atmospheric Model

Intercomparison Project Phase 5 (AMIP5) in combination enabled Hyder et al. (2018)

to separate the in
uences of atmospheric model errors and coupled feedbacks, and

they were therefore able to demonstrate that in the Southern Ocean the variations of

SST biases across the CMIP5 ensemble are primarily caused by the variations of net

surface 
ux bias in AMIP5.
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A pronounced SST cold bias exists in the subtropical North Paci�c (Gri�es et al.,

2009; Burls et al., 2017; Zhu et al., 2020). Gri�es et al. (2009) used ocean-only models

driven by prescribed-atmospheric forcing and produced a cold bias over the subtropical

regions, which indicates that ocean model processes may be signi�cant for this cold

bias. Using CMIP5 models, Burls et al. (2017) suggested that the cold SST bias is

linked to cloud albedo errors, which leads to insu�cient surface short-wave 
uxes.

Models su�er biases in the annual mean equatorial SST (Davey et al., 2002). In the

tropics, the SST biases could be classi�ed into two types: one exhibiting broad

meridional structures that are due to cloud bias, and one associated with Paci�c and

Atlantic cold tongue bias that are due to thermocline depth bias (Li and Xie, 2012).

Models have a diversity in representing thermocline depth. A shallower thermocline

facilitates the equatorial cold tongue, contributing to a cold bias (Richter and Xie,

2008; Li and Xie, 2012). Harla� et al. (2018) showed that models with high horizontal

and vertical atmospheric resolution have better simulation of the equatorial cold

tongue, as these models can improve the wind structure which is associated with the

thermocline depth.

From the fouth assessment report of IPCC, warm biases exist in the upwelling zones o�

the Peruvian, Namibian and Californian coasts in most coupled models, as the prevalent

subtropical stratocumulus cloud decks are poorly represented in models (Solomon et al.,

2007). Most CMIP5 models still show substantial SST warm biases in the eastern

boundary upwelling systems, especially in the southeast Atlantic region (Wang et al.,

2014; Richter, 2015). Richter (2015) attributed the warm SST bias of the eastern

boundary upwelling regions to underestimated cloud and insu�cient upwelling due to

overly weak winds. The SST bias in the eastern boundary upwelling region has been

shown to be sensitive to ocean horizontal resolution (de la Vara et al., 2020; Small

et al., 2015).

There are only few studies that evaluate climate models in representing SSS. SSS has

a fresh bias in the subpolar North Atlantic and the Arctic in the CMIP5 multi-model

mean (Flato et al., 2013), which can increase strati�cation, hamper convection and lead

to excessive sea ice. The fresh bias also has the potential to weaken AMOC through
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reducing density in the sinking regions (Park et al., 2016). Sall�ee et al. (2013) found

a fresh bias of SSS in the Southern Ocean in CMIP5 models, which may constrain the

transport of anthropogenic carbon from surface to subsurface (Terhaar et al., 2021).

Volodin et al. (2017) showed that INM-CM5 (a CMIP5 model) has an overall fresh bias

in the global ocean except the Arctic, which has a saline bias up to 1-5. However, the

considerable saline bias in the Arctic might be from the uncertainty of observational

climatology they used, which will be discussed in this thesis. Fathrio et al. (2017)

found that the CMIP5 multi-model mean has a saline SSS bias of 1.5 in the Bay of

Bengal and a fresh SSS bias of 0.4 in the western Indian Ocean and southeastern Indian

Ocean. They attributed the biases in the Bay of Bengal and western Indian Ocean to

precipitation bias, while the fresh bias in southeastern Indian Ocean was attributed to

salt advection bias.

1.4.2 Seasonal cycle

Another important aspect of model skill is how well it can simulate SST and SSS

seasonal extrema. Accurate mean does not guarantee accurate seasonal extrema or

annual cycles. Identifying the errors in simulating seasonality of water masses and

their sources are important to improve our understanding of the physical processes

related to SST and SSS seasonal extrema and thus improve the simulation of SST and

SSS in climate models.

Only a few previous studies have assessed the performance of models in simulating the

annual cycle of SST. Wang et al. (2014) concluded that the spatial patterns of SST

biases are largely independent of season, but the amplitudes of SST biases vary with

season in some locations (Fig. 1.3). For example, there is a warm SST bias in the

Southern Ocean throughout the year, but the amplitude of the warm bias is much

larger in summer and autumn than in winter and spring.

In the equatorial Paci�c, 23 coupled general circulation models (CGCMs) (many are in

CMIP) were evaluated by Davey et al. (2002), while only few models have a seasonal

cycle of upper ocean temperature similar to that observed in real ocean. Braconnot

et al. (2007) used a CGCM with various di�erent convection and cloud schemes to
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Figure 1.3: The seasonal variation of SST biases in 22 CMIP5 models, adapted from
Wang et al. (2014). SST bias during (a) spring (March-April-May), (b) summer (June-
July-August), (c) autumn (September-October-November) and (d) winter (December-
January-February). The dots denote where at least 18 of 22 models have the same sign
in the SST bias.
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demonstrate that clouds and convection can a�ect the seasonal variations of equatorial

SST. Mechoso et al. (1995) examined the seasonal cycle of SST over the equatorial

Paci�c and stated that the seasonal equatorial SST biases in CGCMs resulted from

Intertropical Convergence Zone (ITCZ) errors, and these biases can be alleviated by

improved simulation of the seasonal cycle of meridional wind (De Szoeke and Xie,

2008). AchutaRao and Sperber (2002) indicated that in 17 CMIP models, 
ux-corrected

models tend to have a better representation of SST annual cycle in the equatorial

Paci�c. All the factors mentioned before could play a part in SST seasonal cycle in the

equatorial Paci�c.

SST warm biases in the eastern tropical Atlantic vary seasonally in CGCMs and reach

a maximum during June-July-August (Prodhomme et al., 2019; Richter and Xie, 2008;

Richter et al., 2014). Richter et al. (2012) used the GFDL coupled GCM to investigate

those SST biases in the tropical Atlantic and concluded that a large portion of that

biases is due to too weak easterlies during boreal spring. Due to the weak easterlies,

the thermocline of the eastern equatorial Atlantic deepens, which prevents cold tongue

formation. In the equatorial Atlantic Ocean, a CGCM: CFS (climate forecast system)

can capture the annual cycle of zonal SST gradients, although with warm biases and

too little variability of SST over the southeastern ocean (Hu et al., 2008).

Over the northeastern Paci�c ITCZ, CMIP5 models have seasonally dependent SST

biases: warm bias in summer and cold bias in winter (Song and Zhang, 2020). Song

and Zhang (2020) suggested this bias is caused by the poor simulation of the North

American monsoon in models. In the CMIP5 models they considered, an easterly wind

bias exists all year around. When the easterly wind dominates in winter, the too

strong wind in the models enhances surface evaporation and leads to a cold SST bias,

while in summer, the wind becomes westerly and the easterly wind bias manifests as

weaker westerly winds, with the consequent reduced evaporation leading to a warm

SST bias. The easterly wind bias can be improved by increasing the atmospheric

horizontal resolution Song and Zhang (2020). Based on coupled ocean-atmosphere

model simulations, Liang and Wu (2013) indicated that the seasonal cycle of SST in the

extratropical North Paci�c models can be better represented with the help of improved

representatin of solar penetration into the ocean. In summer, the SST warm bias
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in models can be partly reduced when shortwave radiation penetrates further into the

thermocline, while in winter, MLD deepens and the subsurface warm water is entrained

into the surface, reducing the SST cold bias in model (Liang and Wu, 2013). Zhu et al.

(2020) showed that SST cold biases of the North Paci�c subtropics vary seasonally in

CMIP6 models, and the seasonality of the upper ocean cold bias is linked to vertical

di�usivity. As discussed above, better representation of the monsoon, solar penetration

and vertical di�usion could improve SST simulation in the subtropical North Paci�c.

In the southwestern Indian Ocean, seasonal SST forecasts are better in ocean models

with upwelling and Rossby wave dynamics than ones using a slab ocean mixed layer

(Xie et al., 2002). Yokoi et al. (2009) suggested that CMIP3 models underestimated

the magnitude of semiannual variability in the southern tropical Indian Ocean, which

was related to the overestimation of the magnitude of annual variability in thermocline

depth. CMIP5 models still perform poorly in simulating the shallow climatological

thermocline in the southwestern Indian Ocean, which is essential for successful seasonal

predictions in the Indian Ocean (Nagura et al., 2013).

Fathrio et al. (2017) illustrated that in CMIP5 multi-model mean the seasonal variation

of SSS in the tropical Indian Ocean is poorly simulated. Using �xed depth salt budget

analysis, they found that the seasonal biases of precipitation and horizontal advection

are mainly responsible for the seasonal SSS bias in the tropical Indian Ocean. Parekh

et al. (2016) attributed the seasonal SSS bias over Bay of Bengal in CFSv1 model to

poorly simulated precipitation and river runo� during summer and autumn, and the

seasonal SSS bias in Arabian Sea to poorly simulated East Indian coastal current in

winter and Somali jet in summer.

1.5 Overview of this thesis

It is important that climate models give accurate projections of seasonal extrema of

sea surface water characteristics, because of their impact on the world’s climate

system through heat and freshwater 
uxes at the ocean surface, and through water

mass formation and subsequent impact on ocean circulation. Previous model



Chapter 1: Introduction 35

evaluations have mainly focused on the simulation of annual mean, not on seasonal

cycle. Although there have been a few studies assessing the performance of models in

simulating SST seasonal cycle, they commonly used speci�c months to represent

di�erent seasons or focused on speci�c regions. As will be discussed in chapter 2, this

study uses the local maximum and minimum SSTs regardless of the month in which

they occur. To our knowledge, there has been no assessment of biases in seasonal SST

extrema on a global scale for the CMIP6 models.

The questions addressed in this thesis are as follows: (1) How well do the climate

models simulate the seasonal extrema of sea surface water characteristics? (2) Is there

any systematic dependence of model performance on the basic model characteristics

(e.g. model resolution)?

Chapter 2 introduces the de�nition of seasonal extrema and compares di�erent

observational climatologies. Some regions of the ocean are found to display

considerable di�erences between di�erent climatologies, and these regions are

excluded from the model evaluations in later chapters. Chapter 3 assesses the

seasonal cycle of sea surface water characteristics in HiGEM. The signi�cant bias of

SST seasonal cycle in HiGEM leads us to the study of SST seasonal extrema in the

latest state-of-the-art climate models, CMIP6. Chapter 4 focuses on the

representation of SST seasonal cycle in 20 CMIP6 models and discusses the impact of

various model characteristics. Chapter 5 contains the conclusions, and also discusses

the limitations of this work and provides suggestions for future work.



2

Observational climatologies and

methodology

2.1 Introduction

Observational reference is the basis for model evaluation. Model evaluation work

assesses the performance of models by comparison against observations and hence the

quality of model evaluation relies on the underlying observations. Uncertainties in the

observational reference can cause uncertainties of model evaluation results (Kotlarski

et al., 2019). Observational uncertainties can be from instrumental error and quality

control. Since climate model evaluation of the global ocean relies on gridded reference

data sets, problems can also arise from spatial interpolation of measurements

especially in regions with sparse sampling or high spatial variability (Wagner et al.,

2007). To address observational uncertainties, previous works employed multiple

reference data sources for model evaluation (Kotlarski et al., 2005; Cheneka et al.,

2016; Haslinger et al., 2013).

In this chapter, we will assess �ve observational climatologies to investigate the

uncertainty of observational SST and SSS. By comparing the climatologies, we will

indicate the regions with large SST di�erences between climatologies and discuss the

possible reasons for these di�erences. To avoid the regions with high observational

uncertainties, we will suggest an uncertainty mask and the grid points under the

uncertainty mask will be excluded from the following model evaluation in Chapters 3

and 4.
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2.2 Observational climatologies

2.2.1 Climatologies

The observational monthly climatologies used in this thesis are the World Ocean

Atlas 2013 (WOA13), the World Ocean Atlas 2018 (WOA18), the Monthly Isopycnal

and Mixed-layer Ocean Climatology (MIMOC), the WOCE/Argo Global

Hydrographic Climatology (WAGHC) and the Hadley Centre sea ice and SST data

(HadISST) (Table 2.1). To make the time frames of the 5 climatologies consistent, the

time period we picked in each climatology is 1981-2010 or most close to 1981-2010, as

a climatological standard normal.

Monthly Climatology Name

WOA13 WOA18 MIMOC WAGHC HadISST

Horizontal
resolution

0:25� � 0:25� 0:25� � 0:25� 0:5� � 0:5� 0:25� � 0:25� 1� � 1�

Vertical levels 57 57 81 38

Max. depth 1500 m 1500 m 1950 dbar 1900 m surface

Spatial
interpolation

isobaric isobaric isopycnal isopycnal

Time span 1955-2012 1981-2010 mainly 2007-
2011

mainly 1985-
2016

1981-2010

Variables T and S T and S � and S T and S SST

References Locarnini
et al. (2013)

Locarnini
et al. (2018)

Schmidtko
et al. (2013)

Gouretski
(2018)

Rayner et al.
(2003)

Table 2.1: Parameters of the monthly climatologies we used in this chapter. T, S, and
� refer to temperature, salinity and potential temperature respectively.

SSTs in WOA13, WOA18, MIMOC and WAGHC are bulk temperatures, characterising

the water of top few meters and measured with in-situ instruments. HadISST includes

in-situ measurements and satellite-based SST adjusted from skin temperature. Wentz

et al. (2000) compared SSTs from satellite and ocean buoys. The bulk temperature

is measured by buoys at 1 to 1.5 m depth, while the skin temperature measured by

infrared sensor represents the upper few microns of the ocean. Their root mean square

di�erence is about 0.6 �C in the equatorial regions (Wentz et al., 2000).

Despite the di�erences in time-period, analysis method, ingested datasets, analysis
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resolution in space (see the details in descriptions of each climatology below), the main

data source for the climatologies used in this chapter (except for HadISST) is the World

Ocean Database (WOD). WOD is the world’s largest collection of ocean pro�le data

that are publicly available, uniformly formatted and quality controlled (Boyer et al.,

2013). A list of datasets in WOD13 (World Ocean Database 2013) is shown in Table

2.2. WOD13 includes temperature and salinity �elds at observed depth levels as well

as interpolated to a set of 138 standard depth levels.

Table 2.2: Instrument types in WOD13, from Boyer et al. (2013).

The standard depth levels for the climatologies are shown in Fig. 2.1. The output

of WAGHC and MIMOC climatologies we used is on isobaric surfaces, although their

spatial interpolation is done on isopycnal surfaces. WOA13, WOA18, WAGHC and

MIMOC have the same standard depth levels in the upper 50 m, with 5 m vertical

resolution nearest to the surface. WAGHC begins to deviate from the others at 50 m,

indicating it has larger depth intervals. MIMOC has the highest vertical resolution and

WAGHC has the lowest vertical resolution.

The Argo pro�ling 
oat project since 2003 provides continuous global observations of

temperature and salinity and highly improved the data quality and global coverage

(Gould et al., 2004). In historically data poor areas like the Southern Ocean (Fan

et al., 2014), if each observation was given equal weight, the data distribution can

be biased toward the Argo period. To address this issue, climatologies (e.g. WOA13

and WOA18) are averaged for every decade, and then equally contribute to the �nal

climatological mean �elds for all the decades (Boyer et al., 2014).
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Figure 2.1: Depths against number of levels for WOA13, WOA18, MIMOC and
WAGHC. X-axis is the number of levels above the certain depth.

The monthly climatologies we use in this chapter are all gridded products. However,

the primary limitation of gridded climatologies based on in-situ observation is data

coverage in space and time (Locarnini et al., 2013; Zweng et al., 2013). Fields are

based on limited data in some regions such as the Southern Ocean and at deeper levels

(Locarnini et al., 2013; Zweng et al., 2013). Or data may exist for only one season,

for example, in the Southern Ocean (Fig. 2.2), thus precluding any annual analysis

(Locarnini et al., 2013; Zweng et al., 2013).

Figure 2.2: Data coverage of HadSST3 over the Southern Ocean (50�-70�S), expressed
as a percentage of 5� � 5� grid boxes with at least one observation per season.
Continuous data coverage > 50% is shaded. Adapted from Fan et al. (2014).

The spatial interpolations of the climatologies are usually performed on isobaric or
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