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摘要
全球暖化及海水酸化，被視為大氣二氧化碳增加下一體兩面的表象。
雖然全球大氣二氧化碳濃度的上升率一致，然而不同時間序列測站的數據
卻顯示，海洋表水酸化率並不一致，成因仍未有所解釋。本研究透過全球
六個時間序列測站的數據，以及熱力學計算，解釋造成海水 pH (原位 pH
(pHinsitu)與在 25 oC 下測量的 pH (pH25)) 改變率不一致的原因。本研究證明
pHinsitu 與 pH25 改變率無法直接比較，因為兩者在水溫改變下有反相的改
變，此結果乃首次報導。由於海氣二氧化碳交換，無法在海水水溫改變後
馬上達到平衡，海水暖化加快了海水酸化 (-0.00722°C-1) ；此速率為僅由海
氣二氧化碳交換達到平衡下所預期的 6.6 倍 (-0.00109°C-1)。以上結果顯示，
全球海水酸化率不一致，是因為各時間序列測站水溫改變率不同，以及使
用不同 pH 數據 (pHinsitu 或 pH25) 所造成。本研究發現，海水 pH 為水溫及
時間的函數，而溶解態無機碳(DIC)濃度則為水溫、鹽度及時間的函數。而
模擬的 pH 及 DIC，更可進一步用來模擬海水二氧化碳分壓，以及碳酸鈣飽
和度。
在 1994-2012 年間，位處台灣南端的南灣表水酸化率，為大氣二氧化
碳增加下所預期的 1.5 倍。然而， DIC 濃度的上升率卻只有預期的 25%。
這是因為在時間序列的觀測初期，有較多西菲律賓海海水在強聖嬰時期入
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侵南灣，而在 2005 年後，南灣海水湧升增強，加快了海水酸化。南灣的低
DIC 上升率，主要是因為海水鹽度下降，稀釋作用降低了因海氣二氧化碳
交換，以及湧升增強所造成的 DIC 上升率。在西菲律賓海海水入侵以及湧
升兩大作用下，南灣海水的 pH 於短短兩年間 (1/2003~10/2005) 下降了 0.06
單位。此變化幅度，相當於 35 年來大氣二氧化碳增加所造成的酸化量。
上述結果展示了氣候變化可能對海水酸化的影響，即在考量海洋氣候
的變化下，海洋生態系統遭受海水酸化衝擊的時間，可能比只考慮大氣二
氧化碳濃度增加所預期的來得更早。

關鍵詞：海水酸化、酸化率、海水 pH、二氧化碳、暖化、
海氣二氧化碳交換
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Abstract
Conventional wisdom has it that global warming and seawater
acidification are different manifestations of increased atmospheric CO2.
Although atmospheric CO2 rises at similar rates globally, the question of why
the rates at which surface seawater pH decreases differ remains unanswered.
Here we use data from six decadal time-series stations globally and
thermodynamic calculations to provide an explanation on the inconsistency in
rates of change in pH measured at 25°C (pH25) and at in situ temperature
(pHinsitu). An anti-phase between rates of change in pHinsitu and pH25 vs. rates of
temperature change is demonstrated for the first time. As the air-sea CO2
exchange lags behind changing seawater temperature, warming accelerates
seawater acidification (-0.00722 °C-1) at a rate 6.6-times that expected under
only the air-sea CO2 equilibrium (-0.00109 °C-1). These findings explain that
inconsistencies in reported acidification rates worldwide are mainly due to
different rates of temperature change and different types of pH use (pHinsitu or
pH25). A surprising finding is that surface ocean pH can be written as a linear
function of seawater temperature and time, and dissolved inorganic carbon (DIC)
can be written as a linear function of seawater temperature, salinity and time.
The modeled pH and DIC can further be used to model the seawater pCO2 and
saturation state of calcium carbonate.
During 1994-2012, Nanwan Bay, southern Taiwan, suffered 1.5-times the
expected acidification rate due to the increased atmospheric CO2, however, the
rate of DIC increase is only about 25% of that expected due to the increased
VI

atmospheric CO2. This was initially due to increased intrusions of the West
Philippines Sea (WPS) water during strong El Nino periods, and was then due
to enhanced upwelling since 2005. The low DIC increasing rate is because the
decrease in salinity dampened the increase in DIC under air-sea CO2 exchange
and upwelling. Combining intrusions of WPS water and upwelling at Nanwan
Bay, seawater suffered 0.06 pH decrement within just two years
(1/2003~10/2005). Such a magnitude of change is equivalent to 35 years of
acidification due to increased atmospheric CO2.
The results above provide an insight on how future climate change can
alter the ocean acidification. Implications are that marine ecosystems suffering
from ocean acidification could happen earlier than expected when ocean climate
changes are considered along with increasing atmospheric CO2.

Keywords: ocean acidification, acidification rate, seawater pH, carbon dioxide,
warming, air-sea CO2 exchange
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Chapter 1: Introduction
1-1 Ocean acidification
Mainly due to the burning of fossil fuels, atmospheric CO2
concentration has increased from approximately 280 μatm in 1750 to around
392 μatm in 2012. This increase has been identified as the principal factor
driving global warming. Additionally, about one-third of the anthropogenically
released CO2 is absorbed by oceans and hence reduces seawater pH, carbonate
ion concentration, and the saturation state of aragonite (ΩAra) and calcite(ΩCal)
which are two allotropes of CaCO3 (Bates et al., 2012; Dore et al., 2009;
Gonzalez-Davila et al., 2010; Midorikawa et al., 2012; Midorikawa et al., 2010;
Santana-Casiano et al., 2007; Yamamoto-Kawai et al., 2009). The phenomenon
of continually reduction in seawater pH is called ocean acidification. The
gradual increase in seawater partial pressure of CO2 (pCO2) accompanied with
the decrease in pH under in situ temperature (pHinsitu), carbonate ion
concentration, and ΩAra at the Hawaii Ocean Time Series (HOT) station are
shown as an example in Figure 1-1.
Decreases in ΩAra and ΩCal due to increasing seawater acidity reduce
the calcification rate of the calcifying organisms, making them more difficult to
build their shells or skeletons. Ultimately, calcifying organisms cannot survive
1

when the dissolution rate is higher than the calcification rate. In the coastal
regions influenced by riverine inputs, the acidification rate could be faster than
in the open ocean. This is because riverine N and P fluxes have increased
rapidly in recent decades, resulting in increased coastal eutrophication. As a
consequent,

more

organic

matters

decompose

and

acidify

seawater

simultaneously (Cai et al., 2011; Hung et al., 2013).

Figure 1-1 Time-series of seawater pCO2 (black), pHinsitu (blue), carbonate ion
concentration (green) and ΩAra (pink) at the HOT station. The red line shows the
dry air pCO2. The straight lines and numbers show the regression lines and
slopes, respectively. Data were provided by Dore et al., (2009).

2

Based on the modeled results, it is suggested that future projections of
surface ocean acidification only need to consider the increasing atmospheric
CO2, and not the changing climate (McNeil and Matear, 2007). However, the
modeled results contradict with the observed. Several fundamental problems of
ocean acidification remain unresolved and are discussed as follows.

1-2 Inconsistency in ocean acidification rates
As a proxy of ocean acidification, pH time-series data and first-order
linear regression have been used to determine the rate of pH change. One
fundamental issue is that seawater pH is reported as pH under in situ
temperature (pHinsitu) or at 25 oC (pH25). However, the difference by using
pHinsitu or pH25 in the study of ocean acidification has not yet been discussed.
Taking pHinsitu time-series as an example, although atmospheric CO2
rises at similar rates globally and the seawater pH is expected to have an
average decreasing rate of -0.0017 yr-1 within the past 2-3 decades, reported
rates of pHinsitu change vary in different time-series studies. Indeed the expected
rate was obtained at the Bermuda Atlantic Time Series Study (BATS; -0.0016
yr-1) (Bates et al., 2012) and at the HOT (-0.0018~-0.0019 yr-1; (Dore et al.,
2009)). But, lower decreasing rates were found at the time-series study at the
hydrographic line 137 oE (137 oE, -0.0013 yr-1) (Midorikawa et al., 2010) and
3

the European Station for Time Series in the Ocean at the Canary Island (ESTOC;
-0.0014 yr-1) (Gonzalez-Davila et al., 2010). On the other hand, high
acidification rate was observed at the Iceland station with -0.0024 yr-1 (Olafsson
et al., 2009). Beneath the surface at the HOT station, the acidification rate
reached a maximum of about -0.0025 yr-1 at 300 m depth (Dore et al., 2009).
Such an inconsistency in the ocean acidification rates implies that the increased
atmospheric CO2 is not the sole factor controlling changes in seawater pH, and
the response of the ocean carbonate chemistry to the increasing atmospheric
CO2 is not globally manifested.

1-3 Predicted condition for 2030-2050 has already happened
Impacts of ocean acidification on marine ecosystem will soon happen.
The Arctic Ocean and the Southern Ocean have the lowest ΩAra averaging 2.41
and 3.02, respectively (Feely et al., 2009). Based on the modeled result, surface
seawater in the Southern Ocean will become under-saturated in aragonite by the
year of 2030 (McNeil and Matear, 2008) or 2050 (Orr et al., 2005). Differ from
the forecast, the surface seawater at Canada Basin of the Arctic Ocean was
observed to be under-saturated in ΩAra in 2008 (Yamamoto-Kawai et al., 2009).
The increased anthropogenic CO2 contributed 50% for that change, and the
melted sea ice water contributed the other 50%. Of this 50%, half was due to
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freshening and half was due to the change in air-sea disequilibrium state
(Yamamoto-Kawai et al., 2011). This is an example to show that aquatic
ecosystems suffering from ocean acidification could happen earlier than
expected when ocean climate and equilibrium state of carbonic acid are
considered along with increasing atmospheric CO2. Studying the feedback of
changing ocean climate on ocean acidification is urgently needed.

1-4 Ocean climate-The other driving force
The ocean is undergoing strong climate changes. In the past decades,
land and ocean temperatures have increased and are expected to continue to rise
(Domingues et al., 2008; Levitus et al., 2009; Levitus et al., 2000). Warming of
the global surface has intensified the water cycle, leading the relatively salty
regions such as the Atlantic Oceans become saltier, where the relatively fresh
regions such as the Western Pacific Ocean become fresher (Durack et al., 2012).
Such changes in ocean salinity were observed to extend to at least 700 meters in
water depth (Pierce et al., 2012). A key issue of such global changes is how
ocean acidification be influenced by climate change. Figure 1-2 shows the flow
diagram of relationships between increased atmospheric CO2, global warming,
ocean acidification, as well as intensified water cycle.
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Figure 1-2 Flow diagram of relationships among increased atmospheric CO2,
global warming, ocean acidification, and the intensified water cycle.
Based on the definition of the Intergovernmental Panel on Climate
Change (IPCC, (2011)) Workshop on Impacts of Ocean Acidification on
Marine Biology and Ecosystems, ocean acidification refers to “a reduction in
the pH of the ocean over an extended period, typically decades or longer, which
is caused primarily by uptake of carbon dioxide from the atmosphere, but can
also be caused by other chemical additions or subtractions from the ocean.”
The Washington State Blue Ribbon Panel on ocean acidification (2012) further
specified the chemical additions as “Local sources of acidification such as
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nitrogen oxides and sulfur oxide gases, or nutrients and organic carbon from
wastewater discharges and runoff from land-based activities, can also
contribute to ocean acidification in marine waters.” However, such definitions
did not consider the feedback of ocean climate on the seawater carbonate
chemistry.
The fact is that, the dissociation constants of the carbonic acid and
solubility product of CaCO3 are both functions of seawater temperature and
salinity. Besides the main driven CO2 forcing, a change in either seawater
temperature or salinity changes the seawater carbonate chemistry as well. The
ocean climate is another important factor of ocean acidification. Furthermore,
the degree of changing carbonate chemistry under changing temperature or
salinity depends on the equilibrium state of carbonic acid. Conventionally, the
surface ocean is considered at or close to the air-sea CO2 equilibrium. Whereas,
the fact is that, the surface ocean has a regionally distributed degree of air-sea
CO2 disequilibrium that reflects the net effect of gas exchange, surface
circulation, vertical mixing, and biological activity (Takahashi et al., 2009a). A
change in climate and hydrology could in turn affect all these processes and
hence the seawater carbonate chemistry.
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1-5 Objectives
Understanding

how

the

ocean

reacts

with

the

increasing

anthropogenic CO2, as well as the changing ocean climate are critical to
examining and to predicting the impacts of ocean acidification on the marine
ecosystem. Based on the questions raised above, this study aims to:
1. model changes in seawater pHinsitu, pH25, ΩAra, ΩCal, dissolved inorganic
carbon (DIC), partial pressure of CO2 (pCO2) as a result of changes in
atmospheric CO2 level, seawater temperature, as well as salinity under two
different boundary conditions: closed system (without air-sea CO2 exchange)
and open system (air-sea CO2 reaches equilibrium);
2. examine differences and applications by examining the pHinsitu and pH25
time-series in the study of ocean acidification;
3. examine disequilibrium states of surface seawater carbonate systems of the
published time-series studies;
4. determine the relative contribution of anthropogenic and climatic forcings to
the ocean acidification; and hence,
5. explain the inconsistency in published ocean acidification rates;
6. propose a simple theory-based equation for modeling pH time-series by
using time, seawater temperature, and salinity as parameters;
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7. discuss both the positive and negative feedbacks of the ocean climate on the
ocean acidification;
8. predict further changes in seawater carbonate chemistry under different
scenarios of ocean climate changes;
9. propose a technologically and economically feasible, easy management
scheme in sewage treatment to reduce the degree of coastal eutrophication
and the induced seawater acidification.

1-6 Outlines
In Chapter 2, thermodynamic calculations and observed results from six
time-series studies are used to show that warming accelerates seawater
acidification, and the inconsistencies in reported acidification rates are mainly
due to different rates of temperature change at studied areas. Incomparability
between pH measured at in situ temperature and those measured at 25°C under
changing temperature is discussed. This study further shows that surface ocean
pH can be written as a linear function of seawater temperature and time, and can
further be used to model the seawater pCO2.
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In Chapter 3, 796 sets of measured data from six time-series are analyzed,
aiming to show that the dissolved inorganic carbon (DIC) at the surface ocean is
a function of seawater temperature, salinity, and time. A combination with the
easily measurable seawater temperature and salinity can be powerful in
predicting DIC and ΩAra. Magnitudes of natural and anthropogenic variations in
ΩAra are discussed.

In Chapter 4, time series at Nanwan Bay, southern Taiwan, is used to show how
seawater carbonate chemistry changed with the increased air CO2 and the ocean
climates such as Pacific Decadal Oscillation, enhanced upwelling, as well as
enhanced water cycles.

In Appendix I, a flexible management scheme that is based on hydrological
variability is proposed to reduce the degree of coastal eutrophication and
eutrophication induced seawater acidification. This management scheme will
hopefully provide technologically and economically feasible, easy guidelines
for sewage plant operators concerning when they should switch the plant from
removing P to removing N, or vice versa.
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Chapter 2: Warming accelerates and explains
inconsistencies in ocean acidification rates
Abstract
Conventional wisdom has it that global warming and seawater acidification are
different manifestations of increased atmospheric CO2. Although atmospheric
CO2 rises at similar rates globally, the question of why the rates at which
surface seawater pH decreases differ remains unanswered. Here we use data
from six decadal time-series stations globally and thermodynamic calculations
to provide an explanation on the inconsistency in rates of change in pH
measured at 25°C (pH25) and at in situ temperature (pHinsitu). An
anti-phase between rates of change in pHinsitu and pH25 vs. rates of temperature
change is demonstrated for the first time. As the air-sea CO2 exchange lags
behind changing seawater temperature, warming accelerates seawater
acidification (-0.00722°C-1) at a rate 6.6-times that expected under only the
air-sea CO2 equilibrium (-0.00109°C-1). These findings explain that
inconsistencies in reported acidification rates worldwide are mainly due to
different rates of temperature change and different types of pH use (pHinsitu or
pH25). A surprising finding is that surface ocean pH can be written as a linear
function of seawater temperature and time, and can further be used to model the
11

seawater pCO2. Such a positive feedback provides an insight on how future
climate change can alter the ocean acidification. Implications are that aquatic
ecosystems suffering from ocean acidification could happen earlier than
expected when warming and natural variability are considered along with
increasing atmospheric CO2.
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2-1. Introduction
Rapid economic growth combined with increased fossil fuel
consumption has accelerated the increase in atmospheric CO2. This increase has
been identified as the principal factor driving global warming. Additionally,
CO2 is partly absorbed by oceans and, hence, reduces seawater pH. The
subsequent acidification of seawater and shoaling of CaCO3 saturation depth
have garnered the attention of scientists and policy makers (Egleston et al., 2010;
Feely and Chen, 1982; Hoegh-Guldberg et al., 2007; Ilyina et al., 2009; Kelly et
al., 2011; Orr et al., 2005; Pandolfi et al., 2011; Yamamoto-Kawai et al., 2009;
Zachos et al., 2005; Zeebe et al., 2008), as even a small change in seawater pH
may cause large impacts on aquatic ecosystems (Erba et al., 2010; Feely et al.,
2009; Hoegh-Guldberg et al., 2007; Orr et al., 2005; Shi et al., 2010). As a
proxy of ocean acidification, pH time-series data and first-order linear
regression have been used to determine the rate of pH change. Although
atmospheric CO2 rises at similar rates globally and pH was expected to have an
average decreasing rate of -0.0017 yr-1 within the past 2-3 decades, reported
rates of pH change vary in different time-series studies (Bates, 2007; Dore et al.,
2009; Gonzalez-Davila et al., 2010; Midorikawa et al., 2010; Olafsson et al.,
2009). The measured acidification rates, as we will show and discuss later, vary
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from +0.00018 yr-1 to -0.0021 yr-1. The questions of why the rates at which
surface seawater pH decreases differ remains unanswered.
Global warming and seawater acidification are two of the most critical
environmental issues related to increases in atmospheric CO2. In this study,
thermodynamic model and six observed datasets (Fig. 2-1) are used (a) to show
the importance of temporal change in temperature in determining rates of
temporal pH change, (b) to illustrate the incomparability of pH time-series data
measured at in situ temperature (pHinsitu) with those measured at 25°C (pH25), (c)
to model pH time series by using time and seawater temperature, (d) and to
discuss the positive feedback of seawater warming on ocean acidification and
its impacts on aquatic ecosystems.

2-2. Methods and Materials
2-2.1 Observational Data
The datasets (Fig. 2-1, Table 2-1) we used in this study are from four
published time series studies (the Bermuda Atlantic Time Series Study
(BATS)(Bates, 2007), European Station for Time Series in the Ocean at the
Canary Islands (ESTOC)(Gonzalez-Davila et al., 2010), Hawaii Ocean Time
Series (HOT)(Dore et al., 2009), and the time-series study at a hydrographic
14

line at 137°E in the western North Pacific (137°E) (Midorikawa et al., 2010)),
as well as two open access time-series studies (the Carbon Retention in a
Colored Ocean Project (CARIACO, Fig. 2-2) and the South East Asia
Time-Series Study (SEATS, Fig. 2-3)).

Figure 2-1. Station locations of the time-series studies. See text for the
acronyms.
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Table 2-1. Rates of temporal change (based on first-order linear regression) for surface seawater pHinsitu, pH25, pCO2,
temperature, salinity, total alkalinity, and dissolved inorganic carbon in the time-series studies.

Time series study
BATS
(Bates, 2007)
CARIACOa
ESTOC
(Gonzalez-Davila
et al., 2010;
Santana-Casiano
et al., 2007)
HOT
(Dore et al., 2009)
SEATSb
137 °E
(Midorikawa et
al., 2010)
a

Temporal changing rate
pCO2
Temperature
Salinity
(μatm yr-1)
(°C yr-1)
(×10-3 yr-1)

TA
(μM yr-1)

DIC
(μM yr-1)

1.67±0.28

8.4±1.5

0.61±0.11

1.37±0.16

-7.64±3.58

-0.603±0.400

0.0535±0.0101

Studied
Period

pHinsitu
(×10-3 yr-1)

pH25
(×10-3 yr-1)

1983-2005

-1.7±0.3

N.A.

1995-2011

-2.11±0.361

-0.714±0.403

1995-2004

-1.4±0.7

-1.8±0.3

1.55±0.43

0.002±0.019

8.8±2.5

-0.79±0.14

0.94±0.50

1988-2007

-1.9±0.2

-1.5±0.4

1.88±0.16

0.026±0.016

11.0±2.45

0.684± 0.168

1.49±0.169

1998-2006

0.177±1.48
Winter:
-1.8±0.2
Summer:
-1.3±0.5

-3.19±1.45

0.782±1.37

-0.226±0.157

85.5±24.5

5.65±1.49

6.32±1.68

-1.5±0.3
-1.4±0. 4

1.58±0.12
1.37±0.33

0.02±0.02
-0.01±0.02

N.A.

N.A.

N.A.

1983-2007

0.017±0.030

2.44±0.439 0.111±0.0137

Data provided by the Institute of Marine Remote Sensing, College of Marine Science, University of South Florida.

http://www.imars.usf.edu/CAR/
b

Data provided by the Ocean Data Bank (OBD), Taiwan.
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Figure 2-2. Time series of surface seawater temperature, salinity, TA, DIC,
pHinsitu, pH25, and pCO2 at CARIACO. The red solid and dashed lines are the
linear regressions and 95 % confidence intervals, respectively, while blue lines
are the 95% prediction intervals of linear regressions.
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Figure 2-3. Time series of surface seawater temperature, salinity, TA, DIC,
pHinsitu, pH25, and pCO2 at SEATS. The red solid and dashed lines are the linear
regressions and 95% confidence intervals, respectively, while blue lines are the
95% prediction intervals of linear regressions.
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2-2.2 Open and Closed System Modeling
The CO2 System Calculations Program developed by Pierrot et al.
(2006) is used to calculate the carbonate system. The carbonate dissociation
constants are taken from Millero et al. (2006). The results based on Dickson and
Millero (1987) are practically the same and are not shown. The dissociation
constants of boric and sulfate acids are from Dickson (Dickson, 1990a; Dickson,
1990b). The pH is all in the total scale. To simplify, total alkalinity (TA) is
assumed to be 2300 μmol kg-1, and phosphate and silicate are assumed zero. For
an open system, seawater pCO2 is assumed the same as atmospheric pCO2 in
three scenarios of 280 μatm, 400 μatm and 520 μatm. The pHinsitu and pH25 are
calculated using constant pCO2 and TA under various seawater temperatures
(Fig. 2-4a, b). For a closed system, dissolved inorganic carbon (DIC) is
calculated at constant pCO2 (280, 400, and 520 μatm) and TA at 25 °C. pHinsitu
and pH25 are calculated with the constant DIC and TA at various temperatures
(Fig. 2-4c, d). A second-order linear regression is used to fit pHinsitu and pH25 vs.
temperature. The rates of pHinsitu and pH25 vs. temperature are determined by
differentiating regression equations with respect to temperature (Fig. 2-5).
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Figure 2-4. The pHinsitu and pH25 vs. temperature in the (a, b) open system and (c,
d) closed system, respectively. A second-order linear regression is used to fit
pHinsitu and pH25 vs. temperature in the open system (r2=1.0000), and pHinsitu vs.
temperature in the closed system (r2>0.99994). The regression lines are not
shown in the figures as they show no observable difference with the modeled
values.
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Figure 2-5. The temperature dependence of rates of pHinsitu and pH25 chance vs.
temperature in the (a, b) open system and (c, d) closed system, respectively.
Note different scales are used.

2-3. Results and Discussion
2-3.1.1 Modeled changes in pHinsitu and pH25 under changing
temperature
It may be a well known thermodynamics issue, but has not yet been
demonstrated. In fact, seawater pH either measured at in situ temperature or at
25 °C is highly temperature dependent. We first model the pHinsitu and pH25 in
total scale under two boundary conditions: open (under the air-sea equilibrium)
and closed systems (Fig. 2-6). The results show that pHinsitu and pH25 cannot be
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compared directly because they change in anti-phase as temperature changes.
Further, although pHinsitu and pH25 change differently with temperature in open
and closed systems, in reality, a surprising finding as we will show here, pH
changes linearly with temperature with a ratio falling between those of the open
and closed systems.

Figure 2-6. Modeled results of change in seawater pH (ΔpH) as temperature
changes (ΔT). Initial modeling conditions for both open and closed systems are
TA=2300 μM, salinity=35, T=25 °C and partial pressure of CO2 (pCO2 )=280
(preindustrial level), 400 (close to the current level of about 390 μatm in 2011)
and 520 μatm (predicted level in 2050). The black, blue and red lines refer to
pCO2=280, 400, and 520 μatm, respectively. The green line is ΔpH25 vs. ΔT in a
closed system under any pCO2. The numbers 0.0138 °C-1, -0.00109 °C-1 and
-0.0149 °C-1, respectively, show average slopes of ΔpH vs. ΔT for pH25 (open
system), pHinsitu (open system), and pHinsitu (closed system).
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2-3.1.2 Observed rates of pHinsitu and pH25 change under changing
temperature
To examine the relationship between observed temporal changes in pH
and temperature, six datasets are analyzed (Fig. 2-1, Table 2-1). Similar to
modeled results obtained by this work (Fig. 2-6), rates of measured pHinsitu
change (ΔpHinsitu/Δt) and rates of measured pH25 change (ΔpH25/Δt), as well as
their regression lines mirror each other and cross close to the zero rate of
temperature change (ΔT/Δt), and with similar rates of -0.0015 yr-1 and -0.0016
yr-1, respectively, when the ΔT/Δt is zero (Fig. 2-7a). These values agree with
average modeled ocean acidification rates of -0.0016–0.0018 yr-1 calculated
from the average temperature, salinity, PO43-, SiO2, and total alkalinity (TA)
under observed global atmospheric pCO2 increments during the studied periods
(Table 2-2). After subtracting the expected acidification rates due to the
increased air CO2 (observed-expected rates from the first-order linear
regression), the regression lines have a near zero y-intercept (Fig. 2-7b) and the
slopes are almost the same as those of the measured shown in Fig. 2-7a. Notably,
the observed results show that, in reality, because CO2 does not reach air-sea
equilibrium, the observed change in pHinsitu as seawater temperature changes
(-0.00722 °C-1, Fig. 2-7a) is actually 6.6-times the expected value of -0.00109
23

°C-1 under air-sea CO2 equilibrium (Fig. 2-6).

Figure 2-7. The rates of (a) pH change, (b) pH change after subtracting the rates
due to the increased air CO2, and (c) seawater pCO2 change before (left axis)
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and after (right axis) subtracting the rates due to the increased air CO2 vs. rates
of surface seawater temperature change at various time-series stations (Table
2-1). The solid lines show linear regression results. The red and blue dashed
lines refer to regression lines of rates of pHinsitu and pH25 change calculated from
slopes of regression lines of rates of pH25 and pHinsitu change, respectively, while
assuming constant TA and salinity but changing temperature. The vertical
dashed line represents zero rate of temperature change. See text for names of
time-series studies.

Table 2-2. First and second-order linear regression equations of the expected
pHinsitu and pH25 time-series, as well as their expected changing rate (𝑘CO2 ), by
assuming that the air-sea CO2 exchange is instantaneous. Where t is time in unit
of year (e.g. 2012), and Δt=(t−initial year when the observations started).
Linear regression
Expected pH
pH insitu =
−1.579 × 10−3 t + 11.24

BATS

pH 25

=−1.579 × 10−3 ∆t + 8.112
=
−1.574 × 10−3 t + 11.21

=−1.574 × 10−3 ∆t + 8.086
pH insitu =
−1.772 × 10−3 t + 11.63

CARIACO

pH 25

=−1.772 × 10−3 ∆t + 8.093
=
−1.775 × 10−3 t + 11.65

=−1.775 × 10−3 ∆t + 8.112
pH insitu =
−1.728 × 10−3 t + 11.55

ESTOC

pH 25

=−1.728 × 10−3 ∆t + 8.099
=
−1.715 × 10−3 t + 11.46

=−1.715 × 10−3 ∆t + 8.037

𝑘CO2

pHinsitu: -0.00158
pH25: -0.00157
pHinsitu:-0.00177
pH25: -0.00178
pHinsitu: -0.00173
pH25: -0.00172

First Order
pH insitu =
−1.625 × 10−3 t + 11.32

HOT
pH 25

=−1.625 × 10−3 ∆t + 8.093
=
−1.625 × 10−3 t + 11.32
=−1.625 × 10−3 ∆t + 8.093
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pHinsitu: -0.00163
pH25: -0.00163

Second-order
−5 2

−2.740 × 10 t + 0.1079t − 98.0473
pH insitu =

HOT

pHinsitu:
−5.48 ×10−5 t + 0.108
−5.48 ×10−5 ∆t + 0.00108

=−2.740 × 10−5 ∆t 2 + 0.001077 ∆t − 8.093

pH 25 =
−2.747 × 10−5 t 2 + 0.1082t − 98.3485
−5

=−2.747 × 10 ∆t + 0.001076∆t − 8.091
2

First Order
−3

pH insitu =
−1.752 × 10 t + 11.57
pH 25

=−1.752 × 10−3 ∆t + 8.066
=
−1.762 × 10−3 t + 11.62
=−1.762 × 10−3 ∆t + 8.101

SEATS
Second-order
pH insitu =
−4.927 × 10−5 t 2 + 0.1956t − 185.994
=−4.927 × 10−5 ∆t 2 + 0.001309∆t − 8.065
pH 25 =
−4.991× 10−5 t 2 + 0.1981t − 188.5056
=−4.991× 10−5 ∆t 2 + 0.001313∆t − 8.100

pH25:
−5.49 ×10−5 t + 0.108
−5.49 ×10−5 ∆t + 0.00108

pHinsitu: -0.00175
pH25: -0.00176
pHinsitu:
−9.85 × 10−5 t + 0.198
−9.85 × 10−5 ∆t + 0.0131

pH25:
−9.98 ×10−5 t + 0.199
−9.98 ×10−5 ∆t + 0.00131

Winter:

pH insitu =
−1.610 × 10−3 t + 11.30
=−1.610 × 10−3 ∆t + 8.102
−3

−1.610 × 10 t + 11.30
pH 25 =
=−1.610 × 10−3 ∆t + 8.102

137 °E

or
Summer:

pH insitu =
−1.575 × 10−3 t + 11.22
pH 25

=−1.575 × 10−3 ∆t + 8.095
=
−1.586 × 10−3 t + 11.31
=−1.586 × 10−3 ∆t + 8.162
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Winter:
pHinsitu: -0.00161
pH25: -0.00161
Summer:
pHinsitu: -0.00158
pH25: -0.00159

2-3.2 Verifications on the observed data and pH modeling
2-3.2.1 pH25 and pHinsitu
To verify the temperature effect on rates of pH change, four evidences
are given as follows. We first calculate expected ΔpHinsitu/Δt and ΔpH25/Δt vs.
ΔT/Δt by regressing ΔpH25/Δt and pHinsitu/Δt vs. ΔT/Δt, respectively, under
changing temperature but constant salinity (S=35) and total alkalinity
(TA=2300 μM). Modeling procedures and equations are summarized in Table
2-3. Initial pHinsitu and pH25 are first calculated with pCO2=360 μatm (as the
average pCO2 during the time series studies), TA=2300 μM, and initial
temperature=25 °C. The pHinsitu is then calculated under a constant TA with
various pH25 and temperature at a ratio of 0.00713 °C-1. Then, pH25 is calculated
under a constant TA with various pHinsitu and temperature at a ratio of -0.00722
°C-1. The 0.00713 °C-1 and -0.00722 °C-1 are the slopes of the regression lines in
Fig. 2-7a, respectively. Slopes of temporal rates of pH change vs. rates of
temperature change are determined by: (ΔpH per year)/(Δtemperature per year).
The modeling equations are developed using slopes and a reference points
where regression lines intercept in Fig. 2-7a, b.
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Table 2-3. Modeled rates of pHinsitu and pH25 vs. rate of temperature change
using rates of pH25 and pHinsitu vs. rate of temperature change regression lines,
respectively.
Initial Conditions
Temperature °C
pCO2=360 μatm (an average value during the
25
time series studies)
pHinsitu
pH25
8.0836
8.0836
a
Expected value after a 10 °C increase
pH25
pHinsitu
Fig. 2-7a: 8.0112
8.1547
Fig. 2-7b: 8.0097
8.1529
b
Modeled value
pH25
pHinsitu
(Calculated by pH25) (Calculated by pHinsitu)
Fig. 2-7a: 8.0055
8.1605
Fig. 2-7b: 8.0037
8.1590
Fig. 2-7a: -0.00781
0.00769
Fig. 2-7b: -0.00799
0.00754
c
Modeled equation
Modeled rate of pHinsitu vs. rate of temperature change by rate of pH25
vs. rate of temperature change regression line:
Fig. 2-7a: y=-0.00781x-0.00149; Fig 2-7b: y=-0.00799x+0.000164
Modeled rate of pH25 vs. rate of temperature change by rate of pHinsitu
vs. rate of temperature change regression line:
Fig. 2-7a: y=0.00769x-0.00159; Fig. 2-7b: y=0.00754x+0.0000808
a
The expected pHinsitu and pH25 are calculated using slopes of rates of pHinsitu
and pH25 vs. rate of temperature change of -0.00722 °C-1 and 0.00713 °C-1 in
Fig.2- 7a, and -0.00737 °C-1 and 0.00695 °C-1 in Fig. 2-7b, respectively.
b
Modeled pH25 is calculated using expected temperature and pHinsitu, while the
modeled pHinsitu is calculated using the expected temperature and pH25.
c
The modeled equations are determined using slopes and the reference point
x=0.00676 °Cyr-1 and y=-0.00154 yr-1 in Fig. 2-7a, and x=0.00533 °Cyr-1 and
y=0.000121 yr-1 in Fig. 2-7b. The reference point is the place where regression
lines intercept in Fig 2-7a, b. The units of equations are the same as the units in
Fig. 2-7a, b.
ΔpH/ΔT (°C-1)
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Notably, the modeled lines, which have slightly steeper slopes, match
regression lines well (Fig. 2-7a, b), suggesting that the difference between
reported acidification rates in the pHinsitu or pH25 time series are mainly due to
different rates of temperature change in the studied areas. On the contrast,
temporal changes in pH as salinity and TA change are relatively insignificant.
This is a direct evidence to show that the y-intercepts of pHinsitu/Δt and ΔpH25/Δt
reflect the increasing atmospheric CO2, while other derivations are mainly due
to different rates of temperature change in the studied areas (Fig. 2-7a). The
observed results show that, in reality, because CO2 does not reach air-sea
equilibrium, the observed regression slopes lie between those of the open and
the closed systems (Figs. 2-6, 2-7a, b). As we will demonstrate later, this value
varies slightly across the time-series sites.

2-3.2.2 Rates of pCO2 change
The second evidence for the suggestion is supported by rates of pCO2
change (ΔpCO2/Δt). Accompanying increasing temperature and decreasing
pHinsitu, ΔpCO2/Δt increases as ΔT/Δt increases (Fig. 2-7c). The y-intercept of
the ΔpCO2/Δt is 1.66 μatm yr-1, almost the same as 1.5 μatm yr-1 for global
oceans (Takahashi et al., 2009b) and 1.6-1.9 μatm yr-1 for the atmosphere during
studied periods (Keeling et al., 2009) (Fig. 2-8). After subtracting the influence
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of increased air CO2 (observed-expected rates from the first-order regression),
the regression line also has a near zero y-intercept with a slope almost the same
as the measured (Fig. 2-7c). Again, the y-intercept reflects increasing
atmospheric CO2, while deviations are due to changing temperature.

Figure 2-8. Time series of (a) atmospheric pCO2 at Mauna Loa, Hawaii, and the
expected pHinsitu and pH25 at 0 °C and 25 °C, and (b) rates of their temporal
change. Expected pH is calculated while assuming T=0 °C or 25 °C, S=35,
TA=2300 μM, phosphate and silicate are zero, and the air-sea CO2 exchange is
instantaneous. Second-order regressions are used to model trends in
atmospheric pCO2 and expected pHinsitu and pH25. Rates of their change are
calculated by differentiating regression equations with respect to time (yr).
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2-3.2.3 Modeling the pH and pCO2 time series by regression
results
The third evidence is to model the pH and pCO2 time-series by using
the regression results shown in Fig. 2-7a. Based on the linearity between rates
of pH and temperature change (Fig. 2-7a), pHinsitu/Δt and ΔpH25/Δt change can
be expressed by a simple differential equation:
=
dpH / dt m ( dT / dt ) + kCO2

(1)

where m is slope (ΔpH/ΔT); kCO is the rate of temporal pH change due to
2

increasing atmospheric CO2, and is a function of time. Thus, surface seawater
pH can be modeled at any time as follows when temperature is given:
t

t

t°

t°

pH
= pH ° + ∫ m(dT ) + ∫ kCO2 dt

(2)

where pH° and t° are initial pH and time, respectively. The second term on the
right hand side refers to change in pH due to temperature change, while the
third term refers to change in pH due to dissolving atmospheric CO2.
We use Eq. (2) to model the pH time-series at the HOT and the SEATS
stations. The kCO is calculated by differentiating the second-order expected
2

pHinsitu and pH25 time-series respect to time shown in Table 2-2, while values for
m are determined by applying linear regression to the de-trended pH time series
(measured pH-expected pH) with respect to temperature. The modeled results
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match well with the measured values (Fig. 2-9), suggesting the validation of Eq.
(2).

Figure 2-9. pHinsitu, pH25, and pCO2 time series at HOT and SEATS stations.
The grey, red, and the blue lines show, respectively, observed and modeled
values by Eq. 2 and Eq. 3. Initial time, temperature, pHinsitu, and pH25 are
31-Oct-1988, 24.679°C, 8.1149, and 8.1105, respectively, at the HOT station,
and are 14-Sept-1998, 28.212°C, 8.0606, and 8.1079, respectively, at the
SEATS station.
32

To verify the regression results shown in Fig. 2-7a, we then assume
that m and kCO are constants (taken from the regression results, pHinsitu:
2

-0.00722 °C-1 and -0.00150 yr-1; pH25: 0.00713 °C-1 and -0.00159 yr-1). Then,
Eq (2) can be written as follows:
= pH ° + m(T − T °) + kCO2 (t − t °)
pH

(3)

Modeled results using either non-constant (Eq. 2) or constant (Eq. 3)
kCO2 show no significant difference (Fig. 2-9), suggesting the linearity of pH with

temperature and time. We further use the modeled pH25 time series to model in
situ pCO2 at the HOT and SEATS stations by using their average PO43-, SiO2,
TA and salinities (average TA and S taken from Fig. 2-10). The modeled pCO2
results match well with the measured values (Fig. 2-9), and differences between
measured and modeled pHinsitu, pH25, and pCO2 are smaller than twice the pH
and pCO2 calculation errors of ±0.0062 and ±5.7 μatm (Fig. 2-11), respectively,
based on the carbonate system when using TA and DIC (Millero, 1995).
The modeled results match annual, interannual, and long-term variations
of observed pH and pCO2 time series (Fig. 2-9), suggesting again the validation
of the regression results in Fig. 2-7a and the equations we proposed. As
demonstrated, distributions of pH and pCO2 time series, such as anti-phase
variations of pHinsitu and pH25, as well as anti-phase variations of their rates of
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temporal change, are mainly controlled by changing seawater temperature. The
long-term decrease in pH and increase in seawater pCO2 are caused by the
combination of increasing atmospheric CO2 and long-term seawater temperature
change.

Figure 2-10. Total alkalinity (TA) vs. salinity at the HOT and SEATS time
series stations.
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Figure 2-11. Residuals between measured and modeled pHinsitu, pH25, and pCO2
by Eq. 2 and Eq. 3 at HOT and at SEATS. The numbers show the mean ± 1
standard deviation.

35

2-3.2.4 Consistency between multiple linear regression and
thermodynamic calculations
The fourth evidence is supported by the multiple linear regressions
(MLR) analysis. Based on the results that pH is a linear function of temperature
and time, MLR are then applied to determine the ΔpHinsitu/ΔT and ΔpH25/ΔT (m
value of Eq. 2, 3) at each time-series sites by using temperature and time as
variables. Although the time-series have different study periods and sampling
frequencies, values for MLR-determined ΔpHinsitu/ΔT and ΔpH25/ΔT do not vary
very much and have averages of -0.00837±0.00127 °C-1 and 0.00650±0.00126
°C-1, respectively, with the largest ΔpHinsitu/ΔT of -0.00954 °C-1 at BATS and
the smallest values of -0.00616 °C-1 at CARIACO (Fig. 2-12a, b). This is
consistent with the finding that ΔpHinsitu/Δt and ΔpH25/Δt vs. ΔT/Δt are close to
linear (Fig. 2-7a).
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Figure 2-12. (a) ΔpHinsitu/ΔT and ΔpH25/ΔT, and (b) ΔpHinsitu/ΔT vs. ΔpH25/ΔT
of the studied time-series. The ΔpHinsitu/ΔT and ΔpH25/ΔT are determined by
applying multiple linear regression on pHinsitu and pH25 with seawater
temperature and time as variables. The blue and red lines show the ΔpH25/ΔT of
0.00713 and ΔpHinsitu/ΔT of -0.00722 in Fig. 2-7a. The black line shows the
linear regression result. The numbers refer to the depths of the samples
collected at various time-series sites.
Linearity between the open and closed systems (Fig. 2-6) yields an
equation that ∆pH insitu / ∆T= 1.00∆pH 25 / ∆T − 0.0149 . This is almost the same as the
linearity between the MLR-determined ΔpHinsitu/ΔT and ΔpH25/ΔT (Fig. 2-12b).
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For instance, the y-intercept refers to the closed system when ΔpH25/ΔT = 0 °C-1
and ΔpHinsitu/ΔT = -0.0149 °C-1 (Fig. 2-6). Such a consistency between these
two independent analytical methods indicates that differences in ΔpHinsitu/ΔT
and ΔpH25/ΔT are due to different air-sea CO2 disequilibrium states under
changing temperature rather than as a result of uneven distributions of the
datasets. This at once shows that neither open nor closed system is suitable to
represent the surface ocean CO2 equilibrium state.
Lowering the surface seawater temperature results in a slightly higher
acidification rate under the same pCO2 increments. Notably, with increasing
pCO2, pHinsitu and pH25 decrease at a rate of 10–13 % and 2–6 %, respectively,
higher at 0°C than at 25°C (Fig. 2-8, 2-13). Since the time-series have similar
study periods, the reported pHinsitu/Δt, ΔpH25/Δt and ΔpCO2/Δt vs. ΔT/Δt have
similar y-intercepts (Fig. 2-7a, c). The peak values of the modeled pHinsitu, pH25,
and the pCO2 are underestimated at times (Fig. 2-9). This may be because ocean
productivity is enhanced by strong vertical mixing in winter, and is reduced
under summer stratification. At the HOT and the SEATS sites, TA shows strong
linearity with salinity (Fig. 2-10), suggesting that changes in TA are mainly due
to mixing rather than biological activity. The cooling found at SEATS possibly
was due to enhanced vertical mixing (Behrenfeld et al., 2006). Although
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overestimating TA or underestimating phosphate and silicate may lead to an
overestimation of the pHinsitu and pH25, the modeled results yield no observable
difference even with zero phosphate and silicate, or with in situ TA. For now,
time is given, and temperature is the only parameter needed to model pH and
pCO2. The proposed model and equations can potentially be used to reconstruct
pH in the past, forecast future pH, and to observe pH and seawater pCO2, at
least at the studied time-series stations, via remote sensing.

Figure 2-13. Changes in pHinsitu (ΔpHinsitu) and pH25 (ΔpH25) with 1 μatm pCO2
increment vs. seawater temperature.

2-3.3. Explanation and implications of changing temperature in
ocean acidification
The relationships between rates of pH and seawater temperature
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change can be explained by the physical pump of CO2 in the oceans. An
increase in seawater temperature reduces CO2 solubility in seawater, and some
of the dissolved CO2 will then be released into the atmosphere, and vice versa.
Since seawater at a higher temperature contains lesser CO2 than that at a lower
temperature, pH25 of seawater at a higher temperature must be higher than that
at a lower temperature, as these values are compared under the same
temperature. For pHinsitu, an increase in seawater temperature changes
dissociation constants of carbonate acid (Millero, 2010). A subsequent decrease
in pH is sufficient to compensate for the increase in pH when CO2 is lost to the
atmosphere. Consequently, pHinsitu decreases as seawater temperature increases.
At the HOT and the SEATS stations, the winter to summer increases in
temperature are as much as 3.41 °C and 6.04 °C, respectively, which are
expected to reduce the pH of about -0.00954 × 3.41=-0.0325 at HOT and
-0.00954 × 6.04=-0.0576 at SEATS based on the regression results. These are
very close to the observed values of -0.0397 and -0.0566, respectively. Such
magnitude of seasonal variabilities is equivalent to ca. 40-57% of 0.1 pH
reduction due to the increased anthropogenic CO2 since pre-industrial time. This
change would be significantly underestimated under the air-sea CO2 equilibrium
scenario (-0.00109 × 3.41=-0.00372 at HOT and -0.00109 × 6.04=-0.00658 at
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SEATS). On the inter-annual time scale, it is suggested that the pH changes due
to ocean warming are almost cancelled by the pH changes due to carbon dioxide
lost to the atmosphere (McNeil and Matear, 2007). However, the observed
results show that air-sea CO2 exchange lags behind the ocean warming,
seawater is then over-saturated with CO2 and increases its acidity as temperature
increases. Thus, a long-term increase in seawater temperature results in a
long-term decrease in pHinsitu and increase in pH25, and vice versa in the case of
cooling (Fig. 2-7a). As demonstrated, the pHinsitu changes -0.00616~-0.00954
(average -0.00837±0.00127) °C-1 either under monthly or decadal temperature
changes (Figs 2-7a, 2-9, 2-12). Such a magnitude is 5.7-8.8 (average 7.7±1.2)
times the expected value of -0.00109 °C-1 under air-sea CO2 equilibrium (Fig.
2-6). It is well known that the surface ocean has a regionally distributed degree
of air-sea CO2 disequilibrium that reflects the net effect of gas exchange, mixing,
and biological activity (Takahashi et al., 2009b). A change in climate and
hydrology could in turn affect all these processes and hence the pH. Any
inconsistency between the results from physical models and the observation
needs further investigation.
In the SEATS study of the world’s largest marginal sea—the South
China Sea—the temporal increase in pHinsitu in 1999-2006 due to decreased
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seawater temperature is large enough to compensate for decreasing pH caused
by increased atmospheric CO2 (Fig. 2-7a). Consequently, instead of acidifying,
pHinsitu is slightly increasing. Conversely, pH25 decreases at 80 % faster than
expected under observed global atmospheric CO2 increment. This is also an
example to show that although stored samples are frequently measured at 25 °C
and it is easy to compare different data set at 25 °C. On the other hand,
comparing time-series pH data at the in situ temperature provides a better sense
of how fast oceans are acidifying. At the HOT site, it is suggested that the faster
decline in pHinsitu relative to that of pH25 was due to the effects of temperature
on carbonic acid dissociation constants by assuming constant dissolved
inorganic carbon (DIC) and TA (Dore et al., 2009). However, in reality, the
carbonate system is subject to air-sea exchange; hence, the DIC is not constant.
An increase in pH25 due to loss of CO2 because of higher temperature must be
considered. The positive feedback of temperature on ocean acidification
provides an insight on how future climate change can alter the ocean
acidification. The increasing temperature is a critical driver of the changing pH
in addition to the rising atmospheric CO2. As a result, aquatic ecosystems
suffering from ocean acidification could happen earlier than expected when
warming and natural variability are considered along with increasing
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atmospheric CO2.

2-4. Conclusions
In this study, thermodynamic model and six observed datasets are used
to show that warming accelerates seawater acidification. Inconsistencies in
reported acidification rates are explained. We hence point out that pH
time-series data measured at in situ temperature and those measured at 25°C
cannot be compared directly, as pHinsitu and pH25 change in anti-phase with
changing seawater temperature. We then propose a theory-based equation, and
show that the surface ocean pH and pCO2 under increasing atmospheric CO2
and changing temperature are linear functions of seawater temperature and time.
The positive feedback of warming on ocean acidification shows that aquatic
ecosystems suffering from ocean acidification could happen earlier than
expected when warming is considered along with increasing atmospheric CO2.
Therefore, ocean acidification should be considered along with climate changes.
Hopefully, our proposed model and equation will benefit studies of ocean
acidification, and can also be used to reconstruct the pH in the past, to forecast
pH in the future, and to observe pH and seawater pCO2 by remote sensing.
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Chapter 3: Ocean surface DIC modeling: Implications
and applications
Abstract
In this chapter, 796 sets of measured data from six time-series are analyzed
to show that the DIC at the surface ocean is a function of seawater temperature,
salinity, and time. The changes in surface seawater DIC among the studied
time-series are mainly due to the air-sea heat exchange, precipitation,
evaporation, as well as the increased atmospheric CO2. Although part of the
DIC change at the Iceland and KNOT stations are due to vertical mixing in
winter, seawater temperature and salinity can still be used to model roughly
92% of the DIC variability at these two time-series stations. Combining with the
easily measurable seawater temperature and salinity, the modeled DIC can be
powerful in predicting ΩAra. This finding will hopefully provide technologically
and economically feasible easy guidelines to develop a fast, easy, and accurate
on-site monitoring or forecasting of ΩAra.
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3-1. Introduction
Global carbon cycles play a very important role in the earth’s climate.
Because of the anthropogenic emission of CO2, the partial pressure of CO2 in
the atmosphere has increased from 280 μatm in 1750 to 392 μatm in 2012. The
ocean acts as a very important sink of anthropogenic CO2 and stores about 60
times more carbon than the atmosphere does, absorbing about 2 Gt carbon
through the atmosphere-ocean interface annually (Takahashi et al., 2002;
Takahashi et al., 2009a; Wanninkhof et al., 2013). The absorbed carbon is
mainly

in

the

form

of

dissolved

inorganic

carbon

(DIC=[H2CO3]+[HCO3-]+[CO32-]). However, dissolution of the anthropogenic
CO2 reduces seawater pH, carbonate ion concentration, as well as the saturation
sate of aragonite (ΩAra) and calcite (ΩCal). Actually, once ΩAra is known, the ΩCal
can be determined just because of their linear correlation. Lowering the ΩAra and
ΩCal adversely affect the marine organisms, as organisms that use the mineral
CaCO3 to make shells, skeletons, or their vital body parts will suffer slower
growth rate and higher mortality. At ΩAra lower than 1 or 100%, seawater
becomes chemically corrosive to the mineral calcium carbonate. Understanding
processes that govern the seawater DIC is critical to understanding and
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predicting the impacts that marine ecosystems may suffer from the increased
anthropogenic CO2.
During the 1970-2007 non-El Nino periods, the surface water pCO2 over
the global oceans increased at a mean rate of 1.5 μatm yr-1 (Takahashi et al.,
2009b), which is not significantly different from that of the atmosphere. In the
past three decades, the surface ocean DIC is expected to have about 30 μM
increment (rate: 1 μM yr-1) under the air-sea CO2 equilibrium. In the SEATS
study of the world’s largest marginal sea—the South China Sea—the rate of
DIC change during 1999-2006 is 6.32±1.68 μM yr-1 which is 6.3-times the
expected (Table 2-1). On the other hand, at the CARIACO site, the rate during
1995-2011 is 0.0535±0.0101μM yr-1, or only 19 % of the expected (Table 2-1).
Such large differences between the observed and expected show that beside
increased atmosphere CO2, there must be other factors that govern the changes
in seawater DIC.
The solubility of DIC is a nonlinear function of seawater temperature and
salinity (Weiss, 1974), thus a change in temperature or salinity changes DIC as
well. Assuming that the air-sea CO2 is reaching equilibrium, a 0.1 salinity
decrement due to dilution by freshwater leads to a -0.00082 pHinsitu change.
Such a decrement is equivalent to the effect of less than half year’s increase in
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atmospheric CO2. Yet, take DIC at 2000 μM and S=35 as an example, a 0.1
salinity decrement due to dilution reduces 5.7 μM DIC. Such a magnitude of
change is equivalent to six years of change under the increased atmospheric
CO2. Such results indicate that, besides seawater temperature, salinity is another
critical factor governing changes in seawater DIC.
In this chapter, 796 sets of measured data from six time-series are analyzed,
aiming to show that dissolved inorganic carbon (DIC) at the surface ocean is a
function of seawater temperature, salinity, and time. A combination with the
easily measurable seawater temperature, salinity, and modeled DIC can be
powerful in predicting ΩAra as well.

3-2 Methods and Materials
3-2.1 Modeling Equations
A change in DIC can be written as a function of temperature, salinity, total
alkalinity, and pCO2 in its general form as follows:
dDIC =

∂DIC
∂DIC
∂DIC
∂DIC
dT +
dS +
dTA +
dpCO2
∂T
∂S
∂TA
∂pCO2

(3-1)

A fact is that, any air-sea CO2 exchange does not change TA, and TA can be
estimated by using seawater temperature and salinity (Chen and Millero, 1979;
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Chen and Pytkowicz, 1979; Lee et al., 2006). Assuming that the air-sea CO2 is
under equilibrium, the change in DIC due to the change in seawater or the
atmospheric pCO2 is a linear function of time within the past two to three
decades. Based on that, Eq. (3-1) can be simplified as follows:
dDIC =

∂DIC
∂DIC
∂DIC
dT +
dS +
dt
∂T
∂S
∂t

(3-2)

Finally, DIC can be written as a function of temperature, salinity and time
as follows:
= DIC ° + dDIC
DIC
∂DIC
∂DIC
∂DIC
= DIC ° +
dT +
dS +
dt
∂T
∂S
∂t
∆DIC
∆DIC
∆DIC
≈ DIC ° +
(t − t°)
( S − S °) +
(T − T ° ) +
∆T
∆S
∆t

(3-3)

Where DIC°, T°, S°, are the initial DIC, temperature, salinity at initial time t°.

3-2.2 Initial values and coefficients determination
In order to verify the Eq. (3-3), the initial DIC, T, S, as well as TA are then
determined by applying linear regression with time as the variable, while the
initial time refers to the starting year of each time-series study. Results are
shown in Table 3-1. Determination of the ratio of ΔDIC/ΔT is discussed as
follows. For an open system, the seawater pCO2 is assumed to be the same as
the atmospheric pCO2 in the initial year (pCO2°). The DIC is calculated by
using TA° and S° under various seawater temperatures in ranges from T°-0.5 °C
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to T°+0.5 °C. For a closed system, the DIC is calculated using TA°, DIC°, and
S° under various seawater temperatures. A first-order linear regression is used
to fit DIC vs. temperature.
Determination of the ratio of ΔDIC/ΔS is discussed as follows. For an
open system, seawater pCO2 is assumed to be the same as the atmospheric pCO2
in the initial year. The DIC is calculated by using TA=(TA°/S°)×S and T° under
various salinity in ranges from S°-0.5 to S°+0.5. For a closed system, ΔDIC/ΔS
equals to DIC°/S°. A first-order linear regression is used to fit DIC vs. salinity.
Modeling results are shown in Table 3-1.
Taking BATS as an example, modeling equations for DIC under increased
atmospheric CO2, changing seawater temperature, and changing salinity under
dilution and evaporation are as follows (The coefficients are taken from Table
3-1):
Closed system:

DIC = 2037 + 1.072(t − 1991) + 54.10( S − 36.59)

Open system: DIC = 2037 + 1.072(t − 1991) − 8.549(T − 22.95) + 45.32( S − 36.59)
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Table 3-1. Initial year, DIC, T, S, ratios of ΔDIC/Δt, ΔDIC/ΔT and ΔDIC/ΔS in closed and open systems in the studied
time-series.
Expected
rate of DIC
change

Initial Values

Time series
station

Closed System

Open System

Year

DIC
(μM)

TA
(μM)

T
( C)

S

ΔDIC/Δt
(μM yr-1)

ΔDIC/ΔT
(μM oC-1)

ΔDIC/ΔS
(μM)

ΔDIC/ΔT
(μM oC-1)

ΔDIC/ΔS
(μM)

BATS

1991

2037

2387

22.95

36.59

1.072

0

54.10

-8.549

45.32

ESTOC

1995

2091

2411

20.62

36.81

1.111

0

56.97

-8.869

45.32

HOT

1988

1957

2296

24.68

34.92

1.033

0

56.04

-8.125

42.32

Iceland

1983

2105

2273

1.799

34.65

0.67

0

61.52

-6.799

55.01

KNOT

1997

2040

2213

8.602

32.80

0.811

0

67.61

-7.607

55.14

SEATS

1998

1876

2188

28.37

33.33

1.048

0

56.30

-8.229

46.93

58.76

-8.030

48.34

±4.99

±0.737

±5.43

o

Average

50

0

3-3 Results and Discussion
3-3.1 Modeled vs. observed
Any change in seawater salinity through precipitation and evaporation
changes DIC immediately. Certainly, changes in temperature and salinity
change the saturation state of seawater CO2. The DIC will also change, however,
in a slower way through air-sea CO2 exchange until reaching equilibrium.
However, the disequilibrium state of seawater CO2 is difficult to predict. The
fact is that, changes in the observed DIC should be within ranges between that
of the closed and open systems if the governing processes are simply due to
increased atmospheric CO2, changing temperature (air-sea heat exchange) and
salinity (precipitation, or evaporation).
The ranges of the modeled DIC at the six time-series stations are then
plotted to compare with the observed values (Fig. 3-1). Results show that trends
of the modeled DIC change are consistent with that of the observed in both
seasonal to inter-annual scales. The good agreements suggest that increased
atmospheric CO2, changing seawater temperature, changing salinity through
precipitation or evaporation are the three major factors governing the changes in
DIC over the studied time-series. Noteworthy is that at the Iceland station, the
peak values of DIC occurring in winter are generally higher than the modeled
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values, possibly because mixing with DIC-enriched deeper waters contributes
part of DIC to the surface in winter.

Figure 3-1. Time series of the observed and modeled DIC at the Iceland,
ESTOC, BATS, HOT, SEATS, and KNOT stations. The crosses and solid lines
refer to measured and multiple-linear-regression-determined DIC, respectively.
The shaded regions refer to the ranges resulting from changing time,
temperature, and salinity.

3-3.2 Multiple-Linear-Regression (MLR) vs. observed
Results from our thermodynamic model show that although the time-series
have different seawater temperature, salinity, DIC concentration, as well as
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study periods, values for thermodynamic-modeled ΔDIC/ΔS in the open system
and ΔDIC/ΔT in both open and closed systems do not vary very much, and have
averages of 58.76±4.99, -8.030±0.737, and 48.34±5.43, respectively (Table 3-1).
Noteworthy is that although the ranges of DIC change can be modeled well with
such coefficients, whether changes are close to open or closed systems cannot
be determined through the thermodynamic means. Fortunately, the modeled
results above provide an indication that the surface ocean DIC can be written as
a function of time, seawater temperature, and salinity.
In order to determine the best-fit modeling coefficients for DIC, the MLR is
then applied by using time (t), temperature (T) and salinity (S) as variables at
each studied time-series. The modeled equation is constructed as follows:
DIC ≈ DIC ° +

∆DIC
∆DIC
∆DIC
( S − S °)
(T − T ° ) +
(t − t°) +
∆t
∆T
∆S

(3-4)

Regression results are shown in Table 3-2. The R2 represents the percentage
(or proportion) of the variability in DIC that can be explained by its linear
regression on time, temperature and salinity. Surprisingly, by using constant
coefficients for ΔDIC/ΔT and ΔDIC/ΔS for each station, about 90±4% of DIC
from the six time-series sites can be modeled by using Eq. (3-4) (Table 3-2).
The MLR-determined coefficients are then compared with the range of
these coefficients obtained based on the thermodynamics (Fig. 3-2). The result
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shows that MLR-determined coefficients at the BATS, ESTOC, HOT, and
SEATS sites agree well with those from the thermodynamics, ranging between
the open and closed systems. However, in the case of Iceland and the KNOT
stations, distributions of the MLR-determined coefficients are out of the
thermodynamics based ranges (Fig. 3-2). This is possibly because part of the
DIC change at these two sites is due to vertical mixing rather than the air-sea
CO2 exchange, dilution or evaporation. The fact is, however, seawater
temperature and salinity can still be used to model roughly 92% of the DIC
variability at these two time-series stations (Table 3-2).
Combined with the R2 from the first-order-linear-regression, the
percentages of DIC change caused by changing time (the increased atmospheric
CO2), temperature, as well as salinity, contributing on the average 26±15%,
43±25%, and 22±14% changes in DIC, respectively (Fig. 3-3). Naturally, the
longer the study period results in the higher the percentage due to the changing
time, as higher proportion of DIC change is contributed by the invasion of the
anthropogenic CO2. At the KNOT station, changing temperature results in
87.5% of the DIC change, which is the highest among the studied time-series.
On the other hand, the ranges of temperature change at the KNOT station is the
highest among the studied time-series.
54

Table 3-2. Multiple-linear-regression-determined DIC°, ΔDIC/Δt, ΔDIC/ΔT, ΔDIC/ΔS. The n refers to the number of data.
The R2, Adj. R2, p and Std refer to the R2, adjusted R2, p value and the standard error of the multiple-linear-regression,
respectively.

Linear Regression Coefficients
ΔDIC/Δt ΔDIC/ΔT

DIC=DICO+a(Δyr)+b(ΔT)+c(ΔS)
ΔDIC/ΔS

n

R2

Adj. R2

p

Std

-3.212

52.42

217

0.831

0.829

<0.0001

8.309

1.077

-3.399

52.03

144

0.927

0.856

<0.0001

3.024

1958

1.127

-3.801

53.76

222

0.920

0.919

<0.0001

4.818

Iceland

2106

1.251

-7.370

58.82

95

0.918

0.916

<0.0001

12.20

KNOT

2040

0.8092

-9.413

31.12

56

0.921

0.917

<0.0001

13.96

SEATS

1876

1.149

-4.088

49.71

35

0.930

0.923

<0.0001

7.539

Average

2018
±87

1.139
±0.203

-5.214
±2.536

49.64
±9.567

TOTAL
796

0.908
±0.038

0.893
±0.403

<0.0001

8.308
±4.190

Station

DICO

BATS

2037

1.422

ESTOC

2092

HOT
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At the Iceland site, the MLR-determined ΔDIC/ΔT in the winter by considering
only time and temperature as variables is -6.63 μM ºC-1 (Olafsson et al., 2009),
which is close to the -7.37μM ºC-1 in this study with the additional consideration
of changing salinity in all the seasons (Table 3-2). This indicates that
temperature is the major factor governing the changes in DIC at the Iceland
station.

Figure 3-2. Mutliple-linear-regressed ΔDIC/ΔT vs. ΔDIC/ΔS. Values for the
closed and open systems shown with one standard error are the averages among
the six time-series studies determined based on thermodynamics (Table 3-1).
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Figure 3-3. Percentage of DIC change due to time, temperature, as well as S.

3-3.3 Saturation state of aragonite modeling
The carbonate parameters (i.e. pH, pCO2, saturation state of aragonite or
calcite) can be calculated by using DIC and TA, when S and T are known. The
TA of the surface ocean can be estimated by using salinity and temperature.
This is mainly owing to TA’s conservative behavior during mixing, and
importantly, TA does not change with the air-sea CO2 exchange. In addition,
typical phytoplankton consumes (or produces) 106 CO2 while just 17 TA are
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produced (or reduced). Such a fact makes the modeling of seawater DIC
important because once it is known, carbonate parameters can be calculated
because of simple thermodynamics.
The TA at each station can be estimated with salinity based on the linearity
between TA and salinity. The ΩAra at the studied time-series stations is then
calculated thermodynamically by using the MLR-determined DIC with the
measured or salinity-determined TA. Results show that the modeled ΩAra, either
calculated by using measured TA or modeled TA, matches well with the
observation. Such a result provides an indication that when time is given, the
ΩAra can be modeled by just using seawater temperature and salinity (Fig. 3-4).

Figure 3-4. Observed vs. modeled ΩAra at the studied time-series.
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3-3.4 Natural vs. anthropogenic variability
As shown in Fig. 3-4, the Iceland and KNOTS stations have the lowest ΩAra
and the largest range in ΩAra mainly because of the large annual variations in the
seawater temperature which is generally low. The ranges in ΩAra are from 1.48
to 2.81 (1.33 unit) and from 1.28 to 3.15 (1.87 unit) at the Iceland and KNOT
stations, respectively, during the study periods. The expected decrements owing
to the invasion of the anthropogenic CO2 are only -0.1362 (rate: -0.0057 yr-1)
and -0.0848 (rate: -0.0074 yr-1), respectively. Notably, the magnitudes of the
annual variations at the Iceland and KNOT stations are 233- and 220-times,
respectively, the expected decreases due to the increased atmospheric CO2.
Since 1750, the released anthropogenic CO2 has increased the atmospheric
pCO2 by 114 ppm. As a result, the ΩAra is expected to have 0.45 (from mean
value of 3.08 to 2.36) and 0.52 (from mean value of 3.68 to 2.86) decrements at
the Iceland and the KNOT stations, respectively. The magnitudes of present-day
natural variability are still 3.0- and 3.6-times that of decrements due to the
released anthropogenic CO2 since the preindustrial period, respectively, at the
Iceland and the KNOT stations. It must be mention, however, although changes
in ΩAra are mainly due to the natural variability, the uptake of the anthropogenic
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CO2 makes cold waters more prone to under-saturation in the ΩAra than warm
waters.
The fact is that economies based on fishing industry or marine farming
suffer from the impacts of ocean acidification. In order to minimize the impacts,
a fast, easily, and accurate on-site monitoring or forecasting of ΩAra is needed.
Based on the results above, when time is known the easy measurable seawater
temperature and salinity can be used to determine and forecast the ΩAra. Taking
the KNOT station as an example, the ΩAra in the initial year of 1997 can be
modeled by using DIC at various temperatures and salinities through the
empirical/regressed-equation shown in Table 3-2 (Fig. 3-5). The observed ΩAra,
which matches well the modeled ΩAra, are shown for reference. Notably, the
decadal decrease in ΩAra due to the increased anthropogenic CO2 contributes
very little (-0.074 decade-1) to the changes in ΩAra (Fig. 3-5, note the small green
arrow at the upper left corner). The atmospheric pCO2 is expected to be 800
μatm in 2100. As a result, the ΩAra is expected to have 0.6-0.9 unit decrements
(Fig. 3-5), and about half of the data with no change in T and S are going to
shift from over-saturation to under-saturation. The KNOT station provides an
example how ΩAra can be estimated simply by measuring seawater temperature,
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salinity, and time. Our finding indicates that measuring or forecasting the
seawater temperature and salinity implies measuring or forecasting ΩAra as well.

Figure 3-5 Modeled and observed ΩAra at the KNOT station. The mesh and the
shaded area show the modeled ΩAra calculated by using the regression equation
of DIC (Table 3-2) and salinity-determined TA=TA°/S°×S in the year of 1997
(initial year of the time-series study) and 2100, respectively. The 350 and 800
μatm represent the atmospheric pCO2 in 1997 and 2100, respectively. The red
circles show the observed ΩAra between 1997-2008. The pink arrows show the
differences between the modeled ΩAra in 1997 and 2007. The small green arrow
shows the magnitude of the decadal decrement in ΩAra due to the increased
atmospheric CO2 in the past three decades.
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3-4 Conclusions
In this chapter, 796 sets of measured data from six time-series are analyzed
to show that the DIC at the surface ocean is a function of seawater temperature,
salinity, and time. Changes in the surface seawater DIC among the studied
time-series are mainly due to the air-sea heat exchange, precipitation,
evaporation, as well as the increased atmospheric CO2. Although part of the
DIC change at the Iceland and KNOT stations are due to vertical mixing in
winter, seawater temperature and salinity can still be used to model roughly
92% of the DIC variability at these two time-series stations. Combining with the
easily measurable seawater temperature and salinity, the modeled DIC can be
powerful in predicting ΩAra. This finding will hopefully provide technologically
and economically feasible, easy guidelines to develop fast, easy, and accurate
on-site monitoring or forecasting of ΩAra.
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Chapter 4: Fast climate driven ocean acidification in
margins of the tropical western Pacific
Abstract
Ocean pH and calcium carbonate saturation status are both decreasing
due to the increasing atmospheric CO2. Understanding how the ocean reacts
with the increased anthropogenic CO2 is critical to examining and predicting
impacts of ocean acidification on the aquatic ecosystem. In this study, time
series at Nanwan Bay, southern Taiwan, is used to show that the seawater
carbonate chemistry has changed due to both increased air CO2 and the ocean
climates.
During 1994-2012, Nanwan Bay suffered 1.5-times the expected
acidification rate due to the increased atmospheric CO2. This was initially due to
increased intrusions of the high pH but low dissolved inorganic carbon (DIC)
West Philippines Sea (WPS) water during the warm-phase of Pacific Decadal
Oscillation (PDO) or during strong El Nino periods, and was then due to
enhanced upwelling since 2005. The decrease in salinity dampened the increase
in DIC under air-sea CO2 exchange and enhanced upwelling, causing seawater
at Nanwan Bay to have only 25% the expected DIC increasing rate due to the
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increased atmospheric CO2. On the other hand, combining intrusions of WPS
water and upwelling at Nanwan Bay, seawater suffered 0.06 pH decrement
within just two years. Such a magnitude of change is equivalent to 35 years of
acidification due to increased atmospheric CO2. The example provides a
warning that aquatic ecosystems suffering from ocean acidification could
happen earlier than expected when ocean climate changes are considered along
with increasing atmospheric CO2.

4-1. Introduction
Understanding how the ocean reacts to the increased anthropogenic
CO2 is critical to examining and predicting impacts of ocean acidification on the
aquatic ecosystem. Assuming that the surface ocean reaches the air-sea CO2
equilibrium, seawater is expected to have a pH decreasing rate of -0.0017 yr-1
over the past two decades. Indeed such a rate was observed at the Bermuda
Atlantic Time Series Study (BATS; -0.0016 yr-1) (Bates et al., 2012) and the
Hawaii Ocean Time Series (HOT; -0.0019 yr-1) (Dore et al., 2009). But, lower
decreasing rates were found at the time-series study along the 137 oE transect
(-0.0013 yr-1) (Midorikawa et al., 2010) and at the European Station for Time
Series in the Ocean at the Canary Island (ESTOC; -0.0014 yr-1)
(Gonzalez-Davila et al., 2010). On the other hand, high acidification rate was
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observed at the Iceland station with -0.0024 yr-1 (Olafsson et al., 2009). Beneath
the surface at HOT, the acidification rate reached a maximum of about -0.0025
yr-1 at 300 m depth. Such an inconsistency in the ocean acidification rates
implies that the increased atmospheric CO2 is not the sole factor controlling
changes in seawater pH, and the response of the ocean carbonate chemistry to
the increasing atmospheric CO2 is not globally manifested.
The ocean is undergoing strong climate changes, as the heat budget is
increasing and the water cycle is intensifying (Durack et al., 2012). Although
the thermodynamics of carbonate chemistry in seawater is well understood, how
ocean carbonate chemistry responses to ocean climate changes is not clear. For
instance, combining the effects of upwelling and eutrophication occurring in the
coastal regions (Cai et al., 2011; Feely et al., 2008), aquatic ecosystems
suffering from ocean acidification could happen earlier than expected.
To elucidate the influences of ocean climate changes in the seawater
carbonate chemistry, time series studies at a climate sensitive region with
sufficient duration, resolution, and accuracy are needed. A survey four times per
year at six stations at the southernmost tip of Taiwan has been on-going since
1979. (Fig. 1 a-b). The study site, Nanwan Bay, is at the northern boundary of
the Luzon Strait which connects the West Philippines Sea (WPS) and the World
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largest marginal sea- the South China Sea (SCS). Because there are no rivers
entering the bay and due to short seawater residual time, there is little terrestrial
influence on the water chemistry. Because waters of the WPS and the SCS have
distinctive salinities, succession of the SCS water and the WPS water at
Nanwan Bay can be easily distinguished. In this study, we show how pH and
the other carbonate parameters change under (1) increased air CO2, (2) ocean
climate changes such as succession of water masses during El Nino periods, (3)
enhanced upwelling, as well as (4) freshening of seawater.

Figure 4-1. Sampling locations of the (a) SEATS station, MM13 station, (b)
stations at Nanwan Bay, and (c) stations from individual cruises.

4-2. Sources of data and methods
Data before 1993/7 are taken from the National Scientific Committee
on the Problems of Environment (SCOPE). We have carried on the sampling
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and analysis since 1993/9. Water samples were collected with 10-liter Nisken
bottles at 0m, 3m, 10m, 25m, and 50m. Salinity was determined by measuring
conductivity of water samples using an AUTOSAL salinometer which was
calibrated with IAPSO standard seawater for a precision of 0.003. During
1994-1998, pH was measured in NBS scale at in situ temperature by using glass
electrodes. During 1998-2006, pH was measured at 25 OC in total scale. Tris
seawater buffer was used to calibrate the electrodes. Standard seawater was
used as the running standard to monitor the electrode shift. The precision was
better than 0.003 pH unit. Since 2006, pH was measured by the
spectrophotometric method at 25 oC. The precision was better than 0.003 pH
unit. All pH data reported here are converted to the total scale. Nitrate was
measured by reducing nitrate to nitrite and then determining the nitrite
employing the pink azo dye method with precision of about 0.08 μmol kg-1.
Sampling locations of individual cruises around Nanwan Bay are
shown in Fig. 4-1c. The South-East Asian Time-Series Study (SEATS) station
data

were

provided

by

the

Ocean

Data

Bank,

National

Center

for Ocean Research, Taiwan. The precision of the TA data was about 0.2%
(Chou et al., 2007). Time series of salinity at station MM13, south-east of Hong
Kong, are provided by the Hong Kong Environmental Protection Department.
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In order to reduce the influence of the Pearl River plume, bottom water salinity
is used in this study. The sampling depth of the bottom waters was 27 m which
was 1 m above the seabed.
Based on the linear correlation of total alkalinity (TA) with salinity for
SEATS and HOT stations, which have a distance of over 9000 km between
them (Fig. 4-2), salinity at Nanwan Bay was used to estimate the seawater TA
by assuming normalized TA (nTA=TA/S×35) equals 2303 μmol kg-1. pH
measured at 25 oC (pH25) and TA are then used to calculate the pH at in situ
temperature and pressure (pHinsitu), dissolved inorganic carbon (DIC), partial
pressure of carbon dioxide (pCO2), Revelle Factor, as well as the saturation
state of aragonite (ΩAra) and calcite (ΩCal) by using the internationally
recognized program-CO2SYS (Pierrot et al., 2006). First order linear
regressions were used to determine rates of changes for each parameter.
Because sampling at the depth of 50m started only in 2000, water column data
is analyzed in two groups, 1994-2012 for 0-25m and 2000-2012 for 0-50m.
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Figure 4-2. Total alkalinity vs. salinity at the HOT and SEATS time series
stations.

4-3. Results
4-3-1. Long-tem trends in seawater carbonate chemistry
Figure 4-3 shows 0m, 25m, and 50m time-series of seawater
temperature, salinity, pH25, and pHinsitu at Nanwan Bay. Those temperature,
salinity, pH25 and pHinsitu show strong annual variations. Generally, temperature
is high but S is low in summer, and vice versa in winter. Figure 4-4 shows the
distribution of rates of change in temperature, salinity, pH25, pHinsitu, DIC, NDIC,
pCO2, Revelle Factor, ΩAra and ΩCal vs. depths. During 1994-2012, seawater
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temperature in 0-25m has warming rates with an average of 0.034±0.015 oC yr-1
(Fig. 4-4a). The rates decreased during 2000-2012, and cooling was even found
at 25 m and 50 m. Between 1994-2012 and 2000-2012, decreasing rate in
salinity accelerated (Fig. 4-4b). Within the past 12 years, salinity decreased with
a maximum rate of -0.0258 yr-1 at the surface and a minimum of -0.0058 yr-1 at
50 m.
In the case of Nanwan Bay, the expected rates of change due to the
increased atmospheric CO2 are -0.0017 yr-1 for pHinsitu and pH25, 0.95 μM yr-1
for DIC, 1.65 μatm yr-1 for pCO2, -0.01 yr-1 for ΩCal, and -0.022 yr-1 for ΩAra.
The pH25 and pHinsitu decreasing rate accelerated from 1994-2012 to 2000-2012
(Fig. 4-4c, d). The highest rate of pH25 change of -0.0061 yr-1 was found at 50m
during 2000-2012. The highest pHinsitu decreasing rate was -0.0039 yr-1 at 10m
and -0.0038 yr-1 at 50m. Those maxima pH25 and pHinsitu decreasing rates are
2.2-times of the expected, and are higher than found at the BATS, CARIACO,
ESTOC, HOT, SEATS, and 137 oE transect time-series studies (Table 2-1).
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Figure 4-3. Time series of temperature, salinity, pH25 and pHinsitu at Nanwan
Bay at 0m, 25m, and 50m. The black, blue and red curves are the de-seasoned
curves of the raw data. The solid green circles show the data from individual
cruises around Nanwan Bay.
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Figure 4-4. Distribution of rates of change in (a) temperature, (b) salinity, (c)
pH25, (d) pHinsitu, (e) DIC, NDIC, (f) pCO2, (g) Revelle Factor, and (h) ΩAra and
ΩCal vs. depth.
In contrast, the seawater DIC had low increasing rates with an average
of 0.45±0.07 μmol kg-1 yr-1 during 1994-2012 (Fig. 4-4e). Such a rate is less
than half of the expected due to the increased atmospheric CO2. The highest
DIC increasing rate of 3.2 μmol kg-1 yr-1 was found at 50 m during 2000-2012.
Except at 50 m where NDIC had similar increasing rate as the DIC, NDIC had
increasing rates of about 1 μmol kg-1 yr-1 higher than that of the DIC. The
highest NDIC increasing rate of 3.6 μmol kg-1 yr-1 is about four-times the
expected due to the increased atmospheric CO2. Patterns of rates of pCO2
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change (Fig. 4-4f) mirror that of the pHinsitu (Fig 4-4d). The 3.2 μatm yr-1 found
at Nanwan Bay is the highest among the BATS, CARIACO, ESTOC, HOT,
SEATS, and 137 oE transect time-series studies (Table 2-1). The RF had similar
increasing rates averaging 0.021±0.001 yr-1 during 1994-2012, and these rates
increased significantly during 2000-2012 (Fig. 4-4g). Rates of decreasing ΩAra
and ΩCal (Fig. 4-4h) had similar trends as those of pH25 (Fig. 4-4c). The highest
decreasing rates, and possibly are the highest in the world were found at 50 m,
-0.04 yr-1 ΩAra and -0.06 yr-1 for ΩCal.

4-3-2 De-seasoned Variations
Seawater temperature, salinity, pH25 and pHinsitu show strong seasonal
variations (Fig. 4-3). In order to investigate the inter-annual variations of
surface water at Nanwan Bay, moving average of de-seasoned temperature
anomaly, salinity, pH25, pHinsitu, pCO2, as well as Oceanic Nino Index (ONI) and
Pacific Decadal Oscillation (PDO) Index are shown in Fig. 4-5. The
temperature anomaly is used to reduce the bias due to uneven sampling
frequency. Results show that the surface seawater temperature in the past three
decades increased by about 0.032 oC yr-1. The rates of change in de-seasoned
salinity, pH25, pHinsitu, and pCO2, shown as the slopes in Fig. 4-5, are similar to
that of the raw data, suggesting that the de-seasoned curves successfully
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removed the seasonal variations but maintained the inter-annual and long-term
trends. Results, however, show that there are strong inter-annual variations.
Overall, trends of the de-seasoned salinity time series mimick that of the PDO
Index and ONI. And the de-seaoned salinity has the same patterns as the
de-seasoned pH25 and pHinsitu before 2006. Inter-annual pCO2 variations mirror
that of the pHinsitu. Two peaks of pH25, pHinsitu, salinity and temperature, shown
as periods I and III in Fig. 4-5, are found in 1997/4-1999/1 (centered at 1998/4)
and 2002/7-2004/5 (centered at 2003/5). From periods III to IV, de-seasoned
pH25 and pHinsitu decrease by -0.060 and -0.062 pH unit, respectively. Such large
drops are equivalent to seawater acidification under 35 years of atmospheric
CO2 increment.
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Figure 4-5. Time-series of de-seasoned temperature anomaly, PDO Index
superimposed on the ONI, salinity, pHinsitu, pH25, NO3-, seawater pCO2 and the
air pCO2. The solid green circles show the data from the individual cruises
around Nanwan Bay. Solid lines show the linear regression lines where the
numbers show the slopes of the regression lines. Roman numbers show periods
with distinctive signals.
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4-4. Discussion
4-4.1. Intrusion of WPS water
The two peaks mentioned above (I, III shown in Fig. 4-5)) are best
explained as a result of increased intrusions of the salty, high pH surface WPS
water into Nanwan Bay, and perhaps to the SCS as well. Notably, these two
peaks occur during two strong El Nino periods when ONI and PDO Index peak.
This is consistent with the notion that Kuroshio water enters the SCS the most
during El Nino periods, but barely enters the Taiwan Strait during La Nina
periods (Chen et al., 2010). The low salinity, pH25 and pHinsitu in
2000/3-2002/7,shown during period II in Fig. 4-5, was due to increased inflow
of low salinity and pH SCS water to Nanwan Bay. On the other hand, intrusion
of the WPS water into the SCS was reduced during this period with low ONI
and PDO values. Note the amplitude of the peaks (I and III) is about 0.035 pH
unit which is equivalent to 21 years’ effect of ocean acidification due to
increased atmospheric CO2.

4-4.2. Scale of WPS seawater intrusion and impact on air-sea CO2
flux
The intrusions of WPS at Nanwan Bay were neither instantaneous nor
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local events, as similar changes in salinity can also be observed at the SEATS
station and the MM13 station located in southern Hong Kong. Taking a
panoramic look at the distributions of de-seasoned salinity at Nanwan Bay,
SEATS, and MM13, the changes are comparable and in the same phases
without significant time lags (Fig. 4-6). Note that influenced by the Pearl River
plume MM13 had de-seasoned salinity about 0.5 lower than that of Nanwan
Bay (Fig. 4-6).

Figure 4-6. Time series of salinity and de-seasoned salinity at SEATS and
MM13 and the comparison of these de-seasoned salinity with that of Nanwan
Bay. The solid green circles show the values from the individual cruises.
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In 1/2000-12/2001, surface water at SEATS had de-seasoned salinity of
33.3-33.4. The salinity then gradually increased to 34.3 in 12/2003. Such
changes, as shown in the θ-S diagram in Fig. 4-7, was due to intrusions of the
WPS water from the surface extending down to about 200 m. As shown in Fig.
4-7, the data observed between 5/2000 and 9/2002 (light blue) show the typical
θ-S distribution of the SCS water. The purple line observed in one cruise at the
WPS in 6/1991 represents the θ-S distribution of the WPS water. The shifts in
the typical SCS θ-S distribution towards to the WPS θ-S plot between 11/2002
and 5/2004 refer to the increase in the proportion of the WPS water. There is no
significant change in the θ-S distribution at potential temperatures below about
17 oC, which equivalent to a depth of about 200m. It is suggested that the PDO
warm phase favors the intrusion of Kuroshio into the SCS (Wu, 2013). Recent
studies show that Kuroshio waters enter the SCS under the influence of warm
and cold eddies east of the Luzon Strait (Sheu et al., 2010b; Zheng et al., 2011).
Relationships between scales and frequencies of the cold eddies with the PDO
values need further investigation.
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Figure 4-7. The potential temperature vs. salinity (θ-S) plot for the SEATS
station. The typical plot for WPS water (purple) collected in the WPS in 1991/6
is shown for reference.
At a latitude two degrees higher than the SEATS station, the seawater
pCO2 at the HOT station in the central Pacific was about 18 μatm lower than the
air CO2 during 1988-2007 (Dore et al., 2009). At the SEATS station, on the
other hand, seawater pCO2 in 2002-2003 (El Nino) and 2007-2008 (La Nina)
were 8±21μatm and 37±9 μatm, respectively, higher than the air pCO2 (Sheu et
al., 2010a). The low pCO2 values at HOT and the changes in high pCO2 values
at SEATS match what we found at Nanwan Bay. During increased intrusions of
WPS at Nanwan Bay shown in periods I and III in Fig. 4-5, seawater pCO2
values in agreement with the HOT data are about 25 μatm and 18 μatm lower
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than the air pCO2, and it was 15 μatm higher than the air pCO2 during
2007-2008 while the intrusions diminished. Largely because of low ΔpCO2
(seawater pCO2-air pCO2) and partly due to weak wind speed, seawater at the
SEATS station had lower sea-to-air CO2 flux in 2002-2003 than that in
2007-2008 (Sheu et al., 2009). The intrusions of the low pCO2 WPS into the
SCS might have contributed to that change. Significantly, the intrusions of the
WPS seawater changed seawater at the Nanwan Bay from a source to a sink of
air CO2. Possibly, such intrusions weakened the sea-to-air CO2 flux at the
SEATS station because of low ΔpCO2 value as WPS water has lower pCO2
value than that of the SCS.

4-4.3. Enhanced upwelling and its scale
The minima de-seasoned pH25 and pHinsitu found in 10/2005, shown as
period IV in Fig. 4-5, were 8.063 and 8.029, respectively. In fact, pH25 and
pHinsitu in 10/2005 were relatively high, at 8.104 and 8.063, respectively. The
de-seasoned minima were caused by the low pH found in 1/2006 (Fig. 4-3).
Such low values generally refer to upwelling. Two troughs during periods IV
and V shown in Fig. 4-5 were due to two strong upwelling found in 1/2006 and
11/2009 while surface seawater pH25 reached the lowest value of 8.027, and the
second lowest value of 8.043, respectively. Comparing T vs. pH25, NO3, and
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salinity in the same month, pH25 and temperature were relatively low while NO3
was relatively high (Fig. 4-8), suggesting upwelling. Furthermore, the θ-S
distributions are consistent with the finding that the water is originated from the
deeper subsurface water (Fig. 4-8). This is consistent with the fact that
magnitudes of decreases in the de-seasoned pH25 and pHinsitu during times of
strong upwelling are the highest at the depth of 50 m and the lowest at the
surface (Fig. 4-3). Even under strong upwelling, the salinity in 1/2006 was
lower than that of other years due to smaller contribution of salty WPS seawater.
The larger proportion of WPS found in 1/2003 and 1/2007, evidenced by the
high θ and S(Fig. 4-8), provide additional evidence that the de-seasoned salinity
peaks found in 2003 and 2007 were due to the intrusion of the WPS at Nanwan
Bay (Fig. 4-6). That is, although the upwelled water tends to have higher
salinity, it does not necessarily form a peak in the salinity time-series.
Salinity alone usually is hard to be used to differentiate the upwelled
high salinity water and the low salinity surface water because of the mixing of
low salinity SCS water and the high salinity WPS water. The de-seasoned
salinity peaks accompanied with low pH found in 2007 and 2009 are due to
upwelling (Fig. 4-5), showing that the salinity peak can be a result of intrusion
of WPS seawater, upwelling, or a combination of both. The salinity peaks found
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in 2007 and 2009 at Nanwan Bay can also be observed at the MM13 station
(Fig. 4-6), suggesting a large amount of surface WPS water, upwelled SCS,
upwelled WPS waters, or a combination of both, entered the SCS through the
Luzon Strait during those times.

Figure 4-8. The θ vs. pH25, NO3-, and S of data at 0, 3, 10, 25, 50m for stations
at Nanwan Bay in January and November during 2000-2012.

4-4.4. Rates of change with changing circulation and enhanced
upwelling
Now, it can be concluded that differences between the observed and
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expected rates of change for those carbonate parameters at Nanwan Bay (Fig.
4-4) were due to the intrusions of high pHinsitu, pH25 but low DIC WPS seawater
at early stages (1997-2004), but due to enhanced upwelling after 2005. As a
result, the decreasing rates of pH25, pHinsitu, ΩAra, and ΩCal during 2000-2012
were higher than that during 1994-2012 (Fig. 4-4). Correspondingly, increasing
rates of DIC, NDIC, and the RF during 2000-2012 were higher than that during
1994-2012 (Fig. 4-4). Due to the upwelled cold water, seawater warming rates
in 0-10 m were significantly lower during 2000-2012 than that during
1994-2012, and cooling was even found at 25 m and 50 m during 2000-2012.
Between 0-10 m salinity at Nanwan Bay was experiencing accelerated
freshening. The rates of freshening decreased with depths during 2000-2012.
The freshening rate at 25 m was lower than that during 1994-2012. This was
due to the enhanced upwelling of the high salinity subsurface seawater. The
enhanced upwelling also explains that the decreasing rates of pH25, pHinsitu, ΩAra,
and ΩCal, as well as increasing rates of DIC, NDIC and pCO2 were the highest at
50 m.

4-4.5 Dampening DIC increase by lowering salinity
Under the influences of air-sea CO2 exchange and upwelling, DIC and
NDIC are expected to have almost the same increasing rates. Suppose that
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ΔDIC is the amount of increase in DIC due to the invasion of the atmospheric
CO2, the corresponding change in NDIC is ΔNDIC=ΔDIC×(35/S). Since S is
close to 35, ΔDIC and ΔNDIC have similar values under the invasion of the
atmospheric CO2. The low DIC increasing rates found at Nanwan Bay (Fig. 4-4)
were due to dilution effect and is discussed as follows. At Nanwan Bay, surface
water salinity decreased by 0.38 from 1994-2012 (-0.0210 yr-1), representing
about 1% of decrease in salinity. Such a rate of salinity reduction is 5-times the
change in the WPS during 1950-2000 (Durack et al., 2012).
In order to examine changes in the seawater carbonate chemistry as
salinity changes, we considered two scenarios: closed system (without air-sea
CO2 exchange) and open system (air-sea CO2 exchange reaches equilibrium)
and the results are shown in Table 4-1.
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Table 4-1. Modeled ratio of changes in pH25, pHinsitu, DIC, NDIC, pCO2, ΩAra vs.
salinity change under closed system (without air-sea CO2 exchange) or open
system (air-sea CO2 reaches equilibrium).

Closed
System
Open
System

∆pH25
∆S

∆pHinsitu
∆S

∆DIC
∆S
μmol
kg-1

-0.0082

-0.0082

56.8

0.0073

0.0073

47.7

∆NDIC
∆S
μmol
kg-1

∆pCO2
∆S
μatm

∆ΩAra
∆S

0

15.8

0.09

-9.36

0

0.18

Freshening does not affect the seawater pH too much. Taking the surface
water at Nanwan Bay as an example, assuming air-sea CO2 equilibrium, the
ΔpH25/ΔS and ΔpHinsitu/ΔS are both 0.0073, the ΔDIC/ΔS is 47.7 μM, and the
ΔNDIC/ΔS is -9.36 μM (Table 4-1). Taking the surface seawater at Nanwan
Bay between 1994-2012 as an example, the rates of pH25 or pHinsitu change due
to the decreasing salinity with the rate of -0.021 yr-1 (Table 4-2) equals
-0.021×0.0073=-0.00015 yr-1. Such an effect of freshening in pH is 9 % or less
the rate of change due to increased atmospheric CO2. In contrast, the rate of
DIC change due to the change in salinity equals -0.021×47.7=-1.00 μmol kg-1
yr-1. Such a magnitude equals the expected rate of change due to the increased
atmospheric CO2. The corresponding change in NDIC is -0.021×(-9.36)= 0.197
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μmol kg-1 yr-1. The magnitude of change in NDIC due to freshening is just about
20% than that of the DIC. The observed rates of DIC and NDIC change are 0.24
and 1.41 μmol kg-1 yr-1, respectively. After deducting the freshening effect, the
DIC and NDIC are expected to have increasing rates of (0.24+1.00)=1.24 μM
yr-1 and 1.41-0.197=1.21 μM yr-1, respectively, with a difference of only 0.03
μmol kg-1 yr-1. The results above show that the difference between the rates of
DIC and NDIC at Nanwan Bay are mainly due to freshening of seawater.
Comparing the published time-series data, the rate of DIC change varies with
the rate of NDIC change (Table 2-1). Such differences between the DIC and
NDIC increasing rates could be due to different rates of salinity change at
studied areas. After removing the changing salinity forcing, the rates of DIC and
NDIC change are almost in a 1:1 ratio (Table 4-2, Fig. 4-9). That is to say,
freshening the seawater dampens the increase of DIC due to increased
atmospheric CO2. In a nutshell, although DIC is frequently used to calculate the
DIC budgets or inventories of water masses, changes in NDIC provides a better
sense on how fast the seawater absorbs the atmospheric CO2.
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Table 4-2. Rates of change in S, DIC, NDIC, and those due to changing S, as
well as rates after removing the rates of change due to changing S at BATS,
CARIACO, ESTOC, HOT, SEATS, and Nanwan Bay.
Rate of change
(S: yr , DIC or NDIC: μmol kg-1 yr-1 )
-1

BATS
1991-2010
CARIACO
1995-2011
ESTOC
1995-2004
HOT
1988-2007
SEATS
1998-2006

19942012

20002012

Due to
changing S

After
removing
changing S
forcing

Depth
(m)

S

DIC

NDIC

DIC

NDIC

DIC

NDIC

0

0.0058

1.53

1.20

0.28

-0.05

1.25

1.25

0

-0.0076

0.05

0.66

-0.36

0.07

0.42

0.58

0

0.0088

0.94

0.87

0.42

-0.08

0.52

0.95

0-30

0.0110

1.49

0.85

0.52

-0.10

0.97

0.95

5

0.0855

6.32

1.55

4.08

-0.80

2.24

2.35

0
3
10
25
0
3
10
25
50

Nanwan Bay (This study)
-0.0210 0.24 1.41 -1.00
-0.0220 0.45 1.56 -1.05
-0.0199 0.54 1.56 -0.95
-0.0190 0.56 1.54 -0.91
-0.0258 0.53 1.67 -1.23
-0.0260 0.67 1.82 -1.24
-0.0238 1.02 2.06 -1.14
-0.0167 1.40 2.04 -0.80
-0.0058 3.19 3.59 -0.28

0.20
0.21
0.19
0.18
0.24
0.24
0.22
0.16
0.05

1.24
1.50
1.49
1.46
1.76
1.91
2.16
2.20
3.47

1.21
1.35
1.37
1.36
1.43
1.58
1.84
1.88
3.54
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Figure 4-9. Rates of DIC change vs. rates of NDIC change at Nanwan Bay for
(a) observed data and (b) after removing the salinity forcing. The solid lines
show the 1:1 ratio.

4-5. Conclusion
Nanwan Bay suffered very high acidification rates among the
published time-series studies. It was due to the increased intrusion of the WPS
water at early stages of the time-series, and enhanced upwelling since 2005. The
decrease in salinity reduced the increase in DIC due to invasion of
anthropogenic CO2. This causes seawater at Nanwan Bay to have the fastest
acidification rate among the BATS, CARIACO, ESTOC, HOT, SEATS and 137
o

E transect studies, but with only 25% of the expected DIC increasing rate due
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to the increased atmospheric CO2. This means that the NDIC provides a better
sense on how fast the seawater absorbs the increased air CO2. Combining
changes in water masses with upwelling at Nanwan Bay, pH25 and pHinsitu
suffered decreases of 0.06 and 0.062 within about 2 years, respectively. Such a
magnitude of change is equivalent to a pH drop after 35 years of air CO2
influence. To summarize, the Nanwan Bay time-series provides an example to
show that aquatic ecosystems suffering from ocean acidification could happen
earlier than expected when ocean climate changes are considered along with
increasing atmospheric CO2.
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Summary
In

chapter

2,

six

decadal

time-series

stations

globally

and

thermodynamic calculations are used to provide an explanation on the
inconsistency in rates of change in pH measured at 25°C (pH25) and at in situ
temperature (pHinsitu). An anti-phase between rates of change in pHinsitu and pH25
vs. rates of temperature change is demonstrated for the first time. Subsequently,
an equation based on time and seawater temperature is proposed to model pH
variations, and is shown as follows:
t

t

t°

t°

pH
= pH ° + ∫ m(dT ) + ∫ kCO2 dt

Observations and thermodynamic calculations both show that the
increasing temperature is a critical driver of the changing pH in addition to the
rising atmospheric CO2. As the air-sea CO2 exchange lags behind changing
seawater

temperature,

warming

accelerates

seawater

acidification

(-0.00722°C-1) at a rate 6.6-times that expected under only the air-sea CO2
equilibrium (-0.00109°C-1). These findings explain that inconsistencies in
reported acidification rates worldwide are mainly due to different rates of
temperature change and different types of pH use (pHinsitu or pH25). Such a
finding provides an insight on how future climate change can alter the ocean
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acidification although any inconsistency between the results from physical
models and the observation needs further investigation. Implications are that
aquatic ecosystems suffering from reducing pH could happen much earlier than
expected when warming is considered along with increasing atmospheric CO2.

In chapter 3, 796 sets of measured data from six time-series are analyzed
to show that the DIC at the surface ocean is a function of seawater temperature,
salinity, and time, and is shown as follows:
DIC ≈ DIC ° +

∆DIC
∆DIC
∆DIC
( S − S °) +
(t − t°)
(T − T ° ) +
∆T
∆S
∆t

The changes in surface seawater DIC among the studied time-series are
mainly due to the air-sea heat exchange, precipitation, evaporation, as well as
the increased atmospheric CO2. Although part of the DIC change at the Iceland
and KNOT stations are due to vertical mixing in winter, seawater temperature
and salinity can still be used to model roughly 92% of the DIC variability at
these two time-series stations. Combining with the easily measurable seawater
temperature and salinity, the modeled DIC can be powerful in predicting ΩAra.
That is, when time is given, the ΩAra can be calculated because of simple
thermodynamics. This finding will hopefully provide technologically and
economically feasible easy guidelines to develop a fast, easy, and accurate
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on-site monitoring or forecasting of ΩAra. Our results show that changes in ΩAra
are mainly due to the natural variability, however, the uptake of the
anthropogenic CO2 makes cold waters more prone to under-saturation in the
ΩAra than warm waters.
In chapter 4, time series at Nanwan Bay, southern Taiwan, is used to show
that the seawater carbonate chemistry has changed due to both increased air
CO2 and the ocean climates. Nanwan Bay suffered very high acidification rates
among the published time-series studies. It was due to the increased intrusion of
the WPS water at early stages of the time-series, and enhanced upwelling since
2005. The decrease in salinity reduced the increase in DIC due to invasion of
anthropogenic CO2 and enhanced upwelling. This causes seawater at Nanwan
Bay to have the fastest acidification rate and NDIC increasing rate among the
BATS, CARIACO, ESTOC, HOT, SEATS and 137 oE transect studies, but with
only 25% of the expected DIC increasing rate due to the increased atmospheric
CO2. This means that the NDIC provides a better sense on how fast the seawater
absorbs the increased air CO2. Combining changes in water masses with
upwelling at Nanwan Bay, pH25 and pHinsitu suffered decreases of 0.06 and
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0.062 within about 2 years, respectively. Such a magnitude of change is
equivalent to a pH drop after 35 years of air CO2 influence.
To summarize, the results above provide an insight on how future climate
change can alter the ocean acidification. Implications are that marine
ecosystems suffering from ocean acidification could happen earlier than
expected when ocean climate changes are considered along with increasing
atmospheric CO2.
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Appendix I. 5. The nonlinear relationship between
nutrient ratios and salinity in estuarine ecosystems:
Implications for management
Abstract
Riverine N and P fluxes have increased rapidly in recent decades, resulting in
increased eutrophication and accelerated seawater acidification of adjacent
coasts. Since N fluxes have been rising faster than P fluxes, many rivers are
P-limited. Therefore, upper estuaries are commonly P-limited whereas lower
estuaries are frequently N-limited, implying that nutrient management strategies
should vary across an estuary. Since seawater contains relatively low nutrients,
the water in an estuary with low salinity generally has a limiting nutrient the
same as that of the riverine water. As the spatial distribution of eutrophicated
regions and riverine plumes change temporally within estuaries and the adjacent
coasts, the target of removal in sewage treatment is not necessarily the limiting
nutrient of the river water. Sewage plant operators may use salinity to identify
the approach of the riverine plume, and consider switching the plant from
removing P to removing N, or vice versa, whenever a coastal area is or is likely
to be threatened by hypoxia and harmful algal blooms.
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5-1. Introduction
Rivers bring terrestrial materials, such as organic matter and nutrients,
through estuaries to oceans, supporting an important part of new/export
production in the oceans(Chen et al.). In recent decades, riverine N and P fluxes
have increased several folds over their original values, causing eutrophication
and seawater acidification of adjacent coasts (Cai et al., 2011; Conley et al.,
2009b; Howarth et al., 2011; Steidinger, 2009). Consequently, hypoxia has
spread widely (Diaz and Rosenberg, 2008; Levin et al., 2009; Zhu et al., 2011)
and harmful algal blooms (HABs) now occur frequently (Anderson et al., 2008;
Verity, 2010; Wang, 2006), as demonstrated by such incidents as the recently
reported jellyfish blooms in the East China Sea and Sea of Japan (Dong et al.,
2010; Moon et al., 2010; Richardson et al., 2009). In 1970, 60 ecosystems were
reportedly under hypoxia; that number reached 300 in 1990 and over 400 in
2007, when they covered more than 245,000 km2 of the sea bottom (Diaz and
Rosenberg, 2008). Observations reveal that in some cases, the complexities of
hydrology and biogeochemical processes prevent estuarine ecosystems from
returning to their original condition after hypoxia, even when nutrient loadings
are reduced to their initial values (Conley et al., 2009a; Cox et al., 2009; Duarte
et al., 2009; Kemp et al., 2005; Kemp et al., 2009; Taylor et al., 2011). This
finding suggests that a greater effort must be made for the recovery of an
estuary from hypoxia than to prevent hypoxia in the first place. Therefore,
knowledge of the nutrient that limits the growth of phytoplankton is critical in
developing effective nutrient management practices to ensure the sustainable
development of coastal zones.
In aquatic ecosystems, the limiting nutrient is the nutrient that is
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insufficient to support the primary productivity. Mainly owing to mixing with
N-limited seawater and partly owing to high denitrification rate in estuaries
(Dettmann, 2001), N generally appears to be the limiting nutrient in lower
estuaries, in high-salinity regions, or whenever the river discharge is low. In the
upper estuaries, the pattern is not so clear. The extensive use of N fertilizers in
agriculture (Howarth, 2008; Liu et al., 2009; Liu et al., 2011) explains why
riverine N fluxes rises more rapidly than does P flux, resulting in high dissolved
inorganic nitrogen (DIN) to soluble reactive phosphate (SRP) ratios in many
rivers, including the Yangtze, Mississippi, and Pearl rivers. N has been
suggested to be more likely to induce hypoxia in the Gulf of Mexico (Howarth
et al., 2011; Howarth and Marino, 2006; United States Environmental
Protection Agency, December 2007; Water Science and Technology Board,
2009), while the Pearl River estuary has been suggested to be P-limited
(Harrison et al., 2008; Yin and Harrison, 2008; Yin et al., 2011; Yin et al.,
2001). However, insufficient data and indirect evidence leave the matter of
whether N or P is the limiting nutrient in estuarine ecosystems contentious
(Howarth et al., 2011; Howarth and Marino, 2006; Schindler and Hecky, 2009).

5-2. Management strategy and salinity application
For freshwater and seawater end-members with the same limiting
nutrient, simply reducing the amount of limiting nutrient helps to reduce the
degree of eutrophication. However, the situation is more complex when
freshwater and seawater have different limiting nutrients. The most common
case involves the mixing of P-limited riverine water with N-limited seawater. In
estuaries that are influenced by P-limited riverine water, the low-salinity regions
are normally P-limited, while the high-salinity regions, as well as the adjacent
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coasts, are commonly N-limited (Fisher et al., 1992; Hydes et al., 1999; Lillebø
et al., 2005; Neill, 2005; Yin et al., 2001; Yin et al., 2004).
Previous studies have suggested that a shift in the limiting nutrient in an
estuary is a salinity-related phenomenon (Caraco, 1988; Doering et al., 1995;
Neill, 2005). Based on a simple mixing model, Lui and Chen (2011) (Lui and
Chen, 2011) recently demonstrated that the nutrient ratio is a nonlinear function
of salinity. When a particular salinity is reached, the estuary shifts from one
limiting nutrient to another if the freshwater and seawater end-members have
different limiting nutrients. Interestingly, the salinity at which the limiting
nutrient changes is a function of the biological consumption ratio in nutrients.
However, such a shift can also be related to other processes, such as the supply
of additional P from sewage input (Fisher et al., 1992), sediment release
(Hartzell and Jordan, 2012), or the removal of N by denitrification (Dettmann,
2001; Hydes et al., 1999). Therefore, salinity at which the limiting nutrient
shifts differ from estuary to estuary. Since seawater contains relatively low
nutrients, the water in an estuary with low salinity generally has a limiting status
the same as that of the riverine water. That is, sewage plant operators may use
salinity as one of the parameters to decide when the riverine plume has reached
the eutrophicated regions within or off estuaries, and when to switch the plant to
reduce N or P. Since the spatial distribution of eutrophicated regions and
riverine plumes change temporally within and off estuaries, whether N or P
inputs must be managed to reduce the degree of eutrophication in estuarine
ecosystems depends on the particular situation. Here four conceptual
frameworks for nutrient management strategies are presented, and the mixing of
P-limited riverine water with N-limited seawater, and vice versa, are considered
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as examples (Fig. 5-1).

Figure 5-1. Conceptual frameworks for nutrient management in estuary where
P-limited riverine water mixes with N-limited seawater. Dashed lines represent
salinity at which P limitation shifts to N limitation. In case 1, no hypoxia is
present and no nutrient removal is necessary. In case 2, hypoxia is present in the
P-limited region and P must be removed. In case 3, hypoxia is present in the
N-limited region and N must be removed. In case 4, hypoxia is present in both
P- and N-limited regions and both nutrients must be removed.

Figure 5-1 shows four cases of eutrophication. Case one refers to a
well-mixed estuary that is not, and is not likely to be, eutrophicated. In this case,
no specific nutrient has to be reduced if the incoming nutrient loadings do not
threaten the estuary. A notable example is the Delaware Estuary, where despite
high nutrient loadings and primary production, no obvious sign of
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eutrophication or hypoxia is present, owing to the thorough mixing (Sharp,
2010; Sharp et al., 2009).
Case two refers to an estuary in which the P-limited upper estuary, but
not the N-limited lower estuary, is or tends to be eutrophicated (Fig. 5-1). In this
case, the flux of P needs to be reduced when hypoxia occurs in the P-limited
water column. This situation resembles that in the Pearl River Estuary, where
Hong Kong, which has over 7 million inhabitants, is located. The use of salinity
in sewage management is illustrated herein with reference to the Pearl River
Estuary as an example. Figure 5-2 shows time series of salinity, chlorophyll-a,
and the saturation state of dissolved oxygen (DO%) at a station south of Hong
Kong. In summer, the nutrient-enriched Pearl River water enters the study site
and enhances local primary production, resulting in low salinity but a high
concentration of chlorophyll-a and DO% in the surface water. During that
season, the bottom water with high salinity but low chlorophyll-a concentration
has a low DO%, possibly because of the combination of summer stratification
and decomposition of organic matter from the surface water. In winter, the
water of the Pearl River barely enters the study area, and both surface and
bottom water have equally high salinity and DO% but are low in chlorophyll-a
concentration (Fig. 5-2). This situation is analogous to case 1 when the amount
of no specific nutrient needs to be reduced. Therefore, the sewage treatment
plant may have not to reduce any nutrients in winter, but it must remove P from
the submarine sewage outfall in summer when salinities reach a low threshold
(Xu et al., 2011). This example shows that sewage treatment plant operators can
take advantage of ease of monitoring salinity to decide when to operate, and
when to remove which nutrient.
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Figure 5-2. Time series of salinity, concentration of chlorophyll-a (Chl-a), and
saturation state of dissolved oxygen (DO) in surface and bottom waters at
station SM18, south of Hong Kong. (See Lui and Chen (2011) for sampling
location.) Sampling depths of surface and bottom waters were 1 m below water
surface and 1 m above the seabed, respectively. Data are provided by the Hong
Kong Environmental Protection Department.

The Hong Kong government has implemented Sewerage Master Plans
(SMPs) to improve the quality of coastal water. Stage one of the plan (Harbor
Area Treatment Scheme) began in late 2001, and stage two (i.e. expanding the
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current Stonecutters Island Sewage Treatment Works) is scheduled to be
completed by 2013-14. With respect to the control of nutrients, SMPs are
developed to promote a situation in which the concentration of inorganic
nitrogen should not exceed 0.3 mg/l at Mirs Bay, or 0.7 mg/l at Deep Bay
(Hong Kong Environmental Protection Department (EPD), 2010; Xu et al.,
2011). However, Hong Kong coastal water contains nutrients from the Pearl
River as well as local sewage discharge. Furthermore, algal blooms usually
occur in the salinity range in which the water column is limited by P. P is
generally depleted during algal blooms (Lui and Chen, 2011). As illustrated
above, phosphate should be the primary concern in reducing the eutrophication,
hypoxia and frequency of HABs during summer (Yin et al., 2011; Zhang and Li,
2010). Briefly, phosphate rather than nitrogen should be the target of the Hong
Kong SMPs.
Case 3 refers to an estuary in which the N-limited lower estuary, but
not the P-limited upper estuary, is or tends to be eutrophicated (Fig. 5-1). In this
case, the flux of N needs to be reduced. This situation resembles that in the
Mississippi River. The riverine N loading is a more accurate indicator than P
loading in predicting the area of hypoxia in the Gulf of Mexico (Turner et al.,
2006; United States Environmental Protection Agency, December 2007). As the
Mississippi River discharges directly into the Gulf of Mexico, the freshwater
plume changes rapidly from P to N-limited as the river water mixes with a
massive amount of N-limited seawater. Therefore, inorganic nitrogen that
originates from both riverine water and seawater governs the production of
phytoplankton off the mouth of the Mississippi River.
Case 4 refers to an estuary in which both the P-limited upper estuary
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and N-limited lower estuary are or tend to be eutrophicated (Fig. 5-1). In this
case, fluxes of both N and P need to be reduced. Reducing P alone reduces the
production and, subsequently, the degree of eutrophication at places only where
P is limiting. However, the excess riverine N still combines with excess P in
incoming seawater to meet the biological demand at the N-limited lower estuary.
Although reducing the flux of N may help to reduce the degree of hypoxia at the
lower estuary, it may not have a positive effect in the upper estuary unless it is
also reduced to such an extent that the upper estuary is changed from P to
N-limited. Reducing the flux of a single nutrient is thus unlikely to reduce the
degree of hypoxia throughout the system. For instance, in the Neuse River
estuary (Paerl, 2009; Paerl et al., 2006), an increased supply of P raises the
biological consumption of riverine N in the upper estuary, subsequently
reducing N there. A reduction in P loading through wastewater treatment in the
upper estuary increases the amount of riverine N that reaches the lower estuary.
Consequently, eutrophication occurs when the river water encounters the
seawater, which happens to be N-limited.

5-3. Changing nutrient inventories
As salinity is the deciding parameter, we then use it to evaluate the
changing nutrient inventories and to illustrate the shift from P to N limitation, as
well as certain implications in nutrient management in the Pearl River Estuary.
N-limited seawater in the northern South China Sea has DIN and SRP
concentrations of 3.01 μmol kg-1 and 0.30 μmol kg-1, respectively. The
corresponding values for P-limited Pearl River water are 140 μmol kg-1 and 2.25
μmol kg-1, respectively (Lui and Chen, 2011). Accordingly, the Pearl River
water contains (140−2.25×16)=104 μmoles of DIN in excess of the amount
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required to consume all SRP. On the contrary, 1 kg of seawater can provide
(0.30−3.01/16)=0.112 μmoles of excess SRP. Therefore, 104/(0.112×16)=58.0
kg of seawater can balance the excess DIN in 1 kg of the Pearl River water.
Also, the N and P inventories of 1 kg Pearl River mixed with 40 kg, 58 kg, and
80 kg of its ambient seawater are used to illustrate the biological production that
is supported by the riverine water and seawater inputs (Fig. 5-3).

Figure 5-3. Categories of biological productions that are supported by mixing 1
kg of Pearl River water with 40, 58, and 80 kg of seawater. DIN and SRP
inventories are plotted on a scale of 1:16. Category I is supported by river water.
Category II is supported by both river and seawater. Category III is supported
by seawater.

Notably, estuarine waters with the above mentioned three mixed ratios
have a salinity of >33, showing that estuarine water with low salinity generally
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has a limiting status the same as that of the riverine water. A shift from P to N
limitation by mixing P-limited riverine water and N-limited seawater usually
happens in high salinity regions, such as in the lower estuaries, or in the
adjacent coasts. That is, the salinity in general can be used to identify the
approaching riverine plume and the target of nutrient removal, particularly, in a
physical mixing dominated estuary.
Production that is supported by the P-limited riverine water and
N-limited seawater can be divided into three categories. The production of
category (I), which is limited by riverine SRP, is supported by riverine input.
The production of category (II) is supported by the combination of excess
riverine DIN and excess seawater SRP. The production of category (III), which
is limited by seawater DIN, is supported by seawater. In the above example,
when 1 kg of riverine water is mixed with 58 kg of seawater, seawater
contributes 55% of the total DIN inventory and 89 % of the total SRP inventory
to balance the excess riverine DIN. Mixing with more seawater makes the water
in the estuary N-limited. Although reducing the amount of P may reduce the
degree of hypoxia by limiting the biological production in the upper estuary, it
may worsen in the lower estuary where more riverine N is encountered. This
fact may help to explain why in some cases riverine N but not P loadings cause
eutrophication in estuaries that are influenced by P-limited riverine waters
(Howarth et al., 2011; Howarth and Marino, 2006; Lohrenz et al., 2008;
National Research Council, 2003; Teichberg et al., 2010; United States
Environmental Protection Agency, December 2007; Water Science and
Technology Board, 2009).
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5-4. Conclusions
The nonlinear response of estuarine ecosystems to changes in nutrient
loadings suggests the importance of preventing hypoxia in estuarine ecosystems
rather than treating them after hypoxia has already occurred. A flexible
management scheme that is based on hydrological variability is proposed herein
to show that the target of nutrient removal is not necessarily the limiting
nutrient of the river water. This management scheme will hopefully provide
technologically and economically feasible easy guidelines for sewage plant
operators concerning when they should switch the plant from removing P to
removing N, or vice versa.
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