
 

ABSTRACT 

ZENG, XIANGMING. Classification and Predictability of the Western Boundary Current 
Variability in the Gulf of Mexico and South Atlantic Bight. (Under the direction of Dr. 
Ruoying He). 
 

Many instabilities exist in the western boundary current system in the North Atlantic, 

such as path shifts, meanders and eddy shedding. Regional climate systems, local weather 

systems and marine ecosystems can be significantly affected by these instabilities. Using 

state-of-art methods, this dissertation explores different patterns, predictability, and 

mechanisms of two major components of the Western Boundary Current system in the North 

Atlantic: the Loop Current (LC) in the Gulf of Mexico (GoM) and the Gulf Stream (GS) in 

the South Atlantic Bight (SAB). 

First, variations of the LC in the GoM are investigated using over two decades of 

satellite altimeter data and the self-organizing map method. It is found that LC variations can 

be characterized by three spatial patterns: normal, extension and retraction. The 

corresponding temporal variations confirm that LC eddy shedding generally occurs during 

the transition from the extension to retraction patterns. On the weekly time scale, the wind 

stress curl (WSC) in the Caribbean Sea has a major influence on LC eddy shedding. The 

increase of Caribbean WSC from June to November favors more frequent LC eddy shedding 

during that period. On the interannual time scale, there is a potential linkage between the 

frequency of LC eddy shedding and El Niño activities. 

 Based on such analysis of the LC variation, a LC sea surface height (SSH) prediction 

system is developed to forecast the variation of the LC status and eddy shedding process. The 

empirical orthogonal function analysis method is first applied to decompose long-term 



 

satellite-observed SSH into spatial patterns (EOFs) and time-dependent principal components 

(PCs). Then the nonlinear autoregressive neural network is developed to predict major PCs of 

the GoM SSH in the future. The prediction of SSH in the GoM is subsequently constructed 

by multiplying the EOFs and predicted PCs. Validations against independent satellite 

observations indicate that the neural network–based model can reliably predict the LC 

variations and its eddy shedding process for a 4-week period. In some cases, an accurate 

forecast for 5–6 weeks is possible. 

 The last part of this dissertation focuses on the variability of the GS path in the SAB 

and its corresponding mechanisms. Both long-term satellite observation analysis and 

advanced primitive equation ocean models are applied. Statistical analysis of long-term 

satellite altimeter observations shows the GS path has two modes in the SAB: weakly and 

strongly deflected. Over the last two decades, the largest GS offshore deflection in the SAB 

occurred in November 2009- April 2010. The triggering mechanisms are studied using both 

the forward and the adjoint modules of the Regional Ocean Modeling System (ROMS). The 

forward model simulation reasonably well captures the GS deflection in November 2009. 

The adjoint sensitivity analysis further reveals that a net increase of positive relative vorticity 

𝜁 near the Charleston Bump generated by the dynamic interaction between the increased GS 

volume transport and the local bathymetry triggered the GS offshore deflection by virtue of 

conserving the potential vorticity	  (𝑓 + +𝜁) ℎ. Quantitative vorticity analysis confirms such a 

finding. 
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Chapter I: Introduction 

1. Western Boundary Current instabilities 

Some of the most prominent features of ocean circulation are the strong, persistent 

currents along the western boundaries of ocean basins, which are known as Western 

Boundary Currents (WBCs), such as the Gulf Stream in the Atlantic and Kuroshio Current in 

the Pacific. The formation of WBCs is mainly due to the beta effect of the Coriolis force 

varying with latitude (Stommel 1948). Originating from the equatorial regions, WBCs carry 

warm water from low to high latitudes, thus not only affecting the local circulation and 

marine ecosystem, but also contributing to the global meridional heat transport and 

moderation of Earth’s climate (Imawaki et al. 2013).  

WBCs have been hot research topics for decades. Stommel (1965) and Stommel and 

Yoshida (1972) contributed milestone studies for the Gulf Stream and Kuroshio, 

respectively. Hogg and Johns (1995) summarized the observational work for WBCs up to the 

mid-1990s. Imawaki et al. (2013) combined recent studies and presented the structure and 

dynamics of WBCs, as well as their roles in basin-scale circulation, regional variability, and 

their influence on atmosphere and climate. These studies indicate that WBCs typically have 

relatively stable main paths, water and heat transport, and high speed (~1 m/s) compared to 

other surface current systems in the ocean. Therefore, the instabilities of WBCs, such as 

variation of path and water transport, either can significantly influence the global climate 

system (e.g. Kwon et al. 2010), local marine ecosystems (e.g. Gawarkiewicz et al. 2012) and 
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weather systems (e.g. Minobe et al. 2010), or can be indicators of global climate variations 

(e.g. Wu et al. 2012).  

Instabilities of WBC systems usually result in meanders and eddy shedding, and 

consequently, high eddy kinetic energy (EKE). Figure 1a shows the distribution of 

climatological means EKE in the North Atlantic, estimated from 21 years of satellite-

observed sea level anomaly data. As expected, high EKE occurs near the WBC region with 

large instabilities (Figure 1b). The greatest EKE in Figure 1a is located in the open ocean 

region where the Gulf Stream veers away from the coastline to the east. Much studies have 

been done on the part of Gulf Stream and its interaction with topography and Atlantic Ocean 

circulation.  In this study, I will focus on two of its upstream regions: the Gulf of Mexico and 

the South Atlantic Bight, where significant EKE are also observed. 

2. Loop Current in the Gulf of Mexico 

Originating at the Yucatan Channel and exiting through the Florida Straits, the Loop 

Current (LC) is a dominant circulation feature in the Gulf of Mexico (GoM) (Figure 1b). One 

of the most notable characteristics of the LC is that it episodically sheds large, high-speed 

eddies with diameters of about 200-300 km and swirl speed of ~2 m/s, which affect almost 

every aspect of the GoM including ocean circulation, biochemical properties, larval transport, 

and air-sea interaction (Oey et al. 2005a; Xue et al. 2013; Richards et al. 1993; Small et al. 

2008). LC eddy shedding consists of highly nonlinear extension and retraction processes 

(e.g., Oey et al. 2005a). Sometimes, the LC can shed eddies without extension, and detached 

eddies can also re-attach. The time interval between eddy shedding events is found to be 
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irregular, ranging from 0.5 to 18 months (Leben 2005). Between eddy shedding, variations of 

LC frontal position are also significant. The north and west edges of the LC can vary from 

about 25.5°N to 27.5°N and 86°W to 90°W, respectively (Leben 2005; Gopalakrishnan et al. 

2013).  

Daily operations of approximately 4,000 oil and gas drilling platforms in the northern 

GoM are significantly affected by the LC and its high-speed eddies, which make planning 

and scheduling a challenge for this expensive enterprise (Leben and Honaker 2006; 

Sammarco et al. 2004). Accurate prediction of the LC and LC eddies is of critical importance 

for both scientific research and societal benefit. For example, in order to mitigate the adverse 

impacts of the Deepwater Horizon oil spill in 2010, intensive research on the LC and LC 

eddies was performed during and after the incident (e.g., Liu et al. 2013). The LC and LC 

eddies also play an active role in the rapid intensification of GoM hurricanes, such as 

devastating Hurricanes Katrina and Rita (Leben and Honaker 2006), which caused extensive 

loss of life and property damage in many Gulf coastal communities.  

Much effort has been expended to predict LC variation and its eddy shedding process 

using remote sensing observations and primitive equation numerical models. Oey et al. 

(2005b) performed a study to predict the LC and its eddy frontal position using the Princeton 

Ocean Model (POM). Yin and Oey (2007) applied the bred-ensemble forecast technique to 

estimate the locations and strengths of the LC and LC eddies from July to September 2005. 

Counillon and Bertino (2009) presented a small-ensemble forecast using the Hybrid 

Coordinate Ocean Model to predict LC eddy shedding. A semi-theoretical basis was 

provided by Lugo-Fernández and Leben (2010) on the linear relationship between LC retreat 
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latitude and eddy separation period. Forristall et al. (2010) showed that of statistical methods 

have better skills on LC prediction than that of most dynamical models. Mooers et al. (2012) 

evaluated several different ocean models’ performances at LC eddy shedding prediction 

using various prediction skill assessment methods in the report of the GoM 3-D Operational 

Ocean Forecast System Pilot Prediction Project. More recently, with the four-dimensional 

variation method, Gopalakrishnan et al. (2013) tested the predictability of the LC eddy 

shedding process using the Massachusetts Institute of Technology general circulation model 

(MITgcm). Xu et al. (2013) applied the local ensemble transform Kalman filter with the 

parallel POM to estimate the states of the LC and LC eddies from April to July 2010.  

All the above studies are based on either simple empirical relations or primitive 

equation ocean models focusing on a single LC eddy or a small number of LC eddy shedding 

events. The lack of generality makes the assessment of their model predictability very 

difficult (e.g., Mooers et al. 2012). As a powerful tool in many areas, such as pattern 

recognition, parameter optimization, and time series prediction, the machine learning 

technique will be used to analyze and predict variations of the LC and LC eddies.  

3. Gulf Stream in the South Atlantic Bight 

Further downstream, the Gulf Stream (GS) forms and flows through the Strait of 

Florida, and then moves farther northward along the shelf break of the southeast U.S. 

continental shelf (also known as the South Atlantic Bight, SAB), before leaving the shelf 

slope and turning into the deep ocean near Cape Hatteras (Figure 1b). Meanders and 

fluctuations of the GS path have been observed in this region, especially near the ridge and 
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trough bottom structure off Charleston, SC, known as the “Charleston Bump” (Bane and 

Brooks 1979; Figure 2). The offshore deflection of the GS usually propagates downstream of 

the Bump, which can even affect the position of the GS near Cape Hatteras. 

The position of the GS can affect the coastal circulation, along- and cross-shelf water 

exchange, marine ecosystem, and regional weather system in the SAB. For instance, Miller 

and Lee (1995) shows as the GS flows along the shelf break of the SAB, the variation of its 

position can easily change the circulation on the continental shelf. Frontal eddies and water 

intrusion caused by the instability and variation of the GS play an important role in the water 

exchange between continental shelf and the open ocean (Lee et al. 1991; Castelao 2011). At 

the same time, these processes can also transport nutrients to the euphotic zone beneath the 

GS, which further affects productivity and biomass variation in the SAB (Lee et al. 1991; 

Signorini and McClain 2007). Because of the influence of hydrodynamics on fisheries, fish 

population and larval transport in the SAB are closely linked to the position of the GS 

(Werner et al. 1997; Epifanio and Garvine 2001). Furthermore, GS position can impact the 

distribution of sea surface temperature, which moderates the ocean-to-atmosphere heat fluxes 

and results in variation of the local weather system (Bane and Osgood 1989; Li et al. 2002; 

Joyce et al. 2009; Kwon et al. 2010; Minobe et al. 2010; Nelson et al. 2014). 

The existence of GS meanders along the continental margin in the SAB has been 

recognized for decades. The first detailed observation of GS meanders was reported by 

Webster (1961) using measurements of surface salinity and velocity and water temperature 

within 200 m depth. Fuglister and Voorhis (1965) showed that the GS deflection in the SAB 

is also evident at 200 m depth. Bane and Brooks (1979) described and discussed the wavelike 
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propagation of the GS deflection from upstream to downstream in the SAB. From 

observations, Legeckis (1979) concluded that on a seasonal time scale, the time-dependent 

lateral movements of the GS downstream from the Charleston Bump increase by about a 

factor of three relative to the upstream movements, and the GS is topographically forced by 

the depth change near the Bump. Bane et al. (1981) presented a three-dimensional structure 

of GS meanders and estimated the meander phase propagation speed to be 35 km/day based 

on observation. Bane (1983) also reported that larger GS deflection in the SAB occurs in 

wintertime. Olson et al. (1983) concluded through frontal statistics and historical data 

analysis that the deflection observed at the Charleston Bump is not due to direct topographic 

effects. Bane and Dewar (1988) reported the bimodality of the GS path in the SAB, while 

Miller (1994) and Schmeits and Dijkstra (2001) further supported this idea with satellite data 

and high-resolution ocean general circulation model results, respectively. Through a model 

study, Xue and Mellor (1993) found a slightly longer wavelength and slower phase speed 

exists downstream of the Charleston Bump than upstream. Miller and Lee (1995) analyzed 

the energetics of numerical simulations and concluded that the development of the GS 

meanders and frontal eddies is controlled by a mixture of both baroclinic and barotropic 

instabilities of the mean GS flow. Simulations using idealized topography by Xie et al. 

(2007) showed that the GS meander is the result of the combined effect of isobathic 

curvature of the SAB bathymetry and the Charleston Bump. Mesoscale eddies in the SAB 

have an effect on the GS as well, and they are most frequently observed downstream of the 

Charleston Bump, where the amplitude of most eddies is increased with water depth 

(Castelao and He 2013). More recently, Gula et al. (2015) quantified the role played by 
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interactions of the GS with topographic features and the subsequent impact of nonlinear 

eddy-mean flow interactions through a high-resolution model.  

Because of limited observations, the understanding of GS path variability over a 

longer time scale is very limited. With the continued development of satellite altimetry and 

new ocean modeling and adjoint sensitivity tools, it is now possible to use two decades’ 

satellite observed sea surface height data and quantitative model simulation results to explore 

the long-term variation of the GS path and elucidate the mechanisms that determine such 

variation. 

4. Research objectives and dissertation outline 

The overarching objective of this dissertation research is to achieve a deeper 

understanding of the patterns, mechanisms, and predictability of WBC system variation in 

the GoM and the SAB using the state-of-art data analysis and numerical model diagnostic 

methods. Specific objectives are: 

I.   Extract the pattern and evolution of LC and LC eddies in the GoM by clustering 

the corresponding satellite-observed sea level data over two decades (1992-2013). 

Identify possible environmental factors that affect the state of the LC. 

II.   Explore the predictability of LC state using a new machine learning forecasting 

method and provide a comprehensive assessment on the prediction skills of this 

method. 

III.  Quantify and classify variations of GS position in the SAB over a 21-year period 

(1993-2013) using satellite-observed sea surface height data.  
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IV.  Identify dynamical mechanisms that cause variation of GS position using realistic 

ocean hindcast and adjoint models.  

The outline of this dissertation is as follows: Chapter II focuses on the clustering of 

the LC patterns based on the satellite altimeter data. Different patterns of the LC are 

extracted from long-term satellite observation. The influence of wind stress and climate 

variation on the LC temporal variation is explored. Based on the analysis in Chapter II, a 

forecasting system is developed to predict the state of the LC and LC eddies in Chapter III. 

Validations against independent satellite observations are also provided. Chapter V focuses 

on the GS in the SAB. First, the long-term GS position variability is quantified using two 

decades’ satellite altimeter data. Factors that may affect the GS position in the SAB are 

analyzed from statistical point of view. Then, a realistic ocean circulation model is developed 

to simulate the GS offshore meanders in November 2009. This meander kept evolving in the 

next 4-5 months, constituting the largest offshore meander event over last two decades. 

Triggering mechanisms of this meander in November are studied using the adjoint sensitivity 

and vorticity budget analysis methods. Finally, a summary of this dissertation is presented in 

Chapter IV.  

The dissertation consists of three peer-reviewed publications: Zeng et al. (2015a) for 

Chapter II; Zeng et al. (2015b) for Chapter III, and Zeng and He (submitted) for Chapter V. 

Another publication (Zeng et al., 2015c) that is marginally related to the dissertation topic is 

not included in this dissertation.   
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Figures 

 

Figure 1. (a) Eddy kinetic energy (m2/s2) derived from 21 years’ mean AVISO sea level 

anomaly satellite data. (b) Study domain. Black arrows are geostrophic currents (> 0.1 m/s) 

derived from 21 years’ mean AVISO sea surface height data. They can be considered to be 

part of the Western Boundary Current system in the North Atlantic. Contours are isobaths at 

100, 1000, and 3000 m. 
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Figure 2. Topography of the South Atlantic Bight. Water depth is shown in meters. Contours 

are 200, 600, 700, 1000, and 3000 m isobaths. The Charleston Bump is shown by the arrow. 
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Abstract 

The self-organizing map is used to investigate variations of the Loop Current (LC) in 

the Gulf of Mexico from 1992 to 2013 based on satellite-observed sea surface height 

data. It is found that LC variations can be characterized by three spatial patterns: 

normal, extension, and retraction. The corresponding temporal variations confirm that 

LC eddy shedding generally occurs during the transition from the extension to 

retraction patterns. On the weekly time scale, the wind stress curl (WSC) in the 

Caribbean Sea has a major influence on LC eddy shedding. The increase of Caribbean 

WSC from June to November favours more frequent LC eddy shedding during that 

period. On the interannual time scale, there is also a potential linkage between the 

frequency of LC eddy shedding and El Niño activities.  

1. Introduction 

The Loop Current (LC) is the dominant ocean circulation system in the Gulf of 

Mexico (GoM) (e.g., Oey et al., 2005). It originates at the Yucatan Channel and exits through 

the Florida Straits (Figure 1). One of its most notable characteristics is that it episodically 

sheds large, warm-core eddies which affect various aspect of GoM hydrodynamics. LC eddy 

shedding consists of highly nonlinear extension and retraction processes (e.g., Oey et al., 

2005). Sometimes, the LC can shed eddies without extension, and detached eddies can also 

re-attach to the LC. The time interval between eddy shedding events is found to be irregular, 

ranging from 0.5 to 18 months (Leben et al., 2005).  
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The causes of the complex LC shedding process are still subject to debate. Hurbult 

and Thompson (1980) pointed out that LC eddy shedding was controlled by the horizontal 

instability of the LC. Maul and Vukovich (1993) found that the ensemble correlation between 

monthly position of the LC and volume transport is zero based on twelve years satellite and 

in situ data. Pichevin and Nof (1997) concluded that eddy shedding is required to satisfy the 

momentum balance principle. Oey et al. (2003) suggested that Caribbean Sea (CS) eddies 

spun up by local winds could propagate through the Yucatan Channel into the GoM and 

influence the LC eddy shedding process. Lugo-Fernández, (2007) examined the LC through a 

dynamical system approach and found that the LC is nonlinear, but not chaotic. Nürnberg et 

al. (2008) explored the variability of the LC and its relation with Mississippi River discharge 

through a geochemistry view. Lugo-Fernandez and Leben (2010) provided the linear 

relationship between LC retreat latitude and eddy separation period using the satellite 

altimeter-derived LC metrics. Sturge et al. (2010) further proposed that the downstream 

Florida Strait transport variation may trigger LC eddy shedding, while Oey and Chang (2011) 

argued that several model solutions showed that such a downstream trigger was not 

necessary. Numerous other numerical modelling efforts (e.g., Lee and Mellor, 2003; Yin and 

Oey, 2007; Chang and Oey, 2012; Le Henaff et al., 2012; Chang and Oey 2013a; Xu et al., 

2013) were also made to depict the evolution of the LC. A recent study by Liu et al. (2012) 

suggested that the local net heat flux and the intensity of the advective heat flux convergence 

can introduce instability of the LC and associated eddies, highlighting that the complex 

coupling between atmosphere and ocean can contribute to the LC shedding (e.g., Chang and 

Oey, 2013b). 



 
 
 

 
20 

 

In this study, we used a novel feature extraction method to characterize satellite 

observed sea surface height data of the LC and further analyse its variations. The frequency 

of occurrence for the LC retraction pattern was then correlated with wind stress curls and 

several climate indices at different time scales.  

2. Data and methods 

Twenty one years (1992-2013) of gridded satellite altimeter-observed sea surface height 

(SSH) data around the LC area (red box in Figure 1) were analysed. Altimeter data, 

distributed by the Archiving, Validation and Interpretation of Satellite Oceanographic 

(AVISO) data service, have spatial and temporal resolutions of 1/3o and 7 days, respectively. 

For quality control, only the data located inside the areas with water depth greater than 100 m 

were chosen (Liu et al., 2008; Yin et al., 2014). In addition, wind data (with 3 hourly time 

interval and ~33 km spatial resolution) were extracted from National Centers for 

Environmental Prediction North American Regional Analysis (NARR). Weekly mean wind 

stress was subsequently calculated based on Cushiman-Roisin and Beckers’s (2011) method, 

and then used to derive corresponding wind stress curls. Climate indices were obtained from 

the Physical Sciences Division of Earth System Research Laboratory, National Oceanic and 

Atmospheric Administration (NOAA).  

Our focus here is to apply an advanced method, the self-organizing map (SOM), to 

re-examine the long-term satellite observations archived for the LC region in the last two 

decades. Actually, satellite data have been widely used in studying the Gulf circulation and 

LC dynamics (e.g., Leben, 2005; Leben and Honaker, 2006; Lugo-Fernandez and Leben, 
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2010). Based on an unsupervised artificial neural network, the SOM is an effective method 

for feature extraction and classification, and can map high-dimensional input data onto the 

elements of a regular, low-dimensional array (Kohonen, 2001). It has been demonstrated to 

be more powerful than the conventional empirical orthogonal function (EOF) method for 

feature extractions, especially when the signal is highly nonlinear (Reusch et al., 2005; Liu et 

al., 2006b). The SOM has been shown to be a valuable tool in oceanographic studies (Liu 

and Weisberg, 2011). It has been applied to identify patterns in ocean currents and sea 

surface temperature fields on the West Florida Shelf (Liu and Weisberg, 2005; Liu et al., 

2006a; Liu et al., 2007), biogeochemical properties in the northern Adriatic Sea (Solidoro et 

al., 2007), and current variability in the China Seas (Liu et al., 2008; Jin et al., 2010; Tsui and 

Wu, 2012; Yin et al., 2014). 

In this study, all weekly SSH data within the study domain were fed into the SOM as 

inputs. Based on the minimum Euclidean distance and pattern size given initially, different 

SSH patterns were extracted in a topology preserving way-each weekly SSH snapshot was 

then assigned to one of these patterns (e.g., Liu and Weisberg, 2005). From these 

assignments, the best matching unit (BMU) time series and frequency of occurrence (FO) of 

each pattern were obtained. The SOM parameters such as lattice, weights, training method, 

and neighbourhood function were chosen according to Liu et al. (2006b). Based on our 

sensitivity experiments and the variability of the LC, the pattern number 1×3 with contrasting 

difference between each pattern was chosen prior to the training process.  

3. Results 
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3.1 Spatial variability 

The three SOM patterns and their corresponding FOs are shown in Figure 2. The 0.45 

m SSH contour line was chosen as the edge of the LC and its detached eddies in this study 

based on the examination of patterns and evolutions of LC and LC eddies over 21 years SSH 

data record. It is consistent with methods used by earlier studies (e.g., Leben, 2005) in SSH 

contour selection. Pattern 1 (P1) is the LC’s normal condition, without extension or shedding. 

The north and west edges of LC in P1 reach about 26.5°N and 88°W, respectively. For P1, 

the LC is featured with significantly high sea level, accompanied by low sea level on the 

northwest edge. Pattern 2 (P2) is the LC extension pattern. The most obvious feature for P2 is 

that the LC extends into a relatively elongated shape, such that its north and west edges reach 

about 27.5°N and 90°W. In contrast, Pattern 3 (P3) represents the LC retraction pattern, 

which can also be considered as the eddy shed pattern. The main body of the LC and LC 

eddy are clearly separated from each other. After eddy shedding, the north and west edges of 

the LC retreat to about 25.5°N and 86°W. The shed eddy is located at about 26°N, 90°W 

with lower SSH and weaker geostrophic velocity than the main LC. Different from P1 and 

P2, P3 shows the LC further to the southeast after eddy shedding. There is also a large 

cyclonic eddy with low SSH present between the LC and its shed eddy. 

3.2 Temporal evolution 

Figure 2b shows the temporal changes (BMU time series) of the three LC patterns 

(P1, P2, and P3). A repeated cycle is generally evident in the 21-years’ time series. Using P1 

as an arbitrary beginning, the cycle of P1→P2→P3→P1 is fairly robust. Specifically, the LC 

starts in its normal pattern (P1), and then extends to the northwest to 27.5°N to reach its 
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extension pattern (P2). An eddy shedding event subsequently occurs, and then the LC retreats 

to about 25.5°N to its retraction pattern (P3). Due to the nonlinearity of LC evolution, 

however, not every eddy shedding process follows this cycle (e.g., Lugo-Fernández, 2007).  

In order to quantify the percentage occurrence of each pattern, the FO was calculated 

by summing the number of occurrences of that pattern divided by the total record length 

(Figure 2a). Over the 21-year study period, 41.5% of the LC patterns belong to the normal 

pattern (P1), while the extension (P2) and retraction (P3) patterns account for 28.5% and 

30.0%, respectively.  

To better illustrate the seasonal variation of the LC and the dominant pattern for each 

month, the monthly FOs (MFO) of the three patterns were also calculated (Figure 2c). The 

MFO of P1 is larger than those of P2 and P3 from January to May, which suggests that 

generally the LC tends to remain in its normal pattern (P1) during this period. In July and 

August, the MFO of P2 is the largest, suggesting that LC tends to extend during this period. 

The MPO of P3 becomes dominant from September to December, showing that retraction of 

the LC is more likely to occur during this period. We note that transitions from P1 to P2 and 

from P2 to P3 occur in June and the end of August, respectively, indicating that statistically 

the LC extension (eddy shedding) tends to occur in June (in late August).  

4. Discussion 

To further study the LC eddy shedding process and its possible mechanisms, we 

compared the weekly and annual FOs of P3 with long-term mean winds stress curl (WSC) 

over different spatial domains, as well as with different climate indices. 
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Figure 3a shows the weekly FO (WFO) of P3 along with long-term weekly mean 

WSC of three (Caribbean Sea (CS), Bahamas, and GoM; see Figure 1) previously identified 

wind influence regimes (e.g., Oey et al., 2003; Sturges et al., 2010; Gopalakrishnan et al., 

2013). We found that the zero time-lag correlation coefficient between CS WSCs and WFO 

of P3 is 0.83, much higher than the correlations with the local WSC in the GoM (correlation 

coefficient r=0.45) and the downstream WSC in the Bahamas area (r=0.65). This suggests 

that LC eddy shedding is likely associated more with CS WSC in the upstream Caribbean 

Sea. Indeed, Oey et al. (2003) showed that negative CS WSC can spin up Caribbean eddies 

(anticyclones), which in turn lead to a lower frequency of LC shedding.  Our results further 

reveal the CS WSC increases from June to November. It can play a role in suppressing the 

formation of anti-cyclonic eddies in the CS. In other words, the increase of CS WSC during 

this period favours a higher frequency of LC shedding, as shown in Figure 3a. 

To understand the interannual variability of LC eddy shedding, the annual FO (AFO) 

of P3 was examined together with various climate indices, including the Oceanic Niño Index 

(ONI), North Atlantic Oscillation index (NAO), Southern Oscillation Index (SOI), and 

Pacific Decadal Oscillation (PDO). Various time lag correlations and running averages were 

performed. Among them, the best correlation (r=0.6 at 95% confidence interval) is found 

between the six-month moving-averaged ONI and the AFO of P3 with a 90-day lag (Figure 

3b). Other indices show no significant correlations (not shown). The ONI is defined as the 

sea surface temperature anomalies in Niño Region 3.4 (5°N-5°S, 120°W-170°W) and used as 

an index for El Niño (e.g., Koushy and Higgins, 2007). The relationship between ONI and 
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AFO of P3 suggests a possible connection between Pacific climate and the LC eddy shedding 

process.  

Previous studies on the tele-connection between the Atlantic and the Pacific showed 

that El Niño, a Pacific event, can have a strong impact on wind and circulation in the Atlantic 

(Enfiled and Mayer, 1997; Alexander and Scott, 2002; Kennedy et al., 2007; Smith et al., 

2007). The frequent swing in the trade winds and resulting wind stress curls in the Atlantic 

may favour more eddy shedding in the GoM (Chang and Oey, 2013b). Detailed processes 

determining how the basin-scale teleconnection influences LC eddy shedding clearly need 

further study that combines observations and numerical model sensitivity experiments.  

5. Summary 

Three patterns and corresponding temporal evolution of LC SSH were extracted from 

21years of weekly satellite SSH data using the SOM method. In most cases, the LC evolution 

follows a normal-extension-retraction cycle. Transitions from normal pattern (P1) to 

extension pattern (P2) and from extension pattern (P2) to retraction pattern (P3) occur in June 

and the end of August, respectively.  

The weekly FO analysis of the LC retraction pattern (P3) indicates CS wind stress curl 

has a major influence on LC eddy shedding.  The increase of CS WSC from June to 

November favours the LC eddy shedding at higher frequency during that period. On the 

interannual time scale, the significant relationship between ONI and AFO of P3 suggests a 

possible connection between Pacific climate and LC eddy shedding frequency, which needs 

further study. Due to the fully three-dimensional nature of the loop current and its high 
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nonlinearity (e.g., Lugo-Fernández, 2007), realistic dynamical modelling study is needed to 

better understand causes of LC shedding, vertical structure of circulation, as well as their 

responses to various forcing agents and climate signals. 
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Figures 

 

Figure  1. Study domain. Red box is the Gulf of Mexico (GoM) area; blue box is the 

Caribbean Sea (CS) area; green box is the Bahamas area. The box areas are used for wind 

stress curl calculations. Grey lines are depth contours in meters. Black arrows are geostrophic 

velocity calculated from long-term mean AVISO sea surface height data (only the velocities 

>0.1 m s-1 are plotted). The Loop Current is visible via the velocity arrows in the GoM box. 
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Figure  2. Self-organizing map analysis results. (a) Sea surface height (SSH) patterns: (P1) 

normal; (P2) extension; (P3) retraction. Top numbers are corresponding frequency of 

occurrence (FO) percentage. Vectors are geostrophic current. Green line is 0.45 m SSH 

contour line. Cyan lines are 1000 m isobaths. Color scale: SSH in meters. (b) Best matching 

unit (BMU) time series of the three patterns in (a). Red stars are the first day of each year. (c) 

Monthly FOs of the three patterns in (a).  
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(a) 

 
(b) 

Figure  3. (a) Weekly frequency of occurrence (WFO) for Pattern 3 (P3) and wind stress curl 

of the areas in Figure 1. Zero-lag correlation coefficients (r) for the relation between the 

WFO of P3 and the wind stress curl, at 95% confidence level for each domain, are shown in 

brackets after the domain. (b) Normalized Ocean Niño Index (six-month moving average; 

shaded area) and annual mean frequency of occurrence (FO) for P3 (green line). Correlation 

coefficient (r=0.6) with Ocean Niño Index lagged 90 days is shown at 95% confidence 

interval.  
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Abstract 

A novel approach based on an artificial neural network was used to forecast sea surface 

height (SSH) in the Gulf of Mexico (GoM), in order to predict Loop Current variation and its 

eddy shedding process. We first applied the empirical orthogonal function analysis method 

to decompose long-term satellite observed SSH into spatial patterns (EOFs) and time-

dependent principal components (PCs). The nonlinear autoregressive network was then 

developed to predict major PCs of the GoM SSH in the future. The prediction of SSH in the 

GoM was constructed by multiplying the EOFs and predicted PCs. Model sensitivity 

experiments were conducted to determine the optimal number of PCs. Validations against 

independent satellite observations indicate our neural network-based model can reliably 

predict Loop Current variations and its eddy shedding process for a four week period. In 

some cases, an accurate forecast for five to six weeks is possible. 

1. Introduction 

Originating at the Yucatan Channel and exiting through the Florida Straits, the Loop 

Current (LC) is a dominant circulation feature in the Gulf of Mexico (GoM) (Figure 1). One 

of the most notable characteristics of LC is that it episodically sheds large, high-speed eddies 

with diameters of about 200-300 km and swirl speed of 1.8-2 m/s, which affect almost every 

aspect of the GoM including ocean circulation, biochemical properties, larvae transport, and 

air-sea interaction (Oey et al., 2005b; Xue et al., 2013; Richards et al., 1993; Small et al., 

2008). Between eddy shedding, variations of LC frontal position are also significant. The 
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north and west edges of the LC can vary from about 25.5°N to 27.5°N and 86°W to 90°W, 

respectively (Leben, 2005; Gopalakrishnan et al., 2013a; Zeng et al., 2015).  

Daily operations of approximately 4,000 oil and gas platforms in the northern GoM 

are significantly affected by the LC and its high-speed eddies, which make planning and 

scheduling a challenge for this expensive enterprise (Leben and Honaker, 2006; Sammarco et 

al., 2004). Accurate prediction of the LC and LC eddies is of critical importance for both 

scientific research and societal benefit. For example, in order to mitigate the adverse impacts 

of the Deepwater Horizon oil spill in 2010, intensive research on the LC and LC eddies was 

performed during and after the incident (e.g., Liu et al., 2013). The LC and LC eddies also 

play an active role in the rapid intensification of GoM hurricanes, such as devastating 

Hurricanes Katrina and Rita (Leben and Honaker, 2006), which caused extensive loss of life 

and property damage in many Gulf coastal communities.  

Much effort has been expended to predict LC variation and its eddy shedding process 

using remote sensing observations and primitive equation numerical models. Oey et al. 

(2005a) performed a study to predict the LC and its eddy frontal position using the Princeton 

Ocean Model (POM). Yin and Oey (2007) applied the bred-ensemble forecast technique to 

estimate the locations and strengths of the LC and LC eddies from July to September 2005. 

Counillon and Bertino (2009) presented a small-ensemble forecast using the Hybrid 

Coordinate Ocean Model to predict LC eddy shedding. A semi-theoretical basis was 

provided by Lugo-Fernández and Leben (2010) on the linear relationship between LC retreat 

latitude and eddy separation period. Forristall et al. (2010) showed the better skill of 

statistical method on the LC prediction than most dynamical models. Mooers et al. (2012) 
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evaluated several different ocean models’ performance at LC eddy shedding prediction using 

various prediction skill assessment methods in the report of the GoM 3-D Operational Ocean 

Forecast System Pilot Prediction Project. More recently, with the four-dimensional variation 

method, Gopalakrishnan et al. (2013) tested the predictability of the LC eddy shedding 

process using the Massachusetts Institute of Technology general circulation model 

(MITgcm). Xu et al. (2013) applied the local ensemble transform Kalman filter with the 

parallel POM to estimate the states of the LC and LC eddies from April to July 2010. All 

these studies are based on either simple empirical relations or primitive equation ocean 

models focusing on a single LC eddy or a small number of LC eddy shedding events. The 

lack of generality makes the assessment of their model predictability very difficult (e.g., 

Mooers et al., 2012). 

In this paper, we applied a novel method based on an artificial neural network (ANN) 

and Empirical Orthogonal Function (EOF) analysis to the sea surface height (SSH) forecast 

in the GoM, in order to predict LC variation and its eddy shedding process. EOF analysis was 

used to decompose the SSH data into spatial and temporal components. The ANN was used 

to predict future temporal components variations. Future SSH was then constructed by 

combing the predicted temporal components with the spatial pattern. Various prediction skill 

assessment methods, such as prediction skill score, spatial correlation, and root mean square 

error, were conducted to evaluate this method’s prediction skill on LC variation and eddy 

shedding process. The structure of this paper is as follows: the data and method are 

introduced in section 2; parameter experiments, prediction results, skill assessment, and 

predictability analysis are presented in section 3; followed by a summary in section 4. 
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2. Data and method 

2.1 Dataset 

Twenty-one years (1992-2013) of gridded, altimeter-based, absolute dynamic 

topography data were used in this study. The altimeter products were produced 

by Ssalto/Duacs and distributed by AVISO (Archiving, Validation and Interpretation of 

Satellite Oceanographic Data: http://www.aviso.altimetry.fr/duacs/). Specifically, we used 

the “Reference Series” dataset following Chelton et al. (2011) and Mason et al. (2014) for the 

more stable satellite sampling (Collecte Localisation Satellites, 2011). The data were 

constructed with two simultaneously operating altimeters, one in a 10-day exact repeat orbit 

(T/P, followed by Jason-1 and presently by Jason-2) and the other in a 35-day exact repeat 

orbit (ERS-1 followed by ERS-2 and presently by Envisat; Chelton et al., 2011).  The data 

have spatial and temporal resolutions of 1/3o and 7 days, respectively (Collecte Localisation 

Satellites, 2011). We focus on the area of LC variation (indicated by the black box in Figure 

1) to reduce the data dimension and increase the percentage of leading principal components 

in EOF analysis (see section 2d). For quality control, only the data located in the area with 

water depth greater than 100 m were chosen (Liu et al., 2008; Yin et al., 2014; Zeng et al., in 

revision). During the data selection process, the 2-minute gridded global relief topographic 

data (ETOPO2), distributed by the National Oceanic and Atmospheric Administration 

(NOAA) National Geophysical Data Center, was interpolated to the SSH grid to obtain a 

topographic dataset. Other ancillary data, including tracks of hurricanes and tropical storms, 
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were taken from NOAA’s National Climatic Data Center and The Johns Hopkins University 

Applied Physics Laboratory. 

2.2 Artificial neural network (ANN) 

The ANN is a computational model inspired by biological neural networks that is 

capable of solving a variety of problems in pattern recognition, time series prediction, and 

parameter optimization (e.g., Jain et al., 1996). It has been widely used for variable 

prediction and mapping in the geoscience community (e.g., Maier and Dandy, 2000; Maier et 

al., 2010; Krasnopolsky, 2013). Hsieh and Tang (1998), for example, proposed the use of 

ANN in meteorology and oceanography, then conducted a series of applications on Pacific 

sea surface temperature prediction (Tang et al., 2000; Hsieh, 2001), Lorenz dynamical 

system forecast (Tang and Hsieh, 2001), and El Niño-Southern Oscillation analysis (Hsieh, 

2004). With wind and tidal information as inputs, Lee (2006) predicted storm surge events 

around Taiwan Island using the ANN method. Wu et al. (2006) presented the advantage of 

the ANN over regression in predicting tropical Pacific sea surface temperature. Many 

applications also appear in pyrgeometer measurements, wind shear alerting, and climate 

change (e.g., Oliveira et al., 2006; Kwong et al., 2011; Yip and Yau, 2012). 

The ANN’ s basic elements are called neurons, which only execute summation over 

weighted input values, passing their results to a nonlinear transfer function to obtain neuron 

output values. A three-layer ANN with nonlinear transfer functions can be represented as a 

set of nonlinear equations used to calculate the output values from the input values (e.g., 

Maier and Dandy, 2000). In the first layer (input layer), each input variable has its own 

neurons. The second, hidden layer is represented by several neurons, whose number can vary 
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according to the complexity of the problem. Each neuron in the hidden layer receives inputs 

from all the neuron outputs of the first layer. This fully interconnected procedure is repeated 

again in the third, output layer. The output layer has one neuron for each output variable 

(Oliveira et al., 2006).  

Each of the three layers has its own weighting factors, which are the ANN parameters 

determined during the training process. The training process is the determination of the 

proper interconnection of weighting factors for the ANN based on training dataset patterns, 

so that the output of the ANN can present the best fit with the output given by the testing 

dataset. In this way, the ANN learns the information given in the training dataset but still has 

a generalizing capability, not simply memorizing the patterns in training dataset. The 

generalizing capabilities of the ANN guarantee that the trained model can give reasonable 

results for unknown patterns that differ from the training dataset (Oliveira et al., 2006). 

These procedures and structures give the ANN the ability of a universal approximator (Maier 

and Dandy, 2000; Oliveira et al., 2006). 

2.3 EOF analysis 

In our application, the large spatial and temporal span of the SSH dataset would bring 

too many input variables to the ANN, which makes direct prediction using the ANN 

infeasible. As a result, the ANN requires some expensive optimisation, and compression of 

the input dataset is necessary (Rixen et al., 2002). EOF analysis has been commonly used for 

decades in oceanographic and meteorological applications (e.g., Beckers and Rixen, 2003; 

Hannachi, 2004), and is applied in our study to provide a compressed dataset for ANN 

prediction. In oceanography, EOF analysis has been used for several purposes, such as 
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objective analysis of in situ data (e.g., Holbrook and Bindoff, 2000), statistical comparison 

between data and model results (e.g., Beckers et al., 2002), data reconstruction (e.g., Becker 

and Rixen, 2003; He et al., 2003; Miles and He, 2010; Zhao and He, 2012; Li and He, 2014), 

variability analysis (e.g., Hendricks et al., 1996), filtering (e.g., Vautard et al., 1992), and 

data compression (e.g., Pedder and Gomis, 1998; Rixen et al.,2002). EOF analysis can be 

done by applying the singular value decomposition (SVD) technique (e.g., Beckers and 

Rixen, 2003). Let X be a n m×  matrix such that the rows indicate temporal development and 

the columns are variables or spatial data points. The SVD technique can break up the matrix 

X into three matrices: 

X=U*D*VT                                                             (1) 

where U and V are orthonormal and D is diagonal. VT is the spatial patterns (EOFs), and 

U*D is the time-dependent principal components (PCs). Let iλ  be the diagonal part of D 

with i=1,…,m. Then, the ratio 2 2

1

/
m

i i i
i

f λ λ
=

= ∑  is a measure of the variance contained in spatial 

pattern i  compared to the total variance. It is often said that PC i  explains (100 )%if  of the 

variance. The ratio is often the basis for deciding the number of PCs to retrain for data 

compression, and the ones with small ratios are usually discarded (e.g., Beckers and Rixen 

2003). Usually, the ratios have been sorted in decreasing order, so that the first several PCs 

explain the major variance of the dataset. 

2.4 Prediction Procedure 

The existing SSH of the GoM was chosen as a predictor of future SSH of the GoM 

using the ANN and EOF analysis. As we mentioned before, because the spatial area of this 
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study leads to too large data dimension, direct SSH prediction is infeasible. To avoid the 

curse of dimension, EOF analysis was used to split the data into spatial EOFs and time-

dependent PCs. From Eq. (1), we have 

X=P*E                                                               (2) 

where X is our dataset, P is time-dependent PCs, and E is spatial EOFs. Eq. (2) can be 

written in another form: 

   

x1,1 ! x1,m

" # "
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⎛

⎝

⎜
⎜
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⎞
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" # "
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⎝
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" # "
em,1 ! em,m

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
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               (3) 

where ,i jx  is the jth  spatial SSH point at time i , n  is the time index, and m  is the number 

of spatial points.  

Because the first several leading PCs represent the majority of the dataset’s variation 

(Table 1), we can just use the first k  PCs to reconstruct the original dataset without losing 

much information (e.g., Beckers and Rixen, 2003). That is, 

   

x1,1 ! x1,m

" # "
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               (4) 

 Similar as Alvarez et al. (2000), Rixen et al. (2001), and Alvarez (2003),  we can get 

the approximation of SSH at time 1n +  by 

   

xn+1,1 ! xn+1,m( ) ≈ pn+1,1 ! pn+1,k( )
e1,1 ! e1,m

" # "
ek ,1 ! ek ,m

⎛

⎝

⎜
⎜
⎜

⎞

⎠

⎟
⎟
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          (5) 
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if we can predict 
   

pn+1,1 ! pn+1,k( ) . 

The nonlinear autoregressive network with one hidden layer was chosen to do the PC 

prediction by following Maier and Dandy (2000). For a certain dataset, the PCs are 

independent of each other due to the property of EOF analysis (Hannachi, 2004). As a result, 

training and forecasting were applied to the PCs independently. That is, 

   
pn+1, j = f ( pn, j , pn−1, j ,!, pn−i, j )                                               (6) 

where  1, n jp +  is the value of jth  PC of GoM SSH at the ( )1n th+  record, and i is time delay. 

Because the time interval of SSH data is weekly, this prediction is one week ahead. Once we 

get 1, n jp + , we can put it into Eq. (6) and use it to predict 2, n jp + . The loop can continue until 

the accuracy decreases to the lowest acceptable level. The larger the time delay is, the longer 

the required training time is. Staring from i=1, we tried different time delays. Take the 

correlation coefficient and root mean square error (RMSE) as the performance criterion of 

our prediction. We found that the prediction performance improved as the increase of time 

delay i until i=5. Therefore, the time delay for the ANN is set to be i=5, which gives the 

largest correlation coefficient and least RMSE. The optimal neuron number for each PC 

prediction was obtained in an iterative fashion based on Kaastra and Boyd (1996)'s criteria 

on neuron number selection. 

Here a six-week leading prediction window was used to demonstrate the model 

prediction skill. We applied SSH data from October 14, 1994 to June 23, 2010 for the first 

six-week prediction. Then a weekly sliding window was applied from June 30, 2010 to June 
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19, 2013. During the ANN training procedure, 85% of the data were used for training and 

15% were reserved for testing (Wu et al., 2006). In order to avoid over-fitting, the Bayesian 

regulation method, which is coded as the program ‘trainbr’ in the MATLAB Neural Network 

toolbox, was chosen for ANN training following Wu et al. (2006). 

3. Results and discussion 

3.1 Sensitivity of PC number selection  

Figure 2 shows the correlation coefficients of predicted and observation-derived first 

leading PCs of GoM SSH (which accounted for 30% of the variance) for different prediction 

weeks over three years (2010-2013).  From Week 1 to 6, the correlation coefficients decrease 

from 1.00 to 0.82. For a one-week prediction, the ANN can predict the PC values almost 

exactly. While remaining highly correlated, the accuracy decreases as the prediction time 

grows. As shown in the prediction method Eq. (6), small errors in each prediction step can 

propagate into the next, and grow as the prediction time increases. For example, we can see 

obvious error increasing and propagating from Week 1 to 6 near May 11, 2012 (Figure 2). 

Other PCs’ predictions have similar results (not shown). 

The future SSH of the GoM can be constructed using Eq. (5) with the predicted PCs 

from Eq. (6). According to the percentage variance accounted for by different PCs in EOF 

analysis, we chose three sets of PCs, corresponding to three percentage levels: 75%, 85%, 

and 95%, for the sensitivity tests (Table 1). In order to quantify the accuracy of prediction, 

spatial correlation coefficients and RMSE between predicted and observed GoM SSH were 

calculated for each experiment as the criteria of prediction performance. Large correlation 
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coefficients and small RMSE represent good prediction skill. According to Table 1, the 

experiment with 18 PCs has the largest mean spatial correlation coefficients and the least 

mean RMSE for the six-week prediction window. Generally, the more PCs that are used, the 

better the performance that can be achieved. However, this performance difference decreases 

from Week 1 to 6. Part of the reason is that the PCs that account for very small variance 

percentage are more noisy and difficult to predict. For example, the performance at Week 6 

is the same for 9 and 18 PCs. As expected, the prediction performance degrades from Week 1 

to 6, and it is because the time series prediction gets worse as the prediction time window 

extends (e.g., Figure 2).  

3.2 SSH prediction skill assessment 

The following discussion is based on the experiment using 18 PCs, which gives us the 

best results among the three experiments (Table 1). From June 2010 to June 2013, the spatial 

correlation coefficients and RMSE between predicted and observed GoM SSH (Figure 3) 

show obvious variation of prediction performance: the correlation coefficients are larger than 

0.8 from Week 1 to 3; starting from Week 4, the correlation coefficients gradually decrease 

and oscillate. RMSEs show an opposite pattern, with small errors in Weeks 1, 2 and 3 

(generally less than 0.1 m), and larger oscillation from Week 4 to 6. Although the prediction 

performance decreases from Week 1 to 6, all the correlation coefficients of Week 4 and some 

of Week 5 and 6 are still larger than 0.7 (Figure 3), which means the general pattern of LC 

variation is well captured at least 4 weeks ahead, sometimes even 5 or 6 weeks ahead. 

The oscillation of prediction performance may be due to the highly nonlinear 

variation of the LC, error propagation, and transitory sea level variability due to hurricane or 
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tropical storm influence. In particular, the sudden change of atmospheric conditions may 

cause unusual variation of LC and LC eddies (Oey et al., 2006; Shay and Uhlhorn, 2008). For 

example, at Week 6, the least correlation coefficients in October 2011, August 2012, and 

June 2013 occur during the passage of Hurricane Rina, Hurricane Ernesto, and Tropical 

Storm Andrea, respectively. We can also see obvious error propagation and amplification 

from Week 4 to 6 during these periods (Figure 3).  Figure 1 shows the tracks of hurricanes 

and tropical storms passing through our study area during prediction period. 

To better quantify the prediction skill of our method, we followed methods used by 

Oey et al. (2005a) and Mooers et al. (2012). First, we compared the SSH RMSE and skill 

score for prediction and persistence. The prediction RMSE of SSH at Week n  is defined to 

be 2
, ,

1

( ) /
k

i n i n
i

SSHm SSHo k
=

−∑ , where k  is the total number of SSH data points in study 

domain, ,i nSSHm  is the ith  data point of model SSH at Week n , ,i nSSHo  is the ith  data point 

of observed SSH at Week n , and n=1,2,..,6. Similarly, the persistence RMSE of SSH at 

Week n  is defined to be 2
,0 ,

1

( ) /
k

i i n
i

SSHm SSHo k
=

−∑ , where ,0iSSHo  is the ith  data point of 

observed SSH at Week 0  for each prediction window. Figure 4 shows the SSH RMSE of 

prediction and persistence. The RMSE differences between prediction and persistence vary 

for each case. Generally, the RMSE grows with the increase of prediction time (from Week 1 

to 6) for both prediction and persistence. However, the RMSE of prediction increases at a 

much slower rate than that of persistence, indicating our prediction has much better skill and 

outperforms the persistence. One case when prediction’s RMSE is larger than persistence’s 
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occurs around August 19, 2012, the period that Hurricanes Isaac and Ernesto passed through 

the LC area and northern Caribbean Sea, respectively (Figure 1). The sudden change in 

atmospheric conditions may have caused the unusual variation of LC and LC eddies, which 

decrease the predictability of our model. The averaged RMSE also shows the better skill of 

prediction than that of persistence (Figure 5).  

Although the RMSE varies for each month, the monthly and three-year long-term 

mean RMSEs of prediction are generally smaller than their persistence counterparts. For 

example, for the first week, the three-year mean RMSE is almost the same for prediction and 

persistence. However, the three-year mean RMSE for persistence increases to about 0.18 m 

at Week 6, whereas the predicted one is only about 0.13 m. 

An alternative view of the model’s prediction skill is shown in Figure 6, which 

presents the same data as Figure 4 in terms of the skill score. The prediction skill score of 

SSH at Week n  is defined to be:  

2 2
, , , ,

11

1 ( ( ) / ) / ( ) / )
k k

i n i n i n i n
ii

SS SSHm SSHo k SSHo SSHo k
==

= − − −∑∑        (7)  

where the bar represents the arithmetic mean (Murphy 1988; Mooers et al., 2012). The 

persistence skill score of SSH at Week n  can be derived by simply replacing ,i nSSHm  with 

,0iSSHo . The skill score is based on mean square, including both bias and variance, in order 

to facilitate the intercomparison with respect to a constant mean sea surface throughout the 

prediction time period (Mooers et al., 2012).  

The skill scores of both prediction and persistence decrease with the increase of 

prediction time, while the amplitude and rate of decrease are different for each prediction 
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case. Generally, the prediction skill score is greater than that of persistence and decays at a 

much slower rate. Similar to the RMSE case, the scenario when prediction skill was less than 

persistence skill occurred around August 19, 2012 when the variation of LC and LC eddies 

may be unusual due to the influences of hurricanes in or near study domain (Figure 1).  

The averaged skill scores also show better skill of prediction than persistence (Figure 

7). Although the skill score varies for each month and decreases from Week 1 to 6 for both 

prediction and persistence, the monthly and three-year mean skill scores of prediction are 

generally greater than their persistence counterparts. For example, the three-year mean skill 

score starts off the same for both prediction and persistence at Week 1. As the prediction 

time increases to 6 weeks, it decreases to about 0.1 for persistence, whereas our model still 

has 0.5 prediction skill. 

3.3 Frontal position prediction skill assessment 

 The frontal position of the LC and LC eddies is another metric to measure the 

prediction skill of our method. Here, frontal position predictability is evaluated using the 

methodology of Oey et al. (2005a). Due to the properties of the EOF method, the prediction 

tends to smooth the SSH contours at reduced values of SSH, especially near the study 

boundary area. As a result, it’s difficult to find an optimal reference SSH contour line for 

frontal position comparison between prediction and observation. After a series of 

experiments, we chose 0.45 m SSH contour lines as the representation of the LC and LC 

fronts to better facilitate our skill assessment (Zeng et al. 2015). Using seven stations as 

reference positions (stars in Figure 1), we define prediction error at Week n  as 

, , ,j n j n j nE dm do= − , where ,j ndm  is the shortest distance from predicted LC and LC eddies 
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fronts to the station j  at week n , ,j ndo  is the corresponding observed distance, and 

n=1,2,..6. We similarly define the persistence error at Week n  to be , ,0 ,j n j j nP do do= − , 

where ,0jdo  is the shortest distance from observed LC and LC eddies fronts to the station j  

at Week 0 . Considering the smoothing effect of EOF technique, we exclude the small eddies 

(perimeter < 300 km) and data points within 0.5°± of the domain boundary for this 

comparison. Again, as prediction time increases, the RMSE of frontal position grows for both 

prediction and persistence (Figure 8). Although the values change for each prediction case, 

the RMSE of predicted frontal position is generally smaller than that of persistence. The 

large jumps of persistence RMSE (Figure 8) are the scenarios when the LC eddies move out 

of study domain.  

Due the smoothing effect of EOF analysis, the model’s prediction of frontal position 

is not as good as that of SSH. However, generally, the frontal position prediction is much 

better than that of persistence. The monthly and three-year mean RMSE of frontal position 

shows the model’s advantage clearly (Figure 9). In order to avoid the bias associated with the 

large jumps in Figure 8, we excluded the large jump scenarios (>200 km) when calculating 

the means. Again, the RMSE of frontal position is different each month for both prediction 

and persistence. The mean RMSE over three years of predicted frontal position reaches about 

60 km at Week 6, while it grows to about 85 km for persistence. The three-year mean RMSE 

of frontal position for prediction is less than that of persistence even for Week 1.  
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3.4 One LC eddy shedding example 

Figure 10 shows the comparison of predicted and observed GoM SSH for one LC 

eddy shedding event that occurred during the study time period. Again, due to the smoothing 

property of the EOF method, the SSH between LC and LC eddies tends to be larger that 

observation, which makes it difficult to find an optimal contour line to represent the edges of 

LC and LC eddies for both prediction and observation. After several experiments, we choose 

0.45 m and 0.51 m SSH contours as the required edges for observation and prediction, 

respectively, to demonstrate the eddy shedding process. Here, eddy detachment is defined as 

the separation of two SSH contour lines from one entire LC SSH contour line (Week 4 in 

Figure 10), which occurred simultaneously in the prediction and observation. We note that 

the choices of different SSH contour lines for prediction and observation are only for clear 

demonstration of the LC eddy shedding process.  

The variation of LC and LC eddies occurs at the same time in both prediction and 

observation: at Week 1 and 2, LC extends to the 1000 m isobaths near 28°N, and the SSH on 

both sides of the extended LC is low; from Week 3, the LC eddy starts to shed from the LC; 

at Week 4, the SSH contour lines clearly show that the LC eddy is separated from the LC; 

from Week 5 to 6, the distance between the LC and shed eddy is further separated. Due to the 

statistical property of EOF analysis, there are some lower predicted SSH areas as compared 

to the observation, and the shed eddy tends to be smaller than the observed one. The 

influence of Tropical Storm (TS) Don during July 27-30, 2011 on GoM SSH may also have 

reduced the accuracy of our prediction (Figure 10). Although the track of TS Don doesn’t lie 

directly on the LC, its influence on LC frontal eddies may still play an important role on LC 
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variation and the eddy shedding process (e.g., Le Hénaff et al., 2012; Androulidakis et al., 

2014). In this case, LC eddy shedding can still be predicted four weeks ahead (Figure 10). 

Overall, although there were some differences between predicted and observed SSH values, 

the general evolution of the LC and LC eddies was well captured. 

4. Summary 

Twenty-one years of satellite data were used to build and test a nonlinear statistical 

model for predicting the GoM SSH, from which LC variation and the eddy shedding process 

can be predicted. To reduce the data dimension, we first applied the EOF analysis to 

decompose existing SSH into spatial patterns (EOFs) and time-dependent principal 

components (PCs). The nonlinear, autoregressive neural network was then used to predict 

leading PCs of the GoM SSH six weeks ahead. Finally, the future SSH of the GoM was 

constructed by multiplying the spatial EOFs of GoM SSH and the predicted PCs. Having 

tested the sensitivity of prediction results to different variance percentage levels, the 95% 

level (with 18 PCs) was selected for skill assessment and analysis.  

To evaluate the prediction skill of this method, a six-week weekly sliding prediction 

window was performed over three years. We calculated the spatial correlation coefficients 

and RMSEs between predicted and observed SSH during the three years, then compared the 

skill assessment metrics between prediction and persistence, such as the SSH skill score and 

RMSE, and frontal position RMSE of the LC and LC eddies. For SSH prediction, the three 

year mean RMSE of prediction is about 30% less than that of persistence at Week 6. The 

three-year mean skill score of SSH prediction is about 0.5 compared to 0.1 for persistence at 
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Week 6. The RMSE of frontal position also shows better skill of prediction (60 km) over 

persistence (80 km). 

Although there are some performance oscillations in the later weeks of prediction 

window, the generally high correlation coefficients and low RMSEs indicate the high 

accuracy of our method for LC variation and eddy shedding prediction. The skill comparison 

between prediction and persistence also validates the prediction skill of our methods. 

Generally, the model can capture the LC variation and eddy shedding process four weeks 

ahead, and in some cases, five and six weeks ahead is possible.  

The prediction errors mainly come from the ANN PC prediction and EOF SSH 

construction. Due to the complexity of LC variation, the influence of atmospheric conditions, 

and the limit of available datasets, the input information may not be enough for the ANN to 

capture the underlying relation of PC variation. For example, the accuracy of prediction 

decreases when hurricanes or tropical storms happen in or near the study area. Part of the 

reason is that air-sea interaction was not built into our model, and these extreme events 

cannot be well predicted as this time. Because only the leading PCs were used for prediction 

and SSH construction, some information was omitted. However, due to the high 

dimensionality of the datasets and computational efficiency, EOF decomposition and 

construction techniques are necessary for our prediction.  

Several advantages of the neural network method over primitive equation dynamical 

ocean models for LC prediction are: 1) the nonlinear temporal variation can be better 

captured; 2) the prediction accuracy has more generality; 3) the computation is usually faster 

than primitive ocean models; and 4) no boundary and forcing conditions or partial 
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differential equation discretization are needed. For phenomena such as the GoM LC and the 

LC eddy shedding process that cannot be well predicted by modern dynamical ocean models, 

this method provides an alternative means for accurate forecast.   
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Tables 

Table 1. Principal Component (PC) number settings for Gulf of Mexico (GoM) sea surface 

height and corresponding time-averaged (2010-2013) spatial correlation coefficients (bold 

numbers) and root mean square errors (unit: m) between prediction and observation. PC 

percentage is the percentage variance accounted for by different PCs.  

 
PC 

number  

PC 

percent 

Week 1 Week 2 Week 3 Week 4 Week 5 Week 6 

5 75% 0.889 0.884 0.867 0.838 0.800 0.758 

0.101 0.106 0.112 0.130 0.145 0.157 

9 85% 0.939 0.930 0.905 0.865 0.815 0.765 

0.074 0.083 0.100 0.121 0.140 0.155 

18 95% 0.974 0.960 0.925 0.874 0.817 0.765 

0.049 0.065 0.092 0.119 0.140 0.155 
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Figures 

 

 

Figure 1. Study domain. Black box is study area in the Gulf of Mexico (GoM). Stars are the 

seven reference stations for frontal position comparison. Grey lines are depth contours in 

meters. Black arrows are geostrophic velocity calculated from long-term mean AVISO sea 

surface height data (only the velocities >0.1 m/s are plotted). The Loop Current is visible via 

the velocity arrows in the GoM box. Dash lines are tracks of hurricanes or tropical storms 

(TS) from July 2010 to July 2013. 1: TS Bonnie, July 22-25, 2010; 2: Hurricane Paula during 

October 11-15, 2010; 3: TS Don, July 27-30, 2011; 4: Hurricane Rina, October 22-29, 2011; 

5: TS Debby, June 23-27, 2012; 6: Hurricane Ernesto, August 1-10, 2012; 7: Hurricane Isaac, 

August 20-30, 2012; 8: TS Andrea, June 5-10, 2013. The tracks of hurricanes and tropical 

storms are from NOAA National Climatic Data Center and The Johns Hopkins University 

Applied Physics Laboratory. 
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Figure 2. Comparison between predicted (circles) and observation-derived (stars) first 

leading principal component of GoM SSH from 2010 to 2013. Correlation coefficients are 

presented at the top of each figure. 
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Figure 3. Spatial correlation coefficients (CC) and root mean square errors (RMSE) of 

predicted and observed sea surface height in the study area from 2010 to 2013 with a six-

week ahead weekly sliding prediction window, using 18 PCs. Circles are CC points, and 

triangles are RMSE points. Red lines in week 6 indicate the approximate passing time of 

Hurricane Rina in 2011, Hurricane Ernesto in 2012, and Tropical Storm Andrea in 2013. 
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Figure 4. Root Mean Square Error (RMSE) comparison of sea surface height between 

prediction (red) and persistence (black). Circles represent the location of week 1. The values 

are plotted every four weeks. 
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Figure 5. Averaged Root Mean Square Error (RMSE) of sea surface height for prediction 

(red) and persistence (grey). Thin lines are monthly means, and thick lines are means over 

the three-year prediction period. 
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Figure 6. Skill score comparison of sea surface height between prediction (red) and 

persistence (black). Circles represent the location of Week 1. The values are plotted every 

four weeks. Grey short lines represent the approximate passing time of hurricanes or tropical 

storms in Figure 1. Blue short lines indicate the time of Loop Current eddy shedding.   
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Figure 7. Averaged skill score of sea surface height for prediction (red) and persistence 

(grey). Thin lines are monthly mean, and thick lines are means over the three-year prediction 

period. 
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Figure 8. Frontal position Root Mean Square Error (RMSE) comparison of Loop Current and 

Loop Current eddies between prediction (red) and persistence (black). Circles represent the 

location of Week 1. The values are plotted every four weeks. 
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Figure 9. Averaged frontal position Root Mean Square Error (RMSE) for prediction (red) and 

persistence (grey). The sudden jumps in Figure 8 were excluded when the average was 

calculated. Thin lines are monthly means, and thick lines are means over the three-year 

period. 
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(B) 
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(C) 

Figure 10. Comparison between forecasted and observed sea surface height in week 1-2 

(panel A), week 3-4 (panel B), week 5-6 (panel C), representing a complete cycle of one 

Loop Current (LC) eddy shedding event. Black lines are 1000 m isobaths. Red areas are the 

LC and LC eddies. Green solid lines are 0.45 m contours for observation, and 0.51 m 

contours for prediction. Green dashed lines are the track of Tropical Storm Don during July 

27-30, 2011. 
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Abstract 

The Gulf Stream (GS) variability has an important impact on coastal circulation, shelf 

ecosystem, and regional weather and climate systems. Here we focus on the variability of the 

GS south of Cape Hatteras in the South Atlantic Bight (SAB). Statistical analysis on the 21-

year satellite altimetry data reveals that the GS path in the SAB has two patterns: weakly and 

strongly deflected. The strongly deflected pattern is more likely to occur in winter. Over the 

last two decades, the largest GS offshore meander occurred in November 2009-April 2010. 

Realistic ocean hindcast simulation and adjoint sensitivity analysis are used to investigate the 

triggering mechanisms for this extreme event. Our analyses show that a net increase of 

relative vorticity near the Charleston Bump was generated by strong interaction between 

increased GS velocity and local bathymetry, pushing the GS further offshore by virtue of 

conserving the potential vorticity. Quantitative vorticity analysis confirms this finding.  

1. Introduction 

Originating near the equator, the North Atlantic Ocean’s Western Boundary Current 

(WBC) flows into the Caribbean Sea, forms the Caribbean Current, which subsequently 

becomes the Loop Current once it enters the Gulf of Mexico. Further downstream the flow 

passes through the Florida Straits, becomes the Gulf Stream (GS), which moves through the 

South Atlantic Bight (SAB) and veers east into the open ocean off Cape Hatteras (Figure 1). 

Through this pathway, this WBC carries an enormous amount of volume and heat poleward, 

and plays a vital role in affecting both regional and global climate systems (Schmeits and 

Dijkstra, 2001; Frankignoul et al., 2001; Kwon et al., 2010).  
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While compared to other surface current systems, the WBC has a relatively stable 

main path, transport and speed, significant variability and instabilities do exist. Joyce and 

Zhang (2010) and Sanchez-Franks and Zhang (2015) found that the variability of the GS path 

is linked to the strength of the Atlantic Meridional Overturning Circulation (AMOC). 

Focusing on a region downstream of the GS separation point (Cape Hatteras), they suggested 

that a more southerly (northerly) GS path occurs when the AMOC is relatively strong 

(weak). Pérez-Hernández and Joyce (2014) performed an analysis of two decades of satellite 

altimetry data in the similar deep ocean region. The results revealed the bimodality of GS 

path variation and found that the GS shifts between 2010 and 2012 are the largest of last 

decade. More recently, several studies reported an extreme (~30%) decline of the AMOC 

strength in 2009-2010 based on ten years’ (2004-2013) RAPID mooring observation (Ezer, 

2015; Goddard et al., 2015; Srokosz and Bryden, 2015). Because of the linkage between 

AMOC strength and GS position, the large shifts of GS path in 2010-2012 may be related to 

the extreme decline of AMOC strength in 2009-2010.  

It is known that the cross-shelf position of the GS also has a large impact on coastal 

circulation, shelf ecosystem, and regional weather systems. For instance, earlier studies (e.g., 

Bane and Dewar, 1988; Pérez-Hernández and Joyce, 2014; Gula et al., 2015) have shown 

that strong meanders and eddies are common features of the GS in the SAB and the 

variability of the GS position grows with the increasing water transport from the Florida 

Straits to open ocean (Schmitz and McCartney, 1993). Because the GS consists of high 

temperature water, variations in GS position can affect sea surface temperature distribution, 

which moderates air-sea heat and moisture fluxes (Minobe et al., 2010), especially in winter 
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(Bane and Osgood, 1989; Li et al., 2002; Joyce et al., 2009; Nelson and He, 2012; Nelson et 

al., 2014). Frontal eddies and water intrusion resulted from variations in the GS position can 

enhance water exchange, shelf break upwelling and deep-ocean nutrient delivery onto the 

shelf (Miller and Lee, 1995; Castelao, 2011), thereby influencing shelf-wide productivity and 

biomass (Lee et al., 1991; Signorini and McClain, 2007) as well as larval dispersal and 

distribution of fish populations (Werner et al., 1997; Epifanio and Garvine, 2001).  

GS meanders along the continental margin in the SAB have been a long-standing 

research topic studied for decades. The first detailed observation was reported by Webster 

(1961), using measurements of surface salinity and velocity and water temperature in the top 

200 m. Based on current meters and satellite imagery, Bane and Dewar (1988) suggested the 

seaward deflection of the GS near the Charleston Bump (Figure 2), a topographic feature 

located on the continental slope at 31.5°N offshore of Charleston, South Carolina, has a 

bimodal character of weakly and strongly deflected, and the transition between the two 

patterns occurs on an intermonthly timescale. Miller (1994) further supported this idea by 

analyzing twelve years of weekly GS position estimates and found a strong phase 

relationship between upstream water transport through the Florida Straits and the first 

principal component of GS position fluctuations. Furthermore, Schmeits and Dijkstra (2001) 

reasoned that the bimodal behavior of the GS is dynamically possible based on the dynamical 

system theory. By analyzing the energetics of numerical simulations, Miller and Lee (1995) 

concluded that the development of GS meanders and frontal eddies is controlled by a mixture 

of both baroclinic and barotropic instabilities of the mean flow. Xie et al. (2007) by using 

numerical sensitivity simulations with idealized topography showed that GS meanders are 
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the results of combined effect of isobathic curvature of SAB bathymetry and the Charleston 

Bump. More recently, Gula et al. (2015) quantified the role played by interactions of the GS 

with topographic features and the subsequent impact of nonlinear eddy-mean flow 

interactions through a high-resolution model.  

In this study, we exam the variability of the GS in the SAB and its dynamics using 

long-term satellite observations,  new analysis and numerical modeling methods. In section 2 

we quantify the variation of the GS path in the SAB using two decades of satellite altimetry 

data and describe the large GS deflection identified in November 2009-April 2010. In section 

3 we explore the trigging mechanism for this event using realistic numerical models and 

adjoint sensitivity analysis. Detailed flow field vorticity budget analysis is provided in 

section 4, followed with a conclusion and summary in section 5.  

2. Gulf Stream path variation over the last two decades 

2.1 Gulf Stream path detection 

Different methods have been used in the past to track the GS path including the use of 

15 ℃ isotherm at 200 m (Ganogadhyay et al., 1992; Joyce et al., 2000) and maximum sea 

surface height (SSH) gradient (Frankignoul et al., 2001; Peña-Molino and Joyce, 2008; 

Lillibridge III and Mariano, 2013). In this study, we applied the Canny edge detection 

method (Canny, 1986) on the 21-year AVISO gridded Absolute Dynamic Topography 

(ADT) to identify the location of the maximum gradient of the GS. The altimeter ADT 

products were produced by Ssalto/Duacs and distributed by Aviso, with support from Cnes 

(http://www.aviso.altimeter.fr/duacs/). The data are constructed with two simultaneously 
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operating altimeters, one in a 10-day exact repeat orbit (Topex/Poseidon, followed by Jason-

1 and presently by Jason-2) and the other in a 35-day exact repeat orbit (ERS-1 followed by 

ERS-2 and presently by Envisat; Chelton et al., 2001). The data have 1/4° spatial and daily 

temporal resolutions (SSALTO/DUACS User Handbook, 2015). For quality control, only 

data from areas with water depth greater than 100 m were chosen for path detection (e.g., Yin 

et al., 2014; Zeng et al., 2015a, b)  

The Canny edge detection method finds edges by looking for local maxima of the 

field gradient. The gradient is calculated using the derivative of a Gaussian filter. The method 

can automatically find two thresholds of gradient, to detect strong and weak edges, and 

includes the weak edges in the output only if they are connected to strong edges. This method 

is therefore more robust than other edge detection methods in detecting true edges 

(Mujumadr and Kumar, 2012). In the SAB, a strong ADT frontal gradient usually exists 

along the GS boundary. The resulting 21-year ADT edge locations are interpreted as the GS 

paths in the study region. 

Figure 3 shows mean ADT (color shading), the detected GS mean path (solid black 

curve), corresponding envelope (dashed cyan curves), and one standard deviation lines 

(dashed black curves) from 1993 to 2013. The envelope represents the farthest (closest) 

location that the GS reached the open ocean (shelf) over the study duration. The mean path 

generally follows the 0.4 m contours of the mean ADT, with low ADT shoreward of the GS 

and high ADT seaward. From the topographic point of view, the mean path generally follows 

the 600 m isobaths from 28°N to 34°N, where the continental shelf is wide. From 34°N to 

Cape Hatteras, the shelf width decreases gradually, and the GS mean path moves to about the 
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2000 m isobaths, then separates from the continental shelf and veers east into the open ocean. 

The standard deviation is smaller compared to the envelope, meaning that large shifts of GS 

path occur infrequently. Both the standard deviation and the envelope increase from the 

Florida Straits to downstream of Cape Hatteras, especially around and downstream of the 

Charleston Bump.  

To further quantify the variation of the Gulf Stream path, we calculated the GS 

offshore distance along five transects perpendicular to the mean path (Figure 3). Figure 4 

show the GS position anomalies relative to the mean from 1993 to 2013. It is of interest to 

note that over the two decades, the largest Gulf Stream meander occurred in November 2009- 

April 2010. The offshore distance relative to its mean position increased from about 30 km at 

transect 1 to 90 km at transect 5.  

2.2 Self-Organizing Map analysis 

With the derived GS location information, we also used the Self-Organizing Map 

(SOM) to cluster the GS paths in the SAB over the last 21 years. 

The SOM is an effective method for feature extraction and classification. It is based 

on an unsupervised neural network and can map high-dimensional input data onto the 

elements of a regular, low-dimensional array (Kohonen, 2001). It has been demonstrated to 

be more powerful than the conventional empirical orthogonal function method for feature 

extractions, especially when the signal is highly nonlinear (Reusch et al., 2007; Liu et al., 

2006a). The SOM is a mature method, and has been applied to identify patterns in ocean 

currents and sea surface temperature fields on the West Florida Shelf (Liu and Weisberg, 
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2005; Liu et al., 2006b & 2007), biogeochemical properties in the northern Adriatic Sea 

(Solidoro et al., 2007), current variability in the China Seas (Liu et al., 2008; Jin et al., 2010; 

Tsui and Wu, 2012; Yin et al., 2014), and SSH fields in the Gulf of Mexico (Zeng et al., 

2015a).  

The SOM analysis identified two patterns of the GS paths in the SAB (Fig 5a). 

Pattern 1 is located very close to the GS mean position, whereas Pattern 2 is further offshore 

between 31.5°N and 34°N. This result is consistent with earlier finding about the GS bimodal 

behavior in the SAB (Bane and Dewar, 1988; Miller, 1994; Schmeits and Dijkstra, 2001). 

Following the nomenclature used in Bane and Dewar (1988), we name Pattern 1 as the 

“weakly deflected” (red) pattern (P1), and Pattern 2 the “strongly deflected” (blue) pattern 

(P2).  

To quantify the occurrence percentage of each pattern, the frequency of occurrence 

(FO) was calculated by summing the number of occurrences of each pattern divided by the 

total record length. Over two decades, the FO of the weakly deflected pattern was 74.1%, and 

the FO of the strongly deflected pattern was 25.9%. The latter smaller FO suggests the strong 

deflection (P2) is less frequent.  Figure 5b shows the long-term monthly mean FO for each of 

the two patterns. As expected, the monthly FO of the strongly defected pattern (P2) was 

about 1/3 of the FO of the weakly deflected pattern (P1) in all months. Both patterns show 

weak seasonality. The strongly deflected pattern (P2) has a higher monthly FO in winter and 

lower monthly FO in summer, opposite that of the weakly deflected pattern (P1). In other 

words, the GS offshore meanders are more likely to occur in winter than in summer.  
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To explore possible relationship between Florida Current (FC) transport and the GS 

offshore meanders, we obtained the daily transport time series 

(www.aoml.noaa.gov/phod/floridacurrent/) measured at the Florida Strait at about 26.5°N. 

Daily values of FC transport are available from 1982 to 1998 and 2000 to present, so we 

chose the same time periods when both FC transport measurements and ADT data were 

available to make the correlation calculation. At the monthly scale, the FO of P2 is generally 

negatively correlated (r=-0.81) to FC transport (Figure 6a), and positively correlated with the 

monthly standard deviation (STD) of FC transport (Figure 6b). This interesting statistical 

result suggests that in winter (summer) months, the FC transport is lower (higher) with larger 

(smaller) STD, the corresponding FO of P2 is larger (smaller), thus the strongly deflected 

pattern is more (less) likely to occur. Influence of local wind forcing was also analyzed (not 

shown), but no significant relationship was found.  

3. Triggering mechanism analysis 

 Having discussed the long-term mean GS deflection patterns and their potential 

relationship with the Florida Current transport, we now switch the focus to the triggering 

mechanism for the extreme GS offshore deflection event that started in November 2009. The 

synoptic ocean state is the focus here, and we developed a realistic regional ocean hindcast 

model and its adjoint sensitivity tool for this analysis.  

3.1 Ocean model configuration and validation 

 We applied the Regional Ocean Modeling System (ROMS), specifically, its nonlinear 

forward model and its tangent-linear adjoint module for this analysis. ROMS is terrain-
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following coordinate, primitive equation model developed specifically for regional 

applications (Haidvogel et al., 2008). Its computational kernel uses high-order time stepping 

and advection schemes, and a carefully designed temporal averaging filter to guarantee exact 

conservation for tracers and momentum (Shchepetkin and McWilliams, 2005; Zhang et al., 

2009).  

The model domain shown in Figure 1 spans the whole northwest Atlantic with ~7 km 

horizontal grid spacing and 36 vertical layers. The bathymetry is generated using 1-minute 

gridded GEBCO data and smoothed with a linear programming procedure (Sikirić et al., 

2009) to remove overly large gradients that may lead to unwanted numerical pressure 

gradient errors for the model. The model uses fourth-order centered advection with the 

generic length scale vertical mixing scheme (Warner et al., 2005) using k-kl mixing 

coefficients (corresponding to Mellor-Yamada Level 2.5).  

At its only open boundary on the east, the model is configured to conserve volume 

with a free-surface Chapman condition, a Flather condition for the 2D momentum, and 

clamped conditions for the 3D momentum and tracers (Marchesiello et al., 2001; Powell et 

al., 2008; Broquet et al., 2009; Moore et al., 2009). Boundary values of ocean states are 

derived from the daily global HYCOM/NCODA product (https://hycom.org).  

Surface forcing used in the ROMS simulation is derived from the European Center 

for Medium Range Weather Forecast (ECMWF) reanalysis product 

(http://apps.ecmwf.int/datasets/data/interim-full-daily) with 0.125 degree grid spacing every 

3 hours. Air temperature, surface pressure, humidity, wind speed and direction, short- and 
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long-wave radiation, and precipitation from ECMWF are used to compute the ROMS surface 

momentum and buoyance forcing with the bulk flux formulation of Fairall et al. (1996).  

The model is initialized with daily HYCOM data and ran from November 1 to 30, 

2009, when the largest Gulf Stream offshore meander in the last two decades began to 

initiate. The first nine days are the model spin-up time. Model results starting on November 

10 onward are used for model-data comparison and analysis.  

To assess the model skill, numerous model-data comparisons were performed. Figure 

7 for example shows the observed (blue) and simulated (red) daily sea level (normalized) at 

three stations along the SAB and water transport through the Florida Strait. The correlation 

coefficients between observations and simulations are all greater than 0.86 and the magnitude 

of simulated water transport also generally matches with the observed. These suggest the 

model realistically reproduces SAB circulation during this study period.  

3.2 Adjoint sensitivity model 

 A unique tool we used in this study is the adjoint sensitivity analysis.  Given the 

simulated ocean state, the adjoint model allows one to go backward in time to track factors 

that were important for triggering the large GS offshore meanders in November 2009. The 

adjoint model has been widely studied in meteorological and oceanographic communities 

(Errico, 1997; Bennet, 1992 and 2002; Wunsch, 1996 and 2006). Recently, it has been 

developed and implemented into ocean models either for sensitivity studies or data 

assimilation purposes. Marotzke et al. (1999) described the construction of the adjoint MIT 

general circulation model with the automatic differentiation method. Chua and Bennett 
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(2001) developed a system for variational assimilation of data into ocean models based on 

the adjoint method. Along with the tangent linear and adjoint components, the data 

assimilation system of the Regional Ocean Modeling System (ROMS) has been described in 

a series of papers (Moore et al., 2004; Moore et al., 20011a, 2011b, and 2011c). Several 

studies have applied adjoint sensitivity to study ocean processes, such as the sensitivity 

studies of the Kuroshio Current (Ishikawa et al., 2004), meridional overturning circulation 

(Bugnion et al., 2006), the California Current (Moore et al., 2009; Veneziani et al., 2009), 

New York Bight circulation (Zhang et al., 2009), and the Loop Current in the Gulf of Mexico 

(Gopalakrishnan et al., 2013). 

The basic ideas of the adjoint model are the first order Taylor approximation and 

Lagrange multiplier method. Following Moore et al. (2004) and Zhang et al. (2009), we 

consider the nonlinear ocean model (NLM), also known as the forward model: 

)𝚽(+)
)+

= 𝑀 𝚽 t + 𝐅(t)
𝚽 0 = 𝚽1
𝚽 t 2 = 𝚽2(t)

                                                 (1) 

where 𝚽 t  is a state vector of 𝑢, 𝑣, 𝑇, 𝑆, 𝜂  representing the west-east velocity, south-north 

velocity, temperature, salinity, and sea level of all model grids at time t; 𝑀 is the nonlinear 

operator of the model; 𝐅(t) is the external forcing at time t; 𝚽1 are the initial conditions; 

𝚽2(t) are the boundary conditions along boundary Ω. Suppose 𝚽: is a certain solution of 

Eq. (1), and we introduce small perturbations	  𝝓1 = δ𝚽1, 𝝓2 t = δ𝚽2(t), and 𝐟 t = δ𝐅(t) 

to the initial conditions, boundary conditions, and external forcing, respectively. The 

corresponding perturbations of the solution 𝚽: can be expressed as 𝝓 = 𝚽−𝚽:. Then we 
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can get the perturbation by considering the difference between original and perturbed 

equations: 

)𝝓(+)
)+

= 𝑀 𝚽 t −𝑀 𝚽𝒄 t + 𝐟(t)
𝝓 0 = 𝝓1
𝝓 t 2 = 𝝓2(t)

                                                 (2) 

Using the first order Taylor approximation, we have  

𝑀 𝚽 t = 𝑀 𝚽𝒄 t + )@
)𝚽 𝚽A

(𝚽 −𝚽:)                                          (3) 

Plug Eq. (3) into Eq. (2) and considering 𝝓 = 𝚽−𝚽:, we have the tangent linear 

model (TLM): 

)𝝓(+)
)+

= )@
)𝚽 𝚽A

𝚽 −𝚽𝒄 + 𝐟 t = C𝝓 + 𝐟 t

𝝓 0 = 𝝓1
𝝓 t 2 = 𝝓2(t)

                                   (4) 

where C is the Jacobian matrix. After it is discretized in space and time, the TLM yields a 

system of linear equations (Zhang et al., 2009): 

𝐀𝝓 = 𝐛                                                             (5) 

where 𝐀 is the corresponding coefficient matrix, and 𝐛 is a vector consisting of the 

perturbations of boundary conditions, initial conditions, and external forcing terms. That is, if 

we let vectors 𝐫 and 𝐫: be the boundary conditions, initial conditions, and external forcing 

terms corresponding to the solution 𝚽 and 𝚽:, respectively, then 𝐛 = 𝐫 − 𝐫:. 

 We can define an index scalar function 𝐽 𝚽 	  to represent the model state we want to 

explore the sensitivity. Because𝝓 = 𝚽−𝚽:, we have 𝐽 𝚽 = 𝐽 𝝓 +𝚽: = 𝐺 𝝓 . 
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Applying the Lagrange multiplier method (Bertsekas, 1982) to the function 𝐺 𝝓 , we get a 

cost function: 

𝐿 = 𝐺 𝝓 + 𝝀J(𝐀𝝓 − 𝐛)                                                (6) 

where 𝝀 is the Lagrange multiplier vector, and 𝑇 represents transpose. Note that 𝐿 has the 

same minimum as 𝐺 𝝓  subject to Eq. (5). Let 𝐠 𝝓 = 𝐀𝝓 − 𝐛. According to Ito and 

Kunisch (2008), we have 

)L
)𝝓
+ 𝝀J )𝐠

)𝝓
= 0                                                           (7) 

which can also be derived by setting )M
)𝝓
= 0 (Bennett, 2002; Zhang et al., 2009). After taking 

the transpose of both sides of (7), and considering )L
)𝝓
= )N

)(𝚽O𝚽A)
= )N

)𝚽
, we can get the adjoint 

model (ADM): 

−𝐀J𝝀 = ()N
)𝚽
)J                                                            (8) 

  𝝀 can be considered a sensitivity measure of a certain ocean state 𝐽 to initial 

conditions, boundary conditions, and external forcing fields 𝐫. Considering 𝐠 𝝓 = 𝐀𝝓 − 𝐛, 

𝐛 = 𝐫 − 𝐫:, 𝝓 = 𝚽−𝚽:, and the chain rule, we have 

()N
)𝐫
)J = ()N

)𝚽
P𝚽
)𝐫
)J = ()L

)𝝓
P𝝓
)𝐫
)J = (−𝝀J )𝐠

)𝝓
P𝝓
)𝐛
)J = − 𝝀J )𝐠

)𝐛

J
= − −𝑰𝝀J J = 𝝀   (9) 

where 𝑰 is the identity matrix. The adjoint sensitivity can measure the real changes of certain 

ocean states due to the perturbation of certain factors such as velocity.  However, the units of 

)N
)𝐫

 vary across components, complicating the direct comparison of the sensitivities. Following 

Moore et al. (2009), we can consider the changes ∆𝐽S = ∆𝐫S
)N
)𝐫𝒊

 that would result from 
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perturbations ∆𝐫 at each grid point 𝑖 within the target region and time. Standard deviation of 

each element at grid point 𝑖 is typically chosen as ∆𝐫S. Therefore, the direct comparison of ∆𝐽S 

arising from perturbations in each component of 𝐫 provides an immediate quantitative 

appreciation of the sensitivity of 𝐽 to perturbations with amplitudes typical of those 

encountered in the real ocean. If 𝐽 represents the mismatch between the NLM state and 

observations, minimizing 𝐽 is one method of doing data assimilation. If 𝐽 is a measure of 

some model state of NLM, the adjoint sensitivity identifies locations and variables that are 

important to this feature (Zhang et al., 2009).  

3.3 Forward model results   

Figure 8 shows the simulated surface velocity and relative vorticity (normalized by 

the Coriolis parameter) from November 17 to 26, 2009, in three-day intervals. As shown by 

simulation, the GS speed is at a maximum along the continental shelf in this region. Due to 

the strong velocity shear along edges of the GS, positive relative vorticity occurs shoreward, 

and negative relative vorticity exists seaward. From the Florida Straits to the Charleston 

Bump, the GS path generally follows the 600 m isobaths. As the width of the continental 

shelf decreases, the GS moves further offshore to the 2000 m isobaths. From November 17 to 

26, a large meander developed downstream of the Charleston Bump, which moved the GS 

position (near the black box in Figure 8) further offshore. Numerous eddies (both 

anticyclones and cyclones) were present seaward of the GS, visible in both the velocity and 

relative vorticity fields.  
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As shown by the simulation (Figure 8), both the Florida Current (FC), which flows 

through the Florida Straits, and the Antilles Current (AC), which passes northeast of Abaco 

Island, Bahamas contribute to the formation of the GS. The validity of the AC remains 

questionable due to its discontinuous nature and weak dynamic signal (Rowe et al., 2013). 

The hydrographic study of Gnu and Watts (1982) found that the AC acts more as an eddy 

field rather than as a continuous jet. Lee et al. (1996) concluded that the AC serves to balance 

the interior Sverdrup circulation not accounted for by the FC and that it is not a continuous 

flow along the Bahamas and Antilles island chain. In our study duration, however, we can 

see a clear flow path of the AC from Abaco Island to the SAB in the simulated surface 

velocity fields (Figure 8 a, b and c). Even though the surface path of the AC into the GS has 

less distinct surface structure on November 26 (Figure 8d), the AC beneath the surface 

consistently contributes to the GS (not shown). The estimates of AC transport vary from 

different studies. Lee et al. (1996) presented a range from 2 to 7 Sv (net transport) with a 

mean northward flow of 5±2 Sv at 27°N. In contrast, Schmitz and McCartney (1993) 

reported a much higher value of 12 Sv. Our simulated AC transport (Figure 9) shows a 

similar estimation to that of Schmitz and McCartney (1993). Although we note that our 

transect for AC transport calculation is different from Lee et al. (1996)’s, but similar to that 

of Schmitz and McCartney (1993).  

The GS water transport calculated immediately upstream of the Charleston Bump 

(Figure 9) is ~40 Sv. Due to the adjustment of the AC on the continental shelf before joining 

the GS, not all AC water through the Abaco transect goes into the GS. The transport 

magnitude indicates that the FC is the major contributor of the GS in the SAB, which 
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accounts for ~75% (~30 Sv) of water transport. That leaves ~25% (~10 Sv) coming from the 

AC. We calculated that ~67% of AC water goes into the GS, while ~23% recirculates to the 

deep ocean. These estimates are based on a one-month simulation. Over a longer time scale, 

the results may differ. 

Another interesting pattern as shown in Figure 9 is the sudden drop of water transport 

within four days at all three transects. For the GS, water transport drops ~5 Sv from 

November 13th, and reaches the lowest value in the study period on the 16th. For the FC, the 

drop (~8 Sv) happens from November 12th to 15th. For the AC, the drop (~4 Sv) also occurs 

from November 12th to 15th. Because the FC speed (~1.5 m/s) is much greater than that of the 

AC (~0.3 m/s), the water transport signals at the Florida Straits and Abaco transects should 

propagate to the transect upstream of Charleston Bump at different times. Therefore, the ~5 

Sv drop of GS water transport from November 13th to 16th approximately corresponds to the 

drop of FC transport (~8 Sv) from November 12th to 15th and the slight increase of AC 

transport before November 12th. In this way, the water transport values can generally be 

consistent. In the following section, we will show the influence of the sudden transport 

recovery following the sudden transport drop on the formation of large Gulf Stream offshore 

meanders.  

3.4 Validity of tangent linear assumption and index function definition  

As noted in 3.1, adjoint sensitivity analysis is based on the validity of the tangent 

linear assumption. Before performing adjoint sensitivity analysis, the validity of the tangent 

linearization should be verified. This is done by comparing fifty random perturbation runs 

with the corresponding TLM solutions. 
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From a five-year forward simulation, we randomly select an ocean state perturbation 

(𝑑𝑥) relative to its mean, and set 𝑑𝑥 as the initial value for the TLM (𝑔). Assuming 𝑥1 is the 

initial field for the original forward model (𝑓), we can then compare the difference of 

forward model (𝑓 𝑥1 + 𝑑𝑥, 𝑡 − 𝑓(𝑥1, 𝑡)) with the TLM solutions (𝑔(𝑑𝑥, 𝑡)), and choose the 

proper time scale indicated by the correlation coefficients. Fifty perturbation (i.e., SSH~0.2 

m, velocity~0.4 m/s) runs are implemented with dynamically relevant amplitudes. As shown 

in Figure 10, correlation coefficients gradually decrease as the time window increases. The 

time scale of linearization for SSH is longer than that of velocity. We chose the time scale for 

valid tangent linear assumption to be 10 days, when the mean correlation coefficient of the 

velocity comparisons is around 0.6. 

To use the adjoint model, an index function 𝐽 (also called cost function or penalty 

function in other references) must be defined as a function of model output variables. Similar 

to Gopalakrishnan et al. (2013), we define the index function as the negative daily mean SSH 

in the black box of Figure 3 to represent the variation of GS position adjacent to transect 2 

(Figure 3). That is, 

J = − 1
(t2 − t1)A

ηdAdt
A∫t1

t2

∫                                                    (10) 

where 𝜂 is SSH, 𝐴 is the area, and the time range is 𝑡[ to 𝑡\ (one day for this case).  

The model simulation shows that the mean SSH within the black control box is very 

well inversely correlated with the GS position along transect 2 (Figure 11). That is, when the 

GS moves seaward, the SSH inside the control box decreases, and vice versa. The correlation 
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coefficient of the two variables is highly significant (r=-0.9) during the study period, 

indicating the validity of choosing this index function to represent GS path variation.  

Because the tangent linear assumption is valid for ten days (shown above), a ten-day 

window from November 17th to 26th was selected for the adjoint sensitivity analysis (show by 

the dashed rectangle in Figure 11). During this time period, the GS moved seaward, while 

mean SSH within the control area decreased. Using the adjoint model, we can go backward 

in time and diagnose what processes triggered the GS offshore motion on November 26th. 

3.5 Adjoint sensitivity analysis 

Figure 12 shows the adjoint sensitivity of index function 𝐽 to the depth-averaged 

velocity field ()N
)]
, )N
)^
)	  going backward in time from November 26th  to 17th , every three 

days. Following Moore et al. (2009), the sensitivity is plotted as a velocity vector field. 

Physically, such an adjoint sensitivity can be considered as a scaled barotropic velocity 

perturbation (Moore et al., 2009), which caused the large GS seaward motion on November 

26th, 2009. On November 26th, the sensitivity area was around the index-defining black box 

(Figure 12a) in a form of a cyclonic velocity perturbation. This cyclonic perturbation is 

positive, indicating a positive relative vorticity perturbation is present at that time point. 

Going backward in time, the sensitivity region gradually extends to the north and south 

largely along the isobaths (Figure 12d). The cyclonic feature on November 26th can be 

further traced back to the cyclonic perturbation around the Charleston Bump on November 

17th, which can be subsequently traced back to the Florida Strait. This is most evident in the 

northward sensitivity vector fields along the GS main path, indicating a positive velocity 
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perturbation (i.e., increase of GS velocity) that started from November 15th can lead to an 

increase of index function J (Figure 9) over the study period. Because the GS flows 

northward through the Florida Straits, the increase of water transport through the Florida 

Straits caused the GS velocity enhancement, thus a positive velocity perturbation reflected in 

the sensitivity field. This increased GS velocity interacts with the topographic feature near 

the Charleston Bump, producing a cyclonic vorticity perturbation in the area.  

The sensitivity seaward of the 1000 m isobaths from 32°N to 36°N is also noticeable, 

suggesting a possible  interaction of the GS with deep boundary currents or eddies may also 

contribute to the perturbation of J. Seaward of the 600 m isobaths from 27°N to 30°N, the 

decreasing velocity perturbation (indicated by the southward vector field)  corresponds to the 

transport decline of the Antilles Current (AC) starting from November 12th , 2009 (Figure 9). 

The sensitivity of index function 𝐽 to the depth-averaged velocity field is relatively small in 

other regions (Figure 12d). 

Figure 13 provides a conceptual schematic to illustrate how the increased velocity 

field interacts with the topography to cause the GS move seaward. Assume the normal state 

of the stream velocity field is largely symmetric due to velocity shear and balance (Figure 

13a). Positive relative vorticity exists shoreward, and negative relative vorticity occurs 

seaward of the stream. An increased water transport would increase stream velocity while 

maintaining the shear balance (Figure 13b). However, the symmetric balance breaks down 

with the presence of the topographic Bump, (Figure 13c). The blocking effect of the Bump 

leads to an enhancement of shoreward velocity shear and therefore an increase of the positive 
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relative vorticity compared to those in the seaward. Therefore, a stream has an overall net 

increase of positive relative vorticity.  

Now consider the the first order principle of potential vorticity conservation: 𝑃𝑉 =

abc
d
= 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, where 𝑓 is the Coriolis parameter, 𝜁 is relative vorticity, and ℎ is water 

depth. Over the small geographic region being considered, 𝑓 changes little.  If net relative 

vorticity 𝜁 associated with the flow increases, water depth ℎ must increase in order to 

conserve potential vorticity. That implies that the stream must move further offshore to the 

deep water region. 

4. Barotropic vorticity budget 

To further verify the previous analysis, we calculated the barotropic vorticity budget 

in the SAB following Marchesiello et al. (2003) and Gula et al. (2015). The full barotropic 

vorticity balance equation can be obtained by integrating the momentum equations in the 

vertical and cross-differentiating them (Gula et al., 2015): 

)2
)j

klmnlmop

= −	  ∇ ∙ 𝑓𝐮
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	  −	  𝐴�
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     (11) 

where the barotropic vorticity is defined as vorticity of the vertically integrated velocities 

Ω = )�
)�
− )�

)�
 with (𝑢, 𝑣) as the (𝑥, 𝑦) components of the horizontal flow, the overbar denotes 

a vertically integrated quantity, 𝐉(𝑃�, ℎ) is the Jacobian matrix of bottom pressure 𝑃� and 

water depth ℎ, 𝛕 is wind or bottom stress, and 𝜌1 is the reference density. The terms on the 

r.h.s of Eq. (11) are planetary vorticity advection (BETA), bottom pressure torque (BPT), 

wind stress curl (WSC), bottom drag curl (BDC), horizontal diffusion (DIFF), and nonlinear 
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advection (ADV). As a sanity check, the sum of BETA, BPT, and ADV nearly equals to the 

vorticity tendency term, within small numerical residual range (not shown).  

Temporal mean values of dominant terms (tendency, BETA, BPT, and ADV) in Eq. 

(11) were calculated from November 17 to 26, 2009 (Figure 14). Along the path of the GS, 

large positive vorticity tendency occurred shoreward of the Charleston Bump and at the right 

bottom corner of the black box in Figure 14, which indicates an increase in barotropic 

vorticity. This is consistent with the previous analysis that increased relative vorticity forces 

the GS move seaward due to conserving potential vorticity. The BETA term is noisy and 

shows no particular pattern. The BPT term shows a positive contribution to the vorticity 

variation downstream of the Charleston Bump, indicating that the topography interacts with 

the velocity fields to provide positive vorticity. The ADV term, being another important term 

in the vorticity budget, showing a negative contribution to barotropic vorticity downstream of 

the Charleston Bump over the ten-day period.  

 To further explore the variation of different terms in Eq. (11), we calculated the 

spatial mean of each term in the area around the Charleston Bump (green box in Figure 14) 

from November 17th to 26th, 2009 (Figure 15). The green box indicates the area that is 

important for the large GS offshore meander in this study. Similar to previous analyses, the 

dominant terms are the tendency, BETA, BPT, and ADV. Over the ten days, the tendency 

term is mostly positive, which means the vorticity overall increases. Because the region is 

small, the BETA term changes little. The BPT term makes a positive contribution to the 

change of barotropic vorticity. But it is the ADV term that dominates the variation of the 

vorticity tendency term. The variation of the vorticity near the Charleston Bump during this 
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time period generally corresponds to the increased water transport through the Florida Straits 

from November 14th to 23rd (Figure 9). 

5. Summary 

In this study, both the long-term and synoptic variability of the Gulf Stream path in 

the South Atlantic Bight and corresponding mechanisms are analyzed based on satellite 

altimetry observations, advanced numerical simulations, and vorticity budget analysis. 

The Gulf Stream path was quantified using two decades of satellite altimeter data and 

the Self-Organizing Map (SOM). The variability of the Gulf Stream path generally increases 

from the Florida Straits to open ocean, supporting previous study by Schmitz and McCartney 

(1993). Consistent with earlier study by Bane and Dewar (1988), the weakly and strongly 

deflected patterns of the Gulf Stream were also confirmed in our analysis. Overall, the 

weakly deflected pattern occurs more frequently than the strongly deflected pattern. As 

revealed by the SOM analysis, the strongly deflected pattern is more likely to occur in winter 

when the water transport through the Florida Straits is relatively low but with larger 

variability. This finding is consistent with Miller (1994)’s analysis about the Florida Current 

transport and the Gulf Stream path variation. 

Over the last two decades, the largest Gulf Stream offshore meanders occurred in 

November 2009-April 2010. We focused on the beginning stage (November 2009) of the 

extreme meander event. Triggering mechanisms of this Gulf Stream offshore meanders were 

explored using a regional implementation of ROMS forward model and its adjoint sensitivity 

analysis. The forward ocean model was skillful in reproducing the regional circulation in 
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November 2009. By comparing water transport through three different transects (Figure 9), 

we found that the Gulf Stream transport upstream of the Charleston Bump was ~40 Sv in 

November 2009, among that ~75% (~30 Sv) originated from Florida Straits and ~25% (~10 

Sv) came from the Antilles Current. A ten-day window (November 17th-26th, 2009) was 

chosen for the backward in time adjoint sensitivity analysis based on the validity of tangent 

linear assumption. The sensitivity of Gulf Stream offshore meanders to the depth-averaged 

velocity field showed an increase of velocity in the Gulf Stream, which interacted with the 

local topography near the Charleston Bump to generate an asymmetric velocity shear. As a 

result, there was a net increase of positive relative vorticity, indicated by the cyclonic 

velocity perturbation around the Bump (Figure 11). The increased relative vorticity forced 

the Gulf Stream to move further offshore to conserve potential vorticity. The adjoint 

sensitivity analysis showed this process corresponded to a Florida current transport increase 

starting from November 15th, 2009.  

Barotropic vorticity budget analysis further confirmed these findings. The dominant 

terms in the barotropic vorticity budget are the planetary vorticity advection, bottom pressure 

torque, and the nonlinear advection. During the study time period, the vorticity tendency near 

the Charleston Bump, mostly remains positive, indicating an overall increase in relative 

vorticity. Its variation is mostly dominated by the nonlinear advection. 
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Figures 

 

 
Figure 1. Model domain. Black arrows are geostrophic currents (> 0.1 m/s) derived from 21 

years of mean AVISO Absolute Dynamic Topography data. They can be considered as the 

western boundary current system in the North Atlantic. Contours are 100, 1000, and 3000 m 

isobaths. 
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Figure 2. Topography of the South Atlantic Bight. Water depth is shown in meters and 

extracted from the 1-minute GEBCO dataset. The Charleston Bump is indicated. 
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Figure 3. Long-term (1993-2013) mean Absolute Dynamic Topography (ADT, color 

shading, unit: m) overlaid with Gulf Stream mean path (solid black curve) and corresponding 

envelope (dashed cyan curves) and one standard deviation (STD, dashed black curves). 

Transects 1 to 5 (solid lines perpendicular to the Gulf Stream mean path) were used to 

measure the position variation of the Gulf Stream. Gray contours are 200, 600, 1000, and 

2000 m isobaths. Black box is for the index function definition in section 3. Florida (FL) and 

the Charleston Bump are indicated. 
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Figure 4. Gulf Stream position relative to its mean path along each transect in Figure 3 (unit: 

km). Offshore direction is positive (gray), while onshore is negative (black). Blue shaded 

region indicates the largest offshore event in 2009-2010. A 30-day low-pass filter was 

applied to the original data for visualization purpose. 
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(a) 

 
(b) 

Figure 5. Self-Organizing Map analysis of the Gulf Stream path in the South Atlantic Bight. 

(a) Weakly (P1) and strongly (P2) deflected patterns. The numbers are corresponding 

frequency of occurrence (FO) for each pattern. The mean path is indicated by the cyan curve. 

(b) Monthly FOs of the two patterns in (a). 
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(a) 

 
(b) 

Figure 6. Comparisons between Florida Current (FC) transport and monthly FO of strongly 

deflected pattern (P2). (a) Monthly mean FC transport (Sv) and FO of P2 (%). Correlation 

coefficient is -0.81. (b) Monthly standard deviation (STD) of FC transport (Sv) and FO of P2 

(%). Correlation coefficient is 0.66. 
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(a) 
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Figure 7. Observed (blue) and simulated (red) daily sea level at three stations (a, b, and c) 

along the SAB, and water transport through the Florida Straits (d). Sea level data are 

normalized (minus mean divided by the corresponding standard deviation). Locations of the 

three stations and the FC transect is shown in Figure 8a. 
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(a)                                                                           (b) 

 
(c)                                                                           (d) 

Figure 8. Simulated surface velocity (vectors) and relative vorticity (color shading) from 

Nov. 17 to 26, 2009, every three days. Relative vorticity is normalized by dividing by the 

Coriolis parameter. Black stars in (a) indicate the location of the three sea level stations, and 

black hexagon represents Abaco Island. Purple solid line in (a) represents the location of the 

cable measuring the Florida Current (FC) transport. Black box (same as the one in Figure 3) 

delineates the region for index function calculation. Gray lines are the 200, 600, 1000, and 
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2000 m isobaths. The purple, red, and yellow transects in (a) are sites where water transport 

was calculated for the FC, Antilles Current, and Gulf Stream, respectively. 

 

 

 

 
Figure 9. Simulated water transport through the three transects in Figure 8a. These indicate 

the water transport of Florida Current, Antilles Current, and Gulf Stream. 
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(a) 

 
(b) 

 
(c) 

Figure 10. Comparisons between the nonlinear perturbation runs and tangent linear model 

solutions in terms of sea surface height (SSH) and velocity (u and v). Gray lines represent the 

50 perturbation experiments, and solid black lines are the corresponding mean. 
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Figure 11. Comparison between daily mean sea surface height (SSH, blue) in the box and 

Gulf Stream (GS) position (red) relative to the mean path along transect 2 in Figure 3. The 

dashed rectangular box indicates the time window for adjoint sensitivity analysis.  
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(a)                                                                        (b) 

  
(c)                                                                        (d) 

 
Figure 12. Adjoint sensitivity to depth-averaged velocity. Vectors represent direction. Color 

indicates magnitude (unit: 1/s). Gray lines are the 200, 600, 1000, and 2000 m isobaths. 

Black boxes are the region for index function calculation. 
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Figure 13. Schematics of positive relative vorticity perturbation formation. Orange circles 

with plus signs indicate positive relative vorticity. Blue circles with minus signs represent 

negative relative voracity. Vectors are velocity fields. Shaded ellipse represents the 

Charleston Bump. 
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Figure 14. Ten-day (Nov. 17-26, 2009) averaged tendency, planetary vorticity advection 

(BETA), bottom pressure torque (BPT), and nonlinear advection (ADV) terms in the 

barotropic vorticity equation (unit: m/s2). Gray lines are the 200, 600, 1000, and 2000 m 

isobaths. Cyan lines are the 1, 21, and 41 Sv batrotropic streamlines (integrated from 

coastlines). Green boxes define the region for the time series plot in Figure 16. Black boxes 

indicate the region for the index function calculation. 
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Figure 15. Spatial averaged terms of the barotropic vorticity equation (Eq. 11) within the 

green box in Figure 14 (unit: m/s2).  
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Chapter V: Summary 

As one of the most prominent features of ocean circulation in the North Atlantic, the 

Western Boundary Current system has drawn and will continue drawing research interests in 

the ocean science community. Many previous studies have focused on the large scale West 

Boundary Current dynamics, air-sea interactions, influence on marine ecosystem, and 

impacts on the climate system. This dissertation examined two components of the Western 

Boundary Current system in regional settings: the Loop Current (LC) in the Gulf of Mexico 

(GoM) and the Gulf Stream (GS) in the South Atlantic Bight (SAB). Focuses were on the 

long-term patterns of the flow system, their predictability and mechanisms triggering the 

variation.  

 The first part of this dissertation documented an analysis of two decades’ satellite 

altimetry data using the Self-Organizing Map (SOM) method. Three patterns and their 

corresponding temporal evolution of LC sea surface height (SSH) were extracted. As 

revealed by the SOM analysis, in most cases, the LC evolution follows a normal–extension–

retraction cycle. Transitions from normal pattern to extension pattern and from extension 

pattern to retraction pattern mainly occur in June and the end of August, respectively. The 

weekly frequency of occurrence (FO) analysis of the LC retraction pattern indicates that the 

increase of wind stress curl in the Caribbean Sea from June to November favors the LC eddy 

shedding during that period. On the interannual time scale, a significant relationship between 

Oceanic Nino Index and annual FO of the LC retraction pattern exists, suggesting a possible 

teleconnection between Pacific climate and LC eddy shedding frequency, which requires 

further investigation.  
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 With better understanding of the LC variation from the SOM analysis, the second part 

of this dissertation presented a novel approach to predict LC variation and its eddy shedding 

process in the GoM based on an artificial neural network and empirical orthogonal function 

(EOF) analysis method. The methodology is a three-step procedure: the EOF analysis 

method was first applied on two decades’ satellite altimetry SSH data to decompose the SSH 

data into spatial patterns (EOFs) and time-dependent principal components (PCs). Then the 

nonlinear autoregressive neural network was used to predict leading PCs of the GoM SSH six 

weeks ahead. Finally, the future SSH of the GoM was constructed by multiplying the spatial 

EOFs of the GoM SSH and the predicted PCs. The sensitivity of prediction results to 

different variance percentage levels were tested, and the 95% level (with 18 PCs) was 

selected for skill assessment and analysis. To independently evaluate the prediction skill of 

this methodology, weekly predictions, each with 6-week sliding prediction window were 

continuously performed over 3 years. The spatial correlation coefficients and root mean 

square errors (RMSEs) between predicted and observed SSH during the 3 years were 

calculated. Several other skill assessment metrics between prediction and persistence, such as 

the SSH skill score and RMSE, and the frontal position RMSE of the LC and LC eddies were 

also evaluated. For SSH prediction, the 3-year mean RMSE of prediction is about 30% less 

than that of persistence at week 6. The 3-year mean skill score of SSH prediction is about 0.5 

compared to 0.1 for persistence at week 6. The RMSE of the frontal position also shows 

better skill of prediction (60 km) over persistence (80 km). Generally, the model can 

accurately capture the LC variation and eddy shedding process 4 weeks ahead, and in some 

cases, 5 and 6 weeks ahead is possible. 
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The third part of this dissertation focused on the variability of the GS in the SAB. The 

variation of GS path was first evaluated using satellite altimeter data in the last two decades, 

and clustered using the SOM. The variability of the GS cross-shelf position generally 

increases from the Florida Straits to Cape Hatteras. Consistent with previous studies, two 

patterns: the weakly and and strongly deflected patterns of the GS are identified. Overall, the 

weakly deflected pattern happens more frequent than the strongly deflected pattern. The 

strongly deflected pattern is more likely to occur in winter when the water transport through 

the Florida Straits is relatively low but the corresponding variability is high. Over the last two 

decades, the largest GS offshore meander occurred in November 2009 - April 2010. To 

explore the triggering mechanism of this extreme meander event, a forward ocean model was 

developed to hindcast the circulation. In addition, adjoint sensitivity analysis was applied to 

elucidate the dynamics and ocean state structures during a ten-day window (Nov. 17-26, 

2009). The sensitivity of GS offshore meander to the depth-averaged velocity field shows an 

increase in the ocean volume and velocity along the GS core path, which interacts with the 

local bathymetry (Charleston Bump) to generates asymmetric velocity shear. As a result, a 

net increase of positive relative vorticity occurs, forcing the GS to move further offshore in 

order to conserve the potential vorticity of the flow field. Tracking back to upstream, this 

process corresponds to the water transport increase through the Florida Straits starting from 

Nov. 15, 2009. Quantitative barotropic vorticity budget analysis further confirms such a 

finding.  

Despite long-term satellite data observation and advance of numerical modeling, 

understanding and accurately predict instabilities of the Western Boundary Current system 
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will remain a big challenge in oceanography. This work is an initial attempt to embrace this 

challenge. Further progress will require advanced data assimilation methodologies combined 

with comprehensive observing systems that can observe both regional and basin scale ocean 

states, as well as provide direct measurements of both surface and subsurface conditions of 

boundary currents.  

 


