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Observations are fundamental for studying and understanding the oceans. 

While in-situ measurements are limited, satellites can remotely monitor the ocean 

continuously for extended periods with broad spatial coverages. Thus, they have been 

providing large and ever-growing data volumes. However, most remote-sensed 

products are the surface ocean. Despite the shortage of observations, many important 

processes and features at subsurface and interior oceans need to be detected and 

studied (e.g., subsurface temperature, density, internal waves and tides, subsurface 

flows). Consequently, the techniques of constructing subsurface and deep oceans from 

surface ocean have been developed, i.e., using ocean surface data to reconstruct ocean 

interior data based on their relationships. Since the data are mostly from remote 

sensing, they are also known as deep ocean remote sensing (DORS) techniques. Here I 

developed some data-driven models to estimate ocean subsurface and interior 

variables from satellite-observed sea surface data by using deep learning methods. A 

higher resolution (1/4 degree) temperature and salinity (T and S) field data is 

constructed based on the Argo gridded data (1 degree); while a super resolution (1/12 

degree) T and S field data is constructed based on the reanalysis data. Dynamic height 

fields and the associated ocean geostrophic flows are also calculated and analyzed. 

This work enriches oceanic observations with respect to vertical dimension and 

horizontal resolution, which can largely make up for the paucity of the subsurface and 

deep ocean observation, and further facilitate the studies of ocean circulation, ocean 

dynamics, and climate changes. 
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Ocean circulation transports water mass and redistributes heat, saline, and 

nutrients in the oceans. Therefore, determining the changes in ocean circulation is 

essential to understand ocean states and processes and to predict climate change. 

Upper ocean holds the major and most ocean circulation changes compared with 

deeper oceans, because wind and heat and water fluxes that mainly driven ocean 

circulation occur at ocean surface. Pacific Ocean and Indian Ocean are closely 

connected and they together are called Ind-Pacific oceans. Considering the importance 

and complexity, upper ocean circulation variability in tropical Indo-Pacific needs to be 

explored in detail, from different scales and from different perspectives. 

Sea level changes within wide temporal-spatial scales have great influence on 

oceanic and atmospheric circulations. Many previous works have identified long-term 

sea level change, while regional sea level variations on different time scales. Sea level 

change on interannual and decadal time-scales needs more studies. Here, sea level 

anomaly (SLA) was decomposed into interannual and decadal time-scales. The 

temporal-spatial features of the SLA variability in the Pacific have been examined and 

associated with climate variability modes. Moreover, decadal SLA oscillations in the 

Pacific Ocean were identified during 1993-2016, with the phase reversals around 

2000, 2004, and 2012. In the tropical Pacific, large sea level variations in the western 

and central basin were a result of changes in the equatorial wind stress. Furthermore, 

coherent decadal changes could also be seen in wind stress, sea surface temperature 

(SST), subtropical cells (STCs) and thermocline depth.  

The shallow overturning circulation is a wind-driven circulation in the tropical 

region, adjusting water mass and heat in 3-dimension. This study investigates the 

Indian Ocean (IO) shallow overturning circulation during 1958-2017. Their structure 



 xvii  

consists of a cross-equator cell (CEC) and a southern subtropical cell (SSTC). Both 

the CEC and the SSTC exhibited significant variability on interannual to decadal 

timescales during 1958-2017, and this variability mainly resulted from changes in both 

meridional Ekman transports and meridional geostrophic flows in the upper layer; 

each component could dominate the shallow cellsô variations in certain years. This 

work presents a comprehensive study of the interannual to decadal variability of the 

IO shallow cells and the corresponding reasons and influences and tried to link these 

variations with other variations in the IO. 
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INTRODUCTION  

1.1 Backgrounds  

Ocean circulation transports water mass and causes the redistributions seawater 

heat, saline, nutrients. Thus, its changes have substantial influences on oceanic heat 

balance and biogeochemical cycle (Stewart, 2008; Talley et al., 2011e; Vallis, 2017). 

Ocean circulation changes due to many reasons, such as wind, heat flux, evaporation 

and precipitation, gravitational forcing (in form of tide and gravity waves), the rotation 

of the Earth (Coriolis effect; Huang, 2009; Talley et al., 2011f; Vallis, 2017), and 

climate modes like El Niño -Southern Oscillation (ENSO; Trenberth & Stepaniak, 

2001; Trenberth et al., 2002). As a consequence, the change has various temporal and 

spatial scales (Dickey, 2003; Talley et al., 2011e). While, ocean circulation is mainly 

driven by wind and heat and freshwater fluxes, which mostly occur on the ocean 

surface (Huang, 2009; Talley et al., 2011e). Therefore, upper ocean holds the major 

ocean circulation changes compared with deeper oceans. 

The Pacific Ocean is the largest of the three major oceans (Atlantic Ocean, 

Indian Ocean, and Southern Ocean). It has well-developed wind-driven circulation 

systems in tropics, subtropics, and subpolar North Pacific. The Pacific is the freshest 

of the three major oceans because of the small difference between evaporation and 

precipitation (Talley, 2008), this freshness strengthens the stratification and largely 

inhibits the formation of deep water, thus, the thermohaline circulation in North 
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Pacific is much weaker compared with the North Atlantic (Talley et al., 2011g). 

Therefore, upper ocean circulation in the North Pacific and equatorial Pacific are 

mostly associated with wind forcing. The tropical Pacific is a critical region of global 

oceans, where the El Niño occurs; and ENSO is the strongest interannual climate 

mode in the global oceans and has great impacts on global oceans and atmosphere 

(Trenberth & Stepaniak, 2001; Trenberth et al., 2002).  

The Indian Ocean are closely related with the Pacific Ocean, especially in the 

tropics, and they together are called Indo-Pacific oceans. The tropical Indian Ocean is 

connected with the tropic Pacific through both oceanic and atmospheric pathways. The 

oceanic passage is Indonesian throughflow (ITF), which shunts water from west tropic 

Pacific to the southeast tropic Indian Ocean through the Indonesian archipelago (Feng 

et al., 2011; Feng et al., 2018; Gordon, 2005; Potemra & Schneider, 2007; Sprintall et 

al., 2014; Sprintall et al., 2009). While, they are also connected through Walker Cells 

in the atmosphere (Alexander et al., 2002; Han et al., 2017; Meehl et al., 2003). The 

dominating natural climate mode in the Indian Ocean is the dipole mode, a.k.a. Indian 

Ocean Diploe (IOD), associated with the east-west sea surface temperature (SST) 

anomaly over the tropic basin (Luo et al., 2010; Saji et al., 1999).  

1.2 Research Objectives 

Observation of the oceans remains temporally and spatially sparse, especially 

the in-situ observational data (Roemmich et al., 2019; Roemmich et al., 2009; Stewart, 

2008; Talley et al., 2011d). While remote-sensed data from satellite are much more 

plentiful with broad spatial coverage. To fully utilize the plentiful satellite products at 

sea surface and alleviate the shortage in ocean interior observations, the reconstruction 
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of the subsurface and deeper data from satellite products are needed. In chapter 2, 

higher (1/4°) resolution ocean temperature and salinity field data in the tropic Pacific 

are reconstructed. This work largely extends the usage of satellite observational, from 

two dimensions to three dimensions, and to higher horizontal resolution.  

Given the importance, changes in upper ocean circulation in tropical Indo-

Pacific on various scales and corresponding mechanisms are needed to be explored 

from different perspectives.  

Sea level is an important indicator for ocean circulation and seawater 

properties distributions (Cazenave & Llovel, 2010; Cazenave & Remy, 2011; Ducet et 

al., 2000). Sea level change is also a major effect of climate change (Carton, 2005; 

Chen et al., 2017). Determining sea level changes on different time-scales provides 

insight into oceanic circulations and helps to predict climate change. In chapter 3, sea 

level variability in Indo-Pacific oceans is examined and causes for the variation, 

impacts on ocean circulation, and relations with climate modes of the sea level in 

Pacific are explored. 

Distribution of seawater characters are more similar zonally than meridionally 

because of the uneven solar radiation, and seawater are also apparently vertically 

stratified due to the buoyancy (Stewart, 2008; Talley et al., 2011b). Therefore, 

meridional flows and vertical advections in the oceans largely regulate latitudinal heat 

balance in the oceans (McPhaden & Zhang, 2002, 2004; Rahmstorf, 2006; Zhang et 

al., 2003). The shallow meridional overturning circulation is associated with wind-

driven meridional circulations in the upper few hundred meters (McPhaden & Zhang, 

2002; Schott et al., 2002). In chapter 4, shallow meridional overturning circulation 
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during last 60 years is investigated and its interannual and decadal variability and 

corresponding forcing and influences are studied in detail.  
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SALINITY FIELD DATA  
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"Reconstructing High-Resolution Ocean Subsurface and Interior Temperature and 

Salinity Anomalies From Satellite Observations," in IEEE Transactions on 

Geoscience and Remote Sensing, doi:10.1109/TGRS.2021.3109979. 

 

Abstract 

Observation of the ocean is crucial to the studies of ocean dynamics, climate 

change, and biogeochemical cycle. However, current oceanic observations are patently 

insufficient, because the in-situ observations are of difficulty and high cost while the 

satellite remote-sensed measurements are mainly the sea surface data. To make up for 

the shortage of ocean interior data and make full use of the abundant satellite data, 

here we develop a data-driven deep learning model to estimate ocean subsurface and 

interior variables from satellite-observed sea surface data. Exclusively and simply 

using satellite data, three-dimensional ocean temperature and salinity fields are 

Chapter 2 
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successfully reconstructed, which are at 26 level depths from 0 m to 2000 m. We 

further design a scheme to increase the horizontal resolution from 1 degree to 1/4 

degree, which is higher than the Argo gridded data. Estimations from our model are 

accurate, reliable, and stable for a wide range of research areas and periods. Dynamic 

height fields that are derived from the estimated temperature and salinity, as well as 

the associated ocean geostrophic flows, are also calculated and analyzed, which 

indicates the potentials of our model for reconstructing the ocean circulation fields as 

well. This study enriches oceanic observations with respect to vertical dimension and 

horizontal resolution, which can largely make up for the paucity of the subsurface and 

deep ocean observation, both before and during Argo era. This work also provides 

some new foundations for and insights into geoscience and climate change fields. 

2.1 Introduction  

Observations provide us the basic information about the oceans. Nowadays 

oceanic observations are collected using many different platforms and instruments. In-

site observations provide us the first-hand and genuine data of the ocean; however, the 

measured data remain temporally and spatially sparse due to the difficulty and 

costliness of in-site measurements. Traditional methods such as Expendable 

Bathythermograph (XBT), buoy, boat measurements, etc. are short-living, sparse, and 

mostly nearshore (Stewart, 2008; Talley et al., 2011d); the implementation of the Argo 

program since 2004 has substantially enhanced global oceans observations, however, 

improvements of Argo program are still needed, such as observing density, 

distribution, and time-span (Argo, 2020; Roemmich et al., 2019; Roemmich et al., 

2009).  
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Relative to the above, satellite-derived ocean data are copious, continuous, and 

at large spatial coverages. Satellites have been applied to monitor the ocean since the 

1970s, continuously providing products of various ocean parameters (Klemas & Yan, 

2014; Talley et al., 2011d), such as sea surface temperature (SST) from microwave 

radiometers and thermal infrared sensors, sea level from altimeter satellites, sea 

surface wind (SSW), sea surface roughness examined by Synthetic Aperture Radar 

(SAR), and sea surface salinity (SSS) from the Aquarius/SAC-D mission and the 

NASA Soil Moisture Active Passive (SMAP) mission. However, satellite products are 

constrained at sea surface because the electromagnetic wave of satellite sensors cannot 

penetrate deep into the seawater (Klemas & Yan, 2014; Talley et al., 2011d).  

Nonetheless, subsurface and deep ocean data are of great importance because 

many important processes and phenomena are located there, such as oceanic eddies, 

subsurface flows, internal waves, etc. (Chen & Tung, 2014; Klemas & Yan, 2014; 

Meng et al., 2020; Yan et al., 2016). Moreover, oceans function as the main heat sink 

in the Earth system (Trenberth & Fasullo, 2010, 2013), the heat redistributions within 

the ocean interior have substantial influences on global mean surface temperature 

(GMST) and climate change (Kosaka & Xie, 2013; Trenberth, 2015; Trenberth & 

Fasullo, 2013; Xie & Kosaka, 2017; Yan et al., 2016). Some recent discussions on the 

changes and mechanisms of the Atlantic meridional overturning circulation (AMOC), 

part of the thermohaline circulation, also highlighted the importance of the 

observations of subsurface and deep ocean (Bryden et al., 2005; Cunningham et al., 

2007; Hu & Fedorov, 2019; Lozier et al., 2019). To this end, retrieving the ocean 

interior from satellite-observed surface information can greatly enhance data usage 

and facilitate the studies of three-dimensional (3D) ocean dynamics.  
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The ocean interior parameters are dynamically connected to the surface ones 

because the forces at the surface are ascribed to the main changes in the whole ocean 

(Huang, 2009; Munk, 1950); and many subsurface processes and phenomena yield 

surface manifestation, such as internal waves, mixed layer depth (MLD), and eddies 

(Yan et al., 2006; Yan & Okubo, 1992; Yan et al., 1991). These surface-subsurface 

connections enable the retrieval of subsurface and deep ocean data from the surface 

information (Ali et al., 2004; Fu & Davidson, 1995; Wu et al., 2012). Generally, the 

retrieval of ocean interior parameters from surface information is made either 

dynamically or statistically (or both). The typical dynamical approaches are dynamic-

based numerical modeling (simulation and assimilation), as well as models based on 

direct physical relationship; however, since the direct physical relationship between 

surface and subsurface data are not fully understood, those models work effectively 

only under certain conditions or with some certain assumptions (Guinehut et al., 2012; 

Liu et al., 2014; Liu et al., 2019; Wang et al., 2013; Yan et al., 2006; Yan & Okubo, 

1992). By contrast, statistical approaches are relatively more practical and flexible, 

which can be implemented in more general situations (Akbari et al., 2017; Holloway 

& Mengersen, 2018; Klemas & Yan, 2014; Lary et al., 2016).  

Regarding the statistical approaches, they can generally be divided into 

traditional statistical methods, empirical methods, machine learning methods, and 

deep learning methods. The traditional statistical methods and empirical methods, 

such as multi-variable regression, are heuristic approaches and some special criteria or 

prescriptions are normally needed. By contrast, machine learning models can extract 

features and relations automatically and directly form data and thus achieve 

remarkable performance currently (Ali et al., 2004; Chu et al., 2000; Fischer, 2000). 



 9 

Until lately, various machine learning methods have been adopted for estimating 

ocean interior structures, such as artificial neural networks, self-organizing machine 

(SOM), support vector machine (SVM), random forest (Akbari et al., 2017; Ali et al., 

2004; Su et al., 2018; Su et al., 2015; Wu et al., 2012). Furthermore, deep learning 

networks are machine learning networks with deeper hidden layers and larger 

architecture and thus have larger capacities and can capture more complicated features 

(Bolton & Zanna, 2019; Goodfellow et al., 2016; Ham et al., 2019). As a specific deep 

learning algorithm, Convolutional neural networks (CNNs) have achieved great 

success in computer vision and geoscience communities (Bolton & Zanna, 2019; Ham 

et al., 2019; Krizhevsky et al., 2012; Simonyan & Zisserman, 2014). Compared with 

other deep learning methods, CNN has the advantage to take the spatial relationship of 

the input image into account, making CNN especially suitable for geoscience data that 

are geographically distributed (Bolton & Zanna, 2019; Goodfellow et al., 2016).  

Temperature and salinity are the basic physical properties of seawater, and 

their distributions imply the ocean dynamic processes and have essential influences on 

biogeochemical cycles (Stewart, 2008; Talley et al., 2011a, 2011b, 2011c). Given the 

scientific importance, ocean temperature and salinity structures are still poorly 

observed (Roemmich et al., 2019; Roemmich et al., 2009), let alone the observations 

at high resolution. The higher resolution data are essential to understand oceanic 

processes on multiscale, e.g., mesoscale and sub-mesoscales (Dickey, 2003; 

McWilliams, 2016; Talley et al., 2011e). Ocean temperature (or salinity) structures 

have been estimated in some previous studies (Akbari et al., 2017; Klemas & Yan, 

2014); however, there are still some improvements, such as the data resolution and the 

estimation accuracy (Akbari et al., 2017; Klemas & Yan, 2014). Most previous 
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researches use Argo gridded data as the ground truth and thus the obtained data have a 

horizontal resolution of rough 1° (Lu et al., 2019; Su et al., 2018; Su et al., 2015; Su et 

al., 2019; Wu et al., 2012). The available high-resolution data are mainly from 

physics-based numerical models, such as assimilation and reanalysis data; however, 

these numerical model-based data have sources of errors themselves, such as the 

forcing due to the lack of observation, parameterization (e.g., eddy viscosity), and 

truncation error. A higher resolution data can also be obtained by interpolation, such 

as traditional interpolation methods, DINEOF (Data Interpolating Empirical 

Orthogonal Functions) method (Liu & Wang, 2019), and DINCAE (Data 

INterpolating Convolutional Auto-Encoder) method (Barth et al., 2020); the 

interpolation will introduce some error per se and those methods have the drawbacks 

of prescribing the form of the functions. There are also some deep learning-based 

super-resolution methods, which have been widely used in image processing in the 

compute vision community (Dong et al., 2014; Dong et al., 2016; Ha et al., 2019; 

Yang et al., 2019). As a consequence, reconstructing higher resolution temperature or 

salinity structures is essential. 

To fully utilize the plentiful satellite products at the sea surface and alleviate 

the shortage in ocean interior observations, here we develop a data-driven model to 

estimate subsurface temperature anomaly (STA) and subsurface salinity anomaly 

(SSA) absolutely from satellite-observed sea surface data. We select STA (SSA), 

instead of the original temperature (salinity), as the target parameters to improve the 

accuracy because anomalies contain much smaller magnitudes and thus are harder to 

retrieve; and the original value can be easily obtained simply by adding back the 

referring mean value. The model is based on the CNN network by utilizing its ability 
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of deep architecture, spatial relationship considering, and composing higher resolution 

output. The obtained STA and SSA fields are at 26 depth levels from near-surface 

down to 2000 m at a higher resolution of 1/4°. For demonstration purposes, we 

selected the center of the Pacific Ocean as the research area. However, this method 

can also be applied to any other oceans. A series of experiments are designed in this 

study to comprehensively evaluate the modelôs performance, sensitivity, stability, and 

generalization. Our model successfully estimated the STA and SSA fields at a 1/4° 

with remarkable accuracy; the model has stable performance during the whole 

research period of all seasons in 2012.  

After the model is well trained, the desired STA and SSA fields are obtained 

simply by providing the model with the corresponding sea surface data, which are all 

available from satellite observations. Therefore, our method is of great simplicity and 

convenience by comparing it with the dynamics-based model simulation. 

Reconstructed data are especially valuable and useful where there are no direct 

measurements but satellite data are available. Here, the original temperature and 

salinity fields data are also obtained; and we further calculate the density fields, the 

dynamic height (or, geopotential anomaly) fields, as well as the corresponding 

geostrophic velocity (Talley et al., 2011e). Our study largely extends the usage of 

satellite observational data from two dimensions to three dimensions and exhibits the 

enormous potential of deep learning techniques for facilitating ocean dynamics and 

broader earth science studies.  
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2.2 Data and Methods 

2.2.1 Data for Training and Evaluating the Model 

Multisource satellite observations are used as inputs of the model in this study, 

including sea level, SST, SSS, and surface wind speed. The sea level data measured by 

altimeter are provided by AVISO (Hauser et al., 2021). SST data are from daily 

Optimum Interpolation Sea Surface Temperature (OISST) data from NOAA (Banzon 

et al., 2020; Huang et al., 2021). Surface vector winds are from the Cross-Calibrated 

Multi -Platform (CCMP), produced based on satellite, moored buoy, and model wind 

data (Atlas et al., 2011; Atlas et al., 1996). SSS are monitored from satellite by the 

Soil Moisture and Ocean Salinity (SMOS) mission (Boutin et al., 2020; Boutin et al., 

2018). All these sea surface data are monthly mean data (for OISST data, calculated 

from daily data) and at 1/4° (or around) resolution.  

The ocean subsurface temperature and salinity data from Argo observation are 

used here as ground truth data. We use the 1° global gridded Argo data with 27 

standard levels from 0 to 2000 m, which is also on a monthly scale and available from 

2005 to the present. The data are provided by International Pacific Research Center 

(IPRC). Monthly temperature and salinity gridded fields from the In Situ Analysis 

System (ISAS) are also used for cross-validation, which is also entirely based on the 

Argo data and has a 1/2° horizontal resolution (Gaillard, 2012; Kolodziejczyk et al., 

2017). Argo profiles data are also used, which is from EN4 (version EN.4.2.1, the 

.g10. profiles), Met Office Hadley Centre observations datasets (Good et al., 2013). 

The zonal and meridional surface vector wind stresses are calculated from the 

surface vector wind data, as Ⱳ ”ὅȿ╤ ȿ╤  (Smith, 1988; Trenberth et al., 1990) 

with ” is the air density, ╤  is the wind speed at 10 meters, and ὅ  is the drag 
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coefficient (Jones & Toba, 2001). The SLA, SST, and surface wind data contain the 

same grid information. We note that the SSS data was interpolated to the same grids to 

maintain the same spatial distribution. The anomalies of surface parameters and ocean 

interior temperature and salinity were calculated by referring to the climatological 

annual-mean during 2005-2014 (for SSS, during 2010-2014). To remove the 

difference between the units and facilitate the training process, all input data were 

normalized and scaled by standard deviation before the training (Goodfellow et al., 

2016). 

2.2.2 Model Architecture 

The specific structure of the CNN network in this study is shown in Figure 2.1 

and Table B1. Briefly, the structure of the CNN network consists of an input layer and 

an output layer, as well as multiple hidden layers. The hidden layer consists of four 

convolutional layers, each followed by a minibatch layer and a nonlinear activation 

function (the rectified linear unit, ReLU), a maximum pooling layer, one dropout 

layer, and three fully connected layers. Each of the first two is followed by a ReLU 

layer and ends with one regression layer as the loss of the network. ReLU activation 

function is commonly used in modern neural networks, because it is both simple to 

implement and effective at overcoming the limitations of other previously popular 

activation functions, such as Sigmoid and Tanh (Goodfellow et al., 2016). ReLU 

remains very close to linear, as a result, it preserves many of the properties that make 

the models easy to optimize with gradient-based methods and the models generalize 

well (Goodfellow et al., 2016), and it is less susceptible to vanishing gradients that 

prevent deep models from being trained, although it can suffer from other problems 

like saturated or "dead" units. The pooling layer makes the outputs invariant and less 
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sensitive to small translations of the input and reduces the computational amount. The 

fully connected layers connect all the activations in the high-level feature maps. For 

all convolution layers, the size of the filter is 3×3 (image height × image width) with a 

stride of 1. The average pooling layer has a size of 2×2 and a stride of 2. The dropout 

has a probability of 0.2 and the regression layer computes the half mean squared error 

loss (Table B1). 

2.2.3 Flowchart 

Before training, all the samples were randomly organized into three separate 

sets: training set (60%), validation set (20%), and testing set (20%). The training and 

validation sets are used during the training process, while the testing set is applied to 

evaluate the trained modelôs accuracy and its generalization ability (Table B2). 

There are two steps for each experiment: model training and model evaluating. 

In step one, we train the CNN model by using sea surface data and labeled data 

(Figure 2.1). As a supervised regression, the loss of the network is the deviation 

between the estimated values and the labeled values. The network is trained by using 

stochastic gradient descent with momentum (SGDM); a decay learning rate is 

employed, and a minibatch is adopted for the optimizer (Table B1). The training 

processes are monitored by plotting the RMSE of the training sets and validation sets. 

In step two, we evaluate the performance of the model based on the testing set, by 

comparing the model-estimated values with the labeled data. 

After the model is well trained, the target parameters, subsurface temperature, 

and salinity in this study are then obtained simply by adding the new sea surface data 

to the obtained model. The results were evaluated using various statistical metrics 

(Text S1), including coefficient of determination (R-squared, or R2, hereafter), 



 15 

correlation coefficient (R, hereafter), and root mean square error (RMSE, hereafter). 

R2 represents the proportion of the variance for a dependent variable explained by the 

independent variables in a regression model (Text S1); while R explains the strength 

of the relationship between the observed values and the predicted outcomes (Text S1). 

The RMSE describes the specific value of the errors between the predicted outcomes 

and the observed data.  

2.2.4 Dynamic Height 

Dynamic height (DH), or geopotential anomaly, is created to calculate the 

geostrophic velocity. DH is defined as a function of density profiles:  

 ὈὌ  ὝȟὛȟὴϽὨὴ (2.1)‏

where ‏ὝȟὛȟὴ ‌ὝȟὛȟὴ ‌π Јὅȟσυ ὴίόȟὴ is the specific volume 

anomaly. The horizontal gradients of DH represent the pressure gradient force, from 

which one can calculate the geostrophic velocity shear Ў╥, as in equation: 

 █ Ў╥ Ὣɳ $( (2.2) 

with █ is the Coriolis parameter vector and Ὣ is the acceleration of gravity. As 

a result, the geostrophic velocity at one level relative to another is then obtained from 

the gradient of the vertical difference of DH.    

In this study, the seawater density field is calculated from the temperature and 

salinity fields (Fofonoff & Millard Jr, 1983; Millero et al., 1980), based on the 

estimated data and the ground truth data; thus, DH field is then obtained. Here we 

selected 2000 m depth as the reference level, geostrophic velocity relative to the 

reference level at each level is then obtained from the vertical difference of DH at each 

level relative to 2000 m.  
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Figure 2.1: Scheme of model and flowchart for the estimation. (a) Subsurface parameter at 

each grid is estimated from the sea surface data within a small box centered on 

this grid. Samples are obtained by sliding the box at sea surface and the 

corresponding point at subsurface. (b) The CNN model has 15 hidden 
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2.3 Results  

2.3.1 Scheme for Higher Resolution Estimation 

Subsurface temperature and salinity anomalies (STA and SSA) fields are 

estimated based on the anomalies of sea surface data including sea level, SST, SSS, 

zonal, and meridional wind stress (namely, SLA, SSTA, SSSA, UWSA, and VWSA). 

STA/SSA at each grid is estimated from the surface information within a small square 

box, whose horizontal center is at the target subsurface grid (Fig. 1). Sea surface 

information within each box is the input image of the CNN model, with different 

variables as different channels (Figure 2.1, Table B2). Samples (input-output pairs) are 

made by zonally and meridionally sliding the box on the map, with a certain stride 

(1°), the corresponding output grid of STA/SSA also slides with the same stride 

(Figure 2.1). Images with missing value grids more than half are regarded as invalid 

samples and discarded; those with missing values less than half are padded with 0 

before being used.  

The data-driven model aims to build the relationship between the multi-source 

satellite data and subsurface data; more precisely, the CNN model connects the target 

ocean interior temperature (and salinity) to the input image of various sea surface data. 

The estimation procedure has two steps: model building and model estimation (Figure 

2.1). In step one, the model is trained and evaluated based on the subsurface data from 

Argo, as the ground truth data of the model. The sliding stride in this step is 1° the 

same resolution as the ground truth data from Argo. In step two, STA and SSA are 

estimated by adding new sea surface data into the well-trained model. In this step, the 

sliding stride is 1/4°, the same as the sea surface observation data. Therefore, STA and 

SSA at both 1° and 1/4° resolution are estimated (Figure 2.1). We treat 1/4° as higher 
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resolution (HR, hereafter), relative to the 1° ground truth data that from Argo 

observations. 

 

Figure 2.2: Model performance for the STA estimation. (a) Coefficient of determination 

(R2), (b) RMSE of the STA (°C) estimation at each depth level and in each 

month of 2012. (c) Profiles of annual-averaged RMSE (°C) of estimation (left, 

blue) and RMS (°C) calculated from ground truth data (right, orange) with 

respect to depth level in 2012.  



 19 

Figure 2.3: Distributions of ground truth and estimated STA. The distributions of STA 

(°C) from ground truth STA (left) and model estimated STA (right) at (a, 

b) 20 m, (c, d) 50 m, (e, f) 100 m, and (g, h)150 m respectively, in 

January 2012 in the research area. 
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We started with an assessment of the input, i.e., the influence of different input 

images (image size, image resolution, and different variables) on the model 

performance. Overall, with more information involved, i.e., the more grids of an input 

image (larger image size and higher image resolution), the better performance model 

achieved (Table B3). Moreover, as the grids of input image increased, the 

improvement of the performance diminished; Image size seems to have larger 

contributions more than image resolution does (Table B3). Meanwhile, as input image 

grids increased, the computational amount increased dramatically; a larger image size 

requires more area of data coverage. Furthermore, sea level plays a major role in the 

STA estimation, followed by SSS; however, SST and sea wind stress also have some 

contributions (Table B3). As a consequence, with the priority of accuracy and trade-

off between computation amount and data availability, we set the input image with a 

size of 16°×16°, at 1/2° resolution, and involving all five sea surface variables for the 

estimation of STA and SSA. 

2.3.2 STA Fields Estimation 

With optimal parameters of input, we first applied our model to estimate STA 

at different depth levels and at different times. Figure 2.2 displays the performance of 

STA estimation at 26 depth levels from near-surface at 5 m to the deep ocean at 2000 

m, and in all months in 2012. RMSE, R2, and R were computed at each depth level in 

each month in the study area; all performance results are obtained based on the testing 

set. R2 is larger than 0.98 for all research depth levels and months, the average R2 is 

0.996 for all experiments (Figure 2.2a). RMSE is less than 0.08 °C for all depth levels 

and research periods, the average RMSE is 0.022 °C. As the depth level increases, 

RMSE decreases for all the research periods (Figure 2.2b). Variations of the ocean are 
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generally larger at the upper layer than at the deeper layer, as a consequence, the 

variations of the STA decrease from upper ocean to deeper ocean, which can be also 

seen from the profile of depth-wised root-mean-square (RMS) calculated from the 

ground truth data (Figure 2.2c, Figure B1). RMSE and the RMS calculated from the 

ground truth data displayed a similar series with respect to the depth, i.e., RMSE was 

proportional to RMS at each depth level, and the ratio of RMSE to RMS is less than 

6% for all depth levels (Figure 2.2c), indicating the estimations are accurate and very 

stable. For the upper ocean (50 m above), RMSE of the estimations have a slightly 

different depth-wised profile from the RMS (Figure 2.2c), this is because the 

estimations at these depth levels are relatively more accurate (Figure 2.2a). Overall, 

our model accurately estimated the STA fields, and the performances are very stable at 

different depth levels and at different times. 

Figure 2.3 shows the distributions of the ground truth and estimated STA at 

different depth levels (20 m, 50 m, 100 m, and 150 m) in January 2012. Overall, the 

STA map of the estimated data is highly consistent with that of the ground truth data, 

they have almost the same general pattern and almost similar features and details 

(Figure 2.3). At 20 m depth, STA map is generally a La Niña-like seesaw pattern; 

there is a cold ñtongueò at the equator area, STA is negative on the north subtropics 

and positive on the south subtropics, STA value is small between the cold tongue and 

20 °N and 20 °S (Figure 2.3a). The estimation of STA at this depth has an R2 value of 

0.998 and RMSE as 0.0475 °C, roughly 3% of the RMS value (1.52 °C) of the STA in 

the research area. There are some slight differences between the estimated and ground 

truth data; for example, the model slightly underestimated the negative STA value on 

165 °E, at the equator (Figure 2.3a, b). At 50 m, R2 value of 0.997 and RMSE as 
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0.0515 °C (roughly 6% of the RMS value, 0.9 °C). STA map at this depth is 

dominated by the cold tongue pattern, which is cooler compared with that at 20 m; 

while at both the negative value at north subtropics and positive value at south 

subtropics reduced (Figure 2.3c, d). At 100 m, the cold tongue is still the dominant 

pattern, however, the cold tongue has some meanders and there are also some eddy-

like patches (mostly positive) scattered in the research area (Figure 2.3e). The STA 

estimation is again highly accurate, with an R2 value is 0.997, and RMSE as 0.0421 °C 

(Figure 2.3e and 2.3f). As the depth goes to 150 m, the ñcold tongueò feature 

disappears on the STA map, instead, the value is main positive at the equator, with 

several eddy-like patches on the tropical regions; The estimation, again, highly agrees 

with the ground truth data (R2 is 0.997, and RMSE as 0.0418 °C), with an only slight 

difference on some certain areas, for example, 155 °W, near 30 °N (Figure 2.3g, h). 

2.3.3 Higher Resolution STA Fields Estimation 

As described in the model scheme, our model builds up the relationship 

between the image of sea surface data and the target STA, which means, the 

estimation is made by providing the well-trained model with the new sea surface data, 

precisely, each image of the sea surface data. The ground truth data from Argo is at 1°, 

however, the sea surface data from satellite observation are at HR (1/4°). Estimation 

of HR STA fields are made in the same way of 1° STA estimation, the difference is 

that the new input image of HR estimation is obtained by shifting the image box of the 

surface with a stride of 1/4°, instead of 1° in the 1° STA estimation.  

Figure 2.4 shows the estimated HR STA and the corresponding ground truth 

STA map (at 1° horizontal resolution), at 100 m depth level, in January and February 

2012. The estimated results have similar overall patterns to the ground truth data,  
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Figure 2.4: Distributions of estimated high-resolution STA. The distributions of (a) 

ground truth, and (b) HR STA (°C) at 100 m in January 2012; (c) and (d) 

are zoomed-in map of (a) and (b) over 0 °N-15 °N, 160 °W -140 °W. (e-

h) are the same as (a-d), respectively, but in February 2012. 
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sharing the same general features, as well as the details (Figure 2.4). Patterns are 

smoother on the HR STA map compared with that on the low-resolution ground truth 

data, such differences are more evident in areas where the STA gradient is large 

(Figure 2.4). In addition, the differences are more conspicuous on the zoomed-in map 

at 160 °W-140 °W, and 0 °N -15 °N, the unsmoothed pattern on the low-resolution 

map is more like serration patterns, arose due to the low-resolution (Figure 2.4c, g); by 

contrast, the shape of the positive/negative STA values are more clear and complete 

on HR map (Figure 2.4d, h). The improvements in the HR are of great significance in 

the studies of oceanic phenomena, for example, the determination of the size and 

shape of oceanic eddies are more precise on the HR map, as well as the calculation of 

the gradients which are essential for dynamic analysis.  

2.3.4 Higher Resolution Temperature Fields Estimation 

Related to above, the temperature fields are obtained simply by adding the 

climatological mean values to the obtained STA fields. As a result, the estimated 

temperature and STA data have the same RMSE. However, since the temperature is 

relatively larger than STA, i.e., the RMS of temperature is larger than that of STA (~5 

°C to ~0.6 °C); therefore, R2 (and R) calculated from the estimated and ground truth 

temperature are higher than R2 (and R) between the estimated and ground truth STA 

(for R, 0.999 to 0.985). Similarly, HR temperature field is obtained by adding 

estimated HR STA data to the HR climatological data that is obtained based on 

interpolation. To further evaluate the estimation of HR temperature fields, the 1/2 ° 

Argo gridded field data from ISAS is also compared.  
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Figure 2.5: Distributions of estimated high-resolution temperature. The distributions of 

(a) ground truth, (b) 1° estimated, (c) high-resolution (1/4°) estimated 

temperature (°C), and (d) temperature from ISAS Argo gridded data at 

200 m depth in January 2012. 

Figure 2.5 shows the subsurface temperature map at 200 m depth in January 

2012, from ground truth data, estimated data at both 1° and 1/4° resolution, and 1/2° 

ISAS Argo gridded data. The temperature map displays a seesaw pattern with high 

value at the western Pacific and low value at the East part, and the separation line 

extends southeastward and northeastward, from the near equator at 160 °W to around 

the 15 °S (15 °N) at 120 °W (Figure 2.5). The estimated temperature map is extremely 

consistent with the ground truth data in regards to both general pattern or main details 

(Figure 2.5a, b); Estimated HR temperature also displays the same pattern and feature 

with the ground truth map, but with the features are smoother and clearer by virtue of 
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higher resolution (Figure 2.5c). For the temperature map from ISAS Argo data, the 

general pattern is similar to the ground truth data that from IPRC Argo gridded data 

(Figure 2.5d); however, there are some differences in certain areas, for example, the 

temperature is high on 5 °S, 160-180 °E, on ISAS Argo map (Figure 2.5d), indicating 

the differences in the methodology of Argo data processing. Due to its resolution of 

1/2°, the features are smoother and clearer than that from IPRC Argo data and 

estimated 1° data, but less smooth and less clear than that of HR estimated data 

(Figure 2.5). 

Figure 2.6: Profiles of the observed and reconstructed temperature. The potential 

temperature profiles within (a) box 1 (170 °E-175 °E, 20 °N -25 °N), ( b) 

box 2 (175 °E-180 °E, 2.5 °S -2.5 °N), and (c) box 3 (130 °W-125 °W, 15 

°S -20 °S) in January 2012. Temperature data are form daily Argo floats 

(grey lines) provided by EN4 and from the 1 ° estimated data (red lines).  

The dash lines (dash back for Argo profiles and dash red for estimated 

data) indicate the averaged profiles. 
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Comparisons between the estimated temperature profiles and the original Argo 

floats profiles are also made (Figure 2.6). The Argo profiles are on a daily time scale 

and the locations are relatively arbitrary, while the reconstructed data are gridded and 

monthly. To alleviate the effect of the time and location differences on the 

comparison, we randomly selected some small boxes, with a size of 5 °×5 °; and the 

temperature profiles within the box and in a certain month are compared. Figure 2.6a, 

2.6b, and 2.6c show the temperature profiles in small box 1 (170 °E-175 °E, 20 °N -25 

°N), box 2 (175 °E -180 °E, 2.5 °S -2.5 °N), box 3 (130 °W-125 °W, 15 °S -20 °S) in 

January 2012, with profiles from Argo floats (grey lines) and the constructed (red 

lines) respectively. There are 6, 11, and 16 Argo profiles in box 1, box 2, and box 3 

respectively, and from the profiles, the mixed-layer and the thermocline can be found 

(Figure 2.6). The results show that the estimated temperature profiles are very similar 

to the Argo floats profiles, especially for those below 500 m. The RMSE between the 

averaged profiles from Argo (dash back line) and estimation (dash red line) are 0.61 

°C, 0.47 °C, and 0.65 °C in box 1, box 2, and box 3 respectively (Figure 2.6). The 

errors are partly ascribed to the differences in the time and location in the observed 

and reconstructed data. Overall, this model successfully and accurately reconstructed 

the temperature vertical profiles compared with the observed data.  

2.3.5 Higher Resolution SSA and Salinity Fields Estimation  

Like the estimation of STA, SSA is estimated as well. The same CNN model is 

used with the same inputs from the satellite observational data, while the output has 

changed from STA to SSA. The ground truth SSA data that is used to train and 

validate the CNN model is also from Argo gridded data. Similarly, we estimated the 
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SSA at 1° and 1/4° (HR) fields, as well as the salinity and HR salinity fields, which 

have 27 standard depth levels and at different times. 

Figure 2.7: Model performance for SSA estimation. (a) Coefficient of determination 

(R2), (b) RMSE of the SSA (psu) estimation of each depth level and in 

each month of 2012. (c) Profiles of RMSE (psu) of estimation (left, blue) 

and RMS (psu) calculated from ground truth data (right, orange) with 

respect to depth levels averaged over all moths, 2012.  
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Figure 2.8: Distributions of ground truth and estimated SSA. The distributions of SSA 

(psu) from (a) ground truth data, (b) estimated data, and (c) HR estimated 

data at 50 m depth in January 2012. (d-f) are the same as (a-c) but at 100 

m. (g-i) are the same as (a-c) but at 150 m. 

Figure 2.7 exhibits the performance of the estimation of SSA at 26 depth levels 

in the Pacific Ocean, from January to December in 2012. Overall, the estimation is of 

high accuracy. R2 is larger than 0.97 for each depth level and each month during the 

research periods (Figure 2.7); R is larger than 0.98 for any depth level in any month 

during the research period (Figure B2). The average R2 is 0.991 and RMSE is 0.0028 

psu for all depth levels and research periods. Also, R2 value slightly decreases with 

respect to the depth levels, from 0.998 at 5 m to 0.978 at 2000 m (Figure 2.7a); R has a 

similar distribution with R2 and is slightly larger than R2 on each research depth level 
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and research time (Figure B2). RMSE significantly decreased along with the depth 

levels, from 0.0074 psu near-surface to 0.0004 at 2000 m (Figure 2.7b). Nonetheless, 

RMSE is proportional to RMS that calculated from the ground truth data with respect 

to the depth level, with a rate of ~5% (Figure 2.7c, Figure B2), indicating the 

estimations using the CNN model are very stable for different depths. The slight 

decrease in the depth-wised R2 is because the value of STA decreased with respect to 

the depth and because very small at the deep ocean (0.0004 psu at 2000 m depth 

level), such small values make the estimation harder, given that, the model can still 

accurately obtain the STA at the deep ocean like 2000 m (Figure 2.7a).  

Figure 2.8 shows the distributions of ground truth and estimated SSA, as well 

as the estimated HR SSA, at different depth levels (50 m, 100 m, and 150 m) in 

January 2012. Unlike the STA map in Figure 2.3, there is no ñcold tongueò pattern on 

the SSA map at the same depth and same time, instead, the SSA patterns are relatively 

more ñdisorganizedò with the positive and negative value interlaces. At 50 m, the SSA 

is positive on the southwest part, while it is negative on the northeast part of the 

research area; at 100 m, it is negative near the equator and positive on other areas; at 

150 m, SSA is negative around 10 °S, as well as 20-30 °N, 150 -120 °W, and positive 

on 0-30 °N, 160 °E-160 °W.  The distributions are different from each other at 

different depth levels, indicating the vertical continuity is weak for these depth 

differences (50 m), relatively weaker than that of the SSA patterns. For the estimation, 

the estimated SSA captures most of the features on the map at each depth level, even 

at regions with extreme values and larger gradients (Figure 2.8). Although the 

estimation is of high accuracy, it still has some errors. For example, around the 

equator, 160 °E on Figure 2.8a and 8b, the model slightly underestimated SSA value. 
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The HR SSA estimation inherits the same accuracy as the estimation at normal 

resolution, thus, the SSA maps from them have similar patterns (Figure 2.8). However, 

since the HR estimation largely enhances the resolution, the patterns are clearer and 

more natural and contain more information (Figure 2.8c, f, i). On the normal 

resolution map, the patterns are vague at the edge of the features or areas where the 

gradient is large; by contrast, features are sharper and clearer especially at the edge 

areas (Figure 2.8). 

Figure 2.9: Distributions of estimated high-resolution salinity. The distributions of (a) 

ground truth, (b) 1° estimated, (c) high-resolution (1/4°) estimated 

salinity (psu), and (d) salinity from ISAS Argo gridded data at 200 m 

depth in January 2012. 
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Besides, the salinity fields and HR salinity fields are also calculated based on 

the model results. As aforementioned relation between estimated temperature and 

STA, the estimated salinity and SSA have a similar relation. First, the estimated 

salinity data inherits the same error as the SSA and thus they have the same RMSE; 

however, since the RMS of the salinity is larger than that of SSA, the estimated 

salinity data have a higher R2 and R values than those of the estimated SSA. Figure 

2.9 shows the salinity distribution from the ground truth data from Argo gridded data, 

estimated salinity data, HR salinity data, and Argo gridded data from ISAS at 1/2° 

resolution at 200 m in January 2012. Unlike the relatively disorganized SSA map 

(Figure 2.9), the salinity displays a seesaw pattern like the temperature map in Figure 

2.5, with high salinity at the south and low value at the north.  

2.3.6 Dynamic Height and Geostrophic Flow Fields 

Dynamic Height (DH) or geopotential anomaly is calculated based on the 

density fields and it contains all the horizontal and vertical variations of density, while 

the density fields are obtained from the temperature and salinity fields. As a result, the 

horizontal gradients of the DH represent the horizontal pressure gradient force. Figure 

2.10 presents the DH map at different depth levels (100 m, 200 m, and 500 m) in 

January 2012, derived from the temperature and salinity fields from the ground truth 

value at 10 °N and 10 °S, and higher at the west part than the east part (Figure 2.10a). 

This is a combined consequence of the distributions of both temperature and salinity in 

the upper 100 m (Figure 2.4 and Figure 2.8). A high temperature (or low salinity) 

leads to a low density and then a high DH, and vice versa. DH at 200 m has a similar 

pattern to that at 100 m in general, indicating the vertical continuity (Figure 2.10d); 

however, they also have significant differences in detail, as well as the range of value, 
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indicating the uneven distribution of temperature and salinity between these two 

depths (Figure B3a-d, Figure B4a-d). At 500 m, the high DH value at South 

Hemisphere extends to the east part (Figure 2.10g); around the equator, the zonal and 

the estimated data. The DH at 100 m has a two-peak distribution meridionally with a 

high gradient of the DH is not increasing from 200 m to 500 m, suggesting the relative 

low gradient of temperature and salinity during these two depth levels (Figure B3e-h, 

Figure B4e-h). Besides, estimation at both normal resolution and HR are highly 

consistent with the ground truth data (Figure 2.10). 

Figure 2.10: Distributions of dynamic heigh. Dynamic heigh (DH, m2s-2) map at 100 

m depth in January 2012, derived from (a) ground truth, (b) estimated, 

and (c) HR estimated temperature and salinity fields.  (d-f) are the same 

as (a-c) but at 200 m, (g-i) are the same as (a-c) but at 500 m. 
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Figure 2.11: Distributions of dynamic heigh differences. Dynamic heigh (DH) 

difference (m2s-2) map at 100 m depth in January 2012, that derived from 

(a) ground truth data, (b) estimated data, and (c) HR estimated data. (d-f) 

are the same as (a-c) but at 200 m. (g-i) are the same as (a-c) but at 500 

m. DH difference is calculated relative to 2000 m, thus, the DH 

difference can serve as the streamfunction of the geostrophic flow 

relative to 2000 m. 

DH difference between one level with another level is also calculated. The DH 

difference is the streamfunction of the geostrophic velocity at one level relative to 

another. We selected 2000 m depth as the reference level in this study, which is the 

deepest level of core Argo measurement. Figure 2.11 displays the DH difference, 

relative to 2000 m, at 100 m, 200 m, and 500 m depths respectively in January 2012. 

The distribution of the DH difference from the estimated temperature and salinity 
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structure accurately agrees with that from the ground truth data. Figure 2.12 exhibited 

the distribution of the geostrophic currents calculated from both the Argo gridded data 

and the reconstructed data, The results indicate our estimation can also be applied in 

the estimation of the geostrophic velocity fields. Compared to the ground truth data, 

Figure 2.12: Distributions of geostrophic currents. Dynamic heigh difference (m2s-2) 

map (color) and the corresponding geostrophic currents (arrow) at 100 m 

depth in January 2012, (a) from 1 ° Argo gridded data, (b) from the 1/4 ° 

estimated data. 
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the HR estimation provides more information and details on the map and thus the 

features are clearer, especially at the feature edges or areas where gradients are large, 

such as the highest value over 160 °E-170 °E, 20 °N -30 °N on Figure 2.11a-c, and 170 

°W -160 °W, 10 °N -20 °N on Figure 2.11g-i. These improvements are critical cause 

the gradients are associated with the velocity calculations.  

2.4 Discussion and Conclusion 

Accurately estimating ocean interior temperature and salinity structures is of 

great importance for ocean science and climate studies, for the direct observations are 

difficult and costly and thus still very sparse. The ocean interior parameters are 

dynamically connected with the sea surface data; the sea surface data are plentifully 

collected by satellite measurements. Therefore, the idea came to researchers that 

retrieving subsurface information from sea surface data, for making up for the 

insufficiency of ocean interior data and fully utilizing the increasing volumes of 

satellite data. However, retrieving subsurface information from the sea surface is 

challenging because the direct physical relationship between sea surface data and 

subsurface information is still not fully understood. Nonetheless, the surface-

subsurface relationship is also engraved on the data. The relationship thus can be 

learned from the data by machine learning methods. Here we design a data-driven 

deep learning model that builds the relationship between subsurface parameters 

(temperature and salinity) and sea surface data from satellite observations (sea level, 

SST, SSS, surface wind); subsurface data are then obtained simply by combining the 

well-trained model with the satellite-observed sea surface data. In this study, the 

estimated 3D temperature and salinity fields are from near-surface to 2000 m 

vertically and monthly at different times. Moreover, we develop a new scheme that 
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successfully improved field data estimation from 1° to 1/4° horizontal resolution, a 

higher resolution level compared to the 1° Argo gridded data. 

Although estimating subsurface and deep ocean parameters from sea surface 

data has been explored in many previous studies through both statistical and 

dynamical approaches (Lu et al., 2019; Su et al., 2015; Su et al., 2019; Wu et al., 

2012), our method has significant improvement in the data resolution and accuracy. 

To build up and validate any models, ground truth subsurface data are always needed, 

thus, the estimated data in most previous researches are also at the same resolution as 

the Argo data, rough 1° (Han et al., 2019; Lu et al., 2019; Su et al., 2015; Su et al., 

2019; Wu et al., 2012). To overcome the limitation of the ground truth data resolution, 

we design a new scheme that subsurface data at each grid is estimated from one small 

image (Figure 2.1); the HR subsurface data field is obtained by sliding the image with 

a stride of 1/4° at the sea surface (Figure 2.1). Furthermore, our model substantially 

improved the accuracy of estimation compared to many previous studies (Han et al., 

2019; Lu et al., 2019; Su et al., 2015; Su et al., 2019; Wu et al., 2012). Compared with 

other machine learning methods, CNN model has conspicuous advantages in 

processing image or image-like data due to the ability to take the spatial relation into 

account; also, it has a larger capacity that can be tackling very complex relations 

compared with traditional machine learning methods (Goodfellow et al., 2016; 

Krizhevsky et al., 2012). The accuracy is improved also because we use one image to 

estimate each subsurface data, instead of estimating subsurface data within an image.  

Our method has wide usage. First, retrieving the subsurface temperature and 

salinity data where there are no direct measurements but satellite data are available. 

For example, before Argo era, observations of subsurface temperature and salinity are 
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very sparse while satellite-observed sea surface data are abundant. Even during Argo 

era, the observations are still sparse, especially in certain areas like high latitude in 

both hemispheres, compared with the copious sea surface data. Second, our model 

estimates both temperature and salinity fields, thus, as aforementioned results, the 

density fields and the dynamic fields can be also derived, as well as the geostrophic 

velocity fields. Third, the HR 3D field data have broadened the spatial scale to a 

mesoscale level, providing more data for studies on this scale and the processes 

interactions between different scales.  

Remarkable performances for estimation subsurface data on a monthly time-

scale are found in our model, however, data on different time-scales are also of great 

importance because oceanic processes are in a wide range, such as daily time-scale 

data are needed for studies synoptic-scale oceanic processes. Besides, further studies 

on the predictions of the ocean data on different temporal and spatial scales are needed 

to fully make use of the deep learning models.  

This study extends the usage of the satellite data, enriches the ocean data for 

both dimension and resolution, and provides some new insights into the ocean 

dynamics from a data-driven aspect. Multidisciplinary researches have enormous 

potential, here we provide a good example between remote sensing, ocean science, 

and deep learning. 
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Abstract 

Sea level changes within wide temporal-spatial scales have great influence on 

oceanic and atmospheric circulations. Efforts have been made to identify long-term 

sea level trend and regional sea level variations on different time scales. A non-

uniform sea level rise in the tropical Pacific and the strengthening of the easterly trade 

winds from 1993 to 2012 had been widely reported. It is well documented that sea 

level in the tropical Pacific is associated with the typical climate modes. However, sea 

level change on interannual and decadal time-scales still requires more research. In 

this study, the Pacific sea level anomaly (SLA) was decomposed into interannual and 

decadal time-scales via an ensemble empirical mode decomposition (EEMD) method. 

The temporal-spatial features of the SLA variability in the Pacific has been examined 

and were closely associated with climate variability modes. Moreover, decadal SLA 

oscillations in the Pacific Ocean were identified during 1993-2016, with the phase 

reversals around 2000, 2004, and 2012. In the tropical Pacific, large sea level 

Chapter 3 
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variations in the western and central basin were a result of changes in the equatorial 

wind stress. Thus coherent decadal changes could also be seen in wind stress, sea 

surface temperature (SST), subtropical cells (STCs) and thermocline depth. Our work 

provided a new way to illustrate the interannual and decadal sea level variations in the 

Pacific Ocean and highlighted the coupled decadal atmosphere-ocean oscillations in 

the tropical region with two cycles from 1993 to 2016.  

3.1 Introduction  

Sea level is an important indicator for climate change and it changes in broad 

spatial and temporal scales. The global mean sea level has been rising at a rate over 3 

mm/year since 1993 based on observation data from satellite altimeter. But, the sea 

level changes are not spatially uniform, and regional sea level changes are on wide 

time-scales, from monthly to inter-decadal (Cazenave & Llovel, 2010; Cazenave & 

Remy, 2011; Merrifield, 2011). Although challenging, many efforts have been made 

to quantify long-term sea level trend and the part due to anthropogenic contributions 

(Hamlington et al., 2016; Merrifield, 2011; Merrifield & Maltrud, 2011). Nevertheless, 

sea level variations on interannual and decadal time-scales hold larger amplitude 

magnitudes than long-term trends and thus have essential influence on the oceanic and 

atmospheric circulations and climate change (Feng et al., 2011; Feng et al., 2010; 

Merrifield & Maltrud, 2011; Qiu & Chen, 2012). Lee and McPhaden (2008) found 

decadal sea level and wind stress changes around 2000 in the Indo-Pacific region; 

While the multidecadal regional sea level shifts in the Pacific during 1958-2008 was 

found by Moon et al. (2013), Hamlington et al. (2016) uncovered an ongoing shift in 

Pacific Ocean sea level over the past few years. Han et al. (2013) found the western 
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tropical Pacific decadal and multi-decadal sea level variability intensified during 

recent decades. 

Many previous studies have associated sea level variability in the Pacific with 

climate variability (Cazenave & Remy, 2011; Chen & Wallace, 2015; Liu, 2012; 

Zhang & Church, 2012). Zhang and Church (2012) explained 60% of sea level 

variance, during the altimetry era, through a multivariate linear regression model by 

utilizing ENSO and IPO index. Moon et al. (2015) found the intensification of decadal 

sea level variability in the tropical Pacific was due to PDO and ENSO modulations. 

Efforts have also been made to identify the contributions of climate variability to the 

sea level trends. Merrifield and Maltrud (2011) used a multiple regression to single out 

the ENSO associated trend, while Hamlington et al. (2013) identified and removed the 

PDO related sea level trend to uncover the anthropogenic sea level rise. Lyu et al. 

(2017) detected and explained an ENSO-like low-frequency, on quasi-decadal and 

multidecadal time-scale, variability in the Pacific. Nevertheless, the specified 

contributions of climate modes to the Pacific sea level variation on different time scale 

requires more examination. 

Efforts have also been made to interpret the causes of these sea level changes. 

Wind stress is suggested to be the primary forcing of sea level changes in the Pacific 

(Lee & McPhaden, 2008; Nidheesh et al., 2013; Qiu & Chen, 2012; Zhang & Church, 

2012; Zhang et al., 2013). Lee and McPhaden (2008) pointed out the decadal sea level 

changes driven by wind stress and wind stress curl; Nidheesh et al. (2013) showed that 

decadal and long-term sea level variability was mainly driven by wind stress in the 

Indo-Pacific Ocean. Moreover, the wind stress and the sea surface temperature are 

coupled in the tropical Pacific through such as Bjerknes Feedback (Bjerknes, 1969) 
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and Wind-Evaporation-SST (WES) feedback (Xie & Philander, 1994). In the air-sea 

system, especially in the tropical Pacific, the changes in the sea level, sea surface 

temperature, and sea surface wind are associated with each other period. Further 

research is needed to clarify their performance on different time-scales. 

Studying sea level changes on different time-scales provides insight on how 

oceanic circulations (Lee & McPhaden, 2008; Nidheesh et al., 2013; Qiu & Chen, 

2012; Zhang & Church, 2012; Zhang et al., 2013). This is beneficial and critical for 

determining sea level changes due to anthropogenic climate change (Hamlington et al., 

2014; Zhang & Church, 2012). Since 1992, altimeter satellites have been providing 

high-accurate, high-resolution sea level data with global coverage. A comprehensive 

study on sea level changes on different time-scales and long-term trend is needed, 

which in return provides information for current and future oceanic and atmospheric 

circulations and climate changes predictions. In this study, we identified Pacific sea 

level variability and its long-term trend through a new method, and analyzed their 

temporal-spatial characteristics. In addition, the associated variations of wind, SST, 

STC and thermocline depth were also discussed in a coupled ocean-atmosphere 

dynamic framework, to explore the potential formation mechanisms for the sea level 

changes.  

This paper is organized as follows: the next section introduces the data and 

methods used, followed by the presentation of the main results in section 3. A 

discussion of the results and our conclusions are in section 4. 
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3.2 Data and Methods 

3.2.1 Data 

Monthly sea level anomalies (SLA) data from 1993 to 2016 on a 0.25-degree 

grid, measured by altimeters, was provided by Archiving, Validation and 

Interpretation of Satellite Oceanographic (AVISO).  

Monthly wind data from the Cross-Calibrated Multi-Platform (CCMP) (Atlas 

et al., 2011), was provided by Remote Sensing Systems (RSS). The CCMP wind data 

is a consistent, gap-free data available from July 1987 to present, with a 0.25-degree 

resolution, and produced using satellite, moored buoy, and model wind data with a 

Variational Analysis Method (VAM). NCEP/NCAR reanalysis wind data was also 

used and is available from 1948 to present with 2.5×2.5-degree horizontal resolution.  

SST data was provided by the Optimum Interpolation Sea Surface 

Temperature (OISST) dataset, from NOAA. The OISST product is an analysis 

constructed by combining observations from different platforms (satellites, ships, 

buoys) on a regular global grid. The data derived from AVHRRïOnly is used and is 

available from November 1981 to present.  

ENSO indexes are the time series of area averaged SST (e.g. Niño-3.4: from 

5 °N -5 °S and 170 °-120 °W) used to identify El Niño and La Niña events. The data 

was provided by ESRL, NOAA (data source: 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Nino34/), calculated from the 

HadISST1 data. The PDO (data source: http://research.jisao.washington.edu/pdo/) is a 

low-frequency (decadal to multi-decadal) El Niño-like pattern of Pacific climate 

variability, defined as the leading mode of empirical orthogonal functions (EOF) of 

North Pacific monthly SST variability, and PDO index is the leading PC time series. 
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The PDO index and ENSO index were highly correlated on decadal and longer time-

scales (Zhang & Church, 2012), and we used the PDO index to stand for Pacific 

climate variability on a decadal or longer time-scale. 

To study 3-dimension oceanic variations, Ocean Reanalysis Pilot 5 (ORAP5) 

data and SODA 3.4.2 3D were used. ORAP5 is a new eddy-permitting ocean 

reanalysis data, provided by the ECMWF (Zuo, Balmaseda, et al., 2017). The data 

contains high horizontal and vertical resolution fields of temperature, salinity, and 

horizontal velocity over 1979-2013. Monthly SODA 3.4.2 data contain oceanic 

variables of temperature, practical salinity, density, sea level, mixed layer depth, 

current velocities, and wind stress. 

3.2.2 Methods 

The SLA time series of each grid was decomposed into variations on different 

time-scales (intrinsic mode functions, IMFs) and a nonlinear trend through EEMD 

method (0.2 standard error of noise, 50 times iterations). We discarded seasonal and 

higher frequency IMFs and then arranged low-frequency IMFs into two groups. One 

group includes variations with a period of 1-7 years and was regarded as the 

interannual mode; the other group holds a period of 6-20 years and was regarded as 

the decadal mode. In the Pacific, the dominant spatial pattern of SLA variability on 

different time-scales were identified by the EOF method, and we associated SLA and 

climate variability by comparing EOFs patterns and principal components (PCs) time 

series. To investigate changes on interannual and longer time-scales, monthly data of 

SLA, wind stress, and SST were smoothed with a 13-month running-box filter to 

remove the seasonal signal. We also examined the relation between SLA and climate 

variability in the Pacific by calculating the linear correlation between the SLA and  
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Figure 3.1 Linear tendencies of SLA (cm/year) during (a) 1993-2000, (b) 2000-2006, 

(c) 2006-2012, and (d) 2012-2016 for altimeter monthly mean SLA. The 

linear tendencies are calculated after seasonal adjustment with a 13-point 

running-mean filter. Values not significantly different from zero at the 95% 

confidence level are masked out. (e) Box-averaged SLA time series on 

interannual (dash curves) and decadal (solid curves) time scales, based on 

EEMD decomposition. 
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ENSO index on interannual time-scale, as well as the linear correlation between the 

SLA and PDO index on decadal time-scales. 

3.3 Results 

3.3.1 Decadal variability of the SLA in the Indo-Pacific Oceans 

SLA in much of the Indo-Pacific region exhibited nearly coherent variations on 

decadal time-scales based on satellite altimeter data, with the phase changes in 2000, 

2004, and 2012 (Figure 3.1a-d). Time series of box averaged SLA in places that 

exhibited large variation amplitudes also presented the near coherent phase reversals 

in 2000, 2004 and 2012 (Figure 3.1e). These places include the central-equatorial 

Pacific (Figure 3.1a, box a), western tropical Pacific (box b), southeast Indian Ocean 

(box c), north-central subtropical Pacific (box d), Alaska Gyre (box e), north-eastern 

subtropical Pacific (box f), south-central subtropical Pacific (box g), southeast 

subtropical Pacific (box h), and the Southern Ocean (box i). The turning points display 

a near 6 to 12 months lag at middle latitude areas (Figure 3.1e). The magnitudes of the 

linear tendencies of SLA during these periods were much larger than the global mean 

sea level trend from 1993 to 2016, around 3.2 mm/year (Figure C1a). SLA in other 

places like the Atlantic Ocean and North Indian Ocean did not show significant 

variations during these periods (Figure 3.1a-d).  

These sea level changes in the Pacific exhibited an ENSO-like seesaw spatial 

pattern in the whole ocean-basin and oscillated at a decadal time-scale (Figure 3.1a-d). 

Such ENSO-like seesaw patterns of SLA tendencies separated near 1600E in the 

tropical Pacific and extended northeast and southeast through the whole ocean-basin 

during 1993-2000, 2000-2004, and 2004-2012 (Figure 3.1a-c). However, the 
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separation point was near 180 °E in the tropical Pacific during 2012-2016 (Figure 

3.1d). In the tropical Pacific, large SLA variations are seen in the western and central 

areas, while SLA in the eastern tropical Pacific kept relatively steady during 1993-

2000, 2000-2004, and 2004-2012, but increased significantly during 2012-2016 

(Figure 3.1a-d). In addition, the amplitude of the sea level tendencies are larger during 

2000-2004 and 2012-2016 than that during 1993-2000 and 2004-2012 (Figure 3.1a-d). 

Overall, the mean SLA trend in the Pacific was the same as the global mean sea level 

trend of 3.2 mm/year from 1993 to 2016 (Figure C1a, C1b). 

As pointed out by McPhaden and Zhang (2002, 2004), SLA changes in the 

tropical Pacific also imply changes of the Pacific subtropical cells (STCs). Pacific 

STCs, connecting the tropical and subtropical region, are driven by the Ekman 

divergence and pycnocline convergence water. A positive trend of sea level 

differences (æh) between the western and eastern tropical Pacific implies an enhancing 

convergence of pycnocline waters, indicating a strengthening of the STCs in both 

sides of equatorial Pacific. Therefore, Pacific STCs experienced decadal oscillations 

for two cycles from 1993 to 2016 (Figure 3.1a-d, 1e), which increased during 1993-

2000 and 2004-2012, and decreased during 2000-2004 and 2012-2016 respectively. 

There was no significant trend of the STCs from 1993 to 2016 (Figure C1a). 

Moreover, the thermocline depth was directly anti-related to the sea level in the 

tropical Pacific. During 1993-2000, for example, the thermocline largely deepened in 

the western tropical Pacific and it shoaled in the central tropical Pacific (Figure C3). 

Such anti-relation between the sea level and the depth of the thermocline in the 

tropical Pacific can be well explained by a 1.5-layer gravity-reduced model.  
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Figure 3.2: Linear tendencies of wind stress (vector) [Nm-2yr-1] and linear tendencies 

of SST (color map) [°C/year] during periods of (a) 1993-2000, (b) 2000-

2006, (c) 2006-2012, and (d) 2012-2016. Estimated from CCMP monthly 

wind data and OISST monthly data. The tendencies are calculated after 

seasonal adjustment with a 13-point rectangular filter and values not 

significantly different from zero at the 95% confidence level are masked 

out. 
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Sea level change in the eastern South Indian Ocean (SIO) was closely related 

to that in the tropical Pacific during the whole period (Figure 3.1a-d). Sea level in the 

central and western SIO had opposite tendencies compared to the sea level in the 

eastern SIO during 1993-2000 and 2000-2004, but its changes during 2004-2016 were 

not obvious.  

3.3.2 Variations of the wind stress and SST in the Indo-Pacific Oceans 

In the equatorial areas, the Sverdrup balance requires the depth integrated 

pressure gradient to balance the equatorial wind stress. Therefore, the SLA variations 

could be mostly related to changes in the wind stress. During 1993-2016, sea level 

changes in the western (Figure 3.1a, box b) and central tropical Pacific (Figure 3.1a, 

box a) were well correlated with the equatorial zonal wind stress, with correlation 

coefficients (R, hereafter) of 0.61 and -0.92 respectively. Linear tendencies of the 

wind stress in the tropical Pacific also exhibited a west-east seesaw pattern during 

1993-2000, 2000-2004, 2004-2012, and 2012-2016 (Figure 3.2a-d). Wind stress 

tendencies in the ówestô half of equatorial Pacific hold a much larger amplitude than 

that in the óeastô half, and the óseparationô points were located near 150 °W during 

1993-2000, 2000-2004, and 2004-2012 (Figure 3.2a-c). Such wind stress changes 

explained the large SLA tendencies in the western and central tropical Pacific and 

weak SLA changes in the eastern tropical Pacific. During 2012-2016, the separating 

point was at 120 °W, leading to large sea level rise in the eastern tropical Pacific 

(Figure 3.2d, 3.1d). Therefore, sea level changes in the western and central tropical 

Pacific were mainly inhibited by the equatorial wind stress changes in the ówesternô 

half of the equatorial Pacific. The correlation coefficient between the equatorial zonal 
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winds west of 150 °W and the SLA in central equatorial Pacific (box a) and in west 

equatorial Pacific (box b) were 0.78 and -0.90 respectively during 1993-2016.  

Changes in the extra-tropical SLA were mostly associated with the wind stress 

curl changes. A positive wind stress curl trend in the northern (southern) hemisphere 

would lead to a negative (positive) trend of SLA.  In much of the Indo-Pacific, the 

wind stress curl trends are centered to the east of the SSH pattern during 1993-2000, 

2000-2006, and 2006-2012 (Figure C2), indicating the contribution of westward 

propagating Rossby waves in wind forcing on the ocean. These places included the 

extra-tropical regions and south-central Indian Ocean.  

The wind stress was coupled with the SST in the tropical Pacific air-sea system. 

The changes in the strength of the easterly trades affect the SST in the equatorial 

Pacific. A strengthening of easterlies increases Ekman divergence and strengthens the 

STCs, and the increasing equatorial upwelling brought more cold water to the surface, 

cooling the SST; vice versa. This happens mostly in the central and eastern Pacific 

where the shallow thermocline favors the cooling of SST by upwelling (Figure C3). 

Besides, there is also Wind-Evaporation-SST (WES) feedback, a positive feedback 

over the equatorial region. The strengthening of the equatorial easterly piled more 

water in the western tropical Pacific, resulting in a positive anomaly of SST at the 

western tropical Pacific, and this SST anomaly extends to middle latitudes (Figure 

3.2a-d). The Pacific equatorial easterlies, as well as the STCs, experienced a 

strengthening-weakening oscillation during 1993-2000, 2000-2004, 2004-2012, and 

2012-2016 (Figure 3.2a-d). However, the magnitude of the wind stress tendency 

changed at the different periods as well. The wind stress tendency in the Pacific, 

especially at the tropical Pacific, displayed the largest magnitude during 2012-2016, 
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followed by that during 2000-2004, and both were larger than the wind stress tendency 

during 1993-2000 and 2004-2012 (Figure 3.2a-d).  

The coherent wind-SST variability suggests that the Bjerknes Feedback is at 

work on a decadal timescale. In the Pacific Ocean, linear trends of the SST also 

displayed the ENSO-like pattern and the pattern oscillated during 1993-2000, 2000-

2004, 2004-2012, and 2012-2016 (Figure 3.2a-d). The seesaw pattern of the SST 

tendency separated near 150 °E. SST in the central-equatorial Pacific had the largest 

tendency during each period, while SST at the east equatorial Pacific kept steady 

during 1993-2012. However, during 2012-2016 the linear trend of the SST had a 

larger magnitude than that during 2000-2004, and the positive SST tendency extended 

to the eastern tropical Pacific. SST in the southeast Indian Ocean held the similar 

variation with that in the western tropical Pacific.  

3.3.3 Climate modes of Pacific SLA variability  

Pacific SLA data during the altimetry era was decomposed into interannual and 

decadal components and a nonlinear residual via EEMD. The residual was the intrinsic 

trend of the SLA in the Pacific with the periodic signals removed. The pattern of linear 

trend SLA residual exhibited sea level rise in the Pacific Ocean during both 1993-2012 

and 1993-2016, the sea level rise trend pattern during 1993-2012 and 1993-2016 were 

similar but were not spatially even (Figure C1b, C1d). Interestingly, the pattern of the 

linear trend of SLA was almost the same as the pattern of the linear trend of the SLA 

residual from EEMD during 1993-2016 (Figure C1c, C1d). However, the linear trend 

pattern of SLA during 1993-2012 was clearly different from that of the SLA residual 

during the same period (Figure C1a, C1b). The mean sea level residual trend in the 

Pacific Ocean was also 3.2 mm/year during this period.  
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Figure 3.3: EOF 1 of on interannual (a) and decadal (b) SLA variability from 1993 to 

2016 for altimeter sea level data, decomposed via EEMD. (c) Principal 

component (PC) time series (blue) of EOF 1 of interannual SLA and 

interannual Niño-3.4 index (red), (d) PC1 (blue solid) of decadal SLA 

and decadal PDO index (red dash). Notice that EOF 1 of decadal SLA (b) 

was a negative ENSO-like pattern and PC 1of decadal SLA (d) was 

inversed. Interannual component of ENSO index and decadal component 

of PDO index were derived via EEMD method (noise standard error = 

0.2, iteration times = 50). 
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EOF-1 (51.3%) of the interannual SLA was an ENSO-like pattern with strong 

signals in the tropical Pacific area and weak signals in middle latitude (Figure 3.3a). 

The PC1 was highly correlated (R was 0.95) with Niño-3.4 index on interannual time-

scale during 1993-2016 (Figure 3.3b). EOF-1 (44.5%) of the decadal component of 

SLA presented an ENSO-like pattern with signals extended into the whole ocean-basin 

(Figure 3.3b); The PC-1 was highly correlated (R was 0.92) with PDO index on 

decadal time-scale. Such time series displayed a near 10-year period oscillation for 

two cycles from 1993 to 2016 (Figure 3.3b). The dominating (EOF-1) mode of 

interannual SLA held strong signals in the tropical Pacific and weak signals in middle 

latitude while the dominating mode of decadal SLA exhibited strong signals extending 

into the whole ocean-basin (Figure 3.3a, b). In the eastern tropical Pacific, however, 

strong signals could be found in the dominating mode of interannual SLA but not in 

the dominating mode of decadal SLA (Figure 3.3a, b). Furthermore, the time series of 

the dominating modes of interannual and decadal SLA exhibited very weak 

correlations. While extreme values were found in 1997-98, 2002-03, 2009-10, and 

2015-16 on PC-1 of interannual SLA variability, reflecting the influence of ENSO 

events (Figure 3.3c), the turning points of PC1 of decadal variability can be seen at 

2000, 2004, and 2012 (Figure 3.3d). Such results indicated poor correlation between 

the interannual and decadal SLA variability. 

In addition, the relation between the Pacific SLA and climate variability can be 

determined by linear correlation. The pattern of the correlation coefficient between the 

interannual SLA and ENSO index (interannual component) displayed an ENSO-like 

pattern and was highly similar to the EOF-1 pattern of the interannual SLA during 

1993-2016 (Figure 3.4a). Whereas, the pattern of the correlation coefficient between  
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Figure 3.4: Correlation coefficient between interannual sea level and Niño-3.4 on an 

interannual time-scale (a) and between decadal sea level and PDO index 

on a decadal time-scale (b) from 1993 to 2016. The interannual and 

decadal component of SLA, Niño index and PDO index were derived 

through EEMD. 

the decadal SLA and PDO index (decadal component) was a ENSO-like pattern and 

thus was highly similar to EOF-1 of the decadal SLA (Figure 3.4b). The high values of 

the correlation coefficient (Figure 3.4a, b) implied a close relationship between ENSO 

and interannual SLA variability in the tropical Pacific, as well as a close relationship 

between PDO and the decadal SLA variability in the Pacific ocean-basin. The spatial 

pattern of EOF-1 of the decadal SLA was similar to the patterns of the SLA tendencies 
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(Figure 3.3b, Figure 3.1a-d) during 1993-2016. The PC-1 of the decadal SLA 

exhibited decadal variations with phase reversals in 2000, 2004, and 2012, coinciding 

with the turning time of the SLA tendencies (Figure 3.3d).  

SLA tendency during 2012-2016 held larger amplitude, with a strong signal in 

the eastern tropical Pacific, compared to those during previous periods (Figure 3.1d). 

Although the interannual component of ENSO hardly contributed to the SLA tendency 

during 2012-2016, as mentioned above, the type of the El Niño most likely did. The El 

Niño events of 2002-2003 and 2004-2005 were of the central-Pacific (CP) type, while 

the strong El Niño event of 2015-2016 was of an eastern-Pacific (EP) type. SST in the 

eastern tropical Pacific significantly changed during the EP El Niño but barely 

changed during the CP El Niño. There was obvious changes in SLA, wind stress, and 

SST in the eastern tropical Pacific during 2012-2016, compared to those during 2000-

2004, which could be safely ascribed to differences in the type of El Niño.  

3.4 Discussions and Conclusions 

Regional SLA changes, measured by satellite altimeters since 1993, were 

decomposed into different time-scales and a nonlinear trend through the EEMD 

method. This method has the advantages of automatically getting a nonlinear trend and 

obtaining low-frequency signals without losing endpoints or prescribing the frequency 

range from using band filters. We identified the temporal-spatial features of 

interannual and decadal SLA variability in the Pacific Ocean and our results 

highlighted dominance of ENSO and PDO over these interannual and decadal SLA 

variabilities (Hamlington et al., 2014; Merrifield, 2011; Zhang & Church, 2012). SLA 

also has low-frequency variability on multi-decadal time-scales (Liu, 2012; Lyu et al., 

2017). Due to the insufficiency of measured data, efforts have been made to improve 
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the understanding of it using data that is construction based off tide gauge records or 

modes (Chen & Wallace, 2015; Liu, 2012; Lyu et al., 2017). In addition, sea level can 

also be decomposed into different components, such as steric sea level and mass sea 

level (Gill & Niller, 1973; Wu et al., 2017), however, it will not be discussed in this 

study.   

Near coherent decadal SLA variations in the Indo-Pacific regions were found, 

with phase changes in 2000, 2004 and 2012, which were dominated by the decadal 

SLA variability mode. During 1993-2012, strengthening of equatorial wind stress was 

widely reported (England et al., 2014; Feng et al., 2011; Merrifield, 2011), which was 

suggested to contribute to the tropical Pacific cooling during the global warming 

hiatus period from 1998-2013 (England et al., 2014; Yan et al., 2016). Also during 

1993-2012, tropical Pacific experienced a high sea level rise rate in the western part 

and a low sea level rise rate in the eastern part (Feng et al., 2011; Feng et al., 2010; 

Hamlington et al., 2016; Merrifield, 2011). However, our results indicated that such a 

20-year trend was probably a result of truncation on decadal variability, and this trend 

of easterly trades was reversed by an intensive change during 2012-2016. In addition, 

tendencies of sea level, wind stress, and SST exhibited different spatial patterns than 

those during previous periods, which can be ascribed to the difference in El Niño types. 

The increasing intensity of El Niño may be a result of the shoaling of the thermocline 

at the central equatorial Pacific (Lee & McPhaden, 2008). Nevertheless, the sea level 

tendency on interannual or quasi-decadal time-scales can also be largely impacted by 

the interannual sea level variability (Figure 3.1e) (Widlansky et al., 2015). For 

example, the SLA tendency on an interannual time-scale starting or ending in 1998 
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will greatly affect the interannual variability due to the strong El Niño event during 

1997-1998. 

 Wind stress is the primary forcing of sea level changes in the Pacific (Lee & 

McPhaden, 2008; Nidheesh et al., 2013; Qiu & Chen, 2012; Zhuang et al., 2013). 

While sea level in the tropical Pacific was dominated by the changes in the Pacific 

trade winds (Feng et al., 2010; Lee & McPhaden, 2008; Merrifield, 2011), sea level in 

the middle and high latitude areas were greatly affected by the wind stress curl and sea 

surface pressure (Lee & McPhaden, 2008; Lyu et al., 2017).  In the tropical Pacific, 

changes in the SLA were closely related to the changes in STCs and changes in the 

thermocline depth, and our results of STCs variations were consistent with previous 

studies (Feng et al., 2011; Feng et al., 2010; Lee & McPhaden, 2008; Schott et al., 

2008). Moreover, the wind stress was coupled with the SST as an air-sea system in the 

tropical Pacific due to the Bjerknes feedback mechanism.  

The Pacific and southeast Indian Ocean are dynamically connected through 

equatorial and coastal waveguides and thus stronger STCs are consistent with a 

stronger Indonesian Throughflow (ITF) and a stronger Leeuwin Current (LC) in the 

southeast Indian Ocean (Figure) (Feng et al., 2011; Feng et al., 2010; Lee & 

McPhaden, 2008). In addition, the Indo-Pacific has atmospheric connection via 

Walker Circulation (Han et al., 2017; Lee & McPhaden, 2008). Therefore, the eastern 

SIO was closely linked to the western tropical Pacific and they had similar sea level 

and SST variations. Sea level in the central and western SIO could be impacted by the 

changes in the Walker circulation but, also by local factors (Han et al., 2010; Trenary 

& Han, 2013; Zhuang et al., 2013). Therefore, its variations in sea level and SST 
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exhibited incongruous variations with the sea level changes in the eastern SIO and 

Pacific Ocean during 2004-2016 (Figure 3.1c, d; Figure 3.2c, d).  

Overall, the methods we used and described in the paper introduce new 

techniques with important geophysical implications, and the new findings of this paper 

for ocean sciences and climate change present a significant advance in geophysical 

research in interannual to decadal time scales. 

 



 59 

VARIABILITY OF THE SHALLOW MERIDIONAL OVERTURNING 

CIRCULATION IN THE INDIAN OCEAN  

This work has been published as: 

Meng, L., Zhuang, W., Zhang, W., Yan, C., & Yan, X.КH. (2020). Variability 

of the shallow overturning circulation in the Indian Ocean. Journal of Geophysical 

Research: Oceans, 125, e2019JC015651. doi:10.1029/2019JC015651 

 

Abstract 

Variability of the Indian Ocean (IO) shallow overturning circulation during 

1958-2017 was investigated, which consisted of a cross-equator cell (CEC) and a 

southern subtropical cell (SSTC). Structures of these shallow cells were examined 

through the velocity sections and the transport streamfunction patterns based on the 

newly released Ocean Reanalysis System 5 (ORAS5) dataset, and the results showed 

that the returning flows, at the subsurface, of the shallow cells mainly presented at the 

western boundary while absented in the ocean interior. Strengths of the IO shallow 

cells were then determined according to the annual-mean meridional streamfunction 

profiles. Both the CEC and the SSTC exhibited significant variability on interannual to 

decadal timescales during 1958-2017, and this variability mainly resulted from 

changes in both meridional Ekman transports and meridional geostrophic flows in the 

upper layer, and each component could dominate the shallow cellsô variations in 

certain years. Contributions of the geostrophic currents to the shallow cells were likely 

Chapter 4 
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opposite to that of the Ekman transport in the South Indian Ocean during years when 

the latter reached the extremes. The CEC and the SSTC were negatively correlated 

during the research period. The CEC exhibited a decadal weakening during 2000-

2015, contributing to the decadal increasing of the IO heat content, while the SSTC 

only experienced very little strengthening. Here, this paper presents a 

comprehensively study of the interannual to decadal variability of the IO shallow cells 

and the corresponding reasons and influences and tried to link these variations with 

other variations in the IO. 

4.1 Introduction  

Meridional flows in the oceans regulate latitudinal heat balance and play an 

important role in the ocean and atmosphere dynamic systems (England et al., 2014; 

McPhaden & Zhang, 2002, 2004; Rahmstorf, 2006; Zhang & McPhaden, 2006; Zhang 

et al., 2003). The shallow overturning circulation, also known as the shallow cells, is 

associated with wind-driven meridional circulations in the upper few hundred meters 

(McPhaden & Zhang, 2002; Schott et al., 2002). The shallow overturning circulation 

in the Pacific Ocean and the Atlantic Ocean connect the tropics and subtropics via the 

poleward Ekman flows in the upper layer and the pycnocline flow from subtropics 

back to the equatorial upwelling regions at subsurface, thus, these shallow cells were 

also called subtropical cells (STCs; McPhaden & Zhang, 2002, 2004; Zhang et al., 

2003). The shallow meridional overturning circulation in the Indian Ocean (IO) is 

quite different. Due to the absence of perennial equatorial easterly and the north 

subpolar regime, there are neither continual upwellings in the equatorial IO nor the 

equatorward return flow in the northern basin. Thus, the IO shallow cells are 
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asymmetric, consisting of a cross-equatorial cell (CEC) and a southern subtropical cell 

(SSTC; Lee, 2004; Schott et al., 2002; Schott et al., 2004; Schott et al., 2009). 

IO is governed by the seasonal monsoon with southwest trades in the boreal 

summer and northeast trades in the boreal winter (Schott et al., 2002; Schott & 

McCreary, 2001). On equatorial regions, wind-driven Ekman transports on both 

hemispheres are southward in the summer and northward in the winter, therefore, 

there are no equatorial upwellings in the IO (Schott et al., 2002; Schott & McCreary, 

2001). Instead, upwelling mainly occurs in the Northern Hemisphere, at the coast of 

Somalia, Oman, Indian, and Sumatra, driven by the upwelling-favorable wind during 

summer (Schott et al., 2002; Schott & McCreary, 2001). There also exists an 

upwelling in the southern equatorial region, near the Seychelles-Chagos thermocline 

ridge (Schott et al., 2002; Schott et al., 2004; Xie et al., 2002). The subduction, by 

contrast, mainly occurs in the South Indian Ocean (SIO), especially in the subtropical 

southeast IO (Miyama et al., 2003; Schott et al., 2002; Schott et al., 2004). Such 

circulation patterns in the IO bring into existence the CEC, associated with the 

upwellings off Somalia and Oman, and the SSTC, associated with the upwellings in 

the south equatorial region (Lee, 2004; Schott et al., 2002; Schott et al., 2004; Schott 

et al., 2009). 

The general structures of the IO shallow cells were discussed in previous 

studies, based on the observation, reanalysis, and model results (Miyama et al., 2003; 

Nagura & McPhaden, 2018; Schott et al., 2002; Schott et al., 2004). For the annual-

mean flow pattern, the meridional Ekman flow crosses the equator and moves 

southward to the SIO, where the water subducts into the thermocline, the thermocline 

water then flows northward to compensate the upwellings, both in the south equatorial 
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region and off Somalia and Oman in the northern IO. Nevertheless, the zonal currents 

are stronger compared with the meridional ones and complicate the situation. After 

subduction at the SIO, the thermocline water joins into the South Equatorial Current 

(SEC) and moves westward, the water further bifurcates at around 15 °S into 

Northeast Madagascar Current and East Madagascar Current when it meets the coast 

of Madagascar. The Northeast Madagascar Current further arrives at the west 

boundary to join East African Coastal Current (EACC), while the East Madagascar 

Current moves southward and joins the Mozambique Current. The EACC crosses the 

equator and connects to the Somali Current, which further compensates the upwelling 

off Somali and off Oman (Miyama et al., 2003; Schott et al., 2002; Schott & 

McCreary, 2001; Schott et al., 2009). Moreover, the meridional overturning 

circulation could also be obscured by the horizontal circulation, such as the great gyre 

(Schott & McCreary, 2001), and the vertical circulation like equatorial roll (Schott et 

al., 2002; Schott & McCreary, 2001). The equatorial roll is a small meridional 

circulation within the mixed layer near the equator, which affects the surface 

circulation (Miyama et al., 2003) but have no major effect on the heat budget and the 

basic properties of shallow overturning circulation (Miyama et al., 2003; Schott & 

McCreary, 2001). Moreover, there are also some interbasin connections in the IO, 

such as inputs from the Pacific Ocean through the Indonesian Throughflow (ITF), 

outputs to the Atlantic Ocean through Agulhas Currents (AC), and to the Southern 

Ocean through the Leeuwin Current (LC; Gordon, 2005; Schott et al., 2002). The ITF 

intrudes into the IO around 10-14 ºS and has a great influence on the IO circulations 

due to the large transport of ITF (Gordon, 2005). 
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Given the complexity of the IO currents, the study of the IO shallow cells 

becomes quite challenging, especially the determination of their strength and 

variability. Efforts have still been made in previous studies to examine the changes of 

the IO shallow cells on timescales from seasonal to multidecadal. There are some 

indirect methods for calculating their strengths, including those through the wind-

driven meridional transport (Lee, 2004) and based on the zonal sea level difference, as 

indicators of the interior pycnocline transport (Feng et al., 2010). The shallow cellsô 

strength could also be obtained directly from the integral of the meridional transports 

(Nagura & McPhaden, 2018; Trenary & Han, 2008). Nevertheless, problems still 

exist. First, the research methodologies that separating the shallow cells from the 

circulation system are not unified, as well as the definition of the shallow cellsô 

borders (Lee, 2004; Nagura & McPhaden, 2018; Trenary & Han, 2008). In addition, 

the model and reanalysis data used in previous studies hold relatively poor resolution 

or quality, thus, these previous results might be inconsistent to some extent (Schott, 

2005; Schott et al., 2008). Moreover, although the global deployment of Argo floats 

since 2004 dramatically increased the observations (Roemmich et al., 2009), the 

observational oceanic data, especially the variables like velocity, are still quite 

spatially and temporally sparse (Horii et al., 2013; Nagura & McPhaden, 2018). Plus, 

the relatively short time-span observations are insufficient to satisfy the requirements 

for studying the variations on decadal to multidecadal timescales. 

Wind stress leads to the formation of the IO shallow cells and plays an 

important role in their changes (Lee, 2004; Schott et al., 2002). Changes in both the 

wind stress and the wind stress curl could affect the horizontal flow, via Ekman 

transport and Sverdrup balance, and the vertical water movements, via coastal 
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upwelling and Ekman pumping/suction (Lee & McPhaden, 2008; Zhuang et al., 2013). 

However, specific contributions of the wind stress to the changes in the IO shallow 

cells still need more examination. Besides, changes in the shallow meridional 

overturning circulations have a great influence on the meridional exchanges of water 

properties and heat (Klinger & Marotzke, 2000; McPhaden & Zhang, 2002; Schott et 

al., 2002). Trenary and Han (2008) found the strengthening of SSTC contributed to the 

decadal subsurface cooling in the tropical IO during 1961-2000. Accordingly, making 

clear the variability of the shallow cells is of great importance in understanding the 

relevant oceanic and atmospheric changes. 

This study aims to figure out the variability of the IO shallow cells on 

interannual to multidecadal and investigate the corresponding reasons and influences. 

The prerequisite for the strength calculation of the shallow cells is to determine the 

boundary of the surface or subsurface limbs, which is much more difficult in the IO 

than that in the Pacific Ocean due to the complex flow patterns. Based on the recently 

released reanalysis dataset (information in detail was described in the Data section 

below), this study examined the pathway and structure of the shallow meridional 

overturning circulations in the IO and then developed the method of determining the 

boundary of their upper limbs and calculated their strengths. Reasons for the 

variability of the shallow cells and some influences of their changes were further 

examined in this study. After that, this study also discussed the impacts of the ITF on 

the IO shallow cells and the connections between the IO shallow cells and some 

climate variabilities. 

Data and methods used in this study are presented in the next two sections 

(Section 2 and 3) respectively. Section 4 describes the main results, including the 
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variability of IO shallow cells on different timescales and the reason for these changes, 

followed by the discussion of these results in Section 5. A summary of this study is 

given in the last section. 

4.2 Data 

Ocean ReAnalysis System 5 (ORAS5) dataset from ECMWF is based on the 

operational system OCEAN5 (Zuo et al., 2018; Zuo et al., 2019). OCEAN5 is a global 

ocean-sea ice ensemble reanalysis system, being used to estimate the historical ocean 

state. Both the model and the data assimilation methods in OCEAN5 have been 

upgraded comparing to OCEAN4, and the resolution has been increased to 0.25-

degree in the horizontal and 75 levels in the vertical (Zuo, Alonso-Balmaseda, et al., 

2017; Zuo, Balmaseda, et al., 2017). ORAS5 dataset provides the monthly mean ocean 

data from 1979 to present, including three-dimensional fields of temperature, salinity, 

zonal velocity, and meridional velocity, and two-dimensional fields such as sea 

surface height (SSH), sea surface wind stress, sea surface temperature (SST). A 

backward extension from 1958 onwards is also available and thus the full dataset has a 

60-year time span from 1958 to 2017. The full ORAS5 dataset was first accessible 

publicly in September 2018. In this study, the velocity fields were used to investigate 

the circulation patterns and to calculate the transports. The temperature and salinity 

fields were utilized to examine the distribution and changes of the seawater properties, 

and to compute the geopotential height anomaly, where the SSH data was also 

involved. The ocean heat content (OHC) data were also utilized in this research. 

Sea surface wind data is from the Cross-Calibrated Multi-Platform (CCMP; 

Atlas et al., 2011), and the monthly gridded wind production has a 0.25-degree 

horizontal resolution, available from July 1987 to present. CCMP wind data is a 
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consistent, gap-free, produced using satellite, moored buoy, and model wind data with 

a Variational Analysis Method (VAM). Besides, sea surface wind data from ERA-

Interim were also employed (Berrisford et al., 2011). ERA-Interim is a global 

atmospheric reanalysis from 1979 to present, and the monthly wind data also has a 

0.25-degree horizontal resolution. The wind data were used to examine the wind stress 

patterns and to calculate the wind-driven transports in this study. 

The intensity of the Indian Ocean Dipole (IOD) is represented by the Dipole 

Mode Index (DMI), defined as the SST gradient between the western equatorial IO 

(50ºE-70ºE and 10ºS -10ºN) and the eastern equatorial IO (90ºE-110ºE and 10ºS-0ºN). 

The data is provided by the ESRL, NOAA (data source: 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/DMI/). In addition, the Oceanic 

Nino Index (ONI) is an important indicator for the El Niño and La Niña, derived from 

the 3-month running mean SST in the tropical region. Nino 3.4 SST index (5ºN-5ºS 

and 120ºW-170ºW) was also used in this study, provided by ESRL, NOAA (data 

source: https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Nino34/). 

4.3 Methods 

4.3.1 The meridional streamfunction 

To find out the structure of the IO shallow cells, the meridional transport 

streamfunction was calculated, which is the latitude-depth profile of the zonal-vertical-

integrated meridional transport (Hu et al., 2005; Schott et al., 2009). The calculation 

started with computing the meridional transports at each grid point and then 

accumulated these transports along the longitude from west-coast to east-coast to 

obtain zonal-integrated meridional transport. Next, these transports were further 

https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/DMI/
https://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/Nino34/
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integrated with respect to the depth from the surface to each level. The obtained 

meridional transport streamfunction (hereafter called streamfunction in this paper) 

holds some virtues. First, directions of zonal-averaged velocity can be revealed from 

the streamfunction. An increasing value with respect to depth on the streamfunction, 

for example, indicates northward zonal-mean velocity at this layer, with north as the 

positive direction. In addition, both the structure and the strength of the shallow cells 

can be easily examined from the streamfunction. The border and the strength of the 

upper limb of the shallow cells are pointed out by the maximum value of southward 

transport on the streamfunction, while depths of the shallow cells are indicated by the 

place where the transport back to zero. Overall, each value on the meridional transport 

streamfunction indicates the integral meridional transport, with respect to the zonal 

direction from coast to coast and the vertical direction from the surface to that depth. 

We set 115ºE as the integral boundary of the streamfunction to exclude the 

contribution of the ITF to the surface meridional flow at south IO, as focused on the 

meridional flows within the IO, including wind-driven flow and geostrophic flow. 

4.3.2 Wind-driven cross-equator transport 

To quantify contributions of the wind stress to the shallow cells in the IO, the 

meridional transports direct from the wind stress are supposed to be examined, 

especially that across the equator. The Ekman transport is the vertically integrated 

wind-driven flows in the surface layer, and the meridional Ekman transport in the 

surface Ekman layer is 
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Sverdrup balance is another important theory that governing wind-driven 

interior flow, which arises from changes in the planetary vorticity to balance Ekman 
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pumping or suction. The total meridional transport therefore is obtained from the sum 

of these two parts, and the entire equation is called the Sverdrup transport. These 

equations are 
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(4.3) 

where ὠ , ὠ , and ὠ  are the Sverdrup transport, transport of Sverdrup 

balance, and the Ekman transport respectively, † and † are zonal and meridional 

wind stress, ” is the seawater density, Ὢ is the Coriolis parameter, and ‍ ‬Ὢ‬ώϳ  as 

the ‍-plane approximation. 

The determination of the cross-equator meridional currents direct from the 

wind stress is of importance to interpret the CEC in the IO, and such currents can be 

identified by an extended Ekman theory (Jayne & Marotzke, 2001; Miyama et al., 

2003; Schott & McCreary, 2001). In the IO, zonal wind stress is roughly proportional 

to latitude right near the equator, and it is roughly zero right at the equator (Horii et 

al., 2013; Miyama et al., 2003), thus, 
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Moreover, the contributions of the meridional wind stress to the cross-

equatorial Sverdrup transport were negligible due to its small magnitude (Horii et al., 

2013; Miyama et al., 2003), which is 
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Therefore, cross-equator Ekman transport is approximately equal to the 

Sverdrup transport. These conditions were also met in CCMP and ERA-Interim wind 
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data. Wind-driven cross-equator meridional transport thus can be further interpreted 

from Eq. (4.4) as 

 ὠ ώḙὠ ḙ
ρ

”Ͻ‍
Ͻ
‬†

‬ώ
 (4.5) 

4.3.3 Dynamic height anomaly (DHA) 

In conditions of geostrophic balance, the pressure gradient force is balanced by 

the Coriolis force and all other forcings are negligible, the velocity is then solely a 

function of the pressure gradient force on the f-plane. With the assumption of 

hydrostatic balance in the vertical dimension, the mathematical expressions of 

momentum equations are 
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with όȟὺȟ are horizontal velocities and ὴ is pressure.  

The geostrophic current is associated with the geopotential height anomaly, 

which effectively identical to the dynamic height anomaly (DHA), and the DHA is 

given by 

 Ὤ  
ρ

”
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where the ” is the reference density. The geostrophic velocities at a certain 

level, relative to the reference level, are calculated from Eq. (4.6). Substitute the 

pressure with the DHA, the geostrophic velocities are then 
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where the DHA is integrated from surface 1 to surface 2. In this study, we 

selected the reference level as 1000m for calculating the DHA, which is deep enough 

to include the whole shallow cells in the IO (Schott et al., 2002; Schott et al., 2009).  
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Given conditions that the geostrophic balance cannot be satisfied, the 

geostrophic velocity can also be quantified according to the geostrophic relation 

(Wang et al., 2014). With the linear approximation, the geostrophic velocity 

component can be obtained based on the geostrophic relation as well.  

Figure 4.1: 0-1000m mean velocity map (vectors) and meridional velocity map (color, 

north as positive direction) in the Indian Ocean, derived from ORAS5 

data during 1958-2017. 
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Figure 4.2: Sections of meridional velocity (a-d) and zonal velocity (e-h) in the Indian 

Ocean. (a,b,c,d) The meridional velocity sections at 4ºN, Equator, 4ºS, 

and 8.5ºS (north as positive direction). (e,f,g,h) The zonal velocity 

sections at 45ºE, 55ºE, 70ºE, and 95ºE (east as positive direction). Based 

on ORAS5 data during 1958-2017. 

4.4 Results 

4.4.1 The structure of the IO shallow cells 

The annual-mean horizontal velocity map in the IO was illustrated in Figure 

4.1, where the velocity was vertically averaged from the surface to 1000m. Meridional 

velocity was southward in the entire section along the equator except for the western 

boundary (Figure 4.1). After arriving at the southern equatorial areas (around 10 ºS), 

the water moved westward by the South Equatorial Current (SEC). When the SEC 

reached the west coast, the flow further bifurcated at around 15 °S into northward west 

boundary flow, the East African Coastal Current (EACC), and southward boundary 

flow, the Mozambique Current (Figure 4.1). The EACC kept moving northward and 
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crossed the equator to became the Somalia Current, along the western coast of the 

south equatorial region (Figure 4.1, and 4.2a-d). Besides, there were also horizontal 

circulations in the west part of the SIO (Figure 4.1, 4.2b, c). The existence of 

horizontal circulations would significantly change the intensity of meridional velocity 

locally, however, they had little contribution to the net meridional transport in that 

layer. 

The vertical distribution of the annual-mean horizontal velocity was displayed 

in Figure 4.2. At the equatorial region, the southward meridional flows over the whole 

zonal section except for the western boundary (hereafter called interior) were in the 

surface layer. These southward flows were constrained in the upper layer, within the 

upper 150m at the equator and upper 100m at 10 ºS in the SIO (Figure 4.2b-d). 

However, the pycnocline flow, at subsurface beneath these surface flows, was 

negligible in the ocean interior (Figure 4.2b-d). By contrast, the pycnocline flow was 

significant near the western boundary, moving back to the north and serving as the 

returning flows of the shallow overturning circulation (Figure 4.1 and 4.2b-d). At the 

southern equatorial region, the water kept subducting when moving westward by SEC 

(Figure 4.2e-h), and the water final replenished the northward flow at the western 

boundary. Meridional flows beneath the surface were slightly southward actually but 

were quite trivial compared to the meridional flows in the upper layer. The western 

boundary returning flows were mainly in the upper 600 m at the equator and SIO 

(Figure 4.2b-d). 
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Figure 4.3: The dynamic height anomaly ([meter]) maps in the Indian Ocean, (a,b,c,d) 

at 1m, 108m, 147m, 200m respectively. The reference depth was at 

1000m, derived from the ORAS5 data from 1958-2017. 

The geostrophic current is a crucial component of the IO circulation, which is 

the primary current beneath the Ekman layer. According to the geostrophic balance 

relation, except for at equator, the geostrophic flow is indicated by the directional 

gradient of the DHA along the perpendicular direction at the same depths. Therefore, 

the meridional geostrophic currents specifically were indicated by the zonal gradient 

of the DHA. Figure 4.3 showed the climatological DHA maps at different depths in 

the IO, from which currents such as SEC in the SIO could be identified (Figure 4.3). 

In the southern equatorial regions (0-12ºS), the geostrophic flow was southward, for 

the DHA was higher in the east than in the west (Figure 4.3a-c). The zonal DHA 

differences near 10ºS decreased as the increase of depth, and it became pretty slight at 

around 200m (Figure 4.3a-d). Thus, the geostrophic flow near 10ºS was southward 
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and stronger in the upper layer than in the pycnocline at subsurface. In addition, the 

thermocline ridge (around 50 E, 5-10 S) held the lowest dynamic height anomaly at 

each latitude in the southern equatorial region, resulting in a northward geostrophic 

flow locally from the ridge to the west. The existence of this low DHA region would 

give rise to local horizontal circulations and thus had an important influence on local 

meridional currents, however, these horizontal circulations had marginal effects on the 

basic structure of the shallow overturning circulation due to the little net meridional 

transport on a larger spatial scale. The zonal DHA difference sharply intensified right 

at the west boundary (figure not showing), indicating the intense western boundary 

flow here.  

Figure 4.4: (a) Meridional transport streamfunction in the Indian Ocean. The profiles 

of the integrated meridional transport (b) across the equator and (c) 

across 8.5ºS in the Indian Ocean. Meridional transport streamfunction 

and integrated transport are west-to-east integrated volume transports 

accumulated depth-wise from the surface. The positive (negative) value 

indicates the north (south) direction, with the unit 1 Sv=106 m3s-1. 
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The structure of the shallow cells was also illustrated by the meridional 

transport streamfunction (Figure 4.4). On the streamfunction profile, the meridional 

transport at the equator decreased from 0 to -5 Sv with respect to the depth from the 

surface to 100m and then increased to zero at 400m (Figure 4.4a). Such a 

streamfunction profile pattern confirmed the existence of the CEC, with a southward 

upper limb and a northward lower limb. The small circle right at the equator within the 

upper 50 m was the equatorial roll (Figure 4.4a). At the south equatorial areas (near 

9ºS), the meridional transport decreased from 0 Sv to less than -10 Sv from the surface 

to rough 60m and then increased back to 0 Sv at around 400m (Figure 4.4a), which 

reflected the structure of the combination of the CEC and the SSTC, with a southward 

upper limbs within upper 60m and a northward lower limbs (Figure 4.4a). The 

upwelling and downwelling branches of the CEC and the SSTC were also identified 

on the meridional streamfunction. The CEC included the upwellings in the north 

equatorial area, subductions south than 10ºS, and southward upper limb at around 

upper 100m and northward lower limb at 100-500m in the SIO (Figure 4.4a). While 

the SSTC had a similar structure but the upwellings located at 2-7ºS ( Figure 4.4a). 

4.4.2 Variability of the CEC and the SSTC 

Strengths of the shallow cells were normally measured based on the transports 

in their upper (or lower) limbs, where the determination of the limbsô borders was 

required. In this study, the borders of the upper limbs were determined as the depth of 

the maximum southward transport on the streamfunction profile. The maximum 

southward transport on the streamfunction indicated the depth where the zonal-

averaged velocity above and below held the opposite directions (Figure 4.4). This 

method was acceptable for both the CEC and the SSTC because of the aforementioned 
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negligibility of the interior pycnocline flow at the equator and the SIO (Figure 4.2). 

Such a method had the virtues of excluding the horizontal circulations through the 

zonal integration, besides, employing the uniform depth at a zonal transect would 

substantially simplify the calculation. 

To quantify the strengths of the CEC and the SSTC, two specific zonal 

sections were selected, across the ocean basin at the equator (0ºN) and at the SIO 

(8.5ºS) respectively. The strength of the CEC was obtained from the transport in the 

upper layer across the equator, serving as the upper limb of CEC, while transport in 

the upper layer across the SIO was the summed strength of the CEC and the SSTC. 

The strength of the SSTC was then the difference between these two parts. The 8.5ºS 

was selected because it was south enough to include the upwelling branch of the SSTC 

and north enough to avoid the influence of the ITF inputs on the strength calculation 

of the shallow cells (Figure 1; Gordon, 2005; Schott et al., 2002). Figure 4.4b and 4.4c 

showed the meridional transport streamfunction profiles at the equator and at SIO 

respectively, based on the climatological velocity from 1958 to 2017. In the past 60 

years, the CEC held the upper limb within the upper 95m and closed at around 500m, 

for the maximum southward transport at the equator was at around 95m and the 

transport was 4.5 Sv (Figure 4.4b). The combined shallow cells had a strength of 10.5 

Sv and their combined upper limbs were above 60m and the lower boundary was at 

around 500m in the SIO, cause the maximum southward transport at the SIO was at 

around 60m with a value of around -10.5 Sv and the transport decreased to zero at 

around 500m (Figure 4.4c).  
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Figure 4.5: The time series of the strengths of the shallow cells and the depths of the 

upper limbs. The annual-mean time series of (a, bold black) the 

combined strengths of CEC and SSTC, the strength of (b, bold black) 

CEC and (c) SSTC respectively, the decadal time series (thin black line) 

were also shown in each subfigure, obtained by using a 9-year Hanning 

filter. Time series of the depth of (a, blue) the combine upper branches of 

CEC and SSTC and (b, blue) the upper branch of CEC. The negative 

values indicated the transports were southward. 

Figure 4.5 displayed the time series of the annual-mean strengths of the 

shallow cells from 1958 to 2017, as well as the time series of the depths of their upper 

limbs. The CEC had a mean strength of 4.5 Sv and the mean strength of SSTC was 5.9 

Sv during 1958-2017. The strengths of both the CEC and the SSTC, as well as their 

upper limbsô borders, exhibited obvious interannual variability (Figure 4.5). The CEC  
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Figure 4.6: Time series of yearly-mean wind-driven meridional transport (a-c) and 

meridional geostrophic transport (d). Time series of the wind-driven 

Ekman transport (a) across the SIO (at 8.5ºS), (b) across the equator, the 

full Sverdrup transport (dash line) also showed on (b), and (c) their 

differences in the Indian Ocean. The data are from CCMP (green lines) 

and ERA-Interim (blue lines) respectively. (d) Time series of the 

geostrophic transport at SIO (across 8.5ºS) within the upper limbs of the 

shallow cells. The across-equator Ekman transport was derived based on 

the approximated approach described in the method section. 
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fluctuated between 2.5-7.3 Sv while the SSTC was in the range of 4.5-9 Sv in 

this period. The large strengths of CEC were found in the years 1978, 1985, and 2001, 

while it was weak in years such as 1987, 2003, and 2012 (Figure 4.5b). The 

combination of the shallow cells reached maximum values in 1993 and 1999 while 

minimum values in years of 1971, 1987, and 2015 (Figure 4.5a). Furthermore, the 

strengths of the CEC and the SSTC also exhibited decadal changes. The CEC 

experienced a decadal increasing during 1979-1999 and a decadal decreasing during 

2001-2015 (Figure 4.5b). The CEC also displayed a smaller mean value during 2007-

2017 comparing to the previous two decades (Figure 4.5b). The SSTC significantly 

weakened during 1993-2001 and then recovered in the next two years (Figure 4.5c). 

For the whole research period from 1958 to 2017, the SSTC showed a multidecadal 

strengthening and increased 1.26 Sv, with a linear trend as 0.021 Sv/year, while the 

CEC kept relatively steady, with a linear trend as 0.005 Sv/year. 

4.4.3 Reasons for the interannual to decadal variability of the shallow cells 

The wind-driven transport was considered the main contributor to the shallow 

cells and thus meridional transports direct from wind stress were examined here. As in 

the calculation of the shallow cellsô strength, the same two zonal sections were 

selected, at the equator (0ºN) and at SIO (8.5ºS) respectively. Time series of the 

annual-mean Ekman transports were displayed in Figure 4.6, where the negative 

(positive) value on the figure indicated the transport was southward (northward). 

Based on the ERA-Interim wind data, the mean value of the cross-equator Ekman 

transport during 1979-2017 was 3.8 Sv and mean value of the cross-SIO Ekman 

transport was 9.7 Sv, while the full Sverdrup transport across the equator was 

extremely similar interannual variations with the cross-equator Ekman transport 
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(correlation coefficient, cc = 0.997), with the mean value slightly larger (0.9 Sv) than 

the cross-equator Ekman transport (Figure 4.6b). Wind-driven transports derived from 

CCMP wind dada were highly consistent with those from the ERA-Interim wind data 

during 1988-2016 (Figure 4.6), but the mean values of the former were slightly larger 

(0.2 Sv for cross-equator and 0.5 Sv for cross-SIO transports, Figure 4.6). Both the 

cross-equator and the cross-SIO Ekman transport exhibited obvious interannual to 

decadal variability during 1979-2017 (Figure 4.6a and 4.6b), as well as seasonal 

variability (figures not showing). The cross-equator Ekman transport was weak in the 

years 1983, 1987, 2000, 2008, and 2012 and it was strong in 1990, 2001, 2005, and 

2016 (Figure 4.6b). The cross-SIO Ekman transport was weak in the years 1981, 1984, 

and 2000 and was strong in 1994 and 2006 (Figure 4.6c). In addition, the cross-SIO 

Ekman transport experienced decadal decreasing during 1994-2000 and 2006-2016 

and decadal increasing during 1984-1994 and 2000-2006 (Figure 4.6c). 

Wind-driven meridional transports approximated to the strengths of the 

shallow cells during the study period. Mean values of the CEC and the cross-Equator 

Ekman transport was -4.6 Sv and -3.8 respectively during 1979-2017, and the 

combined shallow cells and the cross-SIO Ekman transport in the SIO had the mean 

values of -10.8 Sv and -9.7 respectively. The correlation between the annual-mean 

CEC and the cross-Equator Ekman was 0.50 during 1979-2017 and the correlation 

between the annual-mean combined shallow cells the meridional Ekman transport in 

the SIO was 0.51. However, there were some significant discrepancies between the 

variations of the shallow cells and the wind-driven Ekman transport. In 1993, for 

example, the combined shallow cells in the SIO reached the maximum value (2 Sv 

larger than average) while the cross-SIO Ekman transport was just near the average 
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(Figure 4.5a and 4.6a). The cross-equator Ekman transport, another example, showed 

a significant increase during 2008-2016 while the CEC was relatively steady during 

the same period.  

Those discrepancies, on both interannual and decadal timescales, indicated that 

variability of the IO shallow cells was not solely governed by the wind-driven 

meridional transports. Except for the wind-driven meridional transport, and the 

meridional geostrophic current was a crucial and primary component of the meridional 

transport of the shallow cells. The geostrophic transport was computed by integrating 

the geostrophic current zonally from coast to coast and vertically from the surface to 

the lower border of the upper limbs of the shallow cells, with 1000m as the reference 

level. The obtained geostrophic transport in the upper layer at the SIO (8.5ºS), 

therefore, just contributed to the upper limb of the shallow cells but not the lower 

limb. By combining this geostrophic transport with the Ekman transport in the SIO, 

the summed transport better explained the variation of the IO shallow cells, with the 

correlation coefficient increased to 0.81. This geostrophic transport at SIO also 

exhibited significant interannual to decadal variations during 1979-2017 (Figure 4.6d), 

with a mean value of -1.4 Sv. 

Either the meridional Ekman transport or the geostrophic currents could 

dominate the variations of the shallow cells on certain years. As examples, the 

combined shallow cells in 1994 experienced a strengthening (Figure 4.5a), which was 

a result of the strengthening of the Ekman transports in the SIO (Figure 4.6a and 4.6d). 

The strengthening of the combined shallow cells in 1999 (Figure 4.5a), however, was 

caused by the southward geostrophic flows in the SIO (Figure 4.6d) since the Ekman 

transport showed little strengthening (Figure 4.6a). In addition, during 2000-2006, the 
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cross-SIO Ekman transport experienced a strengthening (Figure 4.6a) and the 

geostrophic transport in the SIO exhibited a weakening (Figure 4.6d), and the former 

dominated the increasing of the combined CEC and SSTC in the SIO in this period 

(Figure 4.5a). 

Figure 4.7: The interannual anomaly of the meridional streamfunction, wind stress and 

Ekman transport, and DHA. (a) meridional streamfunction anomaly, (b) 

wind stress (vector) and meridional Ekman transport (color, north as 

positive direction), and (c) DHA anomaly in 1994. (d,e,f) similar 

anomaly patterns to (a,b,c) but in 2000. 
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Nevertheless, during years when the interannual variation of the Ekman 

transports in the SIO was large, both positively and negatively, the contribution of the 

geostrophic flow to the shallow cells tended opposite to the contribution of the Ekman 

transport in the SIO. In 1994 and 2006, the cross-SIO Ekman transport had a large 

positive anomaly, greater larger than normal years, while the geostrophic flows at SIO 

experienced negative anomaly (Figure 4.6a and 4.6d). Moreover, in 2000 and 2016, 

the cross-Ekman transport was smaller than normal years, and the geostrophic flow at 

SIO obviously exhibited a larger value than the average (Figure 4.6a and 4.6d). 

4.4.4 Cases of interannual and decadal variations of the CEC and the SSTC 

To fully understand the variations of the shallow cells on interannual to 

decadal timescales, some certain years were selected as typical cases to examine the 

patterns and physical processes in detail. The year 1994 and 2000 were selected to 

study the interannual variation of the shallow cells, while the period during 2007-2016 

was analyzed for their decadal variation. 

In 1994, there was a big positive anomaly in the SSTC while only a little 

change in the CEC (Figure 4.5c and 4.5b). Wind stress anomaly was westward and 

strong in the SIO, resulted in a strong southward Ekman transport anomaly (Figure 

4.7b), leading a big strengthening (2 Sv) of the combined shallow cells (Figure 4.5a 

and 4.7a). However, the wind stress anomaly near the equator was westward and thus 

the Ekman transport anomaly was poleward on both sides, giving rise to an equatorial 

upwelling (Figure 4.7a). The wind stress anomaly also generated upwellings off 

Sumatra at the southern equatorial reign. This upwelling anomaly, together with the 

strengthening of the southward Ekman transport, caused the strengthening of the 

SSTC. In contrast, the cross-equator Ekman transport showed no sizable interannual 
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variation (Figure 4.6b) and the equatorial ñrollò anomaly would not affect the CEC 

since the roll was mainly constrained in the upper 80m at equator (Figure 4.7a) and 

thus shallower than the upper limb of the CEC (Figure 4.5b), therefore, the CEC had 

no significant variation in this year. 

Figure 4.8: The decadal trend during 2007-2016. (a) trend of wind stress (vector) and 

meridional Ekman transport (color) during 2007-2016, (b) trend of and 

DHA during 2007-2016. 
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In 2000, the Ekman transport in the SIO reached a minimum value within 10 

years before and after (Figure 4.6a and 4.7e). However, the summed shallow cells just 

showed a small negative anomaly (Figure 4.5e). The DHA above 54m had a positive 

interannual anomaly at the east southern equatorial region and negative anomaly at the 

west, indicating a geostrophic flow anomaly was southward in this layer (Figure 4.7f 

and 4.6d). Such geostrophic flow anomaly compensated the weakening of the Ekman 

transport in this year, thus, the summed strength of the shallow cells in this year just 

showed a small decreasing instead of a big one. At the equator, the wind stress 

anomaly was eastward on both sides of the equator and thus Ekman transports on both 

sides of the equator were equatorward, leading a convergence at the equator. Such an 

anomaly pattern was opposite to that direction with that in 1994. Nonetheless, the 

equatorial rolls were within the upper limb of the CEC and thus would not affect the 

strength of CEC in this (Figure 4.7d). 

During 2007-2016, the cross-equator Ekman transport experienced a decadal 

increasing for rough 3 Sv while the cross-SIO Ekman transport experienced a decadal 

decreasing for around 4 Sv (Figure 4.6a and 4.6b). However, both the CEC and the 

SSTC showed only modest changes during the same period (Figure 4.5a and 4.5b). 

The linear trends of wind stress over the equator and southern equatorial region were 

eastward during 2007-2016 and thus the corresponding trend of the meridional Ekman 

transport in the SIO was northward while the Ekman transport near the equator was 

toward equator both sides (Figure 4.8a). Such wind-driven transport led the water 

piled up in the southern equatorial region (4-8ºS), which was also approved by the 

DHA trend map (Figure 4.8b). The DHA trend map showed no obvious zonal 

differences in the SIO during this period, so there were no obvious decadal changes in 
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geostrophic currents over the basin in the SIO (Figure 4.8 and 4.5a). Nevertheless, the 

DHA trend in the offshore direction at the east coast decreased, indicating the 

geostrophic currents were southward during this period. Therefore, the combined CEC 

and SSTC showed relative steady instead of slowdown during this period. The DHA 

trend over the SIO also indicated a southward geostrophic trend west of Austria, such 

a decadal southward pathway mainly occurred over 15ºS south and thus have a trivial 

effect on the calculation of the shallow cells in this study (Figure 4.8b). 

4.5 Discussion 

Lack of the interior pycnocline flows makes the research on the IO shallow 

cells distinctly different from the Pacific shallow cells. The interior pycnocline flows 

served as the returning flows in the lower limbs of the Pacific shallow cells, therefore, 

the strength of the shallow cells could be obtained through the calculation of the 

pycnocline transport (McPhaden & Zhang, 2002, 2004). Furthermore, the pycnocline 

transport, mostly in the form of the geostrophic flow, could be indicated by the ocean-

basin zonal gradient of the geopotential height, which was further approximately 

identical to sea level height. In other words, the changes in the zonal sea level 

difference implied changes in lower limbs of the Pacific shallow cells (Feng et al., 

2011; Feng et al., 2010). However, this method may be problematic in the case of the 

IO shallow cells, for interior pycnocline flows were trivial and the returning flows 

were mainly in the western boundary. On the contrary, the meridional geostrophic 

currents were stronger in the upper layer than that in the lower layer (Figure 4.3), 

therefore, changes of the zonal sea level differences were associated with the changes 

in the upper limbs of the IO shallow cells. In addition, the strengths of the Pacific 

shallow cells were calculated by integrating the meridional transports in the 
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pycnocline, the lower limbs, with the boundaries defined as certain isopycnal surfaces 

(McPhaden & Zhang, 2002, 2004). However, the strengths of the IO shallow cells 

were calculated by integrating the transport of the upper limbs instead of the lower 

limbs mostly (Lee, 2004; Trenary & Han, 2008), for, again, the pycnocline flow was 

negligible in ocean interior in the IO. 

The strength calculation relies on the determination of the boundary of the 

limbs of the shallow overturning cells. Certain isopycnal surfaces were selected as the 

borders in many previous studies, both in the Pacific Ocean (McPhaden & Zhang, 

2002, 2004) and in the IO (Trenary & Han, 2008). However, it was more impartial and 

objective to determine the borders of the upper and lower limbs based on the transport 

profiles than the prescribed isopycnal surfaces. Employing zonal uniform depth for 

calculating the annual-mean shallow cellsô strength was reasonable due to the face that 

the annual-mean interior pycnocline flows were negligible (Figure 4.2b-d and 4.3). 

Apart from the substantial computational simplicity, this method also allowed the 

temporal variations of the depth of the borders, which was more legitimate considering 

their shapes variations (Figure 4.5). Besides, the definition of the west and east 

borders of the shallow cells were also critical to their strength calculations due to 

meridional velocity patterns in the IO (Figure 4.1 and 4.2b-d). It is controversial 

whether the western boundary flows should be considered or not, in the integral of the 

transport of the upper limbs. The answer to this question would greatly affect the 

results of the strength calculation due to the high intensity of the western boundary 

flows. The western boundary flow was included in the calculation of the shallow cells' 

strength in this study, for as focused on the shallow overturning cells, calculating the 

net meridional transport in the upper layer is more legitimate since the returning flow 
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at the western boundary in the upper layer just contributed to the horizontal 

circulation. 

Wind stress was considered as the main force that formatting and governing 

the IO shallow cells. Wind stress generated the IO shallow cells and governed them in 

various ways, including direct ways through modulating the meridional Ekman 

transport and upwellings of the shallow cells, and indirect way via change the sea 

level, leading the change of the geostrophic flows (Figure 7 and 8; Schott et al., 2002; 

Schott et al., 2004; Schott et al., 2009). However, the contribution of the pressure 

gradient force to the variation of the IO shallow cells was not negligible. The pressure 

gradient force was associated with the geostrophic flow and the geostrophic 

component of the flow existed in both the interior and the western boundary, and it 

was stronger in the upper layer than in the lower layer. The geostrophic flow in the 

upper limbs of the shallow cells played an important role in the variation of the 

shallow cells (Figure 4.6). Furthermore, the wind stress was coupled with the SST in 

the air-sea system, the sea level changes were results of redistribution of mass, heat, 

and salt, being affected by wind stress, wind stress curl, surface flux, precipitation, and 

ITF inputs (Feng et al., 2011; Feng et al., 2010; Lee & McPhaden, 2008; Nidheesh et 

al., 2013; Yu et al., 2005; Zhuang et al., 2013). 
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Figure 4.9: (a) Time series of OHC of upper 300m in the Indian Ocean and North 

Indian Ocean during 1979-2017. (b) Time series of DMI and (c) ONI 

during the same period. 

The annual-mean CEC and SSTC were negatively correlated (cc = -0.5) during 

1958-2017. Nevertheless, the relation between the changes in the CEC and the SSTC 

in given years was complicated and uncertain. Lee (2004) reported a decadal 

weakening of the SSTC during 1992-2000 while only little change of CEC was found. 
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Trenary and Han (2008) found the SSTC strengthened rough 3 Sv while the CEC 

experienced a slight slowdown during 1961-2000. The uncertain connections of CEC 

and SSTC also occurred on interannual timescale (Figure 4.5). In the years when the 

CEC showed slight interannual changes, the SSTC might show a negative anomaly, 

positive anomaly, or no obvious changes such as in years of 1996, 1994, and 1998 

respectively (Figure 4.5). 

Changes in the shallow cells have considerable influences on ocean heat and 

water properties redistribution by transferring water mass meridionally between 

tropics and subtropics (Gu & Philander, 1997; McPhaden & Zhang, 2002, 2004; 

Zhang & McPhaden, 2006). The hypothesis had been posed that decadal speed-up or 

slowdown of the shallow overturning circulations would contribute to decadal climate 

variability (Han et al., 2014; Kleeman et al., 1999; McPhaden & Zhang, 2002, 2004). 

The OHC of the upper 300m in the IO experienced a significant decadal increase 

during 2001-2015 and a slight decrease during 1979-2001 (Figure 4.9a). Meanwhile, 

the CEC exhibited an obvious decadal slowdown during 2001-2015 and a slight 

slowdown during 1979-2001 (Figure 4.5b). The OHC of upper 300m in the North 

Indian Ocean (NIO) exhibited a decadal increase during 2006-2016 (Figure 4.9a), 

while the mean strength of the CEC was lower (0.5 Sv) in the same period than in the 

previous two decades (Figure 4.5). The slowdown of the CEC indicated a weakening 

of the upwellings in the NIO, resulting in an increase of the OHC in the upper ocean, 

and vice versa. On interannual timescale, however, the anomaly of upper 700m OHC 

had a similar pattern with the anomaly of the SSH (figures not showing), indicating 

the heaving process dominates the OHC change on this timescale. 
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The ITF referred to the transfer of the Pacific waters into the IO through South 

China Sea and Indonesian seas and it had a mean transport more than 10 Sv, with the 

waters relatively fresher and cooler, therefore, it had a great influence on the IO 

circulation (Gordon, 1986, 2005; Sprintall et al., 2014; Sprintall et al., 2009). The ITF 

water crossed the SIO as a narrow westward flow centered at 12ºS within the SEC 

(Gordon, 2005; Sprintall et al., 2009), and the ITF exhibited variations on interannual 

timescale (Potemra & Schneider, 2007). The ITF inputs may affect the variation of the 

IO shallow cells through various approaches. First, the changes in the ITF transport 

would affect the meridional geostrophic flows of the shallow cells by modifying the 

pressure gradient force via changes in the water properties. Also, the changes in the 

ITF inputs would affect the shallow cells through wind stress by modifying the local 

air-sea system in the IO, such as the alongshore South Java winds (Potemra & 

Schneider, 2007). Nevertheless, the variation of the ITF is associated with ENSO on 

interannual timescale (Potemra & Schneider, 2007), and with the equatorial Pacific 

easterly winds on (Multi-) decadal timescale (Feng et al., 2011). 

The climate variability in the Indo-Pacific regions had important impacts on 

both wind stress and sea level in the IO (Feng et al., 2011; Feng et al., 2010; Nidheesh 

et al., 2013; Yu et al., 2005; Zhuang et al., 2013), thus, they would affect the changes 

in the IO shallow cells. On interannual timescale, the IOD and the ENSO are the two 

prominent climate variability in the Indo-Pacific sector. Yu et al. (2005) found that the 

IOD associated atmospheric changes consisted of a pair of anticyclones on both sides 

of the equator and intense equatorial easterly anomalies, while the ENSO related 

atmospheric variations consist of a strong anticyclone in the southeastern tropical IO 

and strong along-shore wind anomalies near Java-Sumatra coast. During the positive 
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phase of IOD and ENSO, the modes associated zonal wind stress over the equator and 

the SIO were westward, and thus, the corresponding Ekman transport was southward 

in the SIO and northward on the north equatorial area, like what patterns in 1994 

(Figure 4.7e-f). Thus, an increase of the SSTC and a decrease of the CEC would be 

expected, and vice versa. Nevertheless, there were no significant correlations between 

the ENSO or IOD and the IO shallow cells (Figure 4.5, 4.9b and 4.9c). Besides, the IO 

was also modulated by the tropospheric biennial oscillation (TBO), defined as the 

tendency for a relatively strong monsoon to be followed by a relatively weak one 

(Meehl & Arblaster, 2002; Meehl et al., 2003). The time series of the CEC and the 

SSTC tended to oscillate biennially (Figure 4.5), which might be associated with TBO. 

Yet, Wang et al. (2014) studied the relationship of the IOD and the IO deep meridional 

overturning circulation (DMOC) and found that the DMOC was dominated by 

different components at different phases of the IOD. However, the DMOC is different 

from the shallow cells in this study, which is much deep and closely related to the 

geostrophic flows in the deeper layers. 

There are some limitations of this work as well. As focused on interannual to 

decadal variability, the seasonal variability of the IO shallow cells was not analyzed. 

Besides, more efforts are needed in the further to figure out the mechanism of the 

influence of the climate variability on shallow cells in the IO. However, the detailed 

processes of ITF and its influences on the circulations in the IO were out of the scope 

of this study. 

4.6 Conclusions 

The shallow meridional overturning circulation was wind-driven circulations 

in the upper tropics and subtropics, the shallow overturning circulation (a.k.a. the 
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shallow cells) in the IO had a cross-equator cell (CEC) and a southern subtropical cell 

(SSTC). This study started with examining the pathway and structure of the IO 

shallow cells through various methods and then obtained a time series of the strengths 

of the CEC and the SSTC from 1959 to 2017. The variability of the IO shallow cells 

on interannual to decadal timescales was analyzed and the reasons for and influences 

of these variations were further investigated. At last, this work also discussed the 

connections of the changes of the shallow cells with the changes of climate modes, 

such as ENSO, IOD, and TBO, as well as with ITF inputs. The following were results 

and conclusions in detail. 

The lower limbs of the IO shallow cells that returning water in the pycnocline 

flow at the subsurface mostly occurred at the western boundary flow, while over the 

ocean interior the pycnocline flow was negligible. The borders of the shallow cellsô 

upper limbs were determined based on the meridional streamfunction profiles. Lack of 

the interior pycnocline flow made possible that using uniformed depth to zonally 

integrate the meridional transports and such a method effectively eliminated the 

influences of horizontal circulations and greatly simplified the computational amount. 

The strengths of the IO shallow cells were then obtained based on the integrated-

transports of their upper limbs. 

During the past 60 years from 1959 to 2017, both the CEC and the SSTC 

exhibited obvious variability on interannual to decadal timescales and the CEC and the 

SSTC had mean values of 4.5 Sv and 5.9 Sv respectively. The SSTC showed a slight 

multi-decadal increasing while the CEC kept relatively steady, they were negatively 

correlated during the research period. The interannual to decadal variability of the IO 

shallow cells generally resulted from the changes in the meridional Ekman transports 
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and geostrophic currents in the upper layer, and each component could dominate the 

variation in given years. During years when the meridional Ekman transports reached 

extreme values in the SIO, its contribution to the shallow cells in the SIO was likely 

opposite to that of geostrophic current in the upper layer. The CEC exhibited a decadal 

weakening during 2001-2015, contributing to the decadal increasing of the OHC in the 

IO during this period, while the SSTC kept relatively steady during the same period. 

The meridional Ekman transport was controlled by the wind stress and wind 

stress curl, while the meridional geostrophic current was associated with the sea level 

anomaly, which could be affected by the wind stress, wind stress curl, ITF inputs, and 

changes in water properties cause by precipitations and heat flux. Therefore, climate 

variability like ENSO and IOD, which had important influences on the air-sea system 

in the IO, would affect the IO shallow cells explicitly or implicitly. The tendency of 

biennially oscillate of IO shallow cells might be associated with the TBO. However, 

the overall impacts of the climate variability on the IO shallow cells require more 

detailed and specific studies in the further. 
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SUMMARY AND CONCLUSIONS  

Starting with the ocean observations, I work on the data reconstruction by 

utilizing the relative abundant ocean remote sensing data; these techniques are also 

called deep ocean remote sensing (DORS). To understand on the upper ocean 

circulation variability, I focused on two aspects and further examine them 

respectively, namely, sea level and shallow overturning circulation. And I selected my 

research area in the Pacific Ocean and Indian Ocean, together as Indo-Pacific, as they 

are two major oceans and closely related to each other. Therefore, the summary and 

conclusion section consists of three parts correspond to Chapter 2, 3, and 4 

respectively. 

5.1 Deep ocean remote sensing  

Whilst satellite and radar sensors can observe the oceans widely, continuously, 

and ever-increasingly, these remote-sensed data are mainly ocean surface data. 

Subsurface and deep oceans (involving many important processes and phenomena) are 

indispensable for ocean science study despite the limited observation. In this setting, 

the DORS techniques were developed for estimating subsurface and deep oceans 

conditions from sea surface data. Various parameters and information at subsurface 

and interior oceans can be estimated or detected from sea surface data, including 3-D 

field oceanic parameters (e.g., temperature, salinity and ocean circulations) and 

Chapter 5 
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subsurface/deep ocean process and phenomena (e.g., subsurface flow, interior 

eddy/Mediterranean eddy, and internal waves). 

The key to DORS is to establish the relation between surface ocean and 

subsurface/interior oceans, which can be performed using dynamic approaches or 

data-driven approaches. Dynamics-based models can provide explicit physical 

interpretation, but they can only work under some assumptions or situations due to 

poor knowledge about the physical relations. Data-driven models are suitable when 

physical models are too complicated or not available (like most DORS studies). The 

combination between ocean science and machine learning (especially deep learning) 

can significantly improve the accuracy and robustness of models.  

Despite the fruitful results achieved by DORS, more efforts are needed to 

improve the temporal and spatial resolutions of the obtained data and the time-series 

forecasting of oceanic variables. The integration of the dynamics-driven models and 

the data-driven models would be a promising direction going forward. Overall, DORS 

studies can support ocean science investigations by substantially enlarge the oceanic 

data and provide new insights about the ocean dynamics. They are also interesting 

interdisciplinary studies involving ocean dynamics, remote sensing, big data, and 

machine learning. 

5.2 Sea level change and variability in Indo-Pacific   

The observations show that the global sea level is rising in recent 3 decades, 

while regional sea level is changing on different time scales. Sea level variability on 

different time scales can be identified EEMD, which has the advantages of 

automatically separate the signal frequency (and a nonlinear trend and) without losing 

endpoints or prescribing the frequency range when using band filters. Moreover, 
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compared with the traditional linear trend obtained from linear regression, the 

obtained nonlinear trend from EEMD can provide more important information, which 

has excluded the variations on all time scales and provides the change of trend over 

time. Therefore, it can be applied to investigate the sea level trend pattern of global 

oceans. 

 The Pacific sea level variation is dominated by ENSO on interannual time 

scale (54.5%) and by PDO on decadal time scale (42.5%), and the pattern of sea level 

variability on both time scales are ENSO-like, with the signals spread to higher 

latitude on decadal time scale. The pattern can also be exhibited by the correlation 

coefficient values. Given that, the Pacific sea level on interannual and decadal time 

scales are also affected by other factors.  

The air-sea system in the tropical Indo-Pacific exhibited coherent phase 

shifting on semi-decadal time scale, variables include sea level, wind stress, SST, 

subtropical cells, and thermocline depth, indicating the Bjerknes feedback mechanism 

also works on decadal time scale. 

5.3 Variability of shallow meridional overturning circulation  in Indo-Pacific  

The shallow meridional overturning circulation was wind-driven circulations 

in the upper tropics and subtropics, a.k.a., the shallow MOC, or shallow cell. The 

shallow MOC in the Pacific has two subtropic cells. In the IO, by contrast, it has a 

cross-equator cell (CEC) and a southern subtropical cell (SSTC). The upper limbs 

flow water southward, while the lower limbs (in the subsurface pycnocline) return 

water mainly at the western boundary flow and negligible over the ocean interior. The 

borders of the shallow cellsô upper limbs were determined based on the meridional 

streamfunction profiles.  
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During the past 60 years (from 1959 to 2017), the SSTC showed a slight multi-

decadal increasing while the CEC kept relatively steady, and they have the mean 

values of 5.9 Sv and 4.5 Sv, respectively. Both CEC and SSTC exhibited obvious 

variability on interannual to decadal time scales, and they were negatively correlated 

during the research period. The interannual to decadal variability of the IO shallow 

cells generally are ascribed to the changes in the meridional Ekman transports and 

geostrophic currents in the upper layer, and each component could dominate the 

variation in given years. 

The meridional Ekman transport was controlled by the wind stress and wind 

stress curl, while the meridional geostrophic current was associated with the sea level 

anomaly, which could be affected by the wind stress, wind stress curl, ITF inputs, and 

changes in water properties cause by precipitations and heat flux. Therefore, climate 

variability like ENSO and IOD, which had important influences on the air-sea system 

in the IO, would affect the IO shallow cells explicitly or implicitly. The tendency of 

biennially oscillate of IO shallow cells might be associated with the TBO. However, 

the overall impacts of the climate variability on the IO shallow cells require more 

detailed and specific studies in the further. 
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SUPPLEMENTARY MATERIAL FOR CHAPTER 2  

Metrics 

The model-estimated STA and SSA were evaluated using various statistical 

metrics, i.e., coefficient of determination (R-squared, or R2, hereafter), correlation 

coefficient (R, hereafter), and RMSE. R and R2 are defined as Equations (B1) and 

(B2), respectively: 

 
Ὑḳ 

В Ὢ ὪӶώ ώ

В Ὢ ὪӶВ ώ ώ
 

(B1) 

 Ὑ ḳρ
ὛὛ

ὛὛ
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В ώ Ὢ
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 (B2) 

where ώ is observed values, Ὢ is the estimated values, ώ and ὪӶ are the means 

of  ώ and Ὢ, respectively; ὛὛ  is the residual sum of squares (or the sum of the 

squared estimate of errors), and ὛὛ  is the total sum of squares. R2 represents the 

proportion of the variance for a dependent variable explained by the independent 

variables in a regression model, while R explains the strength of the relationship 

between the observed values and the predicted outcomes. The RMSE describes the 

specific value of the errors between the predicted outcomes and the observed data. 

  

Appendix B 
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Supplementary Tables B1 to B3 

Table B1: CNN network layers and network training parameters. 

 

Neural Network Layers 

Input layer Size: 48×48×5 

Convolution Size: 3×3, filters: 32, stride: 1 

Batch  

ReLU  

MaxPooling  Size: 2×2, stride: 2 

Convolution  Size: 3×3, filters: 64, stride: 1 

Batch  

ReLU  

Convolution Size: 3×3, filters: 128, stride: 1 

Batch  

ReLU  

Fully connected Size :128 

ReLU  

Fully connected  Size: 64 

ReLU  

Fully connected Size: 1 

Regression Loss: root-mean-squared-error 

Output layer Size: 1 

  

Neural Network 

Training Parameters 

 

Loss function  root-mean-squared-error 

Optimizer SGDM 

Momentum 0.9 

Learning rate Initial:0.001, drop rate: 0.1,  

drop period: 10 

Training samples 4800 

Batch Size 64 

Iterations per epoch 48 

Maximum epoch 50 

Maximum iterations 2400 

Validation frequency  48 
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Table B2: Input and ground truth data for the CNN model. The target parameters in 

this study are the subsurface temperature anomaly (STA) and subsurface salinity 

anomaly (SSA). The corresponding input variables are the anomalies of sea level, 

SST, SSS, and zonal and meridional wind stress, referring to the climatological means 

during 2005-2014.  

Input 

Variables Resolution Usage Data Source 

SLA 1/4°, monthly Train (60%), 

Validate (20%), Test 

(20%) 

AVISO 

SSTA 1/4°, monthly Train (60%), 

Validate (20%), Test 

(20%) 

OISST 

SSSA 1/4°, monthly Train (60%), 

Validate (20%), Test 

(20%) 

SMOS 

WSA 

(U, V) 

1/4°, monthly Train (60%), 

Validate (20%), Test 

(20%) 

CCMP 

    

Label 

Variables Resolution Usage Data Source 

STA, SSA  1°, monthly Train (60%), 

Validate (20%), Test 

(20%) 

Argo gridded, 

IPRC 

STA, SSA  1/2°, monthly  Train (60%), 

Validate (20%), Test 

(20%) 

Argo gridded, 

ISAS-15 
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Table B3: Assessment of input image. Performances of STA estimation with different 

input images, including the different variables, as the channels of the image, and 

different image sizes, determined by coverage area and resolution. STA is at 100 m 

depth in February 2012. 

  

Case Variables Image Size R2 R RMSE 

(°C)  Area Res. Grids 

1.1 all*  8°× 8° 1° 8×8 0.965 0.951 0.149 

1.2 all 12°× 12° 1° 12×12 0.992 0.996 0.071 

1.3 all 16°× 16° 1° 16×16 0.996 0.998 0.046 

1.4 all 24°× 24° 1° 24×24 0.998 0.999 0.029 

1.5 all 8°×8°  1/2° 16×16 0.980 0.990 0.103 

1.6 all 12°×1 2° 1/2° 24×24 0.994 0.997 0.051 

1.7 all 16°×1 6° 1/2° 32×32 0.997 0.999 0.042 

1.8 all 4°× 4° 1/4° 16×16 0.941 0.970 0.183 

1.9 all 8°× 8° 1/4° 32×32 0.986 0.993 0.090 

1.10 all 12°×12°  1/4° 48×48 0.995 0.997 0.059 

2.1 SLA 12°×12°  1/2° 24×24 0.965 0.982 0.143 

2.2 SSTA 12°×12°  1/2° 24×24 0.925 0.962 0.218 

2.3 SSSA 12°×12°  1/2° 24×24 0.958 0.980 0.151 

2.4 UWSA 12°×12°  1/2° 24×24 0.950 0.975 0.176 

2.5 VWSA 12°×12°  1/2° 24×24 0.945 0.972 0.181 

* all variables: SLA, SSTA, SSSA, UWSA, and VWSA. 
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Supplementary figures B1 to B4 

Figure B1: Performance for STA estimation. (a) Correlation coefficient (R), (b) root-

mean-square (RMS) were calculated from the ground truth data for the 

26 depth levels in all months, 2012. 
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Figure B2: Performance for SSA estimation. (a) Correlation coefficient (R), (b) root-

mean-square (RMS) calculated from the ground truth data for the 26 

depth levels in all months, 2012. 
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Figure B3: Distributions of estimated higher resolution temperature. The distributions 

of (a) ground truth, (b) 1° estimated, (c) higher resolution (1/4°) 




















