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ABSTRACT 

 
Oceans play a vital role in mitigating the rate of climate change by uptake of 

atmospheric CO2, thus altering the seawater chemistry. The pH and aragonite saturation 

state (Ωar) are reduced, collectively known as ocean acidification. Aragonite is a form of 

calcium carbonate utilized by most reef building corals. Previous studies indicate that 

coral growth (calcification) rates typically decline as saturation states decrease. This 

reduction impacts the resilience of coral reefs to respond to environmental pressures. 

Consequently, island nations such as those in the tropical Western Pacific, which rely on 

coral reefs, may be adversely impacted.  Aragonite saturation states are projected to 

continue declining as the oceans continue to take up atmospheric CO2. In this study, we 

investigate how the seasonal and long-term Ωar and its key drivers change under the 

high (A2) and control atmospheric CO2 emission scenarios. We focus on the Pacific 

region (35°S: 30°N; 120°E: 220°E), and the subregions of the West Pacific Warm Pool 

(WPWP) and the East Equatorial Pacific (EEQ). Most relevant to this thesis is the 

evaluation of the Community Climate System Model (CCSM3) ocean carbon model 

against upper ocean seasonal data for this region. Generated seasonal model-data 

residuals, time-space correlation, root mean square error, and seasonal Taylor Diagrams 

are used to assess the simulated mean monthly temporal and spatial patterns, seasonal 

cycle amplitude and phase for the next 100 years. The model-observed estimates give a 

correlation (R) of 0.85 with mean seasonal surface Ωar values drop from 3.8 to 2.3 by 

2100. The mean seasonal amplitude in Ωar decreases by 4% while the seasonal phase 

remains unchanged till 2100. As Ωar decreases by 2100, the relative seasonal variability 

becomes larger at the tropics, with Total Carbon Dioxide (TCO2) being the main driver 

for the entire region as well as subregions. However, at the WPWP there is a strong 

cancellation effect due to dilution (caused by intensified hydrological cycle by 2100) 

being the main driver and at the EEQ seasonal upwelling drives the TCO2, suggesting 

that future levels of atmospheric CO2 will determine the value of Ωar (acidification). 

Model predictions mentioned have a high degree of uncertainty associated with future 

precipitation in this region. Despite the model biases mentioned, there is confidence in 

this model for capturing changes over the next 100 years since we see robust results.  
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CHAPTER 1  INTRODUCTION 

 
The specific emphasis of this chapter is to briefly introduce and consider how the Pacific 

climate is likely to change in the coming decades by providing a summary of present day 

surface ocean features and observed changes. Climatology, physical oceanography and 

seawater chemistry are first presented, followed by an introduction to ocean 

acidification. Examples of how some components of the recent surface ocean climate are 

already changing are then presented. A discussion about the major physical and 

biological processes that control the mean climate of this region and the major controls 

on seasonal and long term climate variability will follow.  

1.1      CO2 EMISSIONS AND OCEAN ACIDIFICATION 

1.1.1  Global Carbon Cycle 
 
For at least 650,000 years prior to the industrial revolution, atmospheric CO2 

concentrations varied between 180 and 300 ppmv (Caldeira & Wickett, 2003). As a 

result of human activity, today’s atmospheric CO2 concentration currently is rising at a 

rate of 0.5% per year (Fabry et al., 2008), which is 100 times faster than any change 

during the past 650,000 years (Raven et al., 2005). The amount of carbon on Earth being 

almost constant, if carbon is accumulated somewhere, it has to be obtained from 

somewhere else and the entire system is referred to as the global carbon cycle. 

 

The ocean is of major importance for the global carbon cycle since it is the biggest 

carbon reservoir (Sarmiento & Gruber, 2006). It contains 60 times more carbon than the 

atmosphere and controls the atmospheric CO2 on the time scales up to several thousand 

years. Due to the large volume and high solubility of CO2 in seawater, oceans have 

absorbed 25-30% CO2 emissions from the atmosphere. This amounts to more than 120 

Gt C (Gigatonne of Carbon) in total or 440 Gt CO2 within the last 200 years (Sabine et 

al., 2004). This carbon penetrates into the surface layers of the ocean as pCO2 (partial 

pressure of CO2) and is transported by surface ocean currents to deeper waters. The 

global oceans have absorbed about one third of the anthropogenic CO2 formed in the 

past 200 years (Sabine et al., 2005). The term anthropogenic CO2, as used by Sabine et 
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al. (2004) refers to the excess CO2 that has accumulated in the ocean as a direct response 

to rising CO2 levels since preindustrial times due to human activities. Variations in 

carbon accumulation driven by processes within the oceans, such as warming (whether 

anthropogenic or not), or changes in ocean stratification are not counted as 

anthropogenic CO2. Without this ocean sink, the anthropogenic change in atmospheric 

CO2 concentration would be 55% higher than the observed change from 280 to 380 

ppmv (Doney et al., 2009b). Although oceanic absorption of this CO2 will reduce the 

extent of global warming, as stated earlier, effects of this on ocean dynamics are not 

understood (Fabry et al., 2008).  

Only two terms in the global carbon budget are measurable. One is the emission of CO2 

by burning of fossil fuel and cement manufacture. The other is the increase in the 

atmospheric CO2 concentrations, which has been measured directly since 1958 at Mauna 

Loa, Hawaii and at the South Pole (Keeling et al., 2008). The remaining two terms 

(ocean uptake and net exchange with the terrestrial biosphere) have been estimated by 

less direct methods discussed below. A good understanding of the magnitude and 

variability of the oceanic sink for anthropogenic CO2 also provides important constraints 

for the net exchange of anthropogenic CO2 with the terrestrial biosphere, which is very 

difficult to measure directly (Sabine et al., 2004; Le Quéré et al., 2009). Measurements 

of atmospheric CO2 cannot at present be used to verify global CO2 emissions estimated 

from data, because the uptake of CO2 by the land and ocean CO2 sinks are not quantified 

with high enough accuracy (Le Quéré et al., 2009). This is because the models are 

subject to uncertainty, mainly due to their coarse resolution in the ocean and to errors in 

observed precipitation and radiation on land. 

1.1.2 Ocean Uptake of Atmospheric CO2 

 
One of the most important problems in ocean biogeochemistry today is to estimate the 

uptake of anthropogenic carbon by the ocean. The best estimate of ocean uptake of 

anthropogenic CO2 is to measure the increase in Total CO2 (TCO2) in the oceans over 

time, as done for the atmosphere (Ganachaud et al., 2011). The second possibility is by 

reconstruction of anthropogenic CO2 inventories (the concentration of CO2 summed 

over the full water depth). As the buffer factor is substantially larger in the high latitudes 
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and lower at the low latitudes (mainly due to variations in the CO3
2- ion concentration), 

the low latitudes can store more anthropogenic CO2 than the high latitudes for a given 

atmospheric CO2 perturbation (Sabine et al., 2004). The highest carbon anthropogenic 

inventories are found at mid-latitudes; by contrast, column inventories are smaller in 

equatorial regions. This distribution reflects where anthropogenic CO2 enters the ocean 

from the atmosphere (air-sea flux) and where ocean currents transport it. The air-to-sea 

exchange of anthropogenic CO2 is larger in regions where there is enhanced mixing 

between surface and deep waters (Sabine et al., 2004; Ganachaud et al., 2011).  This 

eases the storage of anthropogenic CO2 in the deeper ocean, allowing a steady rate of 

flux of anthropogenic CO2 from the atmosphere to the ocean. Surface currents generally 

move dissolved CO2 from the equator to the subtropics, where the inventory, as well as 

variability, is the greatest. 

However, the ability of the oceans to take up this CO2 decreases with increasing 

atmospheric CO2 concentrations due to the reduced buffering ability of seawater as CO2 

accumulates (Sabine et al., 2004). Despite this buffer effect, the present rise in CO2 

levels in the atmosphere is approximately 100 times greater than at the end of the last ice 

age when CO2 levels rose by 80 ppm over 6000 years (Meehl et al., 2007). Exceeding 

398 ppm, the present CO2 content is at a record in the atmosphere compared to the last 

420,000 years and possibly more than 10 million years (Meehl et al., 2007). In the past 

50 years, the fraction of CO2 emissions that remains in the atmosphere each year has 

increased, from about 40% to 45%, and models suggest that this trend was caused by a 

decrease in the uptake of CO2 by the carbon sinks in response to climate change and 

variability. Although this decrease is small, and there is great disagreement between 

models, Canadell et al. (2007) suggest this to be a sign that climate is already beginning 

to negatively impact the (land and ocean) carbon sinks (Table 1). This is supported by 

findings from Sarmiento et al. (2010), which gives an updated estimate of the net land 

carbon sink (NLS) from 1960 to 2007 calculated from the difference between fossil fuel 

emissions, observed atmospheric growth rate, and the ocean uptake. The NLS appears to 

be relatively stable between 1960 and 1988, but increased abruptly between 1989 and 

2003/2007.  On the other hand, Fung et al. (2005) used the Climate System Model 1 

(CSM1) coupled carbon–climate model to show that carbon sink strengths vary with the 
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rate of fossil fuel emissions, so that carbon storage capacities of the land and oceans 

decrease and climate warming accelerates with increased CO2 emissions. 

Table 1 Mean global carbon budget (1959-2006) 

 Sources (PgC/y1) Sinks (PgC/y) 

Fossil Fuel (FFOSS) 5.3  

Land Use Change (FLUC) 1.5  

Total (FFOSS + FLUC) 6.8  

Atmosphere  2.9 

Ocean  1.9 

Land  1.9 

Source: (Canadell et al., 2007) 

 

In the subtropical Pacific region, the largest inventories/uptakes of anthropogenic CO2 

penetrates to greater depths as a result of downwelling linked with convergence zones. 

Whereas in the eastern Equatorial Pacific (EEQ), anthropogenic CO2 is confined to the 

upper ocean due to upwelling therefore the inventory over the full depth is small 

(Ganachaud et al., 2011). Also, there is a strong outgassing of CO2 in the equatorial 

regions as a result of a combination of strong warming of the cold waters that upwell to 

the surface and an inefficient biological pump (Ganachaud et al., 2011).  The latter 

means that surface TCO2 is being replaced faster by upwelling than biology can remove 

it by forming organic matter, for example in the EEQ. The projected increase in 

atmospheric CO2 may drive increased levels of dissolved anthropogenic CO2 into the 

Tropical Pacific Ocean. This will increase the acidity of surface water since the 

carbonate ion concentration will decrease (Ganachaud et al., 2011).  

1.2 SURFACE SEAWATER CHEMISTRY  

1.2.1 Ocean Acidification 
 
Ocean acidification is the process of ongoing decrease in the pH and carbonate ion 

concentration of the oceans, caused by the uptake of anthropogenic atmospheric CO2 

                                                 
1 Petagram (1015 g) of carbon per year 
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(Caldeira & Wickett, 2003). It is important to note that ocean acidification is not a result 

of climate change, but is rather a direct outcome of the increased CO2 levels that also 

cause climate change. Ocean acidification may, however, affect future climate change 

by causing a decline in the ocean’s capacity to absorb increasing atmospheric CO2 

(Meehl et al., 2007). Between 1751 and 1994, surface ocean pH is estimated to have 

decreased from 8.179 to 8.104, a change of -0.075 on the logarithmic pH scale which 

corresponds to an increase of 18.9% in H+ concentration (Key et al., 2004; Orr et al., 

2005). Present values of the net change in pH levels relative to the preindustrial values 

are -0.11, corresponding to an increase of 30% acidity (H+ ion concentration) in the 

world's oceans. The principal conclusion of several studies (Caldeira & Wickett, 2005; 

Orr et al., 2005; Doney et al., 2009a; Feely et al., 2009b) is that ocean acidification is 

going to intensify in the coming years and that coral calcification is mainly controlled by 

(CO3
2−), rather than the pH or other factors. 

Earth’s geological records show that previous episodes of ocean acidification were 

linked to mass extinctions and it is reasonable to assume that the current episode could 

have the same consequences, which may drastically change life on Earth (Hoegh-

Guldberg et al., 2007). Several modeling studies have projected a reduction in ocean pH 

and the saturation state of seawater with respect to the calcium carbonate minerals (i.e., 

calcite and/or aragonite) as a result of the boost in atmospheric CO2 concentrations 

(Caldeira & Wickett, 2005; Orr et al., 2005; McNeil & Matear, 2008).  The CO2 uptake 

by the ocean is controlled by surface ocean variables like SST, SALT, TCO2 and TA 

(Sarmiento & Gruber, 2006). In the Southwest Pacific region, SST driving interannual 

and seasonal variations on the pCO2 cycle controls most of the dominant processes in 

the surface ocean. Therefore, most of the carbonate processes are determined by the 

surface pCO2 (Sarmiento & Gruber, 2006). This surface layer hosts all the dynamic 

processes and reactions of CO2 in seawater, which are vital for understanding future 

changes and the consequent impacts on marine biota. Additionally, significant impacts 

are also projected for fisheries, aquaculture, tourism, and coastal protection (e.g. Bell et 

al., 2011; Cooley et al., 2011). 
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Figure 1: Chemical reactions associated with the absorption of CO2 by seawater (from Doney, 
2006a). 

 
The present anthropogenic CO2 emissions have altered seawater chemistry far more 

rapidly than the Earth has previously experienced, and the extent of these changes are 

predicted to affect most areas of marine biogeochemistry (Doney et al., 2009a). Ocean 

anthropogenic CO2 uptake decreases both the pH and the aragonite saturation state of 

seawater leading to ocean acidification (Zeebe & Wolf-Gladrow, 2001; Sarmiento & 

Gruber, 2006; Doney et al., 2009a; Feely et al., 2009b). It also changes the acid-base 

state of seawater (Steinarcher et al., 2009), and affects the inorganic carbon cycle that 

includes the many forms of dissolved CO2 present in the oceans (Figure 1). This is 

shown by Equation (1) below which summarizes the mechanisms of interactions 

between atmospheric CO2 and marine inorganic carbon cycle. When CO2 dissolves, it 

reacts with water to form: dissolved carbon dioxide (CO2), carbonic acid (H2CO3), 

bicarbonate (HCO3
−) and carbonate (CO3

2−). 

CO2  + H2O    H2CO3  ↔   H+  + HCO3
−     H+  +  CO3

2−                       (1) 
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The processes described in chemical equation (1) as CO2 dissolves reduce seawater pH 

and saturation states of calcite and aragonite, two forms of carbonate produced by 

marine organisms (Orr et al., 2005; Doney et al., 2009a). Most of the H2CO3 dissociates 

to form H+ and HCO3
−, and most of the resulting H+ reacts with CO3

2− to produce 

additional HCO3
−. As a result, CO2 dissolution in the ocean increases H+ (thus decreases 

pH) and decreases CO3
2− concentrations. The H+ concentration in seawater is usually 

reported as: pH = -log [H+] (Doney et al., 2006a). 

The total concentration of inorganic carbon in seawater is called dissolved inorganic 

carbon (DIC) or total CO2 (TCO2) (Zeebe & Wolf-Gladrow, 2001). The TCO2 of a 

seawater sample is the sum of the concentrations of the dissolved inorganic carbon 

species (Equation 2): 

DIC = TCO2 = [CO2] + [HCO3
−] + [CO3

2−]                                                                    (2) 

It is important to understand what controls the typical chemical composition of the 

oceans (mean state of ocean) and the temporal response of the surface ocean chemistry 

to perturbations. In the Pacific region, most variations are controlled by Sea Surface 

Temperatures (SST) and pCO2, as pCO2 has the largest interannual and seasonal 

variation in this region (Takahashi et al., 2010). On the other hand, TCO2 content in the 

ocean depends on the CO2 concentration in the atmosphere. An increase in atmospheric 

CO2 and the subsequent CO2 uptake by the ocean increases TCO2 and lowers 

CO3
2−.Links between individual effects of ocean acidification and ecosystem responses 

are not fully understood. Nor are there are any clear indications of how future ENSO 

occurrence varies with increased GHG (greenhouse gases) (Lüthi et al., 2008; Doney et 

al., 2009b).  

1.2.2 The Role of the Marine Carbonate System 
 
One of the most important components of ocean acidification is the marine carbonate 

system, primarily because it regulates the acid-base level of seawater by chemical 

reactions (Figure 4) and acts as a controller for the carbon cycle (Sarmiento & Gruber, 

2006; Doney et al., 2009b). The carbonate system is the primary buffer for the acidity of 

water, which determines the reactivity of most chemical compounds (Sarmiento & 
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Gruber, 2006). The carbonate system of the ocean also plays a key role in controlling the 

pressure of CO2 in the atmosphere, which helps to regulate the temperature of the planet. 

If CO2 dissolved in seawater without undergoing the chemical reactions outlined in 

Equation (1) and Figure 4, about 70% of the CO2 emitted by anthropogenic activities 

would remain in the atmosphere. CO2 is the most important anthropogenic greenhouse 

gas in the atmosphere and a better understanding of what controls the rate of uptake and 

how the oceanic sink will change is vital. Finally, calcification, or CaCO3 formation, is 

also the major sink for dissolved carbon in the long-term global carbon balance (Zeebe 

& Wolf-Gladrow, 2001). 

Calcium carbonate (CaCO3) is present in two common forms: aragonite and calcite. 

Aragonite is a form of calcium carbonate utilized by most reef building corals for 

calcification and is vital for maintaining coral reef health. It is the predominant mineral 

found in warm and shallow waters such as the tropics (Feely et al., 2009b). Aragonite 

has a 50% higher solubility than calcite in surface waters and is much more soluble than 

calcite in the upper layers due to the solubility product (Raven et al., 2005). This also 

means that the organisms that precipitate aragonite may be more vulnerable to changes 

in ocean acidity than those that precipitate calcite (Orr et al., 2005). The main control on 

21st century aragonite saturation is the uptake of anthropogenic CO2 and the subsequent 

increase in total carbon (TCO2). A point to note, a substantial amount of CaCO3 is fixed 

in near shore environments like coral reefs. It is estimated that coral reefs produce 

0.3PgCaCO3/yr, which is 1/3 of the open ocean production (Sarmiento & Gruber, 2006). 

The TCO2 in the ocean determines the current and future changes in seawater carbonate 

chemistry, because it is driven by changes in the spatial and temporal distributions of the 

CO3
2− ion. To understand how the ocean responds to the anthropogenic perturbations, it 

is important to understand the controls that drive the mean ocean processes. Zeebe and 

Wolf-Gladrow (2001) present the various equilibriums of the seawater carbonate system. 

Most processes affecting the carbonate system in the ocean are best described by 

considering the change of TCO2 and total alkalinity (TA) (Figure 1.1.3 of Zeebe & 

Wolf-Gladrow, 2001).  
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The TA of seawater is defined as the number of moles of hydrogen ion equivalent to the 

excess of proton accepters (Equation 3) (Zeebe & Wolf-Gladrow, 2001). TA is based on 

a balance of proton acceptors and donors. In the ocean, TA is very closely related to 

salinity because the charge difference associated with TA varies with salinity. As such, 

salinity changes, due to precipitation, evaporation, fresh water input and formation / 

melting of sea ice, will cause resultant changes in TA. Moreover, TA does not change 

when CO2 is exchanged with the atmosphere, but it does change with salinity, 

precipitation and dissolution of CaCO3 (Zeebe & Wolf-Gladrow, 2001). – 

TA = [HCO3
−] + 2[CO3

2−] + [B (OH)- 
4] + [OH−] - [H+] + minor components               (3) 

 

1.2.3  CaCO3 and Aragonite Saturation State 
 
A vital consequence of increasing ocean acidity relates to the production of shells and 

skeletons made up of CaCO3 (Equation 4)  (Raven et al. 2005). This process is termed 

calcification (Equation 5) and is key to the biology and survival of a wide range of 

marine organisms. It involves the precipitation of dissolved ions into solid CaCO3 

structures. After they form, these structures may be exposed to dissolution unless the 

surrounding seawater contains saturated concentrations of carbonate ions (Equation 6). 

Many marine organisms such as corals, calcareous algae and mollusks, typically exhibit 

higher dissolution rate of shells & skeletons in acidic environment (Doney et al., 2009b).  

 

Ca2+ + CO3
2-     CaCO3                                                                                                (4) 

Ca2+ + 2HCO3
−  CaCO3 + CO2 + H2O (Calcification process)                                  (5) 

CaCO3 + CO2 + H2O  2HCO3
− + Ca2+ (Dissolution process)                                   (6) 

 

The determining factor in the context of formation and dissolution of CaCO3 is the 

CaCO3 saturation state of seawater, which is a function of the carbonate ion 

concentration [CO2-
3 ] (Equation 7). A decrease in saturation state is understood to be one 

of the main factors leading to decreased calcification in marine organisms, (Figure 2) 

since the inorganic precipitation of CaCO3 is directly proportional to its saturation state 
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(Feely et al., 2009b). The net CaCO3 production appears to have no significant effect on 

the seasonal variability in CaCO3 saturation state (Kuchinke et al., in press). The CaCO3 

saturation state of seawater for aragonite (Ωar) is expressed as: 

 

Ωar = 
[ ]Ca2+

 [ ]CO2-
3  

 K*
sp

                                                                                                  (7) 

Square brackets denote the concentrations of calcium (Ca2+) and carbonate (CO3
2−) ions 

and K*
sp is the solubility product at in situ SST and salinity (SALT). Conditions of Ωar 

are determined at one-atmosphere units by Mucci (1983). In the open ocean, the [Ca2+] 

variations are small and closely proportional to salinity, while Ωar is largely determined 

by variations in CO3
2− ion, which can be calculated from TCO2 and TA data. The present 

distribution of Ωar is governed by the carbonate ion which is in turn controlled by the 

spatial and temporal distributions of TCO2 and TA (Zeebe & Wolf-Gladrow, 2001). 

Hence, the question of what controls Ωar relates to what processes controls the TA and 

TCO2 distribution. Moreover, the controls on the mean variations in the distribution of 

Ωar, TA and TCO2 both spatially and temporally for global oceans have already been 

described (Sarmiento & Gruber, 2006). 

When Ωar > 1, the seawater is said to be super-saturated with respect to aragonite and 

when Ωar < 1, it is said to be under-saturated with respect to aragonite. The transition 

between under-saturated and super-saturated is referred to as the saturation horizon, the 

level below which carbonate structures begin to dissolve (Doney, 2006b). The current 

Ωar saturation horizon rises from a depth of 600-560m to 262m in 2100 under the A2 

scenario (high emission) in the region of the current study area (Sarmiento & Gruber, 

2006). The entire surface ocean is supersaturated with respect to aragonite, but the 

degree of this varies with latitude, example it is 4.1 at the Equator and 1.5 at the poles. 

In the Pacific, the aragonite saturation horizon lies at the thermocline depth (500m) and 

almost reaches the surface in the north Pacific (Ganachaud et al., 2011). Feely et al. 

(2004) have shown that the anthropogenic CO2 present in the ocean has already lifted 

the saturation horizon for aragonite by hundreds of meters in areas where anthropogenic 

CO2 has penetrated to the depth of this horizon. As anthropogenic CO2 is very likely to 
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increase far above present levels in the ocean, this change in the saturation state will 

likely become much larger, possibly having an impact on the dissolution processes 

governing the CaCO3 dynamics in the seawater column. Given the present uncertainties 

in understanding the dissolution processes, accurate projections of their response to 

future changes are challenging (Feely et al., 2004). 

 

 

Figure 2: Projected changes in global seawater chemistry. Carbon species concentration 
(mmol/kg2), pH values, and aragonite and calcite saturation states of average surface seawater 
for pCO2 concentrations (ppmv) during the glacial, preindustrial, present day, two times pre- 
industrial CO2, and three times pre-industrial CO2. The end column indicates changes from the 
pre- industrial level to three times atmospheric CO2 (Feely et al., 2004; Kleypas et al., 2006; 
Fabry et al., 2008). These are global mean values; the Western Pacific region may have slightly 
different value (Source: Fabry et al., 2008). 

 

As described above, under normal conditions, calcite and aragonite are stable in surface 

waters since the carbonate ions are at supersaturating concentrations. However, as pH 

falls, so does the concentration of carbonate ion. Thus, when surface waters become 

under-saturated with regards to carbonate ion, structures made of CaCO3 become 

vulnerable to dissolution (see equation 6).  

Precipitation of CaCO3 by marine organisms leads to a pCO2 increase according to 
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equation (5). A decrease in calcification may thus favor the uptake of atmospheric CO2 

by the ocean and may act as a negative feedback on the rising atmospheric pCO2. This is 

explained by the effect of dissolution in the stoichiometry of equation (6) (Zeebe & 

Wolf-Gladrow, 2001). Enhanced dissolution of CaCO3 in response to acidification 

increases ocean TA, hence aiding CO2 uptake, which can be considered as a negative 

feedback on atmospheric pCO2. This means that this reaction enhances the oceans 

capacity to absorb more CO2 from the atmosphere (Feely et al., 2010). Also, the 

formation of CaCO3 decreases both TCO2 and TA. For each mole of CaCO3 precipitated, 

one mole of carbon and one mole of double positively charged Ca2+ ions are taken up 

which leads to a decrease of TCO2 and TA in a ratio of 1:2 (Zeebe & Wolf-Gladrow, 

2001). Internal variations in TA and TCO2 are controlled by photosynthesis, respiration 

and CaCO3 dissolution and precipitation. The long-term controls on TA and TCO2 

include the balance between the sources and sinks of TA and TCO2 in the ocean. An 

increase in the TCO2 from the uptake of anthropogenic CO2 decreases the CO3
2−, hence 

lowers the saturations state. Besides the seawater chemistry, Ωar and CO3
2− are also 

affected by physical processes like ocean circulation and mixing, as well as by biology 

(Sarmiento & Gruber, 2006). 

The seawater carbonate system affects the long-term outcome of anthropogenic CO2 in 

the oceans and the rate of atmospheric CO2 increases by controlling the ratio of oceanic 

CO2 uptake. It comprises a few components (CO2, HCO3
−, CO3

2−, H+, OH−), which are 

relevant for buffering. The response of the system to uptake of CO2 is not easily 

predictable and differentials of TCO2 and TA have been used to derive an expression for 

the Revelle factor (Rf) (Equation 8) (Zeebe & Wolf-Gladrow, 2001). Using the Rf, it is 

possible to calculate when the ocean takes up CO2 and the increase in DIC relative to the 

increase in dissolved CO2. In short, it quantifies the buffering capacity of the oceans for 

the uptake of anthropogenic CO2. Variability of the buffering factor in the ocean 

depends mainly on changes in pCO2 and in the ratio of TCO2 to TA. In the present-day 

ocean, the buffering factor varies between 8 and 13 (Sabine et al., 2005). The ocean will 

become less alkaline (seawater pH will decrease) due to CO2 uptake from the 

atmosphere.  



 

 13 

 
 

Rfo = (d [CO2] /[CO2]) / d (DIC/DIC) TA=const.                                                         (8) 

Equation (8) shows that increase in DIC concentration is proportional to the increase in 

[CO2] where the index Rfo=TA is constant. This helps in understanding the controls on 

the ocean uptake of the anthropogenic perturbations. Hence, it is possible to estimate the 

concentrations of anthropogenic CO2 by measuring the Rf: the lower the Rf, the greater 

the amount of anthropogenic CO2 (Sarmiento & Gruber, 2006). Low Rf values are 

typically found in the warmer tropical to subtropical areas due to their lower alkalinity, 

whereas higher Rf values are found in the colder high latitude waters, which then 

contain less anthropogenic CO2. If CO2 in the atmosphere increases by 10ppm, the CO2 

in the ocean increases by 0.1 ppm only. This is because of the reactions between the 

different carbon species in seawater: carbonate ions, bicarbonate ions and free CO2. 

With increasing pCO2, the Rf increases and thus the buffering capacity of the ocean 

decreases. It also shows how the DIC changes in response to increasing atmospheric 

CO2. For example, under the A2 scenario, a doubling of CO2 leads to a change in DIC of 

only 10% (approximately 200 µmol/kg)  (Zeebe & Wolf-Gladrow, 2001). 

1.3 POTENTIAL IMPACTS: MARINE ORGANISMS AND ECOSYSTEMS  
 

Atmospheric partial pressure of carbon dioxide (pCO2) will almost certainly double that 

of pre-industrial levels by 2100 (Feely et al., 2009b) causing concerns for calcifying 

marine organisms (Fabry et al., 2008; Sarmiento et al., 2010). Ocean acidification has 

recently been the subject of several high-profile modeling publications (Caldeira & 

Wickett, 2003; Orr et al., 2005; Feely et al., 2009a) comprehensive priority-setting 

assessments (Raven et al., 2005; Kleypas et al., 2006) and reviews (Doney et al., 2009b; 

Portner, 2008; Fabry et al., 2008). Despite the serious implications of ocean acidification 

for marine ecosystems, thorough scientific investigation of this problem has only 

recently begun. There is, at present, a limitation in understanding how future 

acidification may adversely impact marine biota (Raven et al., 2005) at organism, 

population as well as at ecosystem levels. 

A growing number of studies have demonstrated adverse impacts on marine organisms, 

including: decrease in the rate at which reef-building corals produce their skeletons and 
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reduction of survival of larval marine species, including commercial fish and shellfish 

(Hoegh-Guldberg et al., 2007, Doney et al., 2009b; Feely et al., 2009b). However, most 

research has focused on tropical coral reefs and planktonic coccolithophores. Little 

information is available for processes other than calcification such as the potential 

ecosystem-level consequences emerging from the pCO2 levels that are predicted. 

Although the physical and chemical basis for ocean acidification is well understood, 

(Dore et al., 2009) the biological impacts are not. Virtually every major biological 

function has been shown to respond to these chemical changes in seawater, including 

photosynthesis, respiration rate, growth rates, calcification rates, reproduction, and 

recruitment (Guinotte & Fabry, 2008; Doney et al., 2009a). It has also been suggested 

that ocean acidification will alter the acoustic properties of seawater, allowing sound to 

propagate further, increasing ocean noise and impacting animals that use sound for 

communication and settlement cues (Munday et al., 2009).  

There are also concerns that many calcareous organisms may be unable to build their 

skeletons as oceans acidify over the next 100 years. Moreover, no one has been able to 

imitate ocean acidification conditions in situ for sufficiently long periods to study the 

effects on communities of macro-organisms (Fabry et al., 2008; Guinotte & Fabry, 

2008). Fabry et al. (2008) concluded that ocean acidification with the synergistic 

impacts of other anthropogenic stressors are likely to result in widespread changes to 

marine ecosystems. The ability of marine organisms to produce calcareous skeletal 

structures is directly affected by seawater CO2 chemistry (Fabry et al., 2008; Doney et 

al., 2009a). They agree with Portner (2008), that elevated pCO2 can adversely impact 

marine flora and fauna via decreased carbonate saturation state, which directly affects 

calcification rates, and via disturbance to acid–base physiology and reduced oxygen 

transport capacity. 

 

Responses of physiological processes to ocean acidification are emerging that test the 

survival, growth, development, metabolism, and pH balance of organisms under 

elevated pCO2 (Portner, 2008). Research is showing that some marine fishes are likely to 

be adverse affected by hypercapnia due to rising ocean acidity. Hypercapnia is the 
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acidification of body fluids of marine animals as a result of increasing external CO2 

(Portner, 2008). In a review of the literature on fish and increased CO2 concentration, 

Ishimatsu et al. (2008) identified several key gaps in current research, including research 

into the impacts of acidified oceans on reproduction and long-term research examining 

acidification’s impacts over an organism’s entire lifespan. Increased CO2 and decreased 

pH could have a major effect on the respiratory gas exchange system and body fluids. In 

addition to reducing the pH, increased CO2 concentration also changes the levels of 

bicarbonate and other ions with evidence that this can impact on numerous processes 

including oxygen carrying capacity of blood (Raven et al., 2005) and reproduction 

(Portner, 2008). This is highly concerning because most marine organisms living today 

have never adjusted to such rapid changes in pH. 

 

1.4 SPECIFIC CONSEQUENCES FOR CORAL REEF HEALTH  
 
Future physical and chemical changes to the ocean may significantly affect the 

distribution and productivity of marine species, including corals. Coral reef health is of 

particular importance in the tropical Pacific, because they contribute significantly to the 

livelihoods, food and economic security of many island states. Around 70% of the 

world’s coral reefs are located in this region (Bell et al., 2011). Corals and other marine 

organisms (shellfish, coccolithophores, pteropods and foraminifers) use carbonate ions 

obtained from the surrounding water to build their skeletons and protective shells. 

 

The exposed CaCO3 shells and skeletons begin to dissolve when the degree of saturation 

of the mineral component drops below Ωar = 1, so some of these shells and skeletons 

dissolve before reaching deep sediments below the saturation horizon. A change of 1 

unit of Ωar relates to about 28% of net change in coral calcification rate (Langdon & 

Atkinson, 2005). Much is known about the impact of decreasing aragonite states on 

surface water corals (Hoegh-Guldberg et al., 2007). Reef ecosystems will more likely be 

surrounded by water with an aragonite saturation state below 3.5 by the year 2050 (Feely 

et al., 2009a) when atmospheric CO2 concentrations will reach 450-500 µatm (Cao et 

al., 2007). When Ωar is below 3.5, the growth of corals is considered at risk and the 
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conditions become marginal (Kleypas et al., 1999; Guinotte et al., 2003; Langdon & 

Atkinson, 2005). Marginal values mean that some coral species may still be able to 

calcify, but they need to use more energy for this, hence less energy for other processes 

like photosynthesis and reproduction, therefore the general health of the coral declines 

(Guinotte et al., 2003). Therefore, corals can survive below optimum calcification 

conditions however; they will require more energy, which means less energy for other 

allocated processes mentioned.  Calcification rates in surface water hard corals are 

expected to decline significantly in the near future (Figure 3) due to ocean acidification 

(Silverman et al., 2009).  

For the Pacific region, most coral species calcification decline in Ωar values (done under 

laboratory conditions) from values of 3.8 at present to 2.4 at 2100 with decreasing 

calcification rates going down correspondingly.  Therefore, the Ωar is a good proxy for 

calcification rates in corals (Langdon & Atkinson, 2005) (see Figure 3 and Table 

2below). The Pacific surface water aragonite saturation state was around 4.5 at pre-

industrial time, which is considered optimal for coral growth (Kleypas et al., 1999; 

Guinotte et al., 2003; Cao et al., 2007). Ωar is decreasing with increasing ocean 

acidification and was estimated to be around 3.8 in 1995 using the GLODAP (Global 

Land Ocean Data) dataset (Key et al., 2004; Sabine et al., 2005). 

 

The impacts of decreasing calcium carbonate saturation on corals are being actively 

discussed and are the subject of many field experimental and modeling studies (Langdon 

& Atkinson, 2005; Kleypas et al., 2006; Hoegh-Guldberg et al., 2007). In order to assess 

these potential impacts, different effects have been considered. First, the region and 

depth of habitats of potentially endangered species have to be taken into account, since 

variations in the CaCO3 state depends on location and depth. Secondly, combined 

interactions between net production and calcification remain open to question which are 

not quantified. 
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Table 2 Ranges of coral reef health 

Range Ωar Values 

Optimal Ωar = 4.5-4.0 

Adequate Ωar = 4-3.5 

Marginal Ωar < 3.5 

 

 

Figure 3: Marginal Reef Growth Zone. Percentage rates of calcification and Ωar values at pre 
industrial, present and future time scales for the Pacific (Langdon & Atkinson, 2005). The 
percentage rate of calcification at pre industrial stage was 100 (marked in pink), at Ωar values 
of 4.6 while the other lines show the different coral species specific to this region.  

 

Most importantly, it had not been adequately determined which component of the 

carbonate system (CO2, saturation state/carbonate ion concentration, pH) controls the 

calcification rate, and how this affects the long-term survival of the calcifiers (Doney et 

al., 2009b). However, some studies stated it was the carbonate ion concentration 

controlling the calcification rate in corals (Langdon & Atkinson, 2005; Kleypas et al., 

2006). On the other hand, further studies are needed to determine the effects of increased 

pCO2 on ecosystems (Kleypas et al., 2006). Also, natural seasonal variations of pH and 

CO3
2− concentration may either amplify or reduce the onset of future ocean acidification 

and Ωar decrease. 

There are now concerns that many calcareous organisms (organisms that form 

calcareous (CaCO3) shells e.g. corals, shellfish, coralline algae, foraminifera, pteropods, 

and coccolithophores) may be unable to build their skeletons (shell mass has reduced for 

e.g. of foraminifera and pteropods) as oceans acidify over the next 100 years (reviews by 

Fabry et al., 2008; Guinotte & Fabry, 2008; Cooley et al., 2012). The species most 

researched and affected by the declining aragonite saturation states are the zooplankton 

pteropod species Clio pyramidata, which are the main food source for fish (Orr et al., 
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2005). Since these organisms secrete an aragonite shell, they are highly sensitive to 

ocean acidification due to the water column’s changing carbonate saturation. A review 

by Fabry et al. (2008) showed marked shell dissolution for this species less than 48 

hours for (Feely et al., 2004; Orr et al., 2004) Ωar 2.4 values. Despite this concern, there 

is very little known about the physiological response of these animals to conditions of 

elevated carbon dioxide (Doney et al., 2009a).  

Table 3 Percent changes in calcification rates in coral species due to increase in pCO2  

Scleractinan Corals Approx. % change in calcification when ΔpCO2 is: 

 2’’ Preindustrial 3’’ Preindustrial 

Stylophorapistillata -14 -20 

S. pistillata 0 to -50  

Acropora cervicornis -40 -59 

Acropora verweyi -12 -18 

Porites compressa -17 -25 

P. lutea -33 -49 

P.Porites -16 -20 

Pavona cactus. -14 -69 

Fungiasp -47 -18 

Galaxea fascicularis -12 -83 

G. fascicularis -56 -13 

Turbinaria reniformis -9 -25 

 

When pCO2 increases to twice and thrice preindustrial levels, a decrease in the 

calcification rate ranging from about -5% to -60% is observed for aragonite (source data 

from Feely et al., 2010). 
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For the corals in the Pacific region, the available information suggests that even small 

changes in CO2 concentration will change seawater chemistry (Kleypas et al., 1999; 

Langdon & Atkinson, 2005). Other factors (e.g. bleaching which is stress response of 

coral host resulting in loss of symbiotic algae) are also responsible for threatening the 

health of coral reefs. Increasing SST causes bleaching of corals, when ΔSST is more 

than 1°C in summer and may interact with acidification to influence the level of 

bleaching (Hoegh-Guldberg, 2005). Although few studies have measured the combined 

effects of decreased calcification and bleaching, these two processes are likely to 

decrease the overall ability of coral reefs to develop or maintain reef structures (Kleypas 

et al., 2006). As a result, the percentage of live corals on reef is likely to decrease as it 

may be more easily damaged by physical disturbances from storms and tropical 

cyclones.  As the abundance of corals decline, the percentage cover of macroaglae is 

expected to increase which will change the structure of reefs (Bell et al., 2011). 

Nevertheless, from the PICTs perspective, this is one of the most diverse and 

economically important marine ecosystems and considerable declines in calcification/ 

reef health will affect the generations to come. This will be combined with possible 

impacts on people or industries like fishing and tourism.  

 

Table 4 Population changes for the PICTs (after Bell et al., 2011, chapter 12) 

PICT Population 

by 2035 

Population by 

2050 

Population by 

2100 

Cook Islands 16,900 16,900 16,000 

Fiji 977,600 1,060,700 1,331,600 

Marshall Islands 62,700 61,200 61,200 

New Caledonia 322,500 343,175 372,000 

Palau 22,700 22,500 22,500 

Solomon Islands 969,900 1,245,048 1,968,800 

Vanuatu 400,033 483,048 695,000 
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Simply put, the coral reefs of this region, which are well known to support much of the 

coastal fisheries production (Bell et al., 2011) are expected to be degraded severely by 

the projected increases in SST, acidification and also by tropical cyclones of projected 

greater intensity. Coral reefs are the most dominant and readily accessible coastal 

habitats in virtually every PICT, and support a wealth of fish and invertebrate species 

that are a source of food and of income. In the Western Pacific, population increases 

(Table 4) are likely to raise demand for seafood by hundreds of thousands metric tons by 

2050. However, before this date, the aragonite in most of the locations decreases to 

values well below the threshold for reef health, thus a major concern (Bell et al., 2011). 

Apart from drastically cutting back on CO2 emissions, mechanisms available to 

counteract acidification are few (Kleypas et al., 2006; McNeil & Matear, 2008; 

Sarmiento et al., 2010; Feely et al., 2010).  

 

1.5 WESTERN TROPICAL PACIFIC OCEANOGRAPHY 

 

The study area known as the tropical Western Pacific Ocean extends from 30°N to 35°S 

and 120°E to 220°E and includes the 22 Pacific Island countries and territories (PICTs) 

(Figure 4). This region dominates the tropical ocean due to its size and it encompasses 

the warmest region of the oceans, the Western Pacific Warm Pool (WPWP). 

The tropical Western Pacific primarily consists of ocean, with extremely small land 

areas, and is governed by strong atmospheric and oceanic circulations (Figure 4 and 5). 

Examples of these include the large-scale atmospheric circulation e.g. the Intertropical 

Convergence Zone (ITCZ) and South Pacific Convergence Zone (SPCZ) (Figure 4) and 

oceanic circulation such as ocean currents (Figure 2). The major atmospheric circulation 

features also include the northeast and southeast trade wind regimes, which originate in 

the sub tropical high-pressure belts of each hemisphere where air sinks and dries. These 

tropical easterly flows are characterized by their consistency in speed and direction, 

although they tend to be strongest in their respective hemisphere winter season and 

extend further pole ward in their respective hemisphere summer season. The trade winds 

from the two hemispheres converge in the ITCZ and SPCZ, where rising air forms the 
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ascending branch of the Hadley Circulation (Bell et al., 2011). This circulation is closely 

linked with the major source of inter annual tropical climate variability, known as El 

Niño Southern Oscillation (ENSO). 

The SPCZ is one of the most significant features of the sub tropical Southern 

Hemisphere climate. It is characterized by low-level convergence of airflow leading to 

uplift and a band of cloudiness and rainfall stretching from the West Pacific Warm Pool 

(WPWP) in the western Pacific, south eastwards towards French Polynesia. To the west 

it merges with the ITCZ over the Warm Pool (Figure 4). To the east, the SPCZ is 

maintained by the interactions of the trade winds and transient disturbances in the mid 

latitude westerly winds emanating from the Australasian region. It tends to lie over a 

region of large SST gradient, and is most active between November and April. The 

location/position of the SPCZ convergence shows much variability between seasons, 

shifting northwards by 10-15 degrees during summer (Australian Bureau of 

Meteorology & CSIRO, 2011a). Fluctuations in this position cause large seasonal 

variability in rainfall, winds and tropical cyclone activity throughout the Pacific 

affecting variables like salinity (SALT) and Total Alkalinity (TA) (Table 5). 
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Figure 4: Main study area (1). The SPCZ tends to lie over a region of large sea surface 
temperature (SST) gradient, and is most active in the austral summer (November–April). The 
position of the SPCZ convergence maximum varies significantly between seasons, by 10–15 
degrees of latitude. Furthermore, SPCZ is the principal source of water vapor to the atmosphere 
and it influences inter annual oscillations in climate (Bell et al., 2011). 
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Figure 5: Main Study Area (2). Blue arrows indicate the main ocean currents in the upper 100 
to 200 m of the water column. Purple areas indicate the regions of focus (WPWP, NECC, EEQ, 
SEC). The West Pacific Warm Pool (WPWP) lies in the west while the cold tongue is located in 
the Equatorial Eastern Pacific (EEQ), with the SEC (South Equatorial Current) and North 
Equatorial Counter Current (NECC) regions. The warmest and freshest water is found in the 
WPWP (shown by the 29°C isotherm) (from Kuchinke et al., in press). 

 
Large-scale atmospheric circulation patterns influence ocean currents and Sea Surface 

Temperature (SST) patterns, while the ocean in turn also affects atmospheric winds, 

temperature and rainfall. For example, the equatorial trade winds drive the upwelling of 

cooler water in the Eastern and Central Pacific. With time these waters, pushed 

westward by the winds and currents warm up and feed the WPWP. As a result, the 

warmest and freshest waters are found in the WPWP (Kuchinke et al., in press). The 

WPWP is characterized by water temperature greater than 29°C and salinity lower than 

34g/kg, while the Eastern Equatorial Pacific (EEQ) has SST between 19 and 22°C. 

These are the two subregions identified and focused on in this study area due to their 

different physical characteristics (Table 5). Atmospheric drivers like ITCZ, air-sea 
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exchange controls both these subregions while oceanic drivers like precipitation and 

SST in the WPWP and seasonal upwelling and primary production in the EEQ have a 

more localized influence. The atmospheric and oceanographic features in this region are 

characterized by seasonal changes in the location of the SPCZ and ITCZ and the 

occurrence of the summer monsoon over the WPWP. The strength of the North 

Equatorial Current (NEC: 10°N-20°N) and the South Equatorial Current (SEC: 5°N-

20°S) that flow westward (Figure 6) and are usually found down to 100 to 200 meters 

deep (Reverdin et al., 1994) also vary seasonally. 

The seasonal variation of the NEC, North Equatorial Counter Current (NECC), SEC and 

South Equatorial Counter Current (SECC) has been associated with the SPCZ, the ITCZ 

and the summer monsoon over the WPWP (Reverdin et al., 1994). These are strongly 

correlated with the seasonal variation of evaporation and precipitation (hydrological 

cycle) (Bingham et al., 2010). The location, strength and seasonal variation of several 

oceanic currents (e.g. SEC) are projected to change with climate change (Figure 6). This 

includes an increased equatorial undercurrent flow, which may modify the iron supply in 

the Eastern Pacific Ocean, which is necessary for of primary production (Bell et al., 

2011). 

Table 5: Relative parameters values in the subregions of WPWP and EEQ 

Parameter Unit Distribution at present 

WPWP EEQ 

SST °C Higher Lower 

TCO2 µmol/kg Lower Higher 

TA µmol/kg Lower Higher 

SALT g/kg Lower Higher 

Ωar Units Higher Lower 

pCO2 ppm Lower Higher 

pH Units Higher Lower 

STRATIFICATION Units Higher Lower 

WINDSPEED Units Lower Higher 

Furthermore, along the Equator, upwelling, wind driven stratification, and ENSO are 
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linked to the seasonal cycle of SST (Sarmiento & Gruber, 2006). These processes are 

explained in detail in the following paragraphs. The Ekman transport causes water to 

converge in some regions of the ocean and diverge in others as a consequence of trade 

winds and the Coriolis effect (Ganachaud et al., 2011). This has two impacts on ocean 

circulation. It causes downwelling in regions of convergent flow (Ekman pumping) and 

upwelling in regions of divergent flow (Ekman suction). Upwelling is important since it 

brings nutrients from the deep ocean up to the surface. This has a large impact on the 

biogeochemical processes, including primary production. 

Stratification also plays a key role in this region. Stratification is the contrast in density 

of waters between the surface and a depth of 200m, which is projected to increase with 

increase in CO2 emissions (Ganachaud et al, 2011). Bearing in mind SST and SALT 

contributions to seasonal mixed layer depth (MLD) variability, seasonal timing of mixed 

later density varies regionally. SST and SALT gradients regulate density, so density 

gradients are generally stronger where either salinity or temperature gradients are 

dominant influences (Johnson et al., 2012). Temperature and salinity both contribute to 

ocean density, including its seasonal cycle and spatial patterns in the mixed layer.  

Temperature changes dominate the seasonal cycle of mixed layer density in most 

regions, but salinity changes are dominant in the tropical warm pool (Sarmiento & 

Gruber, 2006). Under the ITCZ, temperature and salinity work in concert to increase 

seasonal stratification, but the seasonal density changes there are weak because the 

temperature and salinity changes are small. To date, quantification of the seasonal cycle 

over this region has been difficult to simulate. This is because most global models have 

coarse resolutions that are unable to capture the hydrological (e.g. open ocean salinity 

and SPCZ position) and biological cycles (e.g. primary production) (Australian Bureau 

of Meteorology & CSIRO, 2011a). 
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Figure 6: Main Large-scale ocean currents in the study area. The cream color arrows indicate 
the main ocean currents in the upper 100 to 200 m of the water column. The blue lines specify 
the magnitude of ocean surface currents (in cm.s-1) from satellite and in situ climatology data 
(from Bell et al., 2011). Currents shown are: North Subtropical Counter Current (NSTCC); 
Kuroshio (KURO); Mindanao Current (MC), Mindanao Eddy (ME); Halmahera Eddy (HE); 
(NEC); North Equatorial Undercurrent (NECC); Equatorial Undercurrent (EUC); Indonesian 
Through flow (ITF); New Guinea Coastal Undercurrent (NGCUC); North Queensland Current 
(NQC); East Australian Current (EAC); North Vanuatu Jet (NVJ); North Caledonia Jet (NCJ); 
South Caledonia Jet (SCJ); South Equatorial Counter Current (SECC); (SEC) and South 
Subtropical Counter Current (SSTTC). 
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1.6  OBJECTIVES AND AIMS  
 

 

The current study investigates the modeling aspects of seasonal variations in ocean 

acidification over a 100-year time frame through Ωar, both spatially and temporally in 

the Western Pacific (120°E: 220°E, 30°N: 35°S). Since this region experiences seasonal 

fluctuation in the aragonite saturation state, it would be of interest to understand the 

seasonal variability of aragonite and the drivers controlling this variation and the 

seasonal projections under A2 scenario. Understanding the scale of fluctuations in global 

warming/atmospheric CO2 (as well as physical and biological processes e.g. 

stratification) that influence seasonal variations in Ωar as well as the drivers of this 

seasonality and if there are large scale changes for this projected seasonality. More 

precisely, the aims of this study are: 

� Evaluate CCSM3 model outputs against the observed seasonal data by analyzing 

for skill assessments using statistical methods for patterns, relationships and variability 

between the model-observed data. 

 

� Analyze and understand the temporal and spatial trends in the mean seasonal 

ocean acidification of the surface Western Tropical Pacific Ocean by quantifying the 

processes determining the seasonality in Ωar for SRES A2 and control scenarios using 

the Community Climate System Model (CCSM3) for 2000-2010, 2040-2050 and 2090-

2100. 

 

� Determine the key drivers for this seasonality changes and identify the physical 

and biological processes controlling these drivers at present to understand changes in 

future. 

 

� Understand how the Revelle factor influences the magnitude of oceanic 

anthropogenic carbon uptake by 2100 as well as when the Ωar saturation state falls 

below that for optimum coral growth. 
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CHAPTER 2  MODELING 

 

2.1 MODELS AND PROJECTIONS  
 

This chapter aims to describe the outputs of global models on ocean acidification, the 

gaps and biases in model variability as well as the extent of current modelling efforts by 

international modelling centres for ocean acidification, globally and regionally. We also 

discuss the specific model biases for this region and present a description of the model 

used for the current study. 

Models assist in comprehending what happened in the past and the present, and in 

generating projections of future changes (McGillicuddy et al., 2010). Models can be 

explained as numerical portrayals of our understanding of physical and biogeochemical 

processes in the oceans, atmosphere, land surface and ice regions, with a number of 

initial conditions (e.g. surface TCO2 distribution) and boundary conditions (e.g. 

atmospheric forcing) to make inferences about the current state of the real world (but 

they do not exactly represent the real world).  

Well-tested numerical models are necessary to quantify the projected uptake of 

anthropogenic CO2 by the ocean and to assess shifts in marine biogeochemistry and 

carbon storage under a warmer, high CO2 world (Meehl et al., 2007; McGillicuddy et 

al., 2010). The current biogeochemical models and planktonic ecosystem models are not 

precise enough to provide a detailed level of information on species and a full suite of 

biological/ecological dynamics needed to address ocean acidification questions (Meehl 

et al., 2007).  

Therefore, coupled carbon models are used to address these changes since they have an 

active carbon cycle attached to them to understand the marine biogeochemistry. More 

coupled carbon models are increasingly used in future climate and carbon cycle 

projections to characterize the ocean impacts of anthropogenic climate change 

(Sarmiento & Gruber, 2006; Steinarcher et al., 2009). These include Earth System 

Models of Intermediate Complexity, Atmosphere/Ocean General Circulation Models 
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(AOGCMs). Such models are now widely applied to resolve seasonal and interannual 

climate variability of the carbon cycle projections in all oceans. This chapter centres on 

the literature comparing the modeling efforts, and presents how far current modeling 

efforts have progressed and the accompanying uncertainties for projecting these changes 

using models for the tropical Pacific region. 

AOGCMs calculate climate parameters (e.g. temperature) at a number of discrete points 

on the Earth's surface and in the Atmosphere/Ocean (Thornton et al., 2009). These 

points are laid out as a grid covering the surface of the Earth, dividing it up into many 

little boxes. The more boxes, the finer the resolution of the model and the smaller-scale 

climate features it can represent. Therefore, the best climate model would be the one 

with the finest resolution. However, the more points, the more calculations need to be 

made, and so the more computer time the model takes to run. In general, a compromise 

has to be made between resolution and run time. 

The vertical profile of the atmosphere and the depth profile of the ocean are also divided 

into a number of different levels (Thornton et al., 2009). For example, the CCSM3 

model uses 30 vertical levels in the atmosphere and in the ocean. Quantifying the 

individual processes that occur in these grids, like cloud cover, and representing them is 

called parameterizing (Collins et al., 2006). It may be worth mentioning that 

“parameterization”, in some respects is, a compromise since a) we do no fully 

understand all physical processes, and b) even if we did, the computational expense (as 

indicated above) prevents full characterization at fine space scales of processes.  

There are many parameterization patterns in the model, such as the scheme that 

calculates air sea flux. Some of these schemes are well constrained by observations and 

are assumed to be quite reliable, but others are far less well understood. One source of 

confidence in models comes from the fact that model fundamentals are based on 

established physical laws along with a wealth of observations (Lough et al., 2011). A 

second source of confidence comes from the ability of models to simulate important 

aspects of the current climate, e.g. SST (Figure 7).  

Models are extensively evaluated by comparing their simulations with observations of 
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the atmosphere, ocean, cryosphere and land surface (Thornton et al., 2009). This allows 

testing, by mathematical simulation how the global climate system could respond to a 

range of different forcing mechanisms. For example, what would be the state of the 

ocean if there were a doubling of the atmospheric CO2 emissions by 2100? 

Estimating the extent to which climate change is likely to alter nutrients and oxygen 

concentrations requires the integration of biogeochemistry within physical models. This 

may be achieved in two ways. Either a biogeochemical model can use the collected 

output of an ocean model (i.e. an 'offline' simulation), or physical and biogeochemical 

models can be coupled so that the components interact throughout a simulation 

(Thornton et al., 2009). 

2.1.1 Basis of Modelling: The SRES Emission Scenarios 
 

This study uses a scenario from the set of emissions scenarios from the Special Report in 

Emission Scenarios (SRES) published by the IPCC (Nakicenovic et al., 2000). These 

scenarios were developed between 1996 and 1999 based on different models and story 

lines that represent demographic, social, economic, technological and environmental 

developments. The different scenarios include, from lower to higher emissions: A2, 

A1fi, A1T, A1B, B2, B1 and the control scenario simulates stable conditions without 

forced warming. The SRES A2 with its control is one of 6 illustrative scenarios chosen 

for this study. It corresponds to ‘business as usual’ conditions and assumes a 

heterogeneous world with high population, high-energy use, low economic growth in 

developing countries, and medium economic growth in developing countries (Trenberth 

et al., 2007). These SRES assumptions with available data as well as projections (Figure 

7) appear to be fully consistent with this range of emissions (Orr et al., 2005; Meehl et 

al., 2007; Trenberth et al., 2007). 
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Figure 7: Hindcast (past observations 1900-2000) and projections till 2100 for mean 
temperature changes for different SRES (Trenberth et al., 2007). 

 

2.1.2 Coupled Carbon Models 
 
The following description of the observed features of the tropical Pacific Ocean as well 

as projections are based on current understanding of the oceanography of this region and 

of information compiled by Hennessy et al. (2011) in which regional analysis was 

conducted using a range of coupled atmosphere and ocean climate models from the 

Coupled Model Intercomparsion Project Phase 3 (CMIP3). These are referred to as the 

“state of art” simulations, which formed the basis of the IPCC projections of future 

climate in the IPCC Fourth Assessment Report (AR4). However, most of the CMIP3 

models in the Hennessy et al. (2011) only provide projections of physical climate. 

Classically, a coupled carbon model has 5 components attached to it, the land, ice, 

ocean, atmosphere and the coupler (Figure 8). The four components, ocean, atmosphere, 

land and ice models are linked together by the coupler, with information continuously 

being exchanged between these components to produce an estimate of global climate 

that evolves with time. These models are the basis for model predictions of future 

climate (Meehl et al., 2007). AOGCMs represent some of the complexity in climate 

systems and internalize as many processes as possible. As such, they are the only tools 
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that could, at present, provide detailed global predictions of future climate change 

(Smith & Gent, 2004). 

 

 

 

 

 

 

 

Figure 8: Coupled model components of the CCSM3 model. CCSM3 is composed of four 
separate model components that simultaneously quantitatively simulate the atmosphere, ocean, 
land surface and sea-ice, and a central coupler component. In CCSM3, the dynamical 
atmospheric model is the Community Atmospheric Model (CAM), the ocean model is the 
Parallel Ocean Program (POP), the sea ice model is the Community Sea-Ice Model (CSIM), and 
the land model is the Community Land Model (CLM). The four component models each 
exchange data only with the coupler, and each model is separately executable. 

 
These global climate models are generally run for hundreds of simulation-years, subject 

to constant, pre-industrial (1870) forcing (i.e. constant solar energy and greenhouse gas 

levels). This gives the ocean time to equilibruim. Using the ‘pre-industrial run’ as a 

baseline, the 20th century simulations incorporate the increasing greenhouse gases in the 

atmosphere in line with historical emissions and take observed natural forcing (e.g. 

changes in solar radiation, volcanic eruptions) into account. 

Input (variables)                          model (’run’)                       outputs (projections) 

 

For the present-day ocean, global models simulate large-scale regional changes in 

saturation states that roughly match observed changes (Feely et al., 2004; Doney et al., 

2009a). These models are designed only for the open ocean, as their coarse resolution 
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that does not adequately capture well coastal processes. However, a few coastal carbon 

system models have been developed. Coastal modeling is naturally more difficult than 

open-ocean modeling, because, in addition to water column processes and air-sea gas 

exchange, coastal models must include land-based inputs and sediment interaction as 

well as much higher spatial and temporal variability (Kleypas et al., 2006). Some 

modeling has provided ocean model projections of changes in ocean pH and aragonite 

saturation rates but not all have been done using a coupled climate-carbon model 

(Caldeira & Wickett, 2003; Fabry et al., 2008).  

 

The seawater carbonate system is quite precise in most models since thermodynamic 

variables are well known (Zeebe & Wolf-Gladrow, 2001). Typical models use measured 

TCO2 and measured TA as the master variables from which pH, pCO2, HCO3
−, CO3

2- 

are calculated. TA is linearly derived from salinity (Zeebe & Wolf-Gladrow, 2001). It is 

usually best if TA is included in biogeochemical ocean circulation models as a 

prognostic tracer rather than being empirically diagnosed from salinity. The term 

prognostic is associated to variables, which are directly predicted by the model and 

obtained as a model outcome such as SST, SALT, TA and TCO2. Compared to this, the 

diagnostic variables need to be calculated separately as derived variables, such as PCO2, 

which may be obtained from the model's prognostic variable like SST. 

2.2 ROLE OF MODELING IN OCEAN ACIDIFICATION 
 

Ocean acidification has been the focus of several recent modeling studies which have 

aimed to estimate the implications of rising atmospheric CO2 on pH (Caldeira & 

Wickett, 2003), aragonite saturation state and ocean ecosystems  (Orr et al., 2005; Cao 

et al. 2007). These studies have focused on the possible future change in ocean 

chemistry under various CO2 emission scenarios (Caldeira & Wickett, 2003; Orr et al., 

2005; McNeil & Matear, 2008) and projected a reduction in ocean pH and Ωar. Potential 

long-term impacts of anthropogenic CO2 on the pH and Ωar of the oceans have been 

discussed in detail for the global ocean (Caldeira & Wickett, 2005; Orr et al. 2005) and 

for the Pacific (Feely et al., 2004, Steinarcher et al., 2009). Moreover, past, present, and 

future aragonite saturation states have been modeled based on historical data and IPCC 
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“business-as usual” CO2 emission scenario (A2) (Orr et al., 2005) where it drops from 

3.8 at present to 2.2 in 2100. The same is seen for pH values projected for different 

dates, including 2100 where the long term mean values drop to 7.76 pH units from 8.1 at 

present (Feely et al., 2009a). 

2.2.1 Projections for Ocean Acidification Globally 
 
This section compares the annual global mean values of Ωar from coupled carbon and 

Earth system models with the results from studies including or excluding the effects of 

climate change. 

Ocean acidification first emerged as a high profile issue within the scientific community 

in 2005 with the publication of the Royal Society report (Raven et al., 2005, Kleypas et 

al., 1999b), although it had been reported as far back as the 1970s. Since 2005, major 

scientific studies (experimental, reviews and modeling studies) have been published 

globally (e.g. Kleypas et al., 2006; Doney et al., 2009b). Although there are many 

unanswered questions, there is a general scientific agreement that ocean acidification is 

real and a major threat to marine life. The Royal Society report (Raven et al., 2005) for 

example states that ‘Even with stabilization of atmospheric CO2 at 450ppmv, ocean 

acidification will have profound impacts on many marine systems. Large and rapid 

reductions of global CO2 emissions are needed globally by at least 50% by 2050.’ 

Reducing CO2 emissions to the atmosphere as soon as possible appears to be the only 

practical way to minimize the risk of large-scale and long-term changes to the oceans. 

Most modeling studies have focused on the Southern Ocean or at higher latitudes or the 

North Pacific and there is only a sparse number of modeling studies as well as field data 

to quantify the interannual and seasonal variations on ocean acidification in the Western 

Pacific region (Takahashi et al., 2009). 

 
Work by Cao et al. (2009) has reinforced the importance of modeling to project if 

dissolved ocean surface CO2 continues to increase in proportion to atmospheric CO2 or 

if these changes will diminish the ocean’s capacity to absorb CO2 from the atmosphere. 

Furthermore, they state that, if CO2 levels are allowed to increase to 650–700 ppm as 

projected to occur later this century, a return to twice the pre-industrial level will take a 
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several hundreds of years because of the slowing rate of uptake by the oceans. The six 

illustrative SRES emissions scenarios, ranging from 540 to 970 ppm by 2100, project the 

global surface ocean pH to decline by 0.14 and 0.35 units in over the 21st century 

(Meehl et al., 2007). It is generally unappreciated just how long it would take to bring 

CO2 concentrations back to normal levels (Feely et al., 2009a). Therefore, the 

acidification effect of CO2 may not return to a benign level as soon as atmospheric CO2 

returns to normal. Hence, the oceans will remain acidified until the dissolving of marine 

carbonate rocks neutralizes it.  

 
Several ocean model projections of changes in ocean pH and Ωar which use the output 

from different major global climate models runs to simulate the past, present conditions 

and future changes in ocean acidification till 2100 have been generated (Caldeira & 

Wickett, 2003; Cao et al., 2009; Doney et al., 2009a; Feely et al., 2009a and Steinarcher 

et al., 2009). These modeled values that decreases aragonite saturation from 3.8 at 

present to 2.7 by 2100, suggest that unrestrained warming cannot occur without the 

substantial loss of marine ecosystems on a global scale (Doney et al., 2009b). 

The ISAM-2.5D (Integrated Science Assessment Model) Earth system model was used 

to investigate future changes in ocean chemistry (pH and Ωar) as a result of both 

increased CO2 concentrations and climate change by Cao et al. (2007). They project a 

0.47 unit reduction in surface ocean pH relative to a pre-industrial value of 8.17, and a 

reduction in Ωar from a pre-industrial value of 4 to 1.39 by year 2500. This study 

indicates that effects of climate change are negligible on pH and aragonite saturation 

rates. However, the CO2 uptake by the biosphere was not taken into account. Thus, 

estimates of CO2 emissions include only fossil-fuel CO2 emissions and net CO2 

emissions from the biosphere. Most scientific modeling studies use the SRES A2 for 

projecting the impacts of unabated emissions till 2100 to understand the maximum effect 

of the anthropogenic CO2 emissions on Ωar. For example, Feely et al. (2009a) indicate 

that the surface water pH will drop from a pre-industrial value of about 8.2 to 7.76 for 

the A2 scenario by 2095 (Figure 9). 
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Figure 9: Past, present and projected future trends in surface pH. From Feely et al. (2009a). 

 
Caldeira and Wickett (2005) used the Lawrence Livermore National Laboratory (LLNL) 

ocean general circulation model (Caldeira & Wickett, 2003) to project future changes in 

TCO2 and calculate the effect of these changes on ocean chemistry. However, 

calculations were done without consideration of climate, circulation, marine biology 

land-biosphere, dust feedbacks and they assumed a neutral biosphere. Therefore, in the 

future, if the land-biosphere were to take up significant amounts of carbon released to 

the atmosphere, atmospheric CO2 and ocean chemistry changes would be less than 

predicted and emissions would be greater than predicted. Cao et al. (2009) also 

estimated the average Ωar and pH of tropical surface waters. They found values of Ωar = 

2.93 and pH=7.93when the PCO2 reaches double pre industrial values (560ppm). 

 

Cao & Caldeira (2008) used a coupled climate/ocean-carbon cycle model that includes 

the effect of climate change as a result of increasing atmospheric CO2 concentrations 

and results are consistent with previous studies that did not include the effect of climate 

change (Caldeira & Wickett, 2003; Caldeira & Wickett, 2005; Orr et al., 2005). For 

example, Caldeira & Wickett (2005) projected a decrease in global surface pH of 0.24 
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and 0.47 units for the years 2050 and 2100, when atmospheric CO2 reaches 550 and 990 

ppm respectively. By comparison, this study predicted a decrease in pH of 0.25 and 0.48 

units at CO2 levels of 550 and 1000 ppm, respectively. Whereas using three climate 

models, Orr et al. (2005) typically found climate change feedbacks to increase [CO3
2−] 

by about 10% on the global scale. However, Orr et al. (2005) explored neither the reason 

nor the importance of independent feedbacks on oceanic acidification. 

 

On the other hand, with different climate sensitivities, McNeil & Matear (2008) show 

that the factors controlling seasonal variations in Ωar are independent of the effects of 

climate change. Globally averaged Ωar is found to decrease from 3.5 to 2.2 between 

1880 and 2100 without climate change, but only to about 2.5 when including affects of 

climate change. Consequently, this study implies that future projections of surface ocean 

acidification may only need to consider future atmospheric CO2 levels, not climate 

change. However, this is not for the conclusions from all studies. 

Steinarcher et al. (2009) complemented earlier studies by using the fully coupled NCAR 

CSM1.4 carbon model with SRES A2 scenarios. Their results imply that surface waters 

in the Pacific Ocean will become corrosive to aragonite, with potentially large 

implications for the marine ecosystem. Doney et al. (2009a) further emphasizes that the 

increasing atmospheric concentration of CO2 will be driving all marine organisms to live 

in increasingly acidic environments due to the lowering of Ωar. Several studies 

confirmed that elevated ocean acidification as a threat to marine biota (Feely et al., 

2002; Meehl et al., 2007) while stressing that the net effect on the biological cycling of 

carbon and the marine life is not well grasped. 

2.2.2 Projections for Ocean Acidification on this Region by PCCSP2 
 
Current global climate models still have issues in correctly simulating certain aspects of 

the present day tropical Western Pacific climate (Dore et al., 2009). Present climate 

models have a low spatial resolution (~150 km), which makes projecting at the regional 

scales a challenge. Also, current models do not differentiate the small Pacific islands 
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from the surrounding ocean and may not adequately incorporate some of the ocean-

atmosphere interactions of importance to island climates (Lough et al., 2011). There 

have not been any studies done on seasonal ocean acidification for this region 

specifically. However, in a global study by Steinarcher et al. (2009) seasonality was 

found to be negligible.  

 

Figure 10: Projected Annual Maximum Aragonite Saturation State. PCCSP model output for the 
Western Pacific under the A2 scenario where declining values are seen from present values of 
3.8 to 2.4 by 2100 (from Australian Bureau of Meteorology & CSIRO, 2011a). 

 
Although there is various dynamic or statistical methods to “down-scale” coarse-

resolution model output to finer spatial scales, they rely on a high degree of realism in 

the “coarse” model. There is a recognized need to produce more reliable and higher-

spatial resolution models, especially for the tropics (Fabry et al., 2008; Doney et al., 

2009b; Australian Bureau of Meteorology & CSIRO, 2011a). There are, thus, a range of 

uncertainties in projecting the nature, magnitude and consequences of how surface 

climate of the Pacific islands will change in the future. For example, at present, there is 

little model agreement in how ENSO magnitude and frequency may change (Meehl et 

al, 2007). Based on all model projections, it appears that the largest simulated pH and 

Ωar changes occur in the Arctic surface waters while the tropical Western Pacific waters 

surface may be the last to be impacted. The average Ωar in this region at present is 3.8 

(Cooley et al., 2011). Nevertheless, the striking decrease projected for Ωar in all oceans 
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by 2100 is clearly reason for concern, as it is the controlling factor on coral reef 

calcification alongside rising SST (Hoegh-Guldberg et al., 2007). 

 
 

 
 

 

Figure 11: Projected Multi model surface Ωar Saturation States. Spatial variations in mean 
annual Ωar for Western Pacific from Multi model Source: (Australian Bureau of Meteorology & 
CSIRO, 2011a). By 2099, only tropical waters may have Ωar levels high enough to support the 
growth of calcifying organisms.  

Near shore observational studies show that short-to-medium temporal and spatial 

variability’s in pH and Ωar is much higher than those projected in a global model like 

CCSM3 (Matthews et al., 2007; Feely et al., 2009a). Anthropogenic factors such as 

eutrophication and pollution (Doney et al., 2007), or simply regional circulation features 

(Feely et al., 2008) that are not included in global coupled models are often responsible 

for a large portion of observed natural variability. Therefore, the present study is 
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constrained to the surface open ocean where changes in Ωar are better projected than in 

near shore or coastal areas. This is because the coarse resolution models are not able to 

capture the near shore/coastal processes. 

2.3  KNOWLEDGE GAPS IN CURRENT MODELING EFFORTS 

 

Recently, climatic feedbacks and effects of climate change on pH and Ωar have been 

considered important significant by different authors (e.g. Orr et al., 2005; McNeil & 

Matear, 2008). On the other hand, Cao et al. (2007) found insignificant changes in pH 

and Ωar relative to the effects of climate change such as global warming when compared 

to changes obtained from experiments conducted without the effects of climate change. 

The results of Cao and Caldeira (2008) (who have included climatic feedbacks in their 

model projections) are very similar to those of Caldeira and Wickett (2003; 2005) who 

have not included climatic feedbacks in their projections of values of pH and Ωar. 

Therefore, it would seem that climatic feedbacks like ocean warming, circulation and 

biological changes have minor effects on variations of Ωar. 

 

First we discuss the gaps in global studies in this regard and then the very few studies 

done at regional levels regarding the drivers of ocean acidification.  

2.3.1 Gaps in Modeling Knowledge Globally 
 

New findings have led to growing concern that rising atmospheric CO2 concentrations 

will cause vast changes in the ocean’s surface carbonate chemistry system. A variety of 

evidence from the geological record (e.g. the evolutionary pathways of CaCO3 secreting 

organisms) indicates that calcification rates will decrease as saturation state (Ωar) 

decreases (Kleypas et al., 2006). There is now striking evidence from laboratory and 

field studies confirming that net production of CaCO3 will decrease in the future (e.g., 

recent review papers: Kleypas et al. 2006; Fabry et al., 2008; Guinotte & Fabry, 2008; 

Doney et al., 2009a). 
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The few studies regarding calcification at different pCO2 levels are not enough to predict 

future impacts on food web dynamics and other ecosystem processes. A major review of 

over 40 years of publication on the topic by Kleypas et al. (2006) summarises the 

significant relationship between carbonate chemistry of seawater and marine 

calcification. Much effort has gone into understanding the patterns of open ocean 

carbonate chemistry and biogeochemical feedbacks to the global carbon cycle; and some 

major findings have arisen from that effort (e.g., quantitative estimates of ocean carbon 

uptake by Sabine et al., 2005). Fewer attempts have gone into investigating the response 

of marine calcifying organisms to future changes in carbonate chemistry, and almost no 

research has tackled the ecosystem responses. Model projections suggest that on a 100 

year timescale, the ocean will be the ultimate sink for about 90% of the anthropogenic 

carbon released to the atmosphere.  

 

Yet detecting a human-induced signal from natural decadal variability is often very 

difficult given the relatively short length of most oceanographic data records (Doney et 

al., 2009a). Model calculations for the A2 scenario suggest that global ocean carbon 

chemistry could change notably and that the saturation state of the surface waters with 

respect to Ωar could decline as much as 45% by the year 2100 (Caldeira & Wickett, 

2005). Accounting for such facts in future climate projections is challenging given the 

current understanding of processes and strength of modeling tools (Kleypas et al., 2006) 

and the skill metrics for model evaluation against the observed data (Doney et al., 

2009a). Moreover, pre-industrial carbon cycling in the coastal zone is not well 

understood (Kleypas et al., 2006). Without a clear understanding of how the coastal 

carbon system operated prior to human alteration, it is difficult to understand how the 

system will change in the future (Kleypas et al, 2006).   
Some of the sources of uncertainty in future climate projections include: incomplete 

understanding of the Earth system processes like the carbon cycle and missing processes 

and feedbacks like future volcanic activity, future solar variability, ice sheet dynamics 

and carbon cycle feedbacks (Meehl et al., 2007). Also uncertainties in parameters of 

equations and numerical representation of processes (modeling) exist. Major 
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uncertainties include: CO2 emissions, atmospheric CO2 (carbon sinks, climate-carbon 

feedbacks) and climate sensitivities (clouds, water vapour, land-use change) as well as 

uncertainties in the atmospheric emissions, aerosols, and land-use change (Trenberth et 

al., 2007).  

Moreover, future decisions on regulating emissions of greenhouse gases should be based 

on more accurate models of the global carbon cycle especially regarding the regional 

sources and sinks for anthropogenic CO2 that have been adequately modeled. The 

structure of a reliable present-day carbon budget is essential for reliable projection of 

changes in atmospheric CO2 and global temperatures from available emissions 

scenarios. Some other problems like simulating the equatorial seasonal precipitation and 

air-sea flux cycles are common among the models. This highlights the difficulty in 

simulating the complex interaction of poorly resolved observed processes in the Western 

Pacific, for example air-sea fluxes of heat and momentum, oceanic upwelling and 

mixing into the surface mixed layer (Bell et al., 2011 and Ganachaud et al., 2011). 

2.3.2 Gaps in Modeling Knowledge in Region 
 
Upwelling in the Pacific Equatorial region and in coastal areas, is still simulated rather 

poorly by most global climate models. Coupled models can reproduce the general 

pattern, but they tend to result in temperatures warmer than observations in the eastern 

oceans and colder in the western portions of the oceans. Global climate models calculate 

variables such as temperatures and rainfall at points over the globe spaced 100-400km 

apart, with about 30 layers in the ocean and 30 layers in the atmosphere. No particular 

model is effective in representing all aspects of a climate, so a range of models is usually 

examined when making projections of future climate. 

To illustrate this further, after analysing data from 24 global climate models from IPCC 

2007, Pacific Climate Change Science Program (PCCSP) (Hennessy et al., 2011), 

identified a set of 18 models, which provide a reasonable representation of the observed 

climate over the tropical Pacific. These 18 models were used to construct projections of 

future climate for the individual Pacific Island Countries. These 18 global climate 

models can simulate many aspects of climate and generally give a reasonable 
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representation of current climate in the Pacific region.  

Most global models, however, show bias, such as a tendency to underestimate SST and 

rainfall around the equator. The representation of ENSO in climate models has improved 

over the years but remains a challenge at the regional scale. For example the SST 

variability associated with ENSO tends to be too narrowly focused on the equator and 

extends too far to the west. Global climate models do not gave sufficiently fine 

resolution to represent small islands and important small-scale climate processes (Doney 

et al., 2009a; Feely et al., 2009a; Australian Bureau of Meteorology & CSIRO, 2011a). 

The 18 global climate models used by PSSCP can simulate many aspects of climate and 

generally give a reasonable representation of seasonal and inter annual climate 

variability in this region.  Downscaling techniques are used to represent important small 

island effects, however, these techniques are very computer intensive. Downscaling 

involves the use of a finer resolution atmospheric climate model, driven by output from 

a global model. The PCCSP provides a more detailed set for climate change projections, 

building on the IPCC’s broad scale of annual mean temperature and rainfall projections 

that were averaged over the two large Pacific regions (the North and South Pacific). 

PCCSP volume 2 (Australian Bureau of Meteorology & CSIRO, 2011b) reported on a 

more detailed version of the projected ocean acidification effects on each of the PICTs 

for the time frames of 2035, 2055 and 2095, using CMIP3 projections. However, not all 

PICTs were considered for this. 

Some model biases identified by PCCSP for the tropical Pacific include the following 

aspects. In the wet season (November-April), the SPCZ is not expected to shift position, 

but increased rainfall is projected within the SPCZ, particularly in the wet season, due to 

increased atmospheric moisture content in a warmer climate. However, most models are 

not able to capture the SPCZ position well in for this region. Changes in the rainfall 

averaged over the ITCZ show a general increase in June-August, with little change in 

December-February, thereby amplifying the current seasonal cycle. Models suggest the 

ITCZ may shift equator ward in March-May and June-August, although displacement is 

small. 
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Whether a model is skilful in simulating the present climate will depend on its ability to 

represent the long-term average and seasonal cycle of various atmospheres and ocean 

fields (SST, rainfall, wind, SALT, sea level flux). Adjustment in these models may 

reduce some of these biases, but this leads to uncertainty over their ability to simulate 

climate variability. One of the most significant uncertainties that arises is a tendency for 

the models to extend the Pacific Equatorial cold tongue too far west, resulting in western 

equatorial Pacific SST, which are too cold.   

The lack of scientific knowledge is a major challenge to effective adaption planning for 

Pacific Island countries. In 2007, the IPCC identified key information gaps in the 

projections for the Pacific (Trenberth et al., 2007). PCCSP is a significant step forward 

in the understanding of climate drivers in the Pacific region. This report stresses the need 

for support for new/maintenance of existing surface observations for some of the PICTs 

to allow for better recognition of oceanic responses to climate change and more studies 

like down scaling to island specific scales (Ganachaud et al., 2011). 

To gauge the impacts of the lack of scientific knowledge on marine organisms and 

ecosystems, further experiments are needed to understand and quantify the process of 

calcification and its relationship to net carbon production, photosynthesis and changing 

water temperatures, as well as to estimate their ability to adapt to changed conditions. 

This has also been stressed by previous literature in many instances (Kleypas et al., 

2006; Doney et al., 2009a, b; Feely et al., 2009b).  

At the same time as the PCCSP has sought to address some of the key gaps identified of 

the tropical Pacific in the IPCC (Trenberth et al., 2007), there still remain several areas 

requiring further work including: expansion of ocean based climate observatory 

networks and the analysis for historical climate data (Feely et al., 2001). There should be 

better understanding of large-scale climate features, patterns of variability and the 

detection of climate change. Also, constant assessment of climate models to provide 

more robust projections of atmosphere and ocean variables with better observations is a 

necessity. 
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2.4 MODEL USED IN THIS STUDY 

 

2.4.1 Characteristics of the CCSM3 Model  

 

The Community Climate System Model (CCSM) is a fully coupled model developed by 

the University Corporation for Atmosphere Research (UCAR) with funding from the 

National Science Foundation, Department of Energy, and NASA (Smith & Gent, 2004). 

The coupled components include an atmospheric model (Community Atmosphere 

Model), a land-surface model (Community Land Model), an ocean model (Parallel 

Ocean Program) and a sea ice model (Community Sea Ice Model) (Collins et al., 2006). 

CCSM3 comprises an upper-ocean ecological module and a full ocean biogeochemistry 

segment, both embedded in a 3D global physical ocean general circulation model 

(Doney et al., 2007; Doney et al., 2009a). Running the model with all four models 

turned on is called “fully coupled” mode (Marinov et al., 2010). In general future 

projections (2000-2100) are all based on fully coupled experiments. 

This model captures major processes governing the ocean carbon cycle like circulation/ 

mixing, air-sea gas exchange, biological production, and respiration of organic carbon 

and precipitation/dissolution of calcium carbonate. The simulations used here are from 

the fully coupled ocean-atmosphere-land version of CCSM3 forced with fossil fuel and 

deforestation carbon emissions based on observations for the historical period and the 

IPCC A2 and control scenario, with regional and economic emphases over global and 

environmental, with high CO2 emissions in the 21st century. Model projections (2000-

2100) are all based on fully coupled experiments.  

This model outputs, which have been previously provided by (Meehl et al., 2007; Doney 

et al., 2009a; Feely et al., 2009a; Thornton et al., 2009; Marinov et al., 2010) were 

modified to include a prognostic carbon cycle, ocean biogeochemistry and ecosystem 

dynamics, and coupled terrestrial carbon and nitrogen cycle. Detailed descriptions for 

the carbon and nitrogen cycle components are provided by Thornton et al (2009).  

Modification to the ocean component of CCSM3 includes incorporation of the 

Biogeochemical Elemental Cycling (BEC) model (Thornton et al., 2009), with multiple 
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phytoplankton functional groups (diatoms and smaller phytoplankton) and multiple 

potentially growth-limiting nutrients (nitrate, ammonium, phosphate, silicate and iron). 

The ecosystem component is coupled with a carbonate chemistry element centred on the 

Ocean Carbon Model Inter-comparison Project (OCMIP) allowing dynamic addition of 

surface ocean pCO2 and air-sea CO2 flux. 

The ocean component of CCSM3 is the Parallel Ocean Program (POP). The version 

integrated here has gx3v5 resolution, i.e., 3.6° in longitude, 0.8° to 1.8° in latitude (finer 

resolution near the equator), and 25 vertical levels with greater vertical resolution in the 

upper compared to the deep ocean. The ocean model uses a parameterization mesoscale 

eddy transport effects and it also includes a carbonate chemistry module, which 

dynamically calculates surface pCO2 from simulated temperature, salinity, dissolved 

inorganic carbon and total alkalinity and air-sea gas exchange for CO2 and O2 (Marinov 

et al., 2010). An iron cycle is also combined with seasonally varying atmospheric dust 

deposition.  

 

Further prognostic variables include suspended and sinking particulate matter, TCO2, 

TA, O2 and dissolved nutrients: ammonia (NH4), nitrate (NO3), phosphate (PO4), silicate 

(SiO3) and iron (Fe). The consecutive spin-up of the coupled climate model is detailed in 

Thornton et al. (2009). For the current study, the CCSM 3 model output was re-gridded 

to the 4°X5° resolution for a better comparison with the 4°X5° resolution observation 

data. This model was chosen instead of the other high resolution downscaled models for 

this region, because this model has an active carbon cycle attached to it, both from the 

land and ocean (biogeochemistry model attached) whereas for the other models, the 

carbonate chemistry was calculated using an offline simulation.  

 

2.4.2 Data Assimilation  

 

When discussing observations, the ability to understand and model the carbon cycle in 

the oceans has made immense advances in the last 20 years since the Geochemical 

Ocean Section Study (GEOSECS) provided an initial picture of the inorganic carbon 

distribution in the global oceans (Key et al., 2004). Over the last two decades, several 
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large-scale programs (Joint Global Ocean Survey, World Ocean Circulation Experiment, 

Ocean-Atmosphere Carbon Exchange Study) have measured the carbonate chemistry 

(mainly the TA and TCO2) along multiple ocean transects. These measurements allowed 

quantification of the anthropogenic carbon in the oceans, regionally and with depth 

(Sabine et al., 2005) and have been used to estimate changes (interannual, seasonal and 

longer term) in aragonite saturation states (Feely et al., 2004). An important recent 

development in ocean carbon science is the release of the LDEO_V2009 database 

(Takahashi et al., 2009), which contains more than 4.4 million individual measurements 

of oceanic pCO2 made since 1972. 

 

Data assimilation is a method for combining data to improve the interpretation of the 

data (Stow et al., 2009). This study applies data assimilation as statistical assessment 

between the CCSM 3 model and the observed seasonal data for the present time frame to 

evaluate future changes. The essential elements of data assimilation are: a model that 

describes the behaviour of the system (model), observations that offer knowledge on the 

system dynamics, and a scheme for blending the observations into the model. This 

method combines model equations and observations in a consistent way. This is because 

models must be evaluated against observed data and their uncertainty/bias 

acknowledged and accounted for when drawing inferences, known as model skills 

(accuracy) (Stow et al., 2009).  

                       Prediction 

 

  

Data                                                 model 
             (Residual model-data)  
 

Figure 12: Relationship between the observed data, model and the prediction. 

 
For the purpose of the current study, we have used Doney et al. (2007) skill metrics 

methods to evaluate the CCSM3 against the observed data to gauge the bias. 

Quantitative skill assessment is vital in defining confidence estimates on model 

   

Observation Error             Predictive Error 
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projections. As such, most research groups have in place some form of database 

assessment, as discussed in Stow et al. (2009).  

2.4.3 Model-Observation Data Evaluation 
 
Normally, the first step in evaluating models for any changes is to determine whether the 

model results match the observed changes. Typically, spatial/temporal plots show 

whether the model reasonably reproduces the pattern of observed variation. But, for 

models with multi dimensions and multiple variables (e.g. AOGCMs), visual 

comparison between the model and observed field becomes impractical; therefore, it is 

important to use statistical methods to quantify the overall correlation between the 

model and the observed data (by the construction of Taylor diagrams (Taylor, 2001)).  

Validation of ocean models to be used in climate studies with the observed data is a 

controversial topic. It can never be totally certain that a model will respond in a precise 

manner when forced with a future climate change scenario (Doney et al., 2007). 

Confidence can, however, be increased if a model is able to (i) capture the temporal/ 

spatial variability associated with a series of physical process like SPCZ mean position 

and (ii) simulate observed interannual or seasonal variability in tracers like TCO2.  

Graphically, comparing model predictions with observations can be a valuable way to 

assess model performance. The residual is the first step in understanding the model-

observed data difference and this shows the biases or the differing ability of the model to 

capture variability in a region in time and space in comparison with the observed data 

(Figure 12).  

Model-observed data evaluation is carried out to identify how well the model reproduces 

the observed data and thus the reliability of projections. Comparisons with observations 

are more difficult as biases in coupled models spread into the biogeochemical mean state 

and seasonal cycle. Lastly, since the coupled ocean-atmosphere models generate their 

own internal climate variability, assessment of simulated variability can only be done 

statistically, not directly (Doney et al., 2007). 
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CHAPTER 3   METHODS AND RESULTS  

 

This chapter starts with describing the observed and model data, then the methods for 

the calculation of the ocean carbon chemistry parameters are described, as well as the 

analyses done to produce the temporal and spatial model generated plots/maps.  

3.1  DATA 

This section presents and describes the data source and also includes initial analyses 

needed to make the comparison possible between observed data and model outputs. 

3.1.1   CCSM3 Model Data Description 

 
In order to compare model outputs with observed data, we first need to describe the 

model grid and outputs. The CCSM3 is composed of four separate components 

simulating the earth’s atmosphere, ocean, sea-ice (and continental ice on Greenland and 

Antarctica) and land surface, respectively. The CCSM3 ocean and ice models share the 

same horizontal grid points and resolutions of T31_gx3v5 (Thornton et al., 2009), where 

the North Pole has been displaced into Greenland. This is a coarser grid, with 

longitudinal resolution of 3.6° and latitudinal resolution of 0.8° to 0.8°, with finer 

resolution near the equator (approximately 0.9°). There are 25 ocean-model levels in the 

vertical direction with enhanced vertical resolution in the upper layers compared to the 

deep ocean (Marinov et al., 2010), with depth level thickness increasing from 

approximately 12 to 450 meters. The combination of the horizontal grid, horizontal land 

mask, vertical grid, and bottom topography is referred to collectively as the "gx3v5" 

resolution in the ocean component of the CCSM3 model.  

 

The CCSM3 atmosphere and land models share the same horizontal grid (Collins et al., 

2006). The T31 is a grid that has 96 by 48 horizontal grids cells (approximately 3.75° 

resolution). Therefore the CCSM3 model was used with the grid point and resolution of 

T31_gx3v5. The atmosphere model in CCSM3 has 26 levels in the vertical for T31 

horizontal resolutions. A biogeochemical model can use the stored output of a physical 

ocean model (i.e. an 'offline' simulation). Ocean chemistry conditions were calculated 

from ‘offline simulation’ of CCSM3. This coupled climate model includes historical 
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atmospheric CO2 emissions for the past and present and the Intergovernmental Panel on 

Climate Change (IPCC) A2 scenario and a control for the future. The control run of the 

model does not take into account the effect of fossil fuels as outlined in chapter two. The 

model output data was in netCDF (Network Common Data Format) from 1990-2099. 

Subsequent data from the studied timeframes (2000-2010, 2040-2050 and 2090-2100) 

were selected. Evaluation data for the model include: monthly output fields of the same 

variables as outlined in table 6 for the observed data. 

3.1.2 Observed Seasonal Data  
 

This study is based on a new total alkalinity-salinity relationship specifically adapted for 

this region by Kuchinke et al. (in press). The seasonal observation data was also in 

netCDF format for the timeframe 2000-2010. 

 

Table 6: Sources of the observed variables used in this study. 

Variables Units Sources of observed data 

Temperature (SST) °C From Takahashi 2009 

pH (seawater scale) Unit  Calculated using pCO2 and TA with 

thermodynamic constants of Millero et al., 

2006 

Salinity (SALT)  From Takahashi 2009 

Density kg/m3 Calculated using SST and SALT 

Ωar Units Calculated using pCO2 and TA with 
thermodynamic constants of Millero et al., 
2006 

TA µmol/kg  Kuchinke et al., in press 

TCO2 µmol/kg  Calculated using pCO2 and TA with 
thermodynamic constants of Millero et al., 
2006 

Atmospheric CO2 ppm From Takahashi 2009 

Mixed layer Depth  M From De Boyer et al., 2007 

CO2 flux gC/m2/y From Takahashi 2009 

pCO2 ppm From Takahashi 2009 

 



 

 51 

 
 

3.2 METHODS 
 

3.2.1 Parameters 
 

For the seasonal dataset, we used the Kuchinke et al. (in press) who have used seasonal 

4° × 5° gridded data were based on surface underway measurements of pCO2 

(LDEOv2009) for the study area from Takahashi et al. (2010). The observations during 

an El Niño event were removed from this database by Takahashi et al. (2009) and were 

all corrected to the mean year of 2000.  This gridded product also offers SST made from 

pCO2 and SALT from the NODC World Ocean Database 1998.  This gridded database 

covers the whole tropical Pacific Ocean; however the same is not true for gridded TA for 

the same area. Kuchinke et al. (in press) characterized the TA versus salinity 

relationship for the Pacific Islands region and derived Equation (8) using data from the 

Pacific region only from the relationship between TA, SALT and SST developed by Lee 

et al. (2006). When equating, Kuchinke et al. (2012) found that the equation from Lee et 

al. (2006) gave a poor fit (8.6 µmol/kg residuals (fitted TA – measured TA) against 

fitted TA, salinity and temperature) compared to a good residual (6 µmol/kg) when 

using the equation 8 for the same domain in the tropical Pacific. 

We take this new analyzed TA-SALT relationship and use this with other variables to 

simulate ocean acidification in this region on seasonal time scales. Matlab was used to 

visualize these data and to do the necessary analysis. To improve the relationship 

between TA and SALT historical discrete measurements obtained during voyages since 

1990 were used with data sourced from the CLIVAR and Carbon and Hydrographic 

Data Office (http://cchdo.ucsd.edu/). 

TA new = (2300 +-0.2) + (66.3+_0.4) x (S-35)                                                              (8) 

TA new is the new calculated TA for this region while S=SALT (Kuchinke et al., in 

press) 

 

The sensitivity of aragonite to the monthly changes in each of the key drivers (TA, 

TCO2, SALT & SST) was investigated. The effects of these drivers on the monthly 
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changes in Ωar were identified and separated (Equation 9). Our goal is to determine the 

key variables driving the monthly changes in Ωar.  

ΔΩar = dΩar/dSALT.ΔSALT + dΩar/dSST.ΔSST + dΩar/dTA.ΔTA + 

dΩar/dTCO2.ΔTCO2 + error                                                                                          (9) 

 

ΔΩar is the monthly change in Ωar. dΩar/dSALT.ΔSALT represents the variability of 

Ωar due to one parameter (e.g. SALT) while keeping the other three constant at the 

annual mean values for the same grid. The error term in equation (9) is the difference 

between Ωar and the partial derivative (d).  

 

Both TCO2 and TA were ‘normalized’ to a constant salinity of 34.4 i.e., normalized 

TCO2 (NTCO2) and normalized TA (NTA) are given as: TA. *34.4. /SALT. These 

parameters are normalized to a constant salinity in order to eliminate the effects of 

precipitation and evaporation on the TCO2 and TA time series. It is also important to 

note that the process of ‘normalizing’ TCO2 to a salinity of 34.4 reduces much of the 

variability in the TCO2 time series due to changes in the upper ocean salinity as a 

consequence of precipitation and evaporation.  

 

Mixed Layer Depth: This was taken from the model and observed data for each decade 

and analyzed seasonally to see the summer to winter differences.  

 

Stratification: This is a function of density. We define stratification as the difference in 

water density (kg/m3) between the surface and a depth of 200m. The layering of ocean 

properties, caused by variations in temperature and SALT with depth is known as 

stratification. Changes in stratification affect marine biological productivity. 
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3.2.2. Statistical Methods 
 

All analysis was done using Matlab and m_map softwares. Model-observed data 

statistical analyses are used to evaluate the simulated long term-mean spatial patterns, 

seasonal cycle amplitude and phase. The saturation state of aragonite (Ωar) for the 

surface ocean was calculated using the input fields of TA and TCO2 in CO2SYS (van 

Heuven et al., 2011) with the Mehrbach et al. (1973) refit dissociation constants K1, K2 

and KSO4 and the total pH scale in a polynomial solver for Matlab similar to that 

provided by Zeebe and Wolf-Gladrow (2001). We choose the refitted products for 

TCO2, TA and pCO2 from Mehrbach et al. (1973) (as refitted by Lueker et al., 2000), 

because they appear to produce internally consistent data. Before comparing/calculating 

the difference between CCSM-based carbonate system parameters, the model data were 

interpolated to the same 4° x 5° regular grid as CCSM3 data.  

 

Monthly average surface data for each variable were gridded and calculated from 

CCSM3 model output by calculating the 120-month centered running mean for each 

decade. We then calculated decadal mean values from this filtered monthly dataset, 

generating maps of mean surface values for the decades centered around 2000-2010, 

2040-2050 and 2090-2100. Statistical analyses between model and observed data 

include the generation of monthly averages, seasonal amplitudes, phase max, phase min, 

long term means, annual means, seasonal anomalies, standard deviation, seasonal root 

mean square values (RMS), correlation coefficient, seasonal Revelle factor and Taylor 

diagrams.  

 

Monthly averages (X) are computed from the model output to match the common 

temporal resolution of observational climatology. For each observed Xo and model 

predicted Xm variable, a long-term mean X*, an annual mean (X), and a mean annual 

cycle/annual averages [X] (e.g., average January, average February, etc.) for the periods 

of analysis: 2000-2010, 2040-2050 and 2090-2100 are computed for each grid point. A 

series of mean seasonal anomalies Xa is defined by: Xa=[X]-X* (Doney et al., 2007). 

An anomaly is a deviation from a long term average value. 
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The mean seasonal phase, maximum and minimum and the mean seasonal amplitude are 

the quantifiable terms showing the variation in the seasonal cycle. This was calculated 

from the mean monthly data over each 10-year time frame.  

Mean seasonal amplitude: This is the magnitude of peak-to-trough amplitude, which is 

the change between peak (highest amplitude value) and trough (lowest amplitude value, 

which can be negative). The magnitude of seasonal amplitude has been computed by 

taking the difference between the maximum and minimum mean monthly surface 

values.  

 

Mean seasonal phase: We define the phase as the months of minimum and months of 

maximum values of the given parameter. In order to express phase differences in 

seasonal changes, the following convention was used. For example, the months of 

minimum TA in the Southern Hemisphere occur in the first half of the calendar year, 

whereas in the Northern Hemisphere, they occurs in the second half of the calendar year. 

For the months of maximum TA, the pattern is reversed for the Southern and Northern 

Hemisphere.  The color bar scale shows the months from 1-12 (rainbow colors). 

According to this, the magnitude of the phase (by colors) observed in the Northern 

Hemisphere can be compared to the Southern Hemisphere inside the region (Kuchinke 

et al., in press).  

 

Revelle Factor: The mean seasonal Revelle factor was calculated using the TA and 

TCO2 from the model using the CO2SYS toolbox.  

 

Standard deviations are computed for each variable. It shows the variation between the 

data and the average/mean. A low standard deviation indicates that the data points tend 

to be very close to the mean, whereas high standard deviation indicates that the data 

points are spread out over a large range of values. The standard deviation is calculated 

for the annual averages, which gives a single value of variance for that variable over the 

mean for the 10 years. 

 

Standard deviations for model and observations are calculated separately using: 
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STD_mod = sqrt (sum ((mod-mod_average)* 2* weight))                                          (10) 

STD_obs = sqrt (sum ((obs-obs_average)* 2* weight)                                                (11) 

(‘weight’ is a normalized weight to account for different grid box volumes.)            

Then the relative standard deviation is: 

STD_rel = STD_mod / STD_obs                                                                                  (12) 

It relates the model variance to the observed variance. If they are equal STD_rel=1, and 

if STD_rel = 0.5 the model variance is only half as large as the observations variance. 

STD_rel gives the *radius* (distance from origin) of the point in the Taylor diagram. 

 

Perturbations: This corresponds to the difference between the control and the A2 

scenarios for each decade. This is to understand the future and present changes in 

anthropogenic CO2 compared to a scenario with no CO2 forcing. 

 

Mean State Difference: This is calculated as the difference between the final long term 

mean/annual averages of all the variables in the final decade (2090-2100) and the long 

term mean of all the variables in the initial decade (2000-2010) to observe the overall 

rate of change during the 100 years for each variable. 

 

Root Mean Square: The RMS is a measure of the magnitude of a varying quantity. From 

this, the RMS value is always equal to or greater than the average. RMS was calculated 

using a 120-month window centered on the timeframe in question (e.g. 2000-2010 or 

2040-2050) to quantitatively describe variance. 

 

The Root Mean Square Deviation (RMSD) or Root Mean Square Error (RMSE) is used 

to measure the differences between values predicted by a model and the values actually 

observed (Equation 13).  

RMSE = sqrt(sum ((mod - obs)**2 * weight) )                                                             (13) 

 

Correlation coefficient: This coefficient is an indicator of the strength of the linear 

association between the observed variable and model variable (obs and mod). If the 

variables increase and decrease together, the correlation coefficient will be positive and 
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high. If the variables increase and decrease in opposition of phase, with low values of 

one variable associated with high values of the other, the correlation coefficient will be 

negative and high (Equation 14).  

 

The correlation between model and observational data can be given as: 

CORR = sum ((mod-mod_average) * (obs-obs_average) * weight) / STD_mod / 

STD_obs                                                                                                                        (14) 

 

Residuals: Residuals are elements of variation unexplained by the fitted model. Since 

this is a form of error when computing for the difference between model and observed 

data.  

 

Taylor Diagram:  This shows the similarity of the patterns between the model and 

observed data. The ratio of the standard deviations indicates the relative amplitude of the 

model and observed variations, while the correlation coefficient indicates whether the 

fields have similar patterns of variation, regardless of amplitude. The normalized RMS 

reflects differences in the overall pattern of variations. In the diagram, the distance 

between the model and reference point is proportional to the normalized RMS between 

the two fields. A perfect match between model output and observations would plot at the 

x=1.0 point on the x- axis; a point representing no relationship between model and 

observations would plot on the y-axis. 

 

3.3 EVALUATION RESULTS 
 

3.3.1 Long Term means and Residuals 
 

The mean values across the tropical Pacific region of Ωar for both observations and 

model outputs are 4 (Figure 13).  While the values for control remains unchanged 

throughout the 100 years, the mean values for the A2 scenario decline to 3.2 by 2040 

and further declines to 2.4 by 2090-2100.  
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The mean pCO2 values for observations and model outputs are similar at 320-460ppm 

(Figure 14). While the control remains unchanged throughout the 100 years, the mean 

values for the A2 scenario increases to 550ppm by the 2040s and further increases to 

880ppm by the end of this century. 

 

 
Figure 13: 4°×5° gridded decadal mean of Ωar for a) Observations b) A2 2000s c) Control 
2000s d) A2 2040s e) A2 2090s and f) Control 2090s. 

 
Similarly, mean pH values for Observations and model outputs are similar at 8-8.1 pH 

units (Figure 15). While the control remains unchanged throughout the 100 years, the 

mean values for the A2 scenario decline to 7.95 by 2040s and further decline to 7.75 by 

2090s. 



 
 

58 

 
Figure 14: 4°×5° gridded decadal mean of pCO2 (ppm) for a) b) A2 2000s c) Control 2000s, d) 
A2 2040s e) A2 2090s and f) Control 2090s. 

 

 
Figure 15: 4°×5° gridded decadal mean of pH for a) Observations b) A2 2000s c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. 

 

Residuals are estimates of experimental error obtained by subtracting the observed 

values from the model values. Carefully looking at residuals can tell whether the 

assumptions are reasonable and the choice of model is correct. The residual range for 

Ωar is from 0.2 to -0.4 units, -0.03 to 0.03 units for pH and -30 to 60ppm for pCO2 
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(Figure 16). The residual for SST is between 1 and -3°C while SALT is 1 to -2 units. 

These are very large error values and show that the model does not capture the same 

trends as shown by observations data. The residuals for TA and TCO2 are 100 to -100 

µmol/kg and residual flux is 0.01 to -0.01. The last two are the normalized TA and 

TCO2 with ranges of 80-30 µmol/kg (Figure 16).  

 

Figure 16: Residuals for all variables between A2 (model) and the Observations a) pH, b) pCO2, 
c) Ωar, d) SST, e) SALT, f) TA, g) TCO2, h) flux. 
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3.3.2 Seasonal Cycles 
 

 

 

 
Figure 17: Seasonal cycle of Ωar.  a) Seasonal residual and MSD for Ωar. This is the difference 
between the final (2100)- initial (2000) for A2 to see the change in Ωar throughout the century, 
which is -1.5 units. b) Mean Monthly Values for Ωar of observations, A2 and Control. c) Mean 
seasonal values of Ωar over each month to see how the seasonal variation occurs for the 
observed data, A2 and control for (2000-2010), (2040-2050) and (2090-2100).  

a) 

b) 

c) 
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The residuals are taken as a difference between model and observed data. In the case of 

this study, residuals are almost constant around zero, indicating a good model skill 

(Figure 17a). The mean monthly values of Ωar for observations and model data are out 

of sync with each other, and the model fails to capture the observed changes in monthly 

Ωar (Figure 17b). At a glance, seasonal variation is not very large when averaged over 

the tropical Pacific region. It is important to note that although differences are small in 

the seasonal cycle, they do exist. The model does not capture the observed seasonal 

variation fully. 

 

Similarly, differences between the model and observations pH for 2000-2010 are very 

small (Figure 18). Mean monthly values remain unchanged for the Control; however, 

they decline to 7.8 for A2 in the 2090s. However, the seasonal variation appears to be 

small.  

 
Figure 18: Mean Seasonal pH trends between the observations, A2 and Control for the different 
timeframes.  

Seasonal variations for observations show highest Ωar values in December and lowest in 

May (Figure 19a). Values of Ωar are high in the months between October and February. 
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Increases in Ωar in these relate to the shallowing of mixed layer depth and increases in 

seasonal TCO2 and decreases in SALT and TA. The decreases of SALT and TA in these 

months impacting Ωar are caused by precipitation. 

 

 
Figure 19a): Mean Monthly changes in Ωar for observations  

High model values of Ωar are observed from September to January and lower values 

from February to July (Figure 19b). The highest Ωar values are seen at the WPWP but 

between February and July, the cold tongue protrudes too far west compared to the 
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observations. This is consistent with high mean monthly SST in these months combined 

with effects of low TA and SALT caused by precipitation and high TCO2 by mixed layer 

depth.

Figure 19 b): Projected Mean Monthly Changes in Ωar for model A2 2000-2010. 

Residuals of Ωar for 2000-2010 between the observations and model for each month 

illustrate seasonal variations in the level of agreement, which ranged from 0.4 to -0.2 for 
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all months (Figure 19c). At a glance, there is higher Ωar residual Southern Hemisphere 

for summer (December-March) while the Southern Hemisphere winter months (August-

November) have lower residuals.  

 

 
Figure 19 c): Seasonal Residual in Ωar between A2- observations  

The mean seasonal anomalies or the deviation from the mean, are created by subtracting 

climatological values from observed data.  The mean seasonal anomalies are very small 

when compared to the average variability e.g., standard deviation (Figure 20). The 

smallest anomalies are seen in July while the largest are seen in May. 
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Figure 20: Difference in Mean Seasonal Anomalies of Model- observations data for Ωar 
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Figure 21: a) Seasonal cycle of SALT for entire region, b): Seasonal cycle of TA for the three 
timeframes for the observations, A2 and control values showing increasing TA till 2100, c): 
Seasonal cycle of Salinity Normalized TA (NTA).  

a) 

b) 

c) 
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Figure 21 (continued): d) Mean Seasonal cycle of TCO2, e): Seasonal cycle for NTCO2. Salinity 
Normalized TCO2 with increasing values till 2100, f): Seasonal Variation in the Mixed Layer 
Depth (MLD) Cycle.  

d) 

e) 

f) 
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Figure 21a shows projected values of mean monthly SALT for CCSM3 are lower than 

the observed data. There is a large seasonal cycle in the observations data compared to a 

small seasonal cycle for model TA values (Figure 21b). The general seasonal variation is 

increasing in the first half of the calendar year and decreasing in the second half of the 

calendar year. The NTA values have the opposed trend from TA values in Figure 21c. 

The TCO2 and NTCO2 have a less obvious seasonal cycle seen in Figures 21d and 21e.  

 

The model mean TA values are at 2319 µmol/kg from present decreasing to 2317 

µmol/kg by 2100 (Figure 21b). NTA observation values remain constant for the entire 

region at 2300µmol/kg (Kuchinke et al., in press), while the model NTA values show an 

increase for the region from 2309 µmol/kg t present to 2311 µmol/kg by the 2090s. 

Compared to the observations, the TCO2 from the A2 scenario in the 2000s has a mean 

value of 1995 µmol/kg at present and 2140µmol/kg towards 2090s (Figure 21d). Values 

of NTCO2 (Figure 21e) for the models present values at 2035µmol/kg at present and 

2160 µmol/kg near 2100. 

 

3.3.3 Taylor Diagrams 
 

Taylor diagrams discussed in this section display pattern statistics used to assess model 

skill and to show how closely a model pattern matches the observations. The green 

contours indicate the RMS values and the standard deviation of the simulated pattern is 

proportional to the radial distance from the origin. The similarity between the two 

patterns is quantified in terms of their correlation, their centered root-mean-square 

difference and the amplitude of their variations (shown by their standard deviation). This 

is useful in evaluating multiple variations of model against observed data to gauge the 

skill of the model (Taylor, 2001). 
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Figure 22: Taylor diagram for the different parameters 
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Figure 22 (contd.) A): Taylor diagram for Ωar. B) Taylor diagram for pH. C): Taylor diagram 
for TA. D) Taylor diagram for TCO2. E) Taylor diagram for SST. F) Taylor diagram for SALT. 
This shows an average correspondence between the model and the observed data to assess and 
summaries model skill. 

 

The results displayed in the Taylor diagrams show mitigated results. The model shows 

good skills to simulate observed Ωar (Figure 22a). The standard deviation is at 0.29 units 

while the RMS error (green color) is 0.17 and the correlation coefficient is 0.85. 

Similarly, there is a good correlation (0.79) between model and observed data for pH 

(Figure 22b). However, the model displays poor skills in capturing the observed 

patterns, giving a correlation coefficient of 0.3 showing poor model skills for TA (Figure 

22c). Moderate model skills are observed for seasonal values of TCO2 with the 

correlation coefficient of 0.62 (Figure 22d). On the other hand, there is excellent model-

observed data correlation (0.94) for seasonal SST at (Figure 22e). The standard 

deviation for the model SALT is at 0.9 and at 0.5 for the observed data while the RMS 

error is at 1.5 for the modeled SALT while the correlation coefficient is at 0.3, showing 

poor model skills (Figure 22f). 
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3.4 MODEL PROJECTIONS 
 

3.4.1 Mean State Difference and Perturbations 
 
In the region, pH declines from 0.33 to 0.25 while the MSD of pCO2 is between 400-500 

ppm (Figure 23a). Similarly, Ωar is declining by 2100 by 1-1.6 units while the MSD of 

SST is increasing by 1-3°C (Figure 23c), and that of salt is slowly decreasing by 1.0 

units (Figure 23e). TA varies between 20 to -40µmol/kg while MSD of TCO2 is 

increasing in this region by 100-160 µmol/kg and that of the flux is increasing by 0.0012 

units (Figure 23f). 

 
Figure 23: Projected Mean State Difference values. Mean monthly changes of all variables are 
calculated by taking the difference of the values between the end (2090-2100) and the beginning 
(2000-2010) of this century for a) pH, b) pCO2 c) Ωar d) SST e) SALT f) TA g) TCO2 h) Flux i) 
Stratification j) NTA k) NTCO2 
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Figure 24: Perturbations for all variables between A2 and Control scenarios. Note the change 
of scale between 2000 and 2090 for pH and Ar.  
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Figure 24 (cont'd): Projected changes between A2 and control (which has no emission forcing) 
for the model for a) pH 2000s, b) pH 2090s, c) pCO2 2000s d) pCO2 2090s e) Ωar 2000s f) Ωar 
2090s g) SST 2000s h) SST 2090s, i) SALT 2000s j) SALT 2090S, k) TA 2000s l) TA 2090s m) 
TCO2 2000s n) TCO2 2090s o) CO2 flux 2000s p) CO2 flux 2090s. The color bars have been 
scaled to same values for comparisons.  

SST shows an increase in the 2090s by 2.5°C compared to 2000s (Figure 24). The 

patterns are similar for pH, and pCO2 as perturbation values are higher for the 2000s 
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than for the 2090s, while the control values remain same (Figure 24). Ωar decreases by 

1.6 units and salt decreases by 0.8 units while TA decreases by 80 µmol/kg and TCO2 

increases by 220 µmol/kg when comparing the A2 and control seasonal variations. 

3.4.2 Amplitude and Phase 
 

Seasonal amplitude of Ωar decreases at present with 4% by the 2090s, while remaining 

the same the Control (Figure 25). The amplitude in the observations is 0.75 between the 

WPWP and EEQ while values in WPWP are 0.15-0.25 but in the model A2 2000s 

amplitudes near the WPWP is 0-0.2. The model is not able to capture well the same 

spatial response distribution of the observed data. The model underestimates the 

observations. The smallest change is seen in the WPWP and variability increases 

towards the subtropical gyres and higher latitudes. 

 

 
Figure 25: Mean Seasonal Amplitude Ωar for observations, A2 and Control a) Ωar observations 
b) Ωar Amplitude A2 2000s c) Ωar Amplitude Control 2000s d) Ωar Amplitude A2 2040s e) Ωar 
Amplitude A2 2090s f) Ωar Amplitude Control 2090s 

 
For both the model and observation (2000-2010), the months of minimum Ωar in the 

Southern Hemisphere occur in the second half of the calendar year, whereas in the 
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Northern Hemisphere, it occurs in the first half of the calendar year (Figures 26a and 

26c). For the months of maximum Ωar, the pattern is reversed for the Southern and 

Northern Hemispheres (Figures 26b and 26d). This pattern remains unchanged and is the 

expected phase. 

 

 
Figure 26: Mean Seasonal Phase Ωar, indicating the month of maximum and minimum for a) 
Ωar Phasemax 2040s b) Ωar Phasemax A2 2090s c) Ωar Phasemax Control 2090s d) Ωar 
Phasemin A2 2040s e) Ωar Phasemin A2 2090s f) Ωar Phasemin Control 2090s g) Ωar 
Phasemax observations h) Ωar Phasemax A2 2000s i) Ωar Phasemax Control 2000s j) Ωar 
Phasemin observations k) Ωar Phasemin A2 2000s l) Ωar Phasemin Control 2000. The color 
bar scale shows the months from 1-12 
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Observed mean seasonal TA amplitude is at 20-60 (µmol/kg) for the WPWP and EEQ 

subregions (Figure 27a,), while model mean seasonal amplitudes range from 25-60 

(µmol/kg) in the WPWP and 15-25 (µmol/kg) towards EEQ (Figure 27b). The 

maximum effect of TA on Ωar (30-60) is found to be WPWP (Figures 27a-f), however 

the model over estimates the TA amplitudes when compared to the observation. 

 

 
Figure 27: Mean Seasonal Amplitude TA (µmol/kg). a) TA observations b) TA Amplitude A2 
2000s c) TA Amplitude Control 2000s d) TA Amplitude A2 2040s e) TA Amplitude A2 2090s f) 
TA Amplitude Control 2090s 
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Months of minimum TA in the Southern Hemisphere occur in the first half of the 

calendar year, whereas in the Northern Hemisphere, it occurs in the second half of the 

calendar year (Figure 28a). For the months of maximum TA, the pattern is reversed for 

the Southern and Northern Hemisphere (Figure 28b).  This is the expected phase evident 

in observations and model.  

 

 
Figure 28: Mean Seasonal Phase TA indicating the month of maximum and minimum for a) TA 
Phasemax 2040s b) TA Phasemax A2 2090s c) TA Phasemax Control 2090s d) TA Phasemin A2 
2040s e) TA Phasemin A2 2090s f) TA Phasemin Control 2090s g) TA Phasemax observations h) 
TA Phasemax A2 2000s i) TA Phasemax Control 2000s j) TA Phasemin observations k) TA 
Phasemin A2 2000s l) TA Phasemin Control 2090s. The color bar scale shows the months from 
1-12. 
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Seasonal amplitudes from observations (Figure 29a) are lower than those simulated by 

the model, show higher values for the whole region at 80t and presents the highest 

amplitudes towards the east (Figure 29b). The mean seasonal amplitudes range from 25-

60 µmol/kg in the model (Figure 29b) for the WPWP and 15-25 µmol/kg towards EEQ 

while the observations data (Figure 29a) show 20-60 µmol/kg for the WPWP and EEQ 

subregions. 

 

 

 
Figure 29: Mean Seasonal Amplitude TCO2 (µmol/kg) for a) TCO2 observations b) TCO2 
Amplitude A2 2000s c) TCO2 Amplitude Control 2000s d) TCO2 Amplitude A2 2040s e) TCO2 
Amplitude A2 2090s f) TCO2 Amplitude Control 2090s 
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For the observations, the months of minimum TCO2 in the Southern Hemisphere occur 

in the first half of the calendar year, whereas in the Northern Hemisphere, it occurs in 

the second half of the calendar year (Figure 30a). For the months of maximum TCO2, 

the pattern is reversed for the Southern and Northern Hemisphere (Figure 30b). This is 

the expected phase and is evident in both model and observations. 

 

 
Figure 30: Mean Seasonal Phase TCO2, indicating the month of maximum and minimum for a) 
TCO2 Phasemax 2040s b) TCO2 Phasemax A2 2090s c) TCO2 Phasemax Control 2090s d) TCO2 
Phasemin A2 2040s e) TCO2 Phasemin A2 2090s f) TCO2 Phasemin Control 2090s g) TCO2 
Phasemax observations h) TCO2 Phasemax A2 2000s i) TCO2 Phasemax Control 2000s j) TCO2 
Phasemin observations k) TCO2 Phasemin A2 2000s l) TCO2 Phasemin Control 2090s. The 
color bar scale shows the months from 1-12. 
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Amplitudes for the observations (Figure 31a) are low compared with the model (Figure 

31b), although the spatial gradient is similar. The model appears to have difficulty in 

capturing the SST amplitude in the tropics, as the model amplitudes are higher than the 

observations data. The mean seasonal amplitudes range from 1-4°C in the model for the 

WPWP and same towards EEQ while the observations data show 1-3°C for the WPWP 

and EEQ subregions.  

 

 
Figure 31: Mean Seasonal Amplitude SST (°C) for a) SST observations b) SST Amplitude A2 
2000s c) SST Amplitude Control 2000s d) SST Amplitude A2 2040s e) SST Amplitude A2 2090s 
f) SST Amplitude Control 2090s 
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The months of minimum SST in the Southern Hemisphere occur in the second half of 

the calendar year, whereas in the Northern Hemisphere, it occurs in the first half of the 

calendar year (Figure 32a). This is same for the phase min for the model (Figure 32c). 

For the months of maximum SST, the pattern is reversed for the Southern and Northern 

Hemisphere (Figure 32b). This is the expected phase. 

 

 
Figure 32: Mean Seasonal Phase SST, indicating the month of maximum and minimum for a) 
SST Phasemax 2040s b) SST Phasemax A2 2090s c) SST Phasemax Control 2090s d) SST 
Phasemin A2 2040s e) SST Phasemin A2 2090s f) SST Phasemin Control 2090s g) SST 
Phasemax observations h) SST Phasemax A2 2000s i) SST Phasemax Control 2000s j) SST 
Phasemin observations k) SST Phasemin A2 2000s l) SST Phasemin Control 2090s. The color 
bar scale shows the months from 1-12. 
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Comparison of the amplitudes for the observations (Figure 33a) and the model (Figure 

33b) shows that the model overestimates the SALT compared to the observations data 

by 3 units. The spatial gradient is present but overestimated at the WPWP with mean 

seasonal amplitudes range from 0.5-3 (Figures 33b-f). The gradient is not captured well 

by the model due to inability to capture the mean SPCZ position to project precipitation, 

which affects SALT. Therefore, since biases seen in SALT, similar biases are expected 

in TA. 

 

 
Figure 33: Mean Seasonal Amplitude SALT for a) SALT observations b) SALT Amplitude A2 
2000s c) SALT Amplitude Control 2000s d) SALT Amplitude A2 2040s e) SALT Amplitude A2 
2090s f) SALT Amplitude Control 2090s 
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The months of observed minimum SALT in the Southern Hemisphere occur in the 

second half of the calendar year, whereas in the Northern Hemisphere, it occurs in the 

first half of the calendar year (Figure 34a). This is similar to the model (Figure 34c). For 

the months of maximum SALT, the pattern is reversed for the Southern and Northern 

Hemisphere (Figure 34b). This is the expected phase. 

 
Figure 34: Mean Seasonal Phase SALT indicating the month of maximum and minimum for a) 
SALT Phasemax 2040s b) SALT Phasemax A2 2090s c) SALT Phasemax Control 2090s d) SALT 
Phasemin A2 2040s e) SALT Phasemin A2 2090s f) SALT Phasemin Control 2090s g) SALT 
Phasemax observations h) SALT Phasemax A2 2000s i) SALT Phasemax Control 2000s j) SALT 
Phasemin observations k) SALT Phasemin A2 2000s l) SALT Phasemin Control 2090s. The 
color bar scale shows the months from 1-12. 
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3.4.3 Amplitude and Phase of the Variation of Ωar for each Parameter 
 

The contribution of each of the drivers on Ωar is quantified in Equation (9). Figure 35 

shows the amplitude and Figure 36 shows the phase of Ωar when all parameters but TA 

are kept constant at the annual mean value. 

 

 
Figure 35: Mean Seasonal Amplitude ΩarTA. a) ΩarTA observations b) ΩarTA Amplitude A2 
2000s c) ΩarTA Amplitude Control 2000s d) ΩarTA Amplitude A2 2040s e) ΩarTA Amplitude 
A2 2090s f) ΩarTA Amplitude Control 2090s  

There is generally a good agreement of the model outputs with the observed data, except 

for the spatial gradient which is overestimated in the model due to the ΩarTA gradient 

extending too far east into the cold tongue (Figures 35a and 35b). The highest variability 

0.3-0.7 in the observations is seen in the WPWP and variability decreases towards 

higher latitudes (Figure 35a). For the model, amplitudes of 0.6-0.8 are seen in the 

WPWP. Hence, model amplitudes are over estimated at the WPWP and the EEQ. 

Amplitudes of ΩarTA decrease by 2100 for the model (Figures 35c-f). 
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Figure 36: Mean Seasonal Phase ΩarTA, indicatingthe month of maximum and minimum for a) 
ΩarTA Phasemax 2040s b) ΩarTA Phasemax A2 2090s c) ΩarTA Phasemax Control 2090s d) 
ΩarTA Phasemin A2 2040s e) ΩarTA Phasemin A2 2090s f) ΩarTA Phasemin Control 2090s g) 
ΩarTA Phasemax observations h) ΩarTA Phasemax A2 2000s i) ΩarTA Phasemax Control 
2000s j) ΩarTA Phasemin observations k) ΩarTA Phasemin A2 2000s l) ΩarTA Phasemin 
Control 2090s. 

 

The ΩarTA seasonal phase is in phase with TA seasonal phase in Figure 28. For 

example, figures 28a (observations) and 28c (model) the phase min as well as the phase 

maximum values. However, there is too much noise in the phase patterns. 
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Figure 37 shows the amplitude and Figure 38 shows the phase of Ωar when all 

parameters but TCO2 are kept constant at the annual mean value. 

 
Figure 37: Mean Seasonal Amplitude of ΩarTCO2 a) ΩaTCO2 observations b) ΩarTCO2 
Amplitude A2 2000s c) ΩarTCO2 Amplitude Control 2000s d) ΩarTCO2 Amplitude A2 2040s e) 
ΩarTCO2 Amplitude A2 2090s f) ΩarTCO2 Amplitude Control 2090s. 

 

Smallest variability for observation (0.3-0.5) is observed in the WPWP and variability 

decreases towards the sub gyres and higher latitudes (Figure 37a). However, in the 

model, the largest variability is seen in the WPWP with amplitudes of 0.6-0.8 (Figure 

37b) while variability decreases towards the poles but. Model shows inconsistencies at 

the spatial gradient, which is overestimated due to the ΩarTCO2 gradient extending too 

far east into the cold tongue. Amplitudes of ΩarTCO2 decrease towards the end of this 

century (Figures 37 b-f). 
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Figure 38: Mean Seasonal Phase ΩarTCO2 

Seasonal variations in the month of maximum and minimum for a) ΩarTCO2 Phasemax 2040s b) 
ΩarTCO2 Phasemax A2 2090s c) ΩarTCO2 Phasemax Control 2090s d) ΩarTCO2Phasemin A2 
2040s e) ΩarTCO2 Phasemin A2 2090s f) ΩarTCO2 Phasemin Control 2090s g) ΩarTCO2 
Phasemax observations h) ΩarTCO2 Phasemax A2 2000s i) ΩarTCO2 Phasemax Control 2000s 
j) ΩarTCO2 Phasemin observations k) ΩarTCO2 Phasemin A2 2000s l) ΩarTCO2 Phasemin 
Control 2000. The color bar scale shows the months from 1-12. 
 

The seasonal phase of ΩarTCO2 (Figure 38) is out of phase with the seasonal phase of 

TCO2 (Figure 30) e.g., Figure 30a (observations) and 30c (model). This is also observed 
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for the phase mininum as well as the phase maximum values. 

Figure 39 shows the amplitude and Figure 40 shows the phase of Ωar when all 

parameters but SST are kept constant at the annual mean value. 

 

The spatial gradient for the mean amplitude of ΩarSST is similar for the observed data 

(Figure 39a) and the model (Figure 39b). The effect of the SST seasonality on Ωar is 

negligible in the equatorial band (<0.05). The effect of SST gradually increases on 

ΩarSST in higher latitudes. The smallest variability (0.01 in the model and 0.001 in the 

observations) is seen in the WPWP and variability increases towards the subtropical 

gyres and higher latitudes. The model amplitude decreases by 2100 (Figures 39 b-f). The 

mean seasonal amplitude remains the same in the Control (Figure 39f). Overall, there is 

very little change in the seasonal variation in the ΩarSST. 

 

 

 
Figure 39: Mean Seasonal Amplitude of ΩarSST. a) ΩarSST observations b) ΩarSST Amplitude 
A2 2000s c) ΩarSST Amplitude Control 2000s d) ΩarSST Amplitude A2 2040s e) ΩarSST 
Amplitude A2 2090s f) ΩarSST Amplitude Control 2090s. 
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Mean seasonal phase of ΩarSST for observations (Figure 40a) and model (Figure 40c) 

are in phase with SST (Figure 32), decreasing with decreasing SST. This is the expected 

phase. 

 

Figure 40: Mean Seasonal Phase ΩarSST indicating the month of maximum and minimum for a) 
ΩarSST Phasemax 2040s b) ΩarSST Phasemax A2 2090s c) ΩarSST Phasemax Control 2090s 
d) ΩarSST Phasemin A2 2040s e) ΩarSST Phasemin A2 2090s f) ΩarSST Phasemin Control 
2090s g) ΩarSST Phasemax observations h) ΩarSST Phasemax A2 2000s i) ΩarSST Phasemax 
Control 2000s j) ΩarSST Phasemin observations k) ΩarSST Phasemin A2 2000s l) ΩarSST 
Phasemin Control 2000. The color bar scale shows the months from 1-12. 
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Figure 41 shows the amplitude and Figure 42 shows the phase of Ωar when all 

parameters but TCO2 is kept constant at the annual mean value. 

 

 

 
Figure 41: Mean Seasonal Amplitude of ΩarSALT. a) ΩarSALT observations b) ΩarSALT 
Amplitude A2 2000s c) ΩarSALT Amplitude Control 2000s d) ΩarSALT Amplitude A2 2040s e) 
ΩarSALT Amplitude A2 2090s f) ΩarSALT Amplitude Control 2090s 

 

Observed seasonal amplitude for ΩarSALT (Figure 41a) is very low compared to the 

model (Figure 41b). The effect of the SALT seasonality on Ωar is negligible in the 

observations data (<0.05, Figure 41a). The effect of SALT gradually decreases on 

ΩarSALT in higher latitudes. The smallest variability (0.01 in the model and 0.001 in 

the observations) is seen in the WPWP and variability increases towards the subtropical 

gyres and higher latitudes. The mean seasonal amplitude remains at 0.1 for the Control 

(Figure 41f). Amplitudes of ΩarSALT decrease towards the end of this century (Figures 

41b-f). The direct effect of SALT on Ωar is very small.  
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Figure 42: Mean Seasonal Phase ΩarSALT indicating the month of maximum and minimum for 
a) ΩarSALT Phasemax 2040s b) ΩarSALT Phasemax A2 2090s c) ΩarSALT Phasemax Control 
2090s d) ΩarSALT Phasemin A2 2040s e) ΩarSALT Phasemin A2 2090s f) ΩarSALT Phasemin 
Control 2090s g) ΩarSALT Phasemax observations h) ΩarSALT Phasemax A2 2000s i) 
ΩarSALT Phasemax Control 2000s j) ΩarSALT Phasemin observations k) ΩarSALT Phasemin 
A2 2000s l) ΩarSALT Phasemin Control 2000. 

 

ΩarSALT (Figure 42) is in phase with SALT (Figure 34), decreasing with decreasing 

SALT. 
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3.4.4 Seasonal Cycles for the Impacts of the Main Drivers on Ωar 
 
This section looks at mean seasonal variation in monthly changes for aragonite as 

determined in Equation (9), e.g., ΩarTA (only the effect of TA on Ωar while keeping the 

other three constant at the annual mean values for the same grid.) that represents the 

variability of Ωar due to one parameter for the entire region. 

 

 

 
Figure 43: Mean monthly changes in aragonite due to key drivers indicating the effects of mean 
monthly changes in ΩarTA, ΩarTCO2, ΩarSALT, ΩarSST and Ωar for for a) observations data 
b) Model A2 2000s c) 2040s d) 2090s data. 
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The change in overall mean aragonite seasonality for the entire region decreases slightly 

by 2100. The model projections show a cancellation effect is seen in the ΩarTA and 

ΩarTCO2 while the seasonality in ΩarSST and ΩarSALT are negligible towards effect 

onto Ωar (Figure 43). Since the seasonal variation over the region is low, we look at 

subregions. 

3.4.4.1 Subregion: WPWP 
 

We look at in-depth seasonal variation analysis onto the two subregions of the WPWP 

and EEQ since, as outlined in the main text, there are different processes occurring on 

these 2 regions (e.g., higher precipitation in the WPWP and lower in the EEQ). 

Therefore it is interesting to see the different variables driving the seasonal changes in 

Ωar, e.g., TA, which are driven by different physical /biological processes that 

determines the extent each variable drives seasonal variability in Ωar. In depth 

discussions of these figures are done in the discussion section in chapter four.  

 

 

Mean monthly changes in Ωar (Figure 44a), change in seasonal variation in each of the 4 

key drivers (Figure 44b) and mean seasonal amplitudes for each driver on Ωar (Figure 

44c) indicate that, although ΩarTA and ΩarTCO2 show strong seasonal cycle, the Ωar 

values remain stable around the year. Seasonal variability of ΩarTA and ΩarTCO2 are in 

phase although their respective impacts on Ωar are opposed. 

 

Due to higher seasonal precipitation and stratification, we see higher seasonal variation 

in ΩarTA that cancels the ΩarTCO2 effects. Seasonal variation of SST and SALT effects 

onto Ωar are very weak in this subregion due to lower seasonal changes in physical 

processes such as air-se flux and biological process (primary production). 
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Figure 44: Projected seasonal variation and key drivers WPWP for 2000-2010. a) Changes in 
each driver’s contribution in Ωar. b) Seasonal variation in each driver. c) Effect of drivers onto 
Ωar for (0°: 8°N; 142.5°E: 162.5°E). 
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Figure 45: Projected seasonal Variation and key drivers of Ωar at WPWP for 2090-2100. a) 
Changes in each driver’s contribution towards mean monthly changes in Ωar. b) Seasonal 
variation in each driver. c) Effect of drivers onto Ωar
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The results for 2090-2100 projection (Figure 45a), are similar in terms of phase but 

differ in terms of intensity. The peak increase in TA and TCO2 in still in May-June 

(Figure 45b) and the variations of each drivers (Figure 45c) are also similar to the 2000-

2010 projections. 

 

The mean monthly changes decrease drastically from high values of 4.4 to 2.8 (Figures 

44a and 45a) while a slight decrease in the seasonal variation of each parameter is 

observed (Figures 44b and 45b). Almost no net changes are observed in the seasonal 

variation and the cancellation pattern between TA and TCO2 is the same (Figures 44c 

and 45c). 

3.4.4.2 Subregion: EEQ 
 

The different physical process here includes higher evaporation due to higher/stronger 

seasonal winds and wind driven current and biological process includes higher seasonal 

primary production which show ΩarTCO2 being the dominant driver which causes 

changes in Ωar for this subregion as shown by the following figures. 

 

ΩarTCO2 is the dominant driver in causing the highest variation in monthly Ωar (Figure 

46a). Seasonal variations in each of the four main drivers with TCO2 and TA show the 

lowest peaks in July and highest in May (Figure 46b). Figure 46c shows the mean 

seasonal amplitudes for each driver on Ωar  
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Figure 46: Seasonal Variation and Key drivers of Ωar at EEQ for 2000-2010. a) Changes in 
each driver’s contribution towards changes in Ωar. b) Seasonal variation in each driver. c) 
Effect of drivers onto Ωar (4°S: 4°N; 157.5°W: 142.5°W).



98

Figure 47: Seasonal Variation and key drivers of Ωar at EEQ for 2090-2100. a) Changes in 
each driver’s contribution towards mean monthly changes in Ωar b) Seasonal variation in each 
driver. c) Effect of drivers onto Ωar. 
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ΩarTCO2 is the dominant driver in causing the highest variation in monthly Ωar (Figure 

47a). The Seasonal variations in each of the four main drivers with TCO2 and TA shows 

the lowest peaks in July and the highest in May (Figure 47b). Figure 47c shows the 

shows the mean seasonal amplitudes for each driver on Ωar  

 

Compared to Figure 46, the mean monthly changes decrease drastically from high values 

of 3.65 to 2.45 (Figure 47a) while the seasonal variation of each parameter slightly 

decrease (Figure 47b) and TCO2 seems to the dormant driver in causing change in Ωar 

(Figures 46c and 47c). 
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CHAPTER 4 DISCUSSION 

 

This chapter builds upon earlier assessments (Chapter Three) first by highlighting the 

main results and then by discussing the projected seasonal variation in Ωar and the key 

drivers of this variation by 2100. The discussion will focus on the variability and 

distribution of Ωar, TA and TCO2 in the western tropical Pacific region by showing the 

annual mean, seasonal phase (months of minimum/maximum) and amplitude. The effect 

of pCO2, SST and SALT are also discussed but in less detail as their influence on the 

seasonal variations of Ωar is minimal (Figures 28-48). Their seasonal variability has 

already been examined in previous studies for this region (Takahashi et al. (2009), 

Bingham et al. (2010) and Johnson et al. (2012)). The effects of surface currents (North 

Equatorial Counter Current (NECC), South Equatorial Counter Current (SECC), North 

Equatorial Current (NEC), South Equatorial Current (SEC)) described in chapter one 

will also be discussed. Some of the uncertainties in accurately projecting oceanographic 

processes in this region due to the internal variability of the CCSM3 model (e.g. towards 

representing the seasonal SPCZ position, the hydrological cycle and ocean stratification 

and how this affects the models ability to accurately project changes towards ocean 

acidification) will then be considered. Projections for seasonal variation in Ωar for the 

subregions of Western Pacific Warm Pool (WPWP) and Eastern Equatorial Pacific 

(EEQ) are also presented. Finally, examples and suggestions for additional research that 

would help providing more precise projections for the future of this region will be given. 

4.1 SPATIAL AND TEMPORAL MEAN VARIABLITY IN Ωar  

 

4.1.1   Temporal Trend in Ωar 
 

The A2 scenario represents well the observations for the present values of Ωar for the 

entire region (Ωar from Figure 13). Furthermore, the mean monthly residuals between 

the model A2 and the observed data are equal to zero (Figure 16). This shows a strong 

agreement and good model skills when computing mean Ωar values. The CCSM3 model 

temporal long term mean values are in good agreement not only with the observed data, 
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but also with values quoted from the various other modeling studies (e.g. Australian 

Bureau of Meteorology & CSIRO, 2011a; Bell et al., 2011). 

 

The CCSM 3 model projects that Ωar in the surface waters will continue to decrease 

rapidly till 2100 in all areas including the subregions of WPWP and EEQ, with the 

biggest absolute changes of Ωar found in the tropics and subtropics (Figure 13). This 

corresponds to the expected response of the ocean to higher CO2 concentrations in the 

atmosphere. These trends are similar to previously published literature (McNeil & 

Matear, 2008; Steinacher et al., 2009; Bell et al., 2011; Cooley et al., 2011; Hennessy et 

al., 2011). 

 

In the tropics and subtropics, Ωar is expected to decrease by 1.0 to 1.6 (about 30-40%) 

under the A2 scenario as seen by Figure 19 a) while a decrease of 1.4 is seen for the 

WPWP. Mean monthly difference from this study agrees with results from a comparable 

study on the future decrease of Ωar in the tropics to assess biochemical effects on coral 

reefs (Kleypas et al. 1999). The largest decreases of Ωar values occur at the mid-

latitudes. The mid-latitudes maintain lower Revelle factors (which means higher 

carbonate ion concentration) than the rest of the ocean and therefore have a greater 

capacity to absorb anthropogenic CO2 (McNeil & Matear, 2008). Therefore Ωar decline 

is most pronounced in the mid latitudes where the largest amount of anthropogenic CO2 

is taken up by the surface waters of the ocean. The buffer factor and the carbonate ion 

concentrations are controlled by the variations and distributions in TA and TCO2. 

The mean TA values for the tropical Pacific region of 2300 µmol/kg for the observed 

data are higher in the EEQ due to the contribution of high salinity waters (Sarmiento & 

Gruber, 2006). Values below the regional mean are found in the WPWP. Observed TA 

values (<2260µmol/kg, Kuchinke et al. in press) are lower than the model TA values 

(2289 µmol/kg, Figure 21b). For the observed data, the annual mean spatial distribution 

of TCO2 is similar to that of TA (Figure 21d) with a mean value of 1979µmol/kg for the 

region (Kuchinke et al. in press). Values of TCO2 below the mean values are found in 

the WPWP due to shallow MLD and weak mixing by currents and increase towards 

higher latitudes by stronger mixing (appendix: mean of TCO2). Increased TCO2 



 
 

102 

concentrations and reduced Ωar can also be found in the EEQ due to the seasonal 

upwelling, which transport the nutrients and dissolved inorganic carbon from deep to 

surface waters. The mean monthly values for TCO2 from 2000 to 2100 are increasing, 

e.g. by 140µmol/kg in the WPWP (Figure 23).  

4.1.2    Seasonal Variability in Ωar 
 
Values of Ωar for the model have mean monthly values of 3.7 for 2000-2010 (Figure 19 

b). Values above the regional mean are found in the WPWP (Figure 45) and below the 

mean in the EEQ (Figure 47). In particular, the low Ωar in the EEQ may suggest nutrient 

maxima and very low O2 concentrations, while the opposite is true for the WPWP 

(Sarmiento & Gruber, 2006; Ganachaud et al., 2011). Seasonal Ωar amplitude decreases 

from 3.7 to 3.1 at mid century then to 2.3 at 2100. This is due to a decrease in maximum 

values of TA and SALT and increase in maximum values of SST and TCO2.The overall 

seasonal variation for the entire region decreases slightly by 2100. Moreover, no study 

of this aspect is available for this region. The mean amplitudes and phases of the 

seasonal variability do not show any significant changes between 2000 and 2100 under 

SRES A2 or control as seen in Figure 23b.  The seasonal amplitude of Ωar is greater 

than 0.3 in the subtropical gyres and along the EEQ whereas it is less than 0.3 in the 

WPWP (Figure 25). This means that the regions where Ωar is less than 3.7 exhibit the 

largest seasonal variability while regions where Ωar is higher than the annual mean 

show the smallest seasonal variability. 

The regional mean monthly changes in Ωar for both the model and observed data show 

the month of December as having the highest values of Ωar and the month of May 

having the lowest value. The observations show that mean monthly Ωar values increase 

from October-March and decrease from April-September (Figure 19a). Model Ωar 

values increases in the months of August-January and decreases from February to July 

(Figure 19b). This is the expected trend in line with increasing SST, decreasing TA and 

decreasing TCO2. The CCSM3 model lags by about 3 months compared to the observed 

aragonite values. This may be related to the problems the model has in capturing the 

processes that drive these changes, e.g., mean seasonal precipitation (Collins, 2006; 

Meehl et al., 2007). However, the seasonal residuals seen between the observed and 
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model seasonal variation in Ωar values are small (Figure 19c). This corresponds to the 

model-data correlation R (0.85). This may be explained by the low seasonality observed 

for Ωar that limits the impact of the phase difference between observed and modeled 

data. 

 

The low spatial correlation between observed and modeled Ωar (Figure 13) and the low 

correlation for TA seems to indicate a poor skill of the model to capture the processes 

controlling this parameter. On the other hand, the higher correlation for TCO2 (Figure 

22d) seems to indicate a better skill of the model to capture the processes controlling it 

(see detailed discussion below). These upper ocean model biases are also detailed in 

Collins (2006) and Large & Danabasoglu (2006). These include tropical biases in 

salinity, precipitation and cooler then observed SST around the equator. The seasonal 

cycles of SST and winds in the equatorial Pacific are not well represented, and Large & 

Danabasoglu (2006) suggest that these problems are initiated by the coupling of either or 

both wind components. 

4.2   KEY SEASONAL DRIVERS CONTRIBUTING TO Ωar  
 
The effect of SALT, SST, TA, and TCO2 on Ωar variability has been estimated by 

performing a sensitivity analysis using the CO2SYS toolbox equation. This has been 

done for the entire region and the two subregions of WPWP and EEQ to understand the 

processes controlling seasonal variation of each drivers and Ωar. In this section, 

discussions are based on present Ωar and its key drivers. The model evaluation is also 

discussed to further analyze model skill. 

 

The mean seasonality of TA and TCO2 exerts a stronger influence than SST and SALT 

on the mean seasonal amplitude of Ωar for both the model and observations data (Figure 

43). The seasonal variation of both SALT and SST has negligible effects on Ωar, as 

indicated by Figure 43. This is because the effect of the seasonal variability in SALT (< 

0.8) is negligible on both the concentration of Ca2+ and CO3
2- and the solubility product 

(Ksp). This phase is captured by Figure 43a and 43b, although the model slightly 

overestimates the mean amplitude of SALT.  
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The month of minimum for SST is used as a reference for describing changes in Ωar due 

to SST only. Ωar decreases with decreasing SST. Based from observations, the effect of 

seasonal amplitude of SST on the mean seasonal amplitude of Ωar increases with 

increased seasonal amplitude of SST. It is negligible in the equatorial band (<0.06, 

Figure 39), where SST seasonally varies by less than 2°C (Figure 31). In the 

observations (e.g., in the Tasman Sea), when the seasonal amplitude of SST is between 4 

and 6°C, Ωar seasonally varies by around 0.1 (Figure 39). The model captures this quite 

well. For the model and observed data, SST seasonally varies by more than 5°C at the 

NECC, which causes ΩarSST to seasonally vary by 0.1 and 0.2. Similarly, the projected 

effect of SST on Ωar is negligible in the equatorial band (<0.01) mostly because SST 

seasonal amplitude is less than 3°C, but slowly increases in higher latitudes (0.1-0.15) 

where the amplitude of SST reaches between 4 and 8°C (Figure 31).  

 

Similarly, the reference used for the minimum phase for Ωar is the month when Ωar is at 

its minimum value. It is important to know when Ωar is lowest when it comes to the 

health of coral reefs and ecosystems, as low values indicate when corals cannot calcify, 

hence reef health degrades. For the purpose of phase correlation, the month of minimum 

for TA and the month of maximum TCO2 are used because Ωar tends to decrease with 

decreasing TA and increasing TCO2.  

 

Results show that seasonal amplitude of Omega TA (ΩarTA) is in phase with TA 

(Figure 35).  For both the observations and model data, low TA amplitude values are 

observed in the Tasman Sea and in the SEC (20µmol/kg) where ΩarTA amplitude varies 

by less than 0.2 (Figure 35). For the observations only, the largest seasonal amplitudes in 

TA are in the WPWP (30-60µmol/kg), where ΩarTA varies by 0.3-0.6. In the WPWP, 

the amplitude in TA (Figure 28) appears to be associated with the seasonal variability in 

salinity. The maximum effect of TA on Ωar (0.6-0.8) (Figure 35) is found to be in the 

WPWP and at the current boundaries where TA seasonally varies by 50 to 60µmol/kg. 

However, TA values for the model are too high when compared to the observations 

(Table 7) hence the model overestimates these TA values. 
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Omega TCO2 (ΩarTCO2) values decrease with increasing TCO2. This is in contrast with 

the effects of TA and SST (Table 7).  Simply put, ΩarTCO2 is low in the months of 

January-May (Figure 37) when TCO2 tends to be high (Figure 27b). The observed 

ΩarTCO2 values increase by >0.3µmol/kg in the EEQ where the seasonal variability of 

TCO2 is more than 30µmol/kg (Figure 29). However, the observed ΩarTCO2 value is 

less than 0.3 in the WPWP (Figure 37), consistent with lower seasonal variability of 

TCO2 in WPWP and Ωar as well. The maximum effect of observed TCO2 on Ωar 

(>0.78) is found to be in the equatorial band and subtropical gyres and EEQ. This is 

expected due to processes due to strong air-sea fluxes and upwelling at these regions. 

Conversely, modeled values of ΩarTCO2 vary by more than 0.7 in regions where the 

seasonal variability of TCO2 is greater than 70 µmol/kg (e.g., equatorial band and 

WPWP (Figure 29)).  

 

Based on observation-model direct comparison, the model is fairly successful in 

capturing the temporal patterns. However, for the spatial patterns, it tends to simulate 

variations that appear to be lagging behind in low latitudes. This may be because the 

CCSM3 model tends to simulate variation in the large spatial scales based on the current 

inability to capture a few physical/biological processes well (e.g., air-sea fluxes, 

precipitation, mean SPCZ position which controls the seasonal hydrological cycle) 

(Large & Danabasoglu, 2006; Collins, 2006). It is conceivable that the observed data 

seasonal variations are represented well over larger regions due to denser observations. 

 

Consequently, validating models becomes difficult. High-quality data for the vast area of 

the tropical Pacific and the dispersed and remote islands are scarce compared, for 

example, to records for temperate Northern Hemisphere land areas (Lough et al., 2011). 
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Table 7 Effects of key drivers on seasonal variation of Ωar for 2000-2010 

 

 

 

 

 

 

 

 

 

 

The table above shows the effect of drivers on Ωar where one parameter is shown (e.g. 

SALT) while keeping the other three constant (SST, TA, TCO2). 

4.2.1 Processes Controlling Seasonal Variation in TA  
 

As presented in the previous sections, Ωar fluctuates with the seasonal variability of 

SAL, SST, TA and TCO2.  Results also show that the amplitude is large at the boundary 

currents and variations are driven by changes in TA and TCO2. As stated in Chapter one, 

TA does not change when CO2 is exchanged with the atmosphere. However, it does 

change with variations in salinity, precipitation (dilution) and dissolution of CaCO3 

(Sarmiento & Gruber, 2006). There is a known established relationship between SALT 

and TA (Lee et al., 2006; Kuchinke et al., in press); SALT variation controls TA mean 

seasonal amplitudes. TA is a function of SALT and SALT is driven by changes in the 

hydrological cycle (E-P). For example, in the WPWP, there is low evaporation and high 

precipitation, which causes freshening and decreases SALT, which decreases TA. As a 

result, aragonite saturation decreases. This observed pattern is well captured by model 

data. 

Surface currents (described in Chapter one) control seasonal changes in SALT and TA. 

Seasonal variability of the surface currents is expected to have an effect on Ωar 

amplitude spatially and temporally. The seasonal variations of the surface currents in the 

Parameter Drivers  Seasonality of   Ωar due to one driver 

Ωar SST Increases 

Ωar SALT Decreases 

Ωar TCO2 Increases 

Ωar TA Increases 
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tropical Pacific region have been associated with the SPCZ and ITCZ location (Reverdin 

et al., 1994). Seasonal variations in SPCZ affect the Pacific Islands Countries such as 

Cook Islands, Fiji, Nauru and Niue by enhanced seasonal rainfall. The SPCZ does not 

shift position in the wet season (November-April) but is projected to shift equatorward 

in the dry season (May-October)(Australian Bureau of Meteorology & CSIRO, 2011a). 

The seasonal variations in ITCZ also affect the islands of Kiribati, Marshall Islands and 

Palau by increase in seasonal rainfall in June-August. Models suggest the ITCZ may 

shift equatorward in March-May and June-August, although displacement is small 

(Australian Bureau of Meteorology & CSIRO, 2011a). The seasonal amplitude for ITCZ 

is larger than SPCZ (Kuchinke et al. in press).  

 

The months of minimum TA (in months of March –June in the SEC and September-

November in the NEC) occur when there is high E-P and correlates to the period when 

the SEC and NEC are weak (Philander et al., 1987). Because TA values are minimal in 

these months, the Ωar values are also expected to be low. The highest seasonal variation 

for TA is seen in the WPWP, both for the observations and model. This is because high 

precipitation causes dilution (see below), which lowers TA values.  

Dilution effects occur due to high precipitation that lowers the SALT content of 

seawater by forming a freshwater layer at the surface. The reduced SALT contributes to 

lower TA values (Australian Bureau of Meteorology and CSIRO, 2011a). It also 

contributes to increasing the stratification by creating a barrier layer and thus decreasing 

transport of nutrients. Increasing ocean stratification, due to global climate change, is 

expected to reduce the productivity of the oceans and lowers the TCO2 since less 

dissolved inorganic carbon enters surface waters (Sarmiento & Gruber, 2006; Australian 

Bureau of Meteorology & CSIRO, 2011a).  

 

The salinity of the tropical WPWP is projected to decrease by 0.8 by 2100 (Figure 13), 

in line with an intensified hydrological cycle (Ganachaud et al., 2011). Seasonality in 

SALT is low in the WPWP due to frequent precipitation that causes freshwater flux. 

High seasonal rainfall causes this in the wet months (November to April). The opposite 

is true for dry months (May-October). Precipitation affects both TA and TCO2, however 
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the precipitation effects are smaller on TCO2.  

TA is also affected by aerobic degradation, which occurs at surface waters and decreases 

TA (Sarmiento & Gruber, 2006). However, this has a relatively low impact on the 

overall oceanic TA. Another factor decreasing the TA is the melting of the polar ice 

caps, because if the ice melts, the overall volume of the ocean increases and freshening 

occurs. This results in decreased SALT and decreased TA, which causes decline in Ωar 

values (Sarmiento & Gruber, 2006). Since TA is calculated from the carbonate ions 

concentrations in the ocean, a change in the chemical composition would also alter TA, 

for example through river discharges near coastal areas. However, oceanic TA is relative 

stable so significant changes can only occur over a long time scales (100-1000 years) 

(Sarmiento & Gruber, 2006). As a result, seasonal variability is general low as seen for 

the tropics by mean values from observations and model (see appendix Figure A3).  

The spatial variability of TA can be affected by two main mixing processes; rivers and 

currents (Sarmiento & Gruber, 2006). In the tropical Pacific region, only a few islands 

have rivers. As a result, mixing is essentially dominated by currents, except in the 

coastal zone of the biggest islands where mixing between seawater and river water may 

be important, especially during the wet season. 

It has been shown that TA variation is inversely proportional to SST (Zeebe & Wolf-

Gladrow, 2001); therefore, it generally increases with latitude and depth. Because of the 

anti-correlation between SST and TA, upwelling areas also have higher TA values.  

Since TA and SALT are correlated, it is important to understand the processes 

controlling SALT variations. The seasonal hydrological cycle (E-P) is largely dominated 

by variability in evaporation and precipitation (Sarmiento & Gruber, 2006). The highest 

correlation between the E-P and SALT is observed below the ITCZ due to a 

combination of complex oceanographic and atmospheric processes (Bell et al., 2011). 

Seasonal changes in SALT over the open ocean are much less understood. However, 

they are affected mostly by evaporation, precipitation, and advection and mixing (e.g., 

under the ITCZ or SPCZ). Increases in seasonal rainfall are projected to be most 

prominent near the SPCZ (Lough et al., 2011). There is also a high evaporation around 
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the mean position of the ITCZ where the winds fluctuate most and the SST permit high 

evaporation. Bingham et al. (2010) found that the seasonal cycle of the ITCZ and SPCZ 

is mainly driven by net precipitation. 

 

A defined strong seasonal rainfall in December-February symbolizes the SPCZ when the 

monsoon trough is closest to the SPCZ region and winds add further moisture into this 

zone. It is weak and less defined in June-August (Australian Bureau of Meteorology & 

CSIRO, 2011a). The high rainfall over the WPWP relative to the surrounding regions 

leads to the WPWP being bounded by a sharp salinity contrast with 34.5psu at the 

WPWP boundary and 35.5psu outside (Ganachaud et al., 2011). The WPWP has 

freshened over recent decades and is projected to continue this trend (Ganachaud et al., 

2011). Conversely, the EEQ has become saltier (Ganachaud et al., 2011). These changes 

suggest an intensification of the hydrological cycle, something that the model does not, 

at present, capture well. This is explained by the fact that the models are not able to 

capture the full complex physical oceanography and the seasonal position of the SPCZ 

and ITCZ that control this cycle. This is further detailed in subsection 4.2.3. 

4.2.2 Processes Controlling Seasonal Variation in TCO2 

 

The TCO2 is linked to the cycles of organic matter (photosynthesis, respiration and 

primary production) and CaCO3 (Sarmiento & Gruber, 2006). For example, increased 

TCO2 concentration and reduced Ωar can be found in the upwelling regions of the 

Eastern Pacific due to strong air-sea flux. This is due to the impact of increased net and 

export productivity by upwellings. The air sea gas flux is strongly temperature 

dependent; therefore there is a direct influence of SST via TCO2 on the aragonite 

saturation state. Moreover, the most important biological process altering the 

concentration of TCO2 in the ocean is the photosynthetic uptake of CO2 to form organic 

matter and the reverse processes of respiration and remineralization. The organic matter 

that is formed is transported downward, before it is converted back into dissolved 

inorganic matter (remineralized) on seasonal scales (Sarmiento & Gruber, 2006).  

 



 
 

110 

The temporal/spatial change of TCO2 in the surface layer is determined by the net 

physical transport including air-sea CO2 exchange, and biological export (Sarmiento & 

Gruber, 2006). TCO2 is also determined by seasonal variation in surface currents as well 

as changes in the mixed layer (e.g., deepening of mixed layer causes an increase in 

TCO2 amount to the surface due to vertical transport of the dissolved carbon from deeper 

layers). In upwelling regions (e.g. EEQ), the mean monthly TCO2 has a maximum value 

in March-April and a minimum value in June-August (Figure 47b). Compared to this, 

TCO2 values have a maximum in May-June and minimum in October-September for the 

WPWP (Figure 44b). These changes along the equator are expected because the 

equatorial waters are supersaturated with CO2 and the pCO2 values are greater than the 

atmospheric CO2 concentration at seasonal time scales (Sarmiento & Gruber, 2006). 

 

In the surface waters, the TCO2 concentration is also influenced by the exchange of CO2 

across the air sea interface. As discussed above, intensified warming and freshening will 

cause the surface layers to become less dense and the ocean to become more stratified. 

Enhanced stratification due to salinity changes in the rainy season has also been 

observed in the NECC and SECC (De Boyer et al., 2007). This is projected to inhibit the 

supply of nutrients from the depth to the ocean’s surface, with consequences for 

biological productivity and TCO2. For example, in the WPWP there is less upward 

migration of CO2 due to weak air-sea fluxes, increased precipitation and shallow MLD 

that leads to a lower CO2 concentration in the surface waters. The stratification in this 

region is generally strong but decreases with increasing latitude, with the strongest 

stratification observed below the main atmospheric convergence zones (ITCZ, SPCZ) 

and WPWP (See Figure 23 and appendix).  

 

The seasonal mixed layer depth in the WPWP varies in time and space (de Boyer et al., 

2007). The subtropical waters show the largest depth of around 80 m while the equator 

shows the smallest depth of around 20 m.  The maximum depth (100 m) occurs during 

September to January in the subtropics, compared to 80 m in the EEQ and 60 m in the 

WPWP.  In the months of June-August, the minimum depth is at 20 m in the subtropics, 

40 m in the EEQ and ~30 m in the WPWP (Figure 21f). The seasonal variability of the 
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MLD has an effect on the seasonality of the carbon parameters. For example, Ishii et al. 

(2001) show that along 137°E, between 24°N and 30°N, the increase in surface TCO2 

due to vertical mixing is significant (25 ± 5 µmol/kg) when the mixed layer depth 

deepens from September to January.  The CCSM3 model has difficulty in capturing the 

summer/winter phases for the mixed layer. This may be due to biases in SST and 

precipitation (Collins, 2006). The seasonal cycles of SST and winds in the equatorial 

Pacific are not well represented. The reduction in salinity is related to the stronger 

double ITCZ in CCSM3. The effects of CCSM3 precipitation errors on surface salinity, 

ocean stratification and tropical Pacific circulation are further discussed in Large and 

Danabasoglu (2006). 

4.2.3 Seasonal Variation in the WPWP and EEQ 
 
The seasonal variability of aragonite saturation is higher in the WPWP and lower at the 

EEQ (compare Figures 44c and 46c). Overall the seasonality in the drivers is small in 

the EEQ and larger in the WPWP. This is due to the fact that there is stronger 

evaporation and lower precipitation, high winds stress, stronger currents and seasonal 

upwelling at the EEQ compared to the WPWP. The seasonal change in the hydrological 

cycle is the dominant process controlling the seasonality of TA and TCO2 in the WPWP.  

For the different subregions, TA can compensate/balance the TCO2 response. This 

means that effects of TCO2 on Ωar are cancelled by the effect of TA, for example, in the 

WPWP (Figure 44c). However, even in these subregions, TCO2 is seen as the main 

driver of Ωar. Seasonal upwelling has a stronger impact on TCO2 than on TA in the 

EEQ. This is because seasonal upwelling transport deeper denser waters full of nutrients 

and stored dissolved inorganic carbon to the nutrient poor surface waters. This makes 

seasonal upwelling the main driver for the differing TA and TCO2 effect on seasonality 

of Ωar in the EEQ. The results of this study agree with Kuchinke et al. (in press), who 

have investigated the drivers on Ωar and also identified TCO2 as being the major driver 

with TA compensating for some of this effect in some subregions.  

4.2.3.1 In the WPWP 
 
In the WPWP, the mean values of aragonite saturation are higher (3.9) than the regional 
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mean values of 3.7 values whereas values of 3.5 are seen in the EEQ. The lowest values 

affect the islands of Kiribati while the highest values are in the SEC affecting islands of 

the Cook Islands, Samoa and Tuvalu. The SST seasonal amplitude is 1.6 °C with a 

decrease in April and increasing in November. Salinity seasonal amplitude is 0.4 with a 

maximum in March (June) to a minimum in October (Figure 36b). Both TCO2 and the 

TA seasonal amplitude is 30 µmol/kg with a minimum in September after the Southern 

Hemisphere summer monsoon (Figure 36b). Both gradually increase in March with a 

peak in June. The seasonal variability of TCO2 equals that of TA. One possible reason 

for this is that E-P affects both TCO2 and TA in a similar manner. Therefore, the 

relationship of the seasonality between TA and Ωar and between TCO2 and Ωar cancel 

each other out (Figure 36c). Dilution is a key driver for this change. 

The presence of a barrier layer due to high rainfall inhibits the vertical replenishment of 

surface waters by TCO2 and TA rich waters. Moreover, sea-air CO2 flux and biological 

activity have little effect on TCO2. Overall, the relative change in TCO2 is equivalent to 

that of TA and both changes cancel their respective effects on Ωar. The WPWP is 

mainly affected by the monsoon seasons prominent from December to April, and the 

SECC and the NECC (5°N-10°N) by the SPCZ and the ITCZ respectively (Bingham et 

al., 2010; Johnson et al., 2012). 

 

4.2.3.2 In the EEQ 
 

In the EEQ, surface winds (southeast and northeast in the Southern and Northern 

hemispheres, respectively) are the driving force that enhances seasonal upwelling. The 

southeast winds are strongest between August and November (Figure 46a). They drive 

the SEC to create upwelling that increases TA and TCO2 at the surface in these months. 

The TA and TCO2 increase from May to August (Kuchinke et al., in press). This is 

driven by wind driven currents (NEC), as the northeast trade winds are strongest 

between March and May. The same winds converge towards the equator forming the 

ITCZ. From March to May, the ITCZ is closer to the equator, bringing warm water 

(ΔSST (change in SST seasonal variation) peak in May) and precipitation (ΔSALT 
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(change in salt seasonal variation) minimum in March-May) from the north (Figure 

46b). Because the ITCZ is located further north in September-November precipitation is 

50% higher in September-November than in March-May (Bingham et al., 2010). The 

change in SST and SALT in the EEQ do not have a significant impact on Ωar (Figure 

48b). 

 

The effects of seasonal upwelling on SALT are limited, so the seasonality of TA is 

smaller compared to that of TCO2. The TCO2 seasonality for this subregion is 5-

20 µmol/kg while TA is 10 µmol/kg at present for the model 2000-2010 and with a 

minimum in June and a maximum peak in May (Figure 46b). If upwelling plays a 

significant role in sea surface salinity, an increase in salinity by about 0.3 would be seen 

(Bingham et al., 2010). This is not the case (Figure 33a). However, when there is weak 

upwelling (March-June and September-December), it could be expected that the surface 

CO2 is usually either lost to the atmosphere or drawn down by organisms for 

photosynthesis (biological production). For the EEQ subregion, the variability of TCO2 

is greater than that of TA. Due to high wind stress (air-sea fluxes) and seasonal wind 

driven upwelling, biology (primary production) has a bigger effect in increasing TCO2 

(compared to TA seasonality). Salinity seasonality is 0.4g/kg with maximum amplitude 

in June to a minimum in May (Figure 47b). SST impacts on Ωar show the amplitudes of 

the same phases and amplitudes of SST (Figure 46c). Outside the upwelling season, sea-

air exchange and biological drawdown of CO2 may contribute to the variability of TCO2 

in the EEQ (de Boyer et al., 2007).  

4.2.4   Comparison of Model-Observed Data 
 
The evaluation of models is important for establishing model effectiveness and 

uncertainty and can, thus provide more confidence in their projections for the future. 

Formal evaluation metrics are available (Doney et al., 2004; Stow et al., 2009) and 

provide the ability to gauge model performance and identify internal variability of the 

models. As seen in Figure 22, Taylor diagrams are the tool that show pattern similarity 

between model and observations data for each parameter. 
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Simulation of the projected changes for the WPWP remains a major task for the CCSM3 

model due to difficulties in accurately simulating SST, precipitation and salinity among 

other processes (e.g., SPCZ position). In particular, the tropical Pacific is generally too 

cold, with the east Pacific cold tongue extending too far into the WPWP. A possible 

reason for the protrusion of the cold tongue in the model could be that the model does 

not capture some features (e.g. SPCZ) well (Ganachaud et al., 2011). More precisely, the 

CCSM 3 model seems to produce a SPCZ that is zonally elongated and that extends too 

far to the east in a symmetrical pattern of high precipitation about the equator, forming a 

‘double ITCZ’ (Lough et al., 2011). This distortion may create a false pattern of rainfall 

south of the equator, limiting the ability of this model to represent tropical precipitation 

patterns and ocean surface salinity accurately. Therefore, corresponding biases are seen 

in TA, which is being overestimated by the model.  

 

Table 8: Observed and projected values of main oceanic parameters for entire region 

 

Variable Units Observations  Control A22000s A22040s A2 2090s 

Ωar Units 4.2 4 4 3.6 2.4 

PH Units 8.15 8.1 8.12 7.9 7.8 

PCO2 Ppm 390 400 410 550 880 

TCO2 µmol/kg  2000 1900 2000 2050 2100 

TA µmol/kg  2350 2100 2290 2300 2400 

SST °C 28 28 28 29 31 

SALT g/kg 35 35 35 34.6 34 

MLD Meters 60 55 67 60 56 

NTA µmol/kg  2360 2200 2360 2360 2360 

NTCO2 µmol/kg  1990 1950 2025 2090 2150 

CO2 

flux  

gC/m2/s 1.7 1.8 3.4 4.3 4.6 

Rf*           Mm/day 9.5 9.5 9.5 10.5 11.5 

*Rf corresponds to the Revelle factor (detailed in chapter one) 
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4.3 PROJECTED SENSITIVITY OF Ωar TO SEASONAL DRIVERS 
 
Towards the end of this century, the seasonality in the key drivers are projected to 

remain almost unchanged and so is Ωar. Low seasonal variations are due to low seasonal 

variations in the TA/TCO2 ratio. Moreover, TA and TCO2 effects cancel each other in 

the WPWP to give values lower than global seasonal Ωar values. TCO2 is the main 

driver in the seasonal variability of Ωar in the different subregions but TA also retains 

some effects on Ωar. As TCO2 and TA effects cancel each other with respect to dilution, 

the net effect on Ωar seasonal variations is very small over the study area (Lenton et al., 

2012). When TCO2 and TA are normalized to constant salinity, large decreases in both 

are observed (Figures 21c and 21e). This, coupled with increases in SST, explains the 

reduced seasonal variation in Ωar by 2100.  

 

This low seasonal variation in Ωar could relate to the buffer factor as the upper ocean 

seawater chemistry changes with a warmer ocean by 2100 (Sarmiento & Gruber, 2006). 

As more CO2 is added to the ocean, the numbers of free carbonate ions decreases. As a 

result, the capacity for buffering will be reduced. Due to small seasonal variations in air-

sea fluxes, stratification, vertical transport, mixed layer depth, the Revelle factor, ocean 

sink and the carbonate ions, we see corresponding low seasonal variation in each of the 

drivers, e.g. SST. The mean values and seasonal changes in the Revelle factor will be 

discussed in 4.4. Also, as stated before, the combined effects of the mean seasonal 

amplitudes of TA and TCO2 cancel each other out to give lower amplitude of Ωar in the 

WPWP. Therefore, seasonality in Ωar is low. This is explained in section 4.4. 

4.3.1 Processes Controlling Seasonal Variation of TA and TCO2 by 2100 
 
Since the model overestimates TA at present, we can consider that future TA values will 

be overestimated as well. The mean TA values decrease by 50µmol/kg from 2000 to 

2100 (Figure 23) for the entire region. The largest mean seasonal amplitudes of TCO2 

range from 25-60 µmol/kg in the model for the WPWP and 15-25 µmol/kg towards EEQ 

while the observations show 20-60 µmol/kg for the WPWP and EEQ sub regions. 

The processes controlling seasonal variation for TA and TCO2 remain the same. The 
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variability of each process is described below for each specific subregion. 

4.3.2 Seasonal Variation in WPWP and EEQ by 2100  
 
The drivers for seasonal variability in Ωar for the WPWP for the model at present (2000-

2010) and for the future (2090-2100), TA and TCO2, remain the same (Figure 45c). 

However, the seasonal variability changes slightly by 2100. Increased dilution 

(precipitation) in the WPWP controls the seasonal variability in TA and TCO2 by 2100. 

Looking at analysis from the entire region, it is clear that TA and TCO2 seasonal 

variations have larger effects on Ωar than SALT and SST variations. By 2100, the 

seasonal variation in Ωar in the WPWP decreases (Figure 45c) while the seasonal 

variation slightly increases in the EEQ (Figure 47c).  

 

The TA and TCO2 seasonality for the WPWP subregion are not projected to change by 

2100 but the seasonal amplitudes decreases slightly in TA and TCO2 from 45 to 

40µmol/kg (Figure 45c). In the long term, intense precipitation leading to seasonal 

freshening of the WPWP affects TA but also TCO2, and causes cancellation effect onto 

Ωar (Figure 45b). 

 

At the EEQ, the patterns do not change by 2100 (Figure 47c), but the seasonality 

increases slightly in TA and TCO2. The TA increases by 10-11 µmol/kg while the TCO2 

increases by 5-10 µmol/kg by 2100. Because stronger ocean currents result in increased 

SALT, TA increases at present. This is reflected in the increase in ΩarTA. The seasonal 

variations in Ωar and its drivers are controlled by strengthening of seasonal winds and 

increased ocean warming, intensified hydrological cycle, increased precipitation, 

decreased upwelling and projected decreased current speed by 2100 (Ganachaud et al., 

2011).  

 

The salinity of the Western tropical Pacific Ocean is projected to decrease in line with an 

intensified hydrological cycle by 2100 (Ganachaud et al., 2011). In addition to 

generating surface currents (which causes mixing in the upper layer), evaporation and 

precipitation also reduce mixing in the upper layer and increases stratification 
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(Australian Bureau of Meteorology & CSIRO, 2011a). 

The seasonal change in stratification has a small effect on the seasonal variability of Ωar 

because freshening causes TA to decrease and hence Ωar to decrease.  Stratification 

inhibits supply of deep water rich in causing Ωar to increase. Moreover, increased sea-air 

exchange of CO2 plays a small role in the seasonal amplitude of Ωar along the equator 

but has no effect in the rest of the study area by 2100 (Kuchinke et al. in press). On the 

other hand, net respiration of organic matter plays a more important role in the 

subtropics and along the equator (Reverdin et al., 1994). 

 

Stratification increases by 2100 for the WPWP, SECC, and NECC, due to net 

precipitation in these regions causing the seasonal amplitude of Ωar to be minimal 

(< 0.3) (Bingham et al., 2010; Kuchinke et al., in press). The mean monthly model 

stratification is projected to increase by 0.6 kg/m3 in the WPWP (Figure 13). Similar 

values are published in the recent PCCSP report (Australian Bureau of Meteorology & 

CSIRO, 2011a). The model used here captures the expected pattern of strongest 

stratification in the WPWP and below the ITCZ and SPCZ and decreasing onto higher 

latitudes.  

The mean seasonal mixed layer depth is projected to decrease (become shallower) by 

2100. The MLD usually exerts an impact on the carbon variables as discussed in 

previous sections. Also the seasonal upwelling at 50 m is projected to decrease by 2100 

as atmospheric concentrations of CO2 increase. This may be due to decreased strength of 

the SEC and SECC by 2100 (Ganachaud et al., 2011). 

4.3.3 Uncertainties 
 
The major uncertainties come from the difficulty of the model to capture some 

parameters of this region such as SPCZ, cold tongue, extension of warm pool and cannot 

capture the seasonal cycles of SST, winds, SALT and TA due to biases in precipitation 

for this region as detailed in Large and Danabasoglu (2006) from the coarse model (150 

km grid size) spatial resolution. This makes projecting to regional scales, most relevant 

to human populations, a challenge. Therefore, the resolution needs to be improved 
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substantially to reduce uncertainty. The emission scenario A2 has a large impact on the 

obtained results, because atmospheric CO2 is the main driver of the projected changes. 

But for any given scenario of atmospheric CO2 levels, the following points have to be 

considered in order to estimate the uncertainties of the results: 

� Present models, for example, do not differentiate the small PICTs from the 

ocean, and may not sufficiently combine the ocean-atmosphere interactions of 

importance to PICTs (Lough et al., 2011). 

� The overly zonal location of the SPCZ in many numerical simulations limits 

confidence in projections of the rainfall and wind fields for the region 

(Ganachaud et al., 2011). 

� Uncertainties also arise from model simulated oceanic features e.g. SST too low, 

WPWP extends far too east and cold tongue too far into WPWP especially at 

boundary currents 

� Some of the most difficult aspects of understanding and projecting changes in 

regional climate relate to possible changes in the circulation of the atmosphere 

and oceans and their patterns of variability, e.g. air-sea fluxes. The spatial 

patterns are not well captured in some parameters e.g. MLD (Large and 

Danabasoglu, 2006).  

� All these lead to model output not being well evaluated against observed data 

when discussing the spatial/temporal patterns. A better understanding of the 

physical mechanisms driving these characteristics is needed to improve the 

parameterization of coupled atmosphere-ocean models.  

 

Despite the biases mentioned, there is confidence in this model for capturing changes 

over the next 100years since we see robust results. The seasonal changes in the 

hydrological cycle (E-P) in this model have a high degree of uncertainty associated with 

model projection (Bell et al., 2011). This response is also observed in other modelling 

studies of in other modeling studies for future precipitation for the same region 
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(Ganachaud et al., 2011). Even with these biases included, the conclusion from this 

study does not change because the main bias is the hydrological cycle (E-P), something 

that all models do not capture well. 

4.4  INFLUENCE OF ANTHROPOGENIC CO2 UPTAKE 
 

The low seasonal variations in aragonite may be related to the global anthropogenic CO2 

inventories and the Revelle factor (buffer effect). It is also related to processes like 

surface currents, stratification and air-sea flux which control the seasonality of the 

corresponding driver like TCO2. There are low seasonal variations in the Revelle factor 

as well as the drivers (TA and TCO2), hence small seasonal variations in the carbonate 

ion, resulting in small seasonal variations in Ωar by 2100. The variations in the 

TA/TCO2 ratio control the changes in the buffer factor that tends to be lower in the 

lower latitudes so it can store more anthropogenic CO2 for any given atmospheric CO2 

perturbations. As discussed in Chapter One, the ocean uptake of anthropogenic CO2 is 

estimated by measuring the increase in TCO2 in the oceans over time (Ganachaud et al., 

2011). 

 

The current global ocean uptake is (from models) around 2.2 PgC/yr and in the tropics 

anthropogenic CO2 concentration declines rapidly with depth (Denman et al., 2007). It is 

projected that atmospheric CO2 will increase by 550ppm by 2100 under the A2 scenario, 

in line with increasing atmospheric CO2, causing a 30% decrease in the carbonate ion 

and 60% increase in hydrogen ion concentration. As the carbonate ion concentration 

decreases the oceans ability to absorb more CO2 from the atmosphere decreases (Sabine 

et al., 2004). This quantifies the buffering capacity of the oceans for the uptake of 

anthropogenic CO2. The ocean uptake of anthropogenic carbon will decrease as the 

Revelle factor increases in the A2 scenario by 11.5 (see appendix) with lower values in 

the WPWP and slightly higher in the EEQ. This is because low vertical dispersion is 

observed in regions of upwelling, where waters with low anthropogenic CO2 

concentration are transported towards the surface in the EEQ, while there is slightly 

higher anthropogenic CO2 in the surface waters of the WPWP (Sabine et al., 2005). In 
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short, the oceans role as a sink for anthropogenic CO2 is projected to slowly decline by 

2100. 

 

The largest decrease in seasonal variation of Ωar occurring in the mid-latitudes relates to 

the buffer factor. The mid-latitudes maintain lower Revelle factors (which means higher 

carbonate ion) than the rest of the ocean and therefore have a greater capacity to absorb 

anthropogenic CO2 (McNeil & Matear, 2008). Therefore projected declines in Ωar are 

most pronounced in the mid latitudes where the largest accumulation of anthropogenic 

CO2 is stored. This pattern is seen in Figure 13. The study area has the lowest 

anthropogenic CO2 inventories as well. Some reasons for this may be low vertical 

stratification, especially at the EEQ where there is a very slight higher Revelle factor 

than in the WPWP at present. In the future, there may also be less efficient oceanic 

uptake, especially if increased stratification combined with reduced mixing and transport 

occurs (Sabine et al., 2005; Australian Bureau of Meteorology & CSIRO, 2011a; 

Ganachaud et al., 2011). 

The lowest inventories occur close to the equator and in eastern upwelling regions. This 

dispersal reflects where anthropogenic CO2 enters the ocean from the atmosphere (air-

sea flux) and where ocean currents transport it. The air-to-sea exchange of the 

anthropogenic CO2 is larger in the regions where there is enhanced mixing between 

surface and deep waters (Ganachaud et al., 2011). This facilitates the storage of 

anthropogenic CO2 in the deeper ocean and keeps surface CO2 concentration relatively 

low, allowing a steady rate of flux of anthropogenic CO2 from the atmosphere to the 

ocean. Surface currents generally move dissolved CO2 from the equator to the 

subtropics, where inventory is the greatest, as well as variability. In the subtropical 

Pacific region, the anthropogenic CO2 penetrates to greater depths as a result of 

downwelling linked with convergence zones. Whereas in the EEQ, anthropogenic CO2 is 

confined to the upper ocean due to upwelling therefore the inventory over the full depth 

is small (Ganachaud et al., 2011). 

 

The reason for the largest inventories in the subtropical Pacific is that surface waters 

sink quickly after the uptake of CO2 (due to circulation). Lower latitudes include 
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stronger stratification and equatorial upwelling that limit the penetration of 

anthropogenic CO2 to thermocline depth, about 500m (Sabine et al., 2005). The 

projected increase in atmospheric CO2 may drive increased levels of dissolved 

anthropogenic CO2 into the tropical Pacific Ocean. This is projected to increase the 

acidity of surface water since the carbonate ion is projected to decrease. Hence, because 

of the arguments presented, there may be small seasonal variations in ocean 

acidification. This is also because the Pacific Ocean, characterized by a low Revelle 

factor, will still be very efficient at taking up CO2 towards 2100 when compared to the 

Southern Ocean where the high Revelle factor makes it very inefficient for taking up 

CO2 (Sabine et al., 2004; Australian Bureau of Meteorology & CSIRO, 2011a). 

4.5 FUTURE OUTLOOK/ ADDITIONAL RESEARCH  

 

The area of modeling, ocean acidification and ocean thermodynamics is very active, as 

pointed out by Sarmiento & Gruber (2006). There is a need to better understand the 

complex physics of the global climate system, and the various interactions between the 

atmosphere, ocean, land, cryosphere and biota, to realistically model current and 

possible future climate conditions. There is a need to produce more reliable models with 

higher spatial resolution, especially for the tropics (Lough et al., 2011). 

 

Further research is needed to understand how seasonality in ocean acidification will 

affect the food security of the growing population of the PICTs by 2040. In the Western 

Pacific, population increases are likely to raise demand for seafood by hundreds of 

thousands metric tons by 2050 (Bell et al., 2011). At present, most of the fish consumed 

by Pacific Islanders come from coastal, coral reefs dependent fisheries. However, before 

this date (next 30-40 years), Ωar in most of these locations (near the PICTs) will 

decrease to values that are well below the threshold for reef health. The value of Ωar <4 

as a threshold for optimum coral reef growth came from an observation of current limits 

to reef development (Kleypas et al., 1999). This is clearly a matter of serious concern, 

especially since other factors will also negatively affect coral reefs, such as SST 

increase. 
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Additionally, the uncertainties could be better constrained using standard model skill 

metrics when comparing the results with observations and a quantification of the 

uncertainties introduced by the model drift and the de-trending of variables. 

Considerable further effort is needed to determine how best to implement downscaling 

approaches to provide robust projections of changes to surface climate and the ocean at 

scales meaningful to resource management in the PICTs. This work has recently been 

started and results are presented in Australia’s Pacific Climate Change Science 

Programme (Australian Bureau of Meteorology & CSIRO, 2011a, b) and compiled in a 

recent SPC publication (Bell et al., 2011). 

 

Directions for further/continued research include the following: 

� Maintain observations, detection of changes projected in this region (e.g. SPC 

and CSIRO collaboration) and evaluating model variability 

� Keep monitoring reef ecosystems and carbonate parameters in the open ocean 

(e.g. by sampling fringing reef system) 

� Study reef scale ecosystem response to acidification and thermal stress causing 

bleaching based on model downscaling and observations (e.g. development of 

risk maps) 

� Understand these impacts on organisms, ecosystems and food security for the 

future generations of the PICTs 

� Understand how warming and acidification of the tropical Pacific Ocean will 

affect the early life history stages of corals and other key reef-building organisms  

� Quantify the effect of ocean acidification and warming on the relative balance 

between reef calcification and erosion  

� Determine which coral reef habitats are likely to have the greatest natural 

resilience to bleaching and ocean acidification 

 

It has been repeated at various instances that further observations and modeling efforts 

are needed to understand the role of CaCO3, the CO2 uptake by the oceans and their 

impacts on changes in the carbonate chemistry as well as on organism or ecosystem 

response. Also, global and regional models should both be considered. This is because 
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CaCO3 is an important component of the global carbon cycle; and also because impacts 

of decreasing CaCO3 saturation can be different in mainly specific regions (e.g. shallow 

waters/coastal regions in the PICTs). 

A better understanding of the mean state and seasonal variations, including SPCZ, ITCZ, 

WPWP and patterns of variability in the climate, including ENSO, is needed to advance 

climate science, especially for the tropical Pacific region. Analyzing the ability of the 

next generation of climate models to simulate climate in this region is essential. This 

will provide improved projections for seasonal variations in rainfall, extreme weather 

patterns, ENSO, sea level and ocean acidification among other variables. Determining 

the extent to which climate trends are attributed to natural variability compared to 

human activities is also a main concern.  

Ultimately, coral reefs are most vulnerable to increasing SST and ocean acidification 

(Bell et al., 2011). The impacts on coral reefs health and species composition will be 

severe by 2100. Islands affected by the changes in the WPWP are America Samoa, Fiji, 

New Caledonia, Solomon Islands, Tonga, Tuvalu, Vanuatu, Wallis and Futuna 

(Australian Bureau of Meteorology & CSIRO, 2011a). Ocean acidification is expected 

to increase for the entire region, however the aragonite saturation state decreases more in 

the EEQ compared to the WPWP by 2100. The lowest values of Ωar are projected to 

occur at 160W affecting the islands of French Polynesia, Kiribati and Cook Islands. 

Severe changes to coral reefs are anticipated due to increasing acidified surface waters 

by 2100 for the entire region. The aragonite saturation state is projected to be below the 

threshold for optimum coral reef development/growth at values of 3.1 by 2040-2050. It 

should be stressed that, due to these compound stress levels onto the coral reefs, reduced 

calcification and increased dissolution is bound to occur as early as 2040 in this region, 

especially for the islands located in the EEQ.  

 

With the increasing reliance on the ocean for natural resources, transportation, and 

recreation, the need for society to understand the oceans response to climate change 

continues to amplify. Intensifying international cooperation will be required to add data 

from both basic and sophisticated observing networks emerging throughout the global 
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ocean. These need to address longer temporal scales, local to global spatial scales, and 

more interdisciplinary questions will require involvement from diverse research teams. 

The PICTs will exert higher demand on coral reef and associated fisheries as early as 

2040, (e.g. in Fiji, Vanuatu and the Solomon Islands, Bell et al., 2011). This will create a 

stress on ecosystems already threatened by global warming and projected lower 

aragonite values crossing the threshold limit between 2040 and 2050. This has the 

potential to be catastrophic for the PICTs population because of their dependency on 

oceanic resources like coral reefs for survival. 
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CHAPTER 5 CONCLUSIONS  

 

This study undertook a modeling approach to simulate the seasonal variation in 

aragonite saturation state (Ωar) was simulated for the Western Pacific region as well as 

for the subregions of the West Pacific Warm Pool (WPWP) and the East Equatorial 

Pacific (EEQ). This was done for different time frames: 2000-2010, 2040-2050 and 

2090-2100 under A2 and control emission scenarios using the CCSM3 Model. The 

seasonal upper ocean data from the CCSM3 model was also evaluated against a seasonal 

observed database that has a newly defined relationship between total alkalinity (TA) 

and salinity (SALT) and high-resolution pCO2 for this region. The Ωar was calculated 

using TA, TCO2, SALT and SST. Therefore, effects of the seasonal variation of each of 

these variables (TA, TCO2, SALT, SST) on Ωar seasonality were quantified to evaluate 

the processes driving this seasonal variability.  

The long term projected changes in the carbonate chemistry of the surface ocean due to 

increasing atmospheric CO2 show significant reductions of the Ωar saturation levels and 

pH of seawater. Acidification is expected to result in a pH decrease of ~0.3 units relative 

to the present values by the end of this century due to increasing atmospheric CO2 

concentration under A2 emission scenario. The seasonal mean model values of Ωar 

decrease from present values of 3.75 to 2.24 at 2100. The Ωar saturation state is 

projected to be at 3.1, below the threshold for marginal coral reef health by 2040. In the 

tropics and subtropics, model A2 Ωar values are expected to decrease by 1.4 units (about 

30-40%) The mean seasonal amplitude decreases slightly (<4%) but the phase remains 

unchanged by 2100. The seasonal amplitude of Ωar is greater than 0.3 along the EEQ 

whereas it is less than 0.3 in the WPWP. 

Mean values of Ωar are higher in the WPWP and lower in the EEQ. The seasonal 

variability in Ωar increases in the WPWP and is lower in the EEQ. This may be due to 

the fact that there is stronger evaporation and lower precipitation, high winds stress, 

stronger currents and seasonal upwelling at the EEQ compared to the WPWP. Ωar tends 

to decrease with decreasing TA and increasing TCO2. Seasonal SALT has a negligible 

effect on Ωar in this region while SST has a small positive effect. The effect of SST on 
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the mean seasonal amplitude of Ωar is negligible in the equatorial band (<0.06) but 

steadily increases on Ωar (0.1-0.15) away form the equator. To summarize, ΩarSST 

decreases with decreasing SST, ΩarSALT decreases with decreasing SALT, Ωar TCO2 

decreases with increasing TCO2 and ΩarTA decreases with decreasing TA. Modeled 

amplitudes of ΩarTCO2 vary by more than 0.7 in regions where the seasonal variability 

of TCO2 is greater than 70 µmol/kg (equatorial band and WPWP). 

TA values for the model are too high when compared to the observations (e.g. 30-

60µmol/kg). The maximum effect of TA on Ωar (0.6-0.8) is found in the WPWP and at 

the boundaries between oceanic currents where TA seasonally varies by 50 to 

60µmol/kg. The TA decreases by 50µmol/kg from 2000 to 2100 while the NTA 

(Normalized TA) decreases by 10µmol/kg to 2100 for the entire region. These decreases 

are driven by an intensified hydrological cycle where precipitation causes dilution and 

reduced SALT. This leads to lower TA values. The mean values of TCO2 increase by 

120µmol/kg from by 2100 and the NTCO2 (Normalized TCO2) increases by 150µmol/kg 

from 2000 to 2100. SALT decreases by 0.8psu while SST increases by 1.5oC. 

In the present day WPWP, the relative seasonal amplitude in TCO2 is equivalent to that 

of TA and both changes cancel their respective effects on Ωar. One possible reason for 

this is that the hydrological cycle (E-P) affects both TCO2 and TA in a similar manner. 

Dilution is a key driver caused by the hydrological cycle, which controls the seasonality 

of TA and TCO2 at the WPWP. 

In the EEQ, surface winds (southeast and northeast) are the driving force that enhances 

seasonal upwelling and stratification. The effects of seasonal upwelling do not have 

much effect on SALT, so the seasonality of TA is smaller compared to that of TCO2. 

This makes seasonal upwelling the main driver for the differing TA and TCO2 effect on 

seasonality of Ωar in the EEQ. From this, the TCO2 was regarded as the main driver on 

the seasonal variability in Ωar in the tropics and subtropics. 

The CCSM3 model underestimates seasonality in ocean acidification because the TA is 

overestimated. A possible explanation for this is the well-known difficulty the model has 

to capture well the hydrological cycle in the region. This is due to the complex physical 
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oceanography, difficulty in capturing the mean seasonal SPCZ position, and the 

extension of the Pacific cold tongue into the WPWP, coarse resolution and scarcity of 

high-quality data for the vast area. The CCSM 3 model captures the seasonal phases 

well. This is the reason why, despite these biases, we have confidence in this model for 

capturing changes over the next 100 years. 

The simulated seasonal variability in the aragonite saturation state is small in the low 

latitudes. Lower latitudes are associated with stronger stratification and equatorial 

upwelling that limit the penetration of anthropogenic CO2 to the thermocline depth, 

lowering the CO2 inventories and limiting the variations in the carbonate ion, 

compounded with low stratification. The Revelle factor (buffer effect) is projected to 

increase slightly by 2100 indicating decrease in buffering capacity of the ocean by 2100. 

The Revelle factor has lower values in the WPWP and higher values in the EEQ. This is 

because low vertical dispersion is observed in regions of upwelling, like the EEQ, where 

waters with low anthropogenic CO2 concentration are transported towards the surface. 

Anthropogenic CO2 is thus confined to the upper ocean due to upwelling therefore 

acidification increases there the most. There is slightly higher anthropogenic CO2 in the 

surface waters of the WPWP. Although in the future, there may also be less efficient 

oceanic uptake, especially if increased stratification combined with reduced mixing and 

transport occurs, the Pacific Ocean is still projected to be very efficient at taking up CO2 

towards 2100.  

From this study, it is seen that climate change has an effect on aragonite saturation state, 

although the seasonal variations of this parameter are not projected to change drastically. 

Model projections driven with increasing anthropogenic CO2 in the atmosphere with 

increasing pCO2 levels in the oceans, demonstrate there will be severe negative effects 

on coral reef development. Compounded stress from population changes, over fishing, 

dynamite fishing, coral bleaching, rising sea level, indicate that most of the Pacific 

surface water coral reefs are expected to be strongly impacted. With the conclusion that 

40% of coral reefs fail to calcify by 2040, this region has the most immediate need for 

understanding how changes in ocean acidification impacts corals at island scale. 



 
 

128 

REFERENCES: 

 
 
Australian Bureau of Meteorology and CSIRO. 2011a. Climate Change in the Pacific: 
Scientific Assessment and New Research. Volume 1: Regional Overview, 257pp.  
 
Australian Bureau of Meteorology and CSIRO. 2011b. Climate Change in the Pacific: 
Scientific Assessment and New Research. Volume 2: Country Reports, 273pp. 
 
Bell JD, Johnson JE and Hobday AJ. 2011. Vulnerability of Tropical Pacific Fisheries 
and Aquaculture to Climate Change. Secretariat of the Pacific Community, Noumea, 
New Caledonia, 925pp. 
 
Bingham FM, Foltz GR and McPhaden, MJ. 2010. Seasonal cycles of surface layer 
salinity in the Pacific Ocean. Ocean Science 6(3): 775-787. 
 
Caldeira K and Wickett ME. 2003. Anthropogenic carbon and ocean pH. Science 
425(6956): 365-366. 
 
Caldeira K and Wickett ME. 2005. Ocean model predictions of chemistry changes from 
carbon dioxide emissions to the atmosphere and ocean. Journal of Geophysical 
Research 110(C9): C09S04, doi: 10.1029/2004JC002671. 
 
Canadell JG, Le Quéré C, Raupach MR, Field CB, Buitenhuis ET, Ciais P, Conway TJ, 
Gillett NP, Houghton RA and Marland G. 2007. Contributions to accelerating 
atmospheric CO2 growth from economic activity, carbon intensity, and efficiency of 
natural sinks. Proceedings of the National Academy of Sciences of the United States of 
America 104(47): 18866–18870. 
 
Cao L and Caldeira K. 2008. Atmospheric CO2 stabilization and ocean acidification.  
Geophysical Research Letters 35(19): L19609, doi: 10.1029/2008GL035072. 
 
Cao L, Caldeira K and Jain KA. 2007. Effects of carbon dioxide and climate change on 
ocean acidification and carbonate mineral saturation. Geophysical Research Letters 
34(5): L05607, doi: 10.1029/2006GL028605. 
 
Cao L, Eby M, Ridgwell A, Caldeira K, Archer D, Ishida A, Joos F, Matsumoto K, 
Mikolajewicz U, Mouchet A, Orr C, Plattner GK, Schlitzer R, Tokos K, Totterdell I, 
Tschumi T, Yamanaka Y and Yool A.  2009. The role of ocean transport in the uptake of 
anthropogenic CO2. Biogeosciences 6(3): 375–390. 
 
Collins WD, Bitz CM, Blackmon ML, Bonan GB, Bretherton CS, Carton JA and Chang 
P. 2006. The community climate system model version 3 (CCSM3). Climate 19(11): 
2122–2143. 
 
Cooley SR, Kite-Powell HL and Doney SC. 2011. Ocean acidification’s potential to 
alter global marine ecosystem services. Oceanography 22(4): 172–181. 



 

 129 

 
 

 
De Boyer Montégut C, Mignot J, Lazar A and Cravatte S. 2007. Control of salinity on 
the mixed layer depth in the world ocean: 1. General description. Geophysical Resources 
112(C6): C06011, doi:10.1029/2006JC003953. 
 
Denman KL, Brasseur G, Chidthaisong A, Ciais P, Cox MP, Dickinson RE, 
Hauglustaine DC, Heinze E, Holland DJ, Lohmann U and Ramachandran S. 2007. 
Couplings Between Changes in the Climate System and Biogeochemistry, Chapter 7 in: 
Climate Change 2007. The physical science basis. Contribution of working group I to 
the fourth assessment report of the intergovernmental panel on climate change. The 
physical science basis. S. Solomon, D. Qin, M. Manning, Z. Chen, M. Marquis, K.B. 
Averyt, M. Tignor and H.L. Miller (eds) Cambridge, UK and New York, NY, U.S.A, 
Cambridge University Press, 499-588. 
 
Doney SC, Balch WM, Fabry VJ and Feely RA.  2009a. Ocean acidification: A critical 
emerging problem for the ocean sciences. Journal of Oceanography 22(4): 18–27. 
 
Doney SC, Fabry VJ, Feely RA and Kleypas JA. 2009b. Ocean Acidification:The Other 
CO2 Problem. The Annual Review of Marine Science 1(1): 169-192. 
 
Doney SC, Lima ID, Moore JK, Lindsay K, Behrenfeld MJ, Westberry TK, Mahowald, 
Maltrud NM, Glover DM, McGillicuddy D and Takahashi, T. 2007. Skill metrics for 
confronting global upper ocean ecosystem biogeochemistry models against field and 
remote sensing data. Journal of Marine Systems 76: 95–112. 
 
Doney SC. 2006a. The Dangers of Ocean Acidification. Scientific American 294(3): 58-
65. 
 
Doney SC, Lindsay K, Fung I and John J. 2006b. Natural variability in a stable, 1000-yr 
global coupled climate-carbon cycle simulation. Climate 19(13): 3033–3054. 
 
Doney SC, Lindsay K, Caldeira K, Campin JM, Drange H, Dutay JC and Follows M. 
2004. Evaluating global ocean carbon models: The importance of realistic physics. 
Global Biogeochemical Cycles 18(3): GB3017, doi: 10.1029/2003GB002150. 
 
Dore JE, Lukas R, Sadler DW, Church MJ and Karl DM. 2009. Physical and 
biogeochemical modulation of ocean acidification in the central North Pacific. 
Proceedings of the National Academy of Sciences of the United States of America 
106(30): 12235–12240. 
 
Fabry VJ, Seibel BA, Feely RA and Orr JC. 2008. Impacts of ocean acidification on 
marine fauna and ecosystem processes. ICES. Marine Science 65(3): 414–432. 
 
Feely RA, Orr J, Fabry VJ, Kleypas JA, Sabine CL and Langdon C. 2009a. Present and 
future changes in seawater chemistry due to ocean acidification, Section 3 in Carbon 
Sequestration and Its Role in the Global Carbon Cycle. McPherson BJ and Sundquist 



 
 

130 

ET (eds) Geophysical Monograph Series, Vol. 83, American Geophysical Union, 
Washington, DC, 175-188. 
 
Feely RA, Doney SC and Cooley SR. 2009b. Ocean acidification: Present conditions 
and future changes in a high-CO2 world. Oceanography 22(4): 36–47. 
 
Feely RA, Sabine CL, Lee K, Berelson W, Kleypas J, Fabry VJ and Millero, FJ. 2004. 
Impact of anthropogenic CO2 on the CaCO3 system in the oceans. Science 305(5682): 
362–366. 
 
Feely RA, Sabine CL, Lee K, Millero FJ, Lamb MF, Greeley D, Bullister JL, Key RM, 
Peng T, Kozyr A, Ono T and Wong CS. 2002. In situ calcium carbonate dissolution in 
the Pacific Ocean. Global Biogeochemical Cycles 16(4): 1144, doi: 
10.1029/2002GB001866. 
 
Feely RA,  Sabine CL, Takahasi T and Wanninkhof R. 2001. Uptake and Storage of 
Carbon Dioxide in the Oceans: The Global CO2 Survey. The Oceanography Magazine 
14(4): 18-31. 
 
Fung I, Doney SC, Lindsay K and John J. 2005. Evolution of carbon sinks in a changing 
climate. Proceedings of the National Academy of Sciences of the United States of 
America 102(32): 11201–11206. 
 
Ganachaud A, Gupta AS, Orr JC, Wijffels SE, Rodway KR, Hemer MA, Maes C, 
Steinberg C, Tribollet AD, Qiu B and Kruger J. 2011. Observed and expected changes to 
the tropical Pacific Ocean, Chapter 3 in: Vulnerablity of Tropical Fisheries and 
Aquaculture to Climate Change. Bell JD, Johnson JE  and Hobday AJ (eds) Secretariat 
of the Pacific Community, Noumea, New Caledonia, 101-188. 
 
Guinotte J, Buddemeier R and Kleypas J.  2003. Future coral reef habitat marginality: 
temporal and spatial effects of climate change in the Pacific basin. Coral Reefs 22: 551-
558. 
 
Guinotte JM and Fabry VJ. 2008. Ocean Acidification and Its Potential Effects on 
Marine Ecosystems. Annals of the New York Academy of Sciences 1134(1): 320–342.
  
Hennessy K, Irving DB, Perkins SE, Murphy B, Brown JR, Moise AF, Colman RA, 
Moise AF and Hanson LI. 2011. Projections Based on Global Climate Models, Chapter 
6 in: Climate Change in the Pacific: Scientific Assessment and New Research. Volume 
1: Regional Overview. Cambers G., K. Hennessy and S.B. Power (eds) Australian 
Bureau of Meteorology and Commonwealth Scientific and Industrial Research 
Organization (CSIRO), Australia, 145-179. 
 
Hoegh-Guldberg O. 2005. Low coral cover in a high-CO2 world. Journal of Geophysical 
Research 110(C9): C09S06, doi: 10.1029/2004JC002528. 
 
Hoegh-Guldberg O, Mumby PJ, Hooten AJ, Steneck RS, Greenfield EP, Gomez DC, 



 

 131 

 
 

Harvell CD, Card M, Connolly SR, Folke C and Grosberg R.  2007. Coral reefs under 
rapid climate change and ocean acidification. Science 318(5857): 1737-1742. 
 
Ishimatsu A, Hayashi M and Kikkawa T. 2008. Fishes in high-CO2, acidified oceans. 
Marine Ecology Progress Series 373: 295-302. 
 
Ishii M, Inoue HY, Matsueda H, Saito S, Fushimi K, Nemoto K, Yano T, Nagai H and 
Midorikawa T. 2001. Seasonal variation in total inorganic carbon and its controlling 
processes in surface waters of the western North Pacific subtropical gyre. Marine 
Chemistry 75(12): 17-32. 
 
Johnson GC, Sloyan BM, Kessler WS and McTaggart K. 2002. Direct measurements of 
upper ocean currents and water properties across the tropical Pacific during the 1990s. 
Progress in Oceanography 52(1): 31-61. 
 
Johnson GC, Schmidtko S and Lyman JM. 2012. Relative contributions of temperature 
and salinity to seasonal mixed layer density changes and horizontal density gradients. 
Journal of Geophysical Research 117(C4): C04015, doi: 10.1029/2011JC007651. 
 
Keeling RF, Piper SC, Bollenbacher AF and Walker SJ. 2008. Atmospheric CO2 values 
(ppmv) derived from in situ air samples collected at Mauna Loa, Hawaii, USA. 
Technical report. Scripps Institution of Oceanography, University of California, La 
Jolla, California USA, 83-113. 
 
Key RM, Kozyr A, Sabine CL, Lee K, Wanninkhof R, Bullister JL, Feely RA, Millero 
FJ, Mordy C and Peng TH. 2004. A global ocean carbon climatology: Results from 
Global Data Analysis Project (GLODAP). Global Biogeochemical Cycles 18(4): 
GB4031, doi: 10.1029/2004GB002247. 
 
Kleypas JA, McManus JW and Menez LA. 1999. Environmental Limits to Coral Reef 
Development: Where Do We Draw the Line? American Zoology 39(1): 146-159. 
 
Kleypas, JA, Buddermeier RW, Archer D, Gattuso JP, Langdon C and Opdyke 
BN.1999. Geochemical consequences of increased atmospheric carbon dioxide on coral 
reefs. Science 284(5411): 118-120. 
 
Kleypas JA, Feely RA, Fabry VJ, Langdon C, Sabine CL and Robbins LL. 2006. 
Impacts of ocean acidification on coral reefs and other marine calcifiers: a guide for 
future research. Technical Report. St Petersburg, NSF, NOAA, and the US Geological 
Survey, 73pp.  
 
Kuchinke MC, Tilbrook B and Lenton A. Ocean acidification and Aragonite Saturation 
State in the Pacific Island Region. Marine Chemistry, in press.  
 
Langdon C and Atkinson MJ. 2005. Effect of elevated pCO2 on photosynthesis and 
calcification of corals and interactions with seasonal change in temperature/irradiance 
and nutrient enrichment. Journal of Geophysical Research 110(C9): C09S07, doi: 



 
 

132 

10.1029/2004JC002576. 
 
Large WG and Danabasoglu G. 2006. Attribution and Impacts of Upper-Ocean Biases in 
CCSM3. Climate 19(11): 2325-2346. 
  
Lee K, Tong LT, Millero FJ, Sabine CL, Dickson AG, Goyet C, Park GH, Wanninkhof 
R, Feely A and Key RM. 2006. Global Relationships of Total Alkalinity With Salinity 
and Temperature in Surface Waters of The World's Oceans. Geophysical Research 
Letters 33(19): L19605. doi: 10.1029/2006GL027430. 

Lenton A, Metzl N, Takahasi T, Kuchinke M, Matear RJ, Roy T, Sutherland SC, 
Sweeney C and Tilbrook B. 2012. The observation evolution of oceanic pCO2 and its 
drivers over the last two decades. Global Biogeochemical Cycles 26(2): doi: 
10.1029/2011GB004095. 

Le Quéré CL, Raupach MR, Canadell JG, Marland G, Bopp L, Ciais P, Conway TJ, 
Doney SC, Feely R, Foster P, Friedlingstein P, Houghton RA, Johanna IH, Huntingford 
C, Levy P, Lomas MR, Majkut J, Metzl N, Ometto J, Peters GP, Prentice IC, Randerson 
JT, Rodenbeck C, Running SW, Sarmiento JL, Schuster U, Sitch S, Takahashi T, Viovy 
N, van der Werf GR and Woodward FI. 2009. Trends in the sources and sinks of carbon 
dioxide. Nature Geoscience 2 (12): 831-836.  
 
Lough JM, Meehl GA and Salinger MJ. 2011. Observed and projected changes in 
surface climate of the tropical Pacific, Chapter 2 in: Vulnerablity of Tropical Fisheries 
and Aquaculture to Climate Change. Bell JD, Johnson JE and Hobday AJ (eds) 
Secretariat of the Pacific Community, Noumea, New Caledonia, 49-100. 
 
Lueker TJ, Dickson AG and Kneeling CD. 2000. Ocean pCO2 calculated from dissolved 
inorganic carbon, alkalinity, and equations for K-1 and K-2: Validation based on 
laboratory measurements of CO2 in gas and seawater at equilibrium. Journal of Marine 
Chemistry 70(1-3): 105–119. 
 
Luthi D, Le Floch M, Bereiter B, Blunier T, Barnola JM, Siegenthaler D, Raynaud, 
Stocker TF and Chappellaz J. 2008. High-resolution carbon dioxide concentration record 
650,000–800,000 years before present. Nature 453(7193): 379–382. 
 
Marinov I, Doney SC and Lima ID. 2010. Response of ocean phytoplankton community 
structure to climate change over the 21st century: partitioning the effects of nutrients, 
temperature and light. Biogeosciences 7(12): 3941–3959. 
 
Matthews HD, Eby M, Ewen T, Friedlingstein P and Hawkins BJ. 2007. What 
determines the magnitude of carbon cycle-climate feedbacks? Global Biogeochemical 
Cycles 21(20): GB2012, doi: 10.1029/2009GL037488. 
 
McGillicuddy DJ, deYoung B, Doney SC, Gilbert PM, Stammer D and Werner FE. 
2010. Models Tools for Synthesis in International Oceanographic Research Programs. 
Journal of Oceanography 23(3): 126-139. 



 

 133 

 
 

 
McNeil BI and Matear RJ. 2008. Southern Ocean acidification: A tipping point at 450-
ppm atmospheric CO2. Proceedings of the National Academy of Sciences of the United 
States of America 105(48): 18860-18864. 

Meehl GA, Stocker TF, Collins WD, Friedlingstein P, Gaye AT, Gregory JM, Kitoh A, 
Godwin AS, Harnisch D, Ko J, Kocchi M, Madronich S, Metz S, Meyer B, Moreira L, 
Owens JR, Peixoto J, Pons R and Pyle J. 2007. Global climate projections, Chapter 10 
in: Climate Change 2007. The physical science basis. Contribution of working group I to 
the fourth assessment report of the intergovernmental panel on climate change. The 
physical science basis. S. Solomon, D. Qin, M. Manning, Z. Chen, M. Marquis, K.B. 
Averyt, M. Tignor and H.L. Miller (eds) Cambridge, UK and New York, NY, U.S.A, 
Cambridge University Press, 747-846. 

Mehrbach C, Culberson CH, Hawley JE and Pytkowicz RM. 1973. Measurement of 
apparent dissociation-constants of carbonic acid in seawater at atmospheric pressure. 
Limnology and Oceanography 18(6): 897-907. 
 
Millero FJ, Graham TB, Huang F, Bustos-Serrano H and Pierrot D. 2006. Dissociation 
constants of carbonic acid in seawater as a function of salinity and temperature. Marine 
Chemistry 100(1-2): 80-94. 
 
Mucci A. 1983. The Solubility of Calcite and Aragonite in Seawater at Various 
Salinities, Temperatures, and One atmosphere Total Pressure. American Journal of 
Science 283(7): 780-799. 
 
Munday PL, Danielle L, Donelsona JM, Jonesa GP, Pratchett MS, Devitsinac GV and 
Dovingd KB. 2009. Ocean acidification impairs olfactory discrimination and homing 
ability of a marine fish. Proceedings of the National Academy of Sciences of the United 
States of America 106(6): 1848–1852. 
 
Nakicenovic N, Alcamo J, Davis G, de Vries B, Fenhann J, Gaffin S, Gregory K, 
Grübler A, Jung T, Kram T, La Rovere EL, Michaelis L, Mori S, Morita T, Pepper W, 
Pitcher H, Price L, Riahi K, Roehrl A, Rogner H, Sankovski A, Schlesinger M, Shukla 
P, Smith S, Swart R, van Rooijen S, Victor N and Dadi Z. 2000. Special Report on 
Emissions Scenarios: A Special Report of Working Group III of the Intergovernmental 
Panel on Climate Change. Nakicenovic N and Swart R (eds) Cambridge University 
Press, Cambridge, UK, 570pp.  
 
Orr JC, Fabry VJ, Aumont O, Bopp SC, Doney SC, Feely RA, Ganaadesikan A, Gruber 
N, Ishida A, Joos F, Key RM, Lindsay K, Maier-Reimer E, Matear R, Monfray P, 
Mouchet A, Najjar RG, Plattner GK, Rodgers KB, Sabine CL, Sarmiento JL, Schlitzer 
R, Slater RD, Totterdell IJ, Weirig MF, Yamanaka Y and Yool A. 2005. Anthropogenic 
ocean acidification over the twenty-first century and its impact on calcifying organisms. 
Nature 437(7059): 681–686. 
 
Philander SGH, Hurlin WJ and Seigel AD. 1987. Simulation of the Seasonal Cycle of 



 
 

134 

the Tropical Pacific Ocean. Physical Oceanography 17(11): 1986-2002. 
 
Portner HO. 2008. Ecosystem effects of ocean acidification in times of ocean warming: 
a physiologist’s view. Marine Ecology Progress Series 373: 203–217. 
 
Raven J, Caldeira K, Elderfield H, Liss P, Riebesell U, Sherperd J, Turley C and Watson 
A. 2005. Acidification due to increasing carbon dioxide. Policy Document 12/05 The 
Royal Society. London, The Clyvedon Press, Cardiff, 68pp. 
 
Reverdin G, Frankignoul C, Kestenare E, and McPhaden MJ.  1994. Seasonal variability 
in the surface currents of the equatorial Pacific. Journal of Geophysical Research 
99(C10): 20323-20344. 
 
Sabine CL, Feely RA, Gruber N, Key RM, Lee K, Bullister JL, Wanninkhof JL, Wong 
CS, Wallace DW, Tilbrook B, Millero FJ, Peng TH, Kozyr A, Ono T and Rios AF. 
2004. The oceanic sink for anthropogenic CO2. Science 305(5682): 367–371. 
 
Sabine CL, Key RM, Kozyr A, Feely RA, Wanninkhof R, Millero FJ, Peny TH, 
Bullister JL and Lee K. 2005. Global Ocean Data Analysis Project (GLODAP): Results 
and Data. Technical Report. ORNL/CDIAC-15, NDP-083, Carbon Dioxide Information 
Analysis Center, Oak Ridge National Laboratory, US Department of Energy, Oak Ridge, 
TN, 110pp.  
 
Sarmiento JL and Gruber N. 2006. Ocean Biogeochemical Dynamics. Princeton 
University Press 526pp. 
 
Sarmiento JL, Gloor M, Gruber N, Beaulieu C, Jacobson AR, Fletcher SE, Pacala E and 
Rodgers K. 2010. Trends and regional distributions of land and ocean carbon sinks. 
Biogeosciences 7(2): 2351–2367. 
 
Silverman J, Lazar B, Cao L, Caldeira K and Erez J. 2009. Coral reefs may start 
dissolving when atmospheric CO2 doubles. Geophysical Research Letters 36(5): 
L05606. doi: 10.1029/2008GL036282. 
 
Smith RD and Gent PR. 2004. Reference manual for the Parallel ocean Program (POP): 
Ocean component of the Community Climate System Model (CCSM2.0 and 3.0). 
Technical Report.  LA, Los Alamos National Laboratory, USA, 75pp.  
 
Steinacher M, Joos F, Frolicher TL, Plattner GK and Doney SC. 2009. Imminent ocean 
acidification in the Arctic projected with the NCAR global coupled carbon cycle-climate 
model. Biogeosciences 6(4): 515–533. 
 
Stow CA, Joliff J, Mcgillicuddy Jr DJ, Doney SC, Allen IJ, Friedrichs AM, Rose KA 
and Wallhead P. 2009. Skill Assessment for coupled/physical models of marine systems. 
Journal of Marine Systems 76(1-2): 4-15. 
 



 

 135 

 
 

Takahashi T, Sutherland SC, Wanninkhof R, Sweeney C, Feely RA, Chipman DW, 
Hales B, Friederich G, Chavez F, Sabine C, Watson T, Olsen A, Bellerby R, Wong CS, 
Delille B, Bates NR and De Baar HJW. 2009. Climatological mean and decadal change 
in surface ocean pCO2, and net sea-air CO2 flux over the global oceans. Deep Sea 
Research Part II: Topical Studies in Oceanography 56(11): 554-577. 
 
Takahashi T, Sutherland SC and Kozyr A. 2010. Global Ocean Surface Water Partial 
Pressure of CO2 Database: Measurements Performed during 1957-2009 (Version 2009). 
ORNL/CDIAC-152, NDP-088r. Carbon Dioxide Information Analysis Center, Oak 
Ridge National Laboratory, U. S. Department of Energy, Oak Ridge, Tennessee, doi: 
10.3334/CDIAC/otg.ndp088r. 
 
Taylor KE. 2001. Summarizing multiple aspects of model performance in a single 
diagram.  Journal of Geophysical Research 106(D7): 7183–7192. 
 
Thornton PE, Doney SC, Linsday K, Moore JK, Mahowald N, Randerson JT, Fung I, 
Lamarque JF, Feddema JJ and Lee YH. 2009. Carbon-nitrogen interactions regulate 
climate-carbon cycle feedbacks: results from an atmosphereocean general circulation 
model. Biogeosciences 6(10): 2099–2120. 
 
Trenberth KE, Jones PD, Ambenje P, Bojariu R, Easterling D, Klein A, Parker D, 
Rahimzadeh F, Renwick JA, Rusticucci M, Soden B and Zhai P. 2007. Observations: 
Surface and Atmospheric Climate Change, Chapter 3 in: Climate Change 2007. The 
physical science basis. Contribution of working group I to the fourth assessment report 
of the intergovernmental panel on climate change. The physical science basis. S. 
Solomon, D. Qin, M. Manning, Z. Chen, M. Marquis, K.B. Averyt, M. Tignor and H.L. 
Miller (eds) Cambridge, UK and New York, NY, U.S.A, Cambridge University Press, 
385-428.  
 
Van Heuven S, Pierrot D, Lewis E and Wallace DWR. 2011. MATLAB Program 
Developed for CO2 System Calculations, ORNL/CDIAC-105b. Carbon Dioxide 
Information Analysis Center Oak Ridge National Laboratory, U.S. Department of 
Energy, Oak Ridge, Tennessee, doi: 10.3334/CDIAC/otg.CO2SYS_MATLAB_v1.1. 
 
Zeebe RE and Wolf-Gladrow D. 2001. CO2 in Seawater: Equilibrium, Kinetics, 
Isotopes. 1st edn. Elsevier Oceanography Series, 65. Elsevier Science, Amsterdam, 
346pp. 
 
 
 



 
 

136 

Appendix 

Long term Mean values of SST for Observations, SRES A2 and Control 

         
Figure A1: 4°×5° gridded long-term means of SST. a) Observations b) A2 2000s c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. TThe mean values for Obs (Observations) 
and A2 2000s are slightly different in that the Obs has a wider band of higher SST around the 
lower latitudes than A2 2000s. 

 
 
 
 
 
 
 
 
 
 
 
 

Long-term means of TCO2 for observations, SRES A2 and Control 
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Figure A2: 4°×5° gridded long-term means of TCO2. a) Observations b) A2 2000s c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The Obs has a wider band of lower TCO2 
around the lower latitudes (1950 µmol/kg) then A2 2000s while the control remains unchanged 
throughout with lower TCO2 in the WPWP and higher values in the cold tongue.  
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Long-term means of TA for observations, SRES A2 and Control 

 

Figure A3: Projected 4°×5° gridded long-term means of TA. a) Observations b) A2 2000s c) 
Control 2000s, d) A2 2040s e) A2 2090s and f) Control 2090s .The mean values for Obs 
(Observations) and A2 2000s are differing in that the Obs has a wider band of lower TA around 
the lower latitudes (2300 µmol/kg ) then A2 2000s while the control remains unchanged 
throughout with lower TA in the WPWP and higher values in the cold tongue. Compared to this, 
the mean values A2 2040s intensifies at every location except the warm pool and further 
intensifies to 2400 µmol/kg by the end of this century.    
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 Long-term means of SALT for observations, SRES A2 and Control 

 

Figure A4: Projected 4°×5° gridded long-term means of SALT. a) Observations b) A2 
2000s c) Control 2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The mean patterns 
for Obs (Observations) and A2 2000s are differing in that the Obs has a wider band of 
higher SALT around the lower latitudes (34 units) then A2 2000s (33 units at the warm pool) 
while the control remains unchanged throughout with lower TCO2 in the WPWP and higher 
values in the cold tongue. Compared to this, the mean value A2 2040s intensifies at every 
location except the warm pool and further intensifies to 2100 35.5 units outside the warm 
pool by the end of this century. The obs shows higher SALT values than the model. 
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Figure A5: Projected Long Term Means for CO2 Flux 

 

 
Figure A6: Projected  Long Term Means for Stratification Change 
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F

Figure A7: Projected Long term Means for Surface Depth 

Figure A8: Projected long-term means of Revelle factor (RF). a) Obs, b) A2 2000s, c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The changes are marked as the RF is 
increasing in this region, thereby decreasing the buffer ratio and the sink for anthropogenic 
CO2. There seems to be a reasonable pattern similarity/agreement between the observed data 
and the model A2.  
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Figure A9: Mean seasonal cycle of CO2 flux for the three timeframes showing decreasing flux 
cycle with the phase remaining the same. There is no seasonal cycle for the obs.  

 
Figure A10: Projected mean monthly of Revelle factor (RF)  
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Appendix 

Long term Mean values of SST for Observations, SRES A2 and Control 

Figure A1: 4°×5° gridded long-term means of SST. a) Observations b) A2 2000s c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. TThe mean values for Obs (Observations) 
and A2 2000s are slightly different in that the Obs has a wider band of higher SST around the 
lower latitudes than A2 2000s.

Long-term means of TCO2 for observations, SRES A2 and Control 
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Figure A2: 4°×5° gridded long-term means of TCO2. a) Observations b) A2 2000s c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The Obs has a wider band of lower TCO2 
around the lower latitudes (1950 µmol/kg) then A2 2000s while the control remains unchanged 
throughout with lower TCO2 in the WPWP and higher values in the cold tongue.  
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Long-term means of TA for observations, SRES A2 and Control 

 

Figure A3: Projected 4°×5° gridded long-term means of TA. a) Observations b) A2 2000s c) 
Control 2000s, d) A2 2040s e) A2 2090s and f) Control 2090s .The mean values for Obs 
(Observations) and A2 2000s are differing in that the Obs has a wider band of lower TA around 
the lower latitudes (2300 µmol/kg ) then A2 2000s while the control remains unchanged 
throughout with lower TA in the WPWP and higher values in the cold tongue. Compared to this, 
the mean values A2 2040s intensifies at every location except the warm pool and further 
intensifies to 2400 µmol/kg by the end of this century.    
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 Long-term means of SALT for observations, SRES A2 and Control 

 

Figure A4: Projected 4°×5° gridded long-term means of SALT. a) Observations b) A2 
2000s c) Control 2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The mean patterns 
for Obs (Observations) and A2 2000s are differing in that the Obs has a wider band of 
higher SALT around the lower latitudes (34 units) then A2 2000s (33 units at the warm pool) 
while the control remains unchanged throughout with lower TCO2 in the WPWP and higher 
values in the cold tongue. Compared to this, the mean value A2 2040s intensifies at every 
location except the warm pool and further intensifies to 2100 35.5 units outside the warm 
pool by the end of this century. The obs shows higher SALT values than the model. 
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Figure A5: Projected Long Term Means for CO2 Flux 

 

 
Figure A6: Projected  Long Term Means for Stratification Change 
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F

Figure A7: Projected Long term Means for Surface Depth 

Figure A8: Projected long-term means of Revelle factor (RF). a) Obs, b) A2 2000s, c) Control 
2000s, d) A2 2040s e) A2 2090s and f) Control 2090s. The changes are marked as the RF is 
increasing in this region, thereby decreasing the buffer ratio and the sink for anthropogenic 
CO2. There seems to be a reasonable pattern similarity/agreement between the observed data 
and the model A2.  
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Figure A9: Mean seasonal cycle of CO2 flux for the three timeframes showing decreasing flux 
cycle with the phase remaining the same. There is no seasonal cycle for the obs.  

Figure A10: Projected mean monthly of Revelle factor (RF) 


