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ABSTRACT

Properties, Mechanisms and Predictability of

Eddies in the Red Sea

Peng Zhan

Eddies are one of the key features of the Red Sea circulation. They are not only

crucial for energy conversion among dynamics at different scales, but also for materials

transport across the basin. This thesis focuses on studying the characteristics of Red

Sea eddies, including their temporal and spatial properties, their energy budget, the

mechanisms of their evolution, and their predictability. Remote sensing data, in-situ

observations, the oceanic general circulation model, and data assimilation techniques

were employed in this thesis.

The eddies in the Red Sea were first identified using altimeter data by applying

an improved winding-angle method, based on which the statistical properties of those

eddies were derived. The results suggested that eddies occur more frequently in

the central basin of the Red Sea and exhibit a significant seasonal variation. The

mechanisms of the eddies’ evolution, particularly the eddy kinetic energy budget, were

then investigated based on the outputs of a long-term eddy resolving numerical model

configured for the Red Sea with realistic forcing. Examination of the energy budget

revealed that the eddies acquire the vast majority of kinetic energy through conversion

of eddy available potential energy via baroclinic instability, which is intensified during

winter. The possible factors modulating the behavior of the several observed eddies
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in the Red Sea were then revealed by conducting a sensitivity analysis using the

adjoint model. These eddies were found to exhibit different sensitivities to external

forcings, suggesting different mechanisms for their evolution. This is the first known

adjoint sensitivity study on specific eddy events in the Red Sea and was hitherto

not previously appreciated. The last chapter examines the predictability of Red Sea

eddies using an ensemble-based forecasting and assimilation system. The forecast

sea surface height was used to evaluate the overall performance of the short-term

eddy predictability. Different ensemble sampling schemes were implemented, and the

investigation among different schemes is followed by a discussion of performance and

challenges based on the results of a case study.

The thesis not only enhances understanding of the Red Sea dynamics, but also

deepens knowledge of the physical-biological and air-sea interactions within the basin.

Further, it is a stepping stone to building a robust regional operational system with

refined forecasting skills.
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Chapter 1

Introduction

The Red Sea basin is about 1930 km long and 280 km wide on average and covers a

surface area of roughly 450000 km2. The average depth is about 490 m, with shelf

breaks marked by coral reefs and a deep trench in the middle of the basin that records

a maximum depth of about 2920 m [5, 6] (Figure 1.1). As a long and narrow basin

isolated from the world’s oceans, the Red Sea has a mutable circulation structure and

supports a very rich and diverse marine ecosystem. The Red Sea water properties are

unique, with high temperature and salinity caused by extensive evaporation, exiguous

precipitation, and a paucity of runoff. The Red Sea connects with the global ocean

through the Strait of Bab-al-Mandeb, a 25-km wide channel with a sill depth of about

137 m [7]. Water exchange through this narrow strait compensates for the heat and

freshwater fluxes in the Red Sea, and greatly modulates its circulation [8, 9, 10].

The thermocline depth in the Red Sea is from about 30 m to 60 m in summer [11],

while in winter, the basin north of 25◦N exhibits a thermocline depth that exceeds

200 m or more [12]. Below the thermocline, the Red Sea water is fairly uniform with

salinity and temperature of about 40.6 psu and 21.5 ◦C, respectively [12]. The general

pattern of the mean surface temperature is a decreasing gradient from south to north

with a significant seasonal cycle in the upper layers. The average surface temperature

in February and July respectively ranges from 17.5 ◦C to 27 ◦C and from 26 ◦C to 32

◦C, respectively [12]. The annual mean surface salinity increases with latitude from
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Figure 1.1: Bathymetry of the Red Sea. The light grey shade shows region with
altitude higher than 500 m.

36.5 psu near the Strait of Bab-al-Mandeb to 40.5 psu at the northern end of the

basin, yet the seasonal variability of salinity in the basin is not yet well documented.

Despite the narrowness of the basin, the Red Sea exhibits a strong lateral variabil-

ity in circulation associated with boundary currents and eddies. The main forcings

that drive the circulation in the Red Sea are related to the seasonally varying buoy-

ancy fluxes and wind regimes [13], under which a different patterns of circulation

prevail in summer and in winter [8, 9]. The different studies that have been con-

ducted on Red Sea circulation are not always consistent, but they all agree on two

key features of the circulation, including the remarkable seasonal variability and the

rich eddy activities in the basin [8, 9, 14, 15].
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Figure 1.2: Observed eddies in the Red Sea. (a) Passive drifter trajectories on top of
AVISO SSH (in color) in June 2010. (b) Chlorophyll derived from remotely-sensed
ocean color provided by Moderate Resolution Imaging Spectroradiometer (MODIS-
Aqua) superimposed with altimeter-derived geostrophic current on 29th March 2010
[1]. (c) Contours of climatological SST in January using Operational Sea Surface
Temperature and Sea Ice Analysis (OSTIA) over the northern Red Sea.

Overview of Red Sea eddies

Mesoscale dynamics are one of the dominant type of features in ocean circulation

[16]. An oceanic mesoscale eddy is a circular current of water with characteristic

spatial scales ranging from tens to hundreds of km, and lifespans that can last up

to hundreds of days [17]. Beyond that, the kinetic energy (KE) of the eddies is

usually an order of magnitude larger than that of the mean flow [18, 19]. Mesoscale

eddies are not only closely linked to the oceanic hydrodynamics as they are generated

from instabilities of the mean flow [20] and feeding energy and momentum back

into the mean flow [21], but they are also responsible for transporting energy, heat,

and biogeochemical particles that can further impact tracers budgets and primary

production enhancements [22, 23, 24, 25]. Eddies have been shown to play a key role

in semi-enclosed or enclosed basins such as the Caribbean Sea [26], the Gulf of Mexico

[27, 28], the Mediterranean Sea [16], and the Black Sea [29].

Mesoscale anticyclonic eddies (AEs) and cyclonic eddies (CEs) have been captured

by different types of observations, namely, remote sensing data from international

projects measuring sea level anomalies (SLA) [1, 3, 4, 15, 30], sea surface temper-
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ature (SST) [31], chlorophyll-a [24], Synthetic Aperture Radar (SAR) images [32],

and various in-situ observations [11]. As an example, Figure 1.2 shows a collection of

eddies from different observations in the Red Sea whose shapes, ranges and intensities

exhibit remarkable variabilities. According to the small amount of available informa-

tion, a quasi-permanent CE often exists during winter in the northern Red Sea [31],

playing a pre-conditioning role in the intermediate water formation that drives the

overturning circulation in the basin. Both CEs and AEs are reported in the southern

Red Sea, but neither exhibit a persistent pattern [33]. Many eddies in the Red Sea

are comparable in size to the basin width, whereas they are much more energetic

than the large-scale thermohaline circulation [13]. Eddies in the Red Sea also play a

crucial role in modulating the hydrodynamics in the basin [11, 34].

Figure 1.3: Particle dispersion trajectories forming pathways of connectivity in the
Red Sea. Particle releases at different sample locations along the east coast of the
Red Sea. The different colors denote each of the five different provinces. [1]

In addition, eddies in the Red Sea also have a strong impact on the marine ecosys-

tem that profoundly affects the social and economic lives of people living in the sur-

rounding countries. The eddies’ relatively well-maintained integrities and energetic

flows allow them to transport nutrients, heat, carbon, and other biogeochemical parti-



23

cles from one coast to the other. The transportation of these materials are reported to

be several times greater than the mean overturning transport [30], and these processes

are sometimes enhanced by a series of flanking eddies. The vertically eddy-induced

pumping brings nutrient-enriched subsurface water into the oligotrophic zone to help

sustain primary production [35, 36, 37, 38]. Eddies and the associated filaments have

also been reported to take quite an active part in connecting larvae among coral reefs

[1, 39] and redistributing concentrated discharges in the Red Sea [40]. For instance,

results from a passive particle dispersal model forced by altimeter-derived surface

circulation clearly show, as seen in Figure 1.3, the eddy-influenced trajectories of par-

ticles released from 19 locations on the Saudi coast, suggesting that dynamic eddy

circulation may formulate physical pathways for gene flow in the Red Sea [1].

Properties and mechanisms of Red Sea eddies and referred studies

Despite their importance, there is very limited amount of information available on the

properties of eddies in the Red Sea from a statistical point of view. For instance, the

geographical distribution, frequency of occurrence, radii, and other related features of

Red Sea eddies are all poorly documented. Furthermore, the dynamics and vertical

structures of eddy systems in the Red Sea have yet to be investigated, and even

though a number of studies have investigated the mechanisms of eddy generation in

the Red Sea, no general consensus has yet been reached. Clifford et al. [41] reported

that the formation of eddies in the Red Sea is largely affected by wind direction. A

few years later, Sofianos and Johns [14], reproduced a CE in the northern Red Sea

using the Miami Isopycnal Coordinate Ocean Model forced only by the loss of surface

buoyancy. More recently, Chen et al. [4] analyzed the outputs of a Finite-Volume

Community Ocean Model and concluded that an AE in the central Red Sea is formed

mainly by buoyancy forcing. Zhai and Bower [3] identified the dipole eddy system

near 18-19◦N as an ocean response to the Tokar wind jets using observations and an
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idealized numerical model of the Red Sea. Zhai [35] also discussed other potential

mechanisms as the source of eddy generation in the Red Sea including baroclinic

instability, bottom topography, cross-basin wind, and meridional varying buoyancy

forcing.

Limited spatial and temporal oceanic data coverage in the Red Sea makes it diffi-

cult to study the mechanisms of eddies based solely on observations. Thus, numerical

simulations of the Red Sea circulation using an eddy-resolving Oceanic General Cir-

culation Model (OGCM) would greatly expand the information available to study

the characteristics of eddies in the basin and would enable energy flow estimations

of these eddies. In other oceans, numerical studies have been proven capable of

realistically reproducing many of the eddy energy features. von Storch et al. [42]

estimated the full Lorenz energy cycle for the world’s oceans based on the outputs of

global simulations. Eden and Böning [43] studied the seasonally varying eddy field

using a North Atlantic GCM, identifying the source of eddy kinetic energy (EKE)

as mainly generated through barotropic instability when the west Greenland current

interacts with the steep topographic slope. Xie et al. [44] analyzed the outputs of

a Hybrid-Coordinate Ocean Model and concluded that isobathic curvature is central

to enhancing barotropic and baroclinic energy transfer rates from the Gulf Stream

to its meanders and eddies. Shore et al. [45] examined the sources of eddy energy in

the Gulf of Alaska using an assimilated model and found that both barotropic and

baroclinic instabilities contribute to the substantial production of EKE. Zhai et al.

[46] used a simple reduced-gravity model to study the sink of eddy energy near west-

ern boundaries where the energy is found probably scattered into high-wavenumber

vertical modes that causes energy dissipation as well as diapycnal mixing. Zhai and

Marshall [38] also examined the generation of eddy energy and energy fluxes in the

North Atlantic using the Massachusetts Institute of Technology general circulation

model (MITgcm) and found that eddies release available potential energy ubiqui-
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tously in the upper ocean, and that the vertical eddy energy flux redistributes the

eddy energy differently in the subpolar and subtropical gyres. Yang et al. [47] con-

ducted an eddy budget analysis in the South China Sea based on the outputs of the

LASG/IAP (State Key Laboratory of Numerical Modeling for Atmospheric Sciences

and Geophysical Fluid Dynamics/Institute of Atmospheric Physics) Climate system

Ocean Model and pointed out that the energy released from baroclinic instability,

barotropic instability, and the energy transported by horizontal convergence are the

three main sources of EKE, and that the generated energy is mainly balanced by

turbulent viscosities. Recent efforts have also been made to study the underlying

mechanisms of eddies in the Red Sea using idealized ocean models [3, 4]. In this

thesis, the mechanisms of eddies are investigated by analyzing the sources, redistri-

butions and sink of EKE with a spatial and temporal quantitative description using

the outputs of a realistic eddy-resolving OGCM.

Aside from general studies of EKEs in the Red Sea, there have been no systematic

quantitative explorations of the sensitivities of specific Red Sea eddies to different in-

puts. Sensitivity analysis can be carried out by integrating a large number of costly

forward model simulations performed one at a time with perturbed inputs, or equiva-

lently, under the linear assumption, by running the single adjoint of the model back-

ward in time [48, 49]. An important advantage of the adjoint approach is that only

a single backward integration is required to quantify the sensitivity fields. Moreover,

the adjoint model computes the spatial and temporal distributions of the sensitiv-

ities, highlighting the regions of major impact and the evolution of the sensitivity

fields that may provide new insights into the remote and local effects of the quantity

of interest. Adjoint sensitivity analysis has been widely used in oceanic studies, from

global scales [50, 51, 52, 53, 54, 55] to regional scales [56, 57, 58]. In this thesis, the

adjoint model of the MITgcm is implemented to conduct adjoint sensitivity studies

to investigate the evolution of several observed eddies in the Red Sea.
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Prediction of eddies in the Red Sea

Recent advances in the implementation of sustainable oceanic monitoring systems

and sophisticated high-resolution numerical ocean models have been enabling the

development of operational ocean forecasting systems. To build such a system, data

assimilation is indispensable given the fact that models are always imperfect and

inevitable errors are contained in the inputs. Data assimilation combines observations

(which are usually sparse compared to the model resolution) derived either remotely,

from satellites or radars, or in-situ, from moored instruments, drifters, shipboard

surveys or gliders, with numerical models to best estimate the ocean state in order

to improve the model forecasting skills, quantify the associated uncertainties [60],

and generate the ocean reanalysis products [61]. In a forecasting and assimilation

system, observations are assimilated into the model forecast to determine the best

possible oceanic analysis states that will subsequently serve as the initial conditions

for the forecast [62]. There is a great demand for building such a system in the

Red Sea. Comprehensive ocean forecasts would indeed benefit not only the booming

industrial developments and shipping activities in the Red Sea but would also provide

the more realistic simulations needed for the fundamental understanding of the Red

Sea general circulation and dynamics. It is also the basis for predicting circulation

and transport phenomena, including oil spills, pollutants, and nutrients. Such a

system will further be very useful for supporting various scientific activities, such as,

ecosystem research, conservation efforts, aquaculture activities, search-and-rescue, the

shipping industry, naval operations, and others. Nevertheless, it is necessary to point

out that a noticeable component of uncertainty in the system currently arises from

the predictability of mesoscale eddies that is known to be a challenging component

due to to their chaotic behaviors that could arise from intrinsic variability generated

by both external forcing and internal dynamics [63].

Observations in the Red Sea are sparse [11, 31, 64], and an assimilation system
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would be expected to endeavor to take full advantage of the limited observations.

Assimilation of altimetric sea surface height (SSH) data is critical for mapping the

evolution of oceanic features that are not a deterministic response to the atmospheric

forcing, such as mesoscale flows [65]. SST is also a matured remote sensing product

observed by many space-borne sensors. Other observations, such as the profiles from

underwater gliders and in-situ measurements, are planned to increase the information

available for the subsurface as well, yet these are not used in this thesis due to their

unavailability. To the best of our knowledge, the only data assimilation study in

the Red Sea was published by Clifford et al. [41]. The authors ran a 6-7 km model

with simplified atmospheric forcing, assimilated SST and XBT/CTD data using a

nudging-based method. Recently, efforts have been made to develop an operational

forecasting system for the Red Sea with state-of-art assimilation techniques. The work

was initiated by the Earth Fluid Modeling and Prediction Group at King Abdullah

University of Science and Technology (KAUST). In 2017, Toye et al. [66] presented the

implementation of the KAUST ensemble-based Red Sea forecasting and assimilation

system. The system is forced with realistic atmospheric fields and the remotely sensed

SSH and SST data are assimilated.

Eddy-resolving OGCMs have been developed and serve many global forecasting

and assimilation systems, and the mesoscale eddy fields in these system can be repro-

duced in a statistical sense [61, 67, 68, 69, 70, 71]. However, obstacles to the prediction

of specific mesoscale eddies still arise because of their inherent spatial scales have lim-

ited their direct observation in the ocean. Only a few studies have documented specific

eddy predictions. Robinson et al. [72] performed the first ever real-time forecast of

the evolution of synoptic eddies by initializing the dynamical model with statistics

of real in-situ observations. Based on a similar approach, Robinson and Leslie [73]

also developed a four-dimensional data assimilation and forecasting system to predict

oceanic eddy fields. In the Red Sea, mesoscale eddies are primarily due to insta-
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bilities and less often associated with a direct response to atmospheric forcing [74].

Therefore, the simulated eddies are likely not to exhibit a one-to-one correspondence

with the observed eddies. This factor makes the prediction of specific eddies more

reliant on oceanic observation inputs [75]. It is worthwhile pointing out that data

assimilation for the Red Sea, or other marginal seas, is more challenging compared

to the large-scale oceanic applications, due to lack of observations, the improper use

of coastal observations that represent very local features, and inevitably, the model

errors resulting from the complex topography, nonlinear dynamics, and inaccurate

representations. In this thesis, the focus is to examine the predictability of specific

mesoscale eddies in the Red Sea based on the KAUST ensemble Red Sea forecast-

ing and assimilation system. The overall performance of a selection of assimilation

schemes will be evaluated and the challenges will be discussed.

Objectives and Contributions

Studying the characteristics of Red Sea eddies and their associated energy budget and

features will not only enhance the understanding of Red Sea dynamics at different

scales but will also deepen the knowledge of the physical-biological and air-sea inter-

actions in the basin. In addition, it is also a stepping stone for building a regional

operational system with extended predictive skills.

The contributions of this thesis include in the following stages:

• SLA data spanning 1992-2012 are analyzed to study the statistical properties

of Red Sea eddies. An improved eddy detection algorithm that identifies flow-based

winding angles is employed. This is the first investigation of the temporal and spatial

statistical properties of eddies in the Red Sea, including their frequency, radius, life-

time, and other properties. Interpretations are also provided on the potential mecha-

nisms of their seasonal variability. This chapter of the thesis was published as an arti-

cle available at https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1002/2013JC009563
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• The budget of EKE in the Red Sea is examined using the outputs of a high-

resolution MITgcm. The EKE equation is derived and decomposed into different

terms, including the sources, conversions, redistributions, and sink. By investigating

the complete energy budget, one can identify how the EKE is generated, redistributed

and dissipated, and also estimate the energy conversions between various components

of the total energy. The analysis discloses the general mechanisms of Red Sea eddies

from an energy point of view. This chapter of the thesis was published as an article

available at https://agupubs.onlinelibrary.wiley.com/doi/full/10.1002/2015JC011589

• Adjoint sensitivity analyses are applied to three observed eddy events in the

Red Sea using a high-resolution MITgcm and its adjoint model. The eddies are

first reproduced by running the MITgcm forward and their sensitivities to external

atmospheric forcing and previous model states are then computed using the adjoint

model. The local versus remote contributions are quantified and investigated. The

dynamically realistic approach reveals the influences of various physical factors that

control the intensity and evolution of the specific eddy events. This chapter of the

thesis was submitted to the Journal of Geophysical Research: Oceans as an article

and is now under review.

• An ensemble-based forecasting and assimilation system is developed using a

high-resolution MITgcm and Data Assimilation Research Testbed (DART) for the

Red Sea. Different assimilation schemes are implemented depending on various ap-

proaches of the ensemble update. These schemes are evaluated in terms of their pre-

dictability of specific eddies in the Red Sea. A case study is investigated to highlight

the performance and challenges of predicting specific Red Sea eddies using such a sys-

tem, which is followed by a constructive discussion. Part of this chapter was published

as an article available at https://link.springer.com/content/pdf/10.1007/s10236-017-

1064-1.pdf
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Chapter 2

Data and Methods

This chapter provides detailed descriptions of observational data, numerical models

and methods used in the thesis.

2.1 Sea Level Anomaly

The mean sea surfaces (MSS) is a measure of the sea level due to stationary compo-

nents of oceanic phenomena, computed by averaging altimeter data measured by

satellites. SLA, defined as a measure of the sea surface height with respect to

MSS, is analyzed here to detect and track mesoscale eddy activities in the Red

Sea. The SLA data used in this study are computed with respect to the Col-

lecte Localisation Satellites (CLS01) MSS, which is estimated from seven years of

TOPEX/POSEIDON mean profile data (1993 - 1999), seven years of Envisat and

European Research Satellite (ERS-1/2) mean profile data (1993 - 1999), two years

of Geosat mean profile data (1987 - 1988) and ERS-1 geodetic data [76]. This

SLA dataset is a merged product of the data collected by the TOPEX/POSEI-

DON, GFO (Geosat Follow-On), Jason-1, Envisat and ERS satellite missions, with

repeat periods of 10, 17, 10, 35, and 35 days, respectively. It is provided by AVISO

(ftp://ftp.aviso.oceanobs.com/global/dt/upd/msla/merged/), mapped on a regular

1/4◦ grid every seven days from October 1992 to December 2012. The altimeter mis-
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sions regularly sample every 1 second (7 km) along their ground tracks [77]. Details of

the altimetric measurements and data processing procedures are described by Ducet

et al. [78] and Le Traon and Dibarboure [79]. The merged product has fewer mapping

errors and better spatial coverage than do data from one satellite alone [78]. This is

because the merged product combines data from different missions, using an optimal

interpolation method with realistic correlation functions that take into account the

accuracy of each dataset [80, 81]. Zhai and Bower [3] showed that the geostrophic

velocity anomaly derived from SLA agrees well with the eddies observed by Sofianos

and Johns [11] in the Red Sea. Zhai and Bower [3] also used this product to study a

dipolar eddy system in the same region.

2.2 The Oceanic General Circulation Model

The MITgcm solves the primitive Navier-Stokes equations under the Boussinesq ap-

proximation [82]. The equations are written in z coordinates and discretized using

the centered second order finite differences approximation in a staggered “Arakawa

C” grid. MITgcm has been widely used in oceanographic community with extensive

applications, to name a few, global reanalysis product [61, 83], general circulation

[38, 84], regional circulation [8, 9, 58, 85], interval waves [86, 87], etc. In this thesis,

a high-resolution MITgcm is configured for the Red Sea [8, 9] in hydrostatic model

with an implicit free surface. The model domain extends from 10◦N to 30◦N and

from 30◦E to 50◦E, including the Red Sea basin, the Gulf of Suez, the Gulf of Aqaba

and the Gulf of Aden. The model is implemented with 50 vertical levels, with the

vertical resolution varying between 4 m at the surface and 300 m near the bottom.

The horizontal resolution is set to ∼ 1 km for the long-term simulation and adjoint

sensitivity study, and to ∼ 4 km for the ensemble-based assimilation experiments

to reduce the computational cost for integrating an ensemble of model runs. The
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resolution is fine enough to resolve the mesoscale eddies in the Red Sea given that

the first baroclinic Rossby radius of deformation ranges from ∼ 15 to ∼ 40 km in

the basin (Figure 2.1). The model is forced with surface wind and fluxes of heat and

freshwater derived from the European Center for Medium-Range Weather Forecasts

(ECMWF) at a horizontal resolution of 0.75◦; sampled every 6 hours. The ECMWF

dataset provides details on the temporal evolution and spatial distribution that are

not otherwise available in low-resolution or climatological products [30]. The eastern

open boundary is extracted from the global ocean reanalysis of the Estimation of the

Circulation and Climate of the Ocean (ECCO) project [61]. The model used a time

step of 90 s and 150 s for the 1 km and 4 km configurations, respectively.

Figure 2.1: Distributions of the first baroclinic deformation radius in the Red Sea.

The model results have been validated and shown to agree well with in situ ob-

servations from several Red Sea cruises, a climatological averaged SLA/SST map, as

well as with other models’ results [8, 9, 66]. It provides credible dataset to study the

circulation and eddies in the Red Sea. The outputs are saved with various frequency

in different experiments, ranging from 1-hour in the assimilation experiments to 3-day

in the energy diagnostic experiments.
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2.3 Eddy Identification Scheme and Tracking Pro-

cedure

SLA data collected by satellites provide considerable insights into mesoscale dynamics

[88]. Information on eddies from SLA can be extracted with suitable definitions and

a feasible eddy identification algorithm from which we can study the temporal and

spatial variability of the eddies, including geographical distribution, radius, lifespan,

and so forth.

Numerous eddy identification techniques have been documented, based on either

physical or geometric criteria. Physical criteria involve the calculation of dynamical

properties, such as the magnitude of SLA [89], the velocity gradient tensor [90, 91],

or the Okubo-Weiss parameter [92]. These methods generally define an eddy based

on closed contours of these variables with a threshold value and then test properties

derived from the contour against specified constraints (e.g., shape error, size or am-

plitude as employed by Kurian et al. [91]). The Okubo-Weiss method is the most

popular, yet it has limitations. There is no single threshold that is optimal for dif-

ferent oceans, and the parameter is highly susceptible to noise in SSH fields [93]. To

overcome these weaknesses, Chelton et al. [93] proposed a “threshold-free” method

by partitioning the SSH field using a range of monotonic changing thresholds instead

of specifying a fixed threshold. They also proposed smoothing the SSH field spatially

before processing to reduce the noise that may affect the parameter. In contrast

with the physical criteria, the geometric criteria are based on selecting circular or

closed streamlines from the quasi-circular flow patterns. One of the most straightfor-

ward methods to identify eddies based on geometric criteria is to find instantaneous

streamlines mapped onto a plane normal to the vortex core [94]. Another more so-

phisticated implementation is to utilize the winding angle (WA) method [2], which

has been shown to be more efficient and accurate than the Okubo-Weiss method
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for identifying mesoscale eddies with small detection errors [95]. The WA method

first finds the streamlines using the geostrophic velocity field derived from SLA, after

which it calculates the sum, α, of the angles between the consecutive segments on the

streamlines (Figure 2.2). Clockwise curves correspond to a negative α and counter-

clockwise curves correspond to a positive α. Those streamlines with the an absolute

WA greater than 2π are treated as closed.

Figure 2.2: A schematic representation of the WA method [2]. WA (represented by
αW ) is defined as the sum of angles between each consecutive edge.

The WA method identifies an eddy structure by a point defined as the eddy’s

center and a series of surrounding closed streamlines corresponding to the eddy’s

edge. Specific steps of the WA algorithm are as follows:

1. Potential centers of AEs and CEs are identified by finding the local maxi-

mum/minimum SLA in a non-overlapped moving window of 90×90 km.

2. Streamlines are computed surrounding each possible eddy center using the

geostrophic current field derived from SLA.

3. Closed streamlines are selected by finding the streamlines with absolute WAs

greater than 2π [2].
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4. Eddy centers are identified by choosing from the potential ones that are sur-

rounded by closed streamlines.

5. Closed streamlines belonging to the same eddy center are grouped into clusters,

with the outer streamline characterizing the eddy’s edge.

6. An eddy’s radius is defined as R =
√
A/π, where A is the area delimited by

the eddy’s edge. Those eddies with radii larger than a threshold of 35 km are

selected [95].

Although the resolution of SLA data is 1/4◦, the primary gridded data is actually

1/3◦ derived directly from the ground track data. The size in the primary grid,

approximately 35km, is then selected as the threshold of the eddy radius.

In the Red Sea, eddies easily get restricted by the the narrow basin and could

deform greatly from a detectable circular shape. For instance, as the snapshot of the

SLA on 14 Oct 1992 shows (Figure 2.4 (a)), the eddies, especially the AEs offshore

the east coast, are not well reproduced by the original algorithm. When the centers

of the eddies are near the coastline, the current field is deformed and loses its shape.

As a consequence, the streamline that represents the eddy’s edge is most likely to be

open rather than closed. In the original WA method, only those closed streamlines are

selected, and they could be, in this case, quite close to the eddy’s center, which leads

to quite a small eddy radius (indicated by the green circles). As such, simple visual

inspection reveals significant discrepancy between the current field and the detected

eddy radius.



36

 

 

  37oE   38oE   39oE   40oE   41oE 
 30’ 

  18oN 

 30’ 

  19oN 

 30’ 

  20oN 

 30’ 

  21oN 
Included
Included
Excluded

Figure 2.3: An example of the improved WA methoding identifying an AE in the Red
Sea: the black dot represents the eddy center; the blue, green, and orange curves rep-
resent the included closed streamlines, included open streamlines and excluded open
streamlines, respectively; the colored dots represent the centers of each streamline.

To define an eddy with a more accurate radius, an improved scheme (an example

is sketched in 2.3) has been implemented by adding the following steps based on the

original WA algorithm:

1. For each identified eddy, the distance between the eddy center and the center

of each streamline is calculated, including both the closed and open ones.

2. Streamlines with a calculated center distance smaller than a pre-defined eddy

radius are collected.

3. The eddy’s edge is redefined by the outer streamline from this new collection,

according to which the eddy’s radius is updated subsequently.

The result from the improved WA method is shown in Figure 2.4 (b). It seem

more reasonable to define the eddy’s size by the actual current field. In addition, an

implicit eddy (such as the AE centered at ∼ 26◦N but not identified by the original
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algorithm because its radius is smaller than the threshold of 35 km) could be detected

with a more accurate size. A comparison between (a) and (b) in Figure 2.4 reveals

the advantage of the improved algorithm in identifying eddies in the Red Sea.
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Figure 2.4: Comparison of the eddy identification results using different algorithms:
(a) the original WA algorithm; (b) the improved WA algorithm. The color map and
black arrows provide a snapshot of SLA and the geostrophic current anomaly on 14
Oct 1992, respectively. The yellow and turquoise dots indicate the identified eddy
centers of CEs and AEs, and the green circles indicate the corresponding eddy radius.

It has been pointed out that an eddy’s center might not be located at the exact

maximum or minimum location and streamlines might be unclosed when the eddy is

embedded in a background flow [96]. However, eddies detected from SLA data using

the WA method were similar to the ones computed from the total streamfunction

field adding the barotropic currents [95]. WA may be considered as a hybrid method

since a physical quantity of SLA is used to identify eddies, and the streamlines are

used to define the eddies’ edges based on some geometric criteria.

The eddy-tracking algorithm is adapted from Penven [97]. In order to keep track
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of the identified eddies, a nondimensional distance,

De1,e2 =

√(
∆D

D0

)2

+

(
∆R

R0

)2

+

(
∆ζ

ζ0

)2

+

(
∆EKE

EKE0

)2

,

is defined [95], where ∆D, ∆R, ∆ζ, ∆EKE denote changes in spatial distance,

differences in radius, relative vorticity and the EKE from the eddies at an adjacent

time step; and D0, R0, ζ0, EKE0 are the corresponding characteristic values at

100 km, 50 km, 10−6 s−1, and 100 cm2s−2, respectively. De1,e2 captures the extent

of similarity between two eddies: the smaller the value, the higher the similarity

between e1 and e2. A minimum of De1,e2 among eddy pairs between two adjacent

times identifies two eddies as the same one tracked from the first time to the second

time. Furthermore, since mesoscale eddies are not expected to propagate more than

120 km per week, this distance is selected to restrict jumps from one track to another.

2.4 Adjoint Sensitivity

Sensitivities can be estimated by running multiple forward models with perturbed in-

put variables, and the difference between certain outputs to the control run are then

used to describe the sensitivity of the model solution to the introduced perturbations.

The key disadvantage is that the impact of only one specific input perturbation on

the output is determined with a single forward simulation. Therefore, a large number

of perturbed forward model simulations that vary in magnitude and geographic loca-

tion need to be examined to assure a general understanding of the sensitivity, which

becomes practically impossible.

A more efficient approach to sensitivity analysis makes use of the adjoint of the

model. The principle of the adjoint sensitivity analysis has been discussed extensively

[48, 49, 98, 99, 100]. Briefly, an input vector x is advanced by a nonlinear model m

with the output state vector y = m(x) = mN(...〈m2{m1[m0(x)]}〉...), and its 1st-
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order Taylor approximation can be expressed as

y′i =
∑
j

∂yi
∂xj

x′j.

The linear operator
∑

j
∂yi
∂xj

is the Tangent Linear Model (TLM) for the perturba-

tion quantities x′j. Applying the chain rule to a given objective scalar objective (also

“cost”) function of the state vector y, J = J(y) = J [m(x)] yields the linear relation-

ship for gradients,

∂J

∂xj
=
∑
i

∂yi
∂xj

∂J

∂yi
,

where the operator
∑

i
∂yi
∂xj

is essentially the transpose of the TLM, i.e., the adjoint

model.

The TLM and adjoint models are linear equations derived from the nonlinear

OGCM describing the evolution of a perturbed state δy, or equivalently, δJ . In an

ocean model, this perturbation arises from uncertainties in the previous state vari-

ables and control variables (e.g., initial/boundary conditions, forcings, parameters,

among others). If these uncertainties are small enough compared to the background

quantities, the same applies to δJ . The evolution can then be approximated by a TLM

and an adjoint model over a certain period of time. The adjoint model is integrated

backward in time to retrace the causes that led to a particular δJ , by calculating

the partial derivatives of J with respect to the model state variables and the control

variables at any given time ∂J/∂x. This naturally suits the sensitivity analysis, and

provides the direct dependencies of J on the uncertainties of interest. The adjoint

sensitivity solution is determined by the full dynamics described by the model and

provides an alternative perspective to understand how sensitive the cost function is

to the control variables of past inputs over the entire model domain.

The adjoint model of the MITgcm is generated by automatic differentiation with

the Transformation of Algorithms in the FORTRAN (TAF) compiler [101, 102],
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which, as a transformation tool, applies the chain rule to the model code to gen-

erate the tangent linear and adjoint model [103]. The generated adjoint code allows

the integration process to be split into several cycles to fit different applications and

computers. The software has been previously used to construct adjoint codes for the

MITgcm for sensitivity studies [50, 54, 55, 58].

In the backward adjoint simulation, horizontal viscosity is increased by a factor of

6. This is to suppress the growth rates of small-scale flow instabilities, which otherwise

produce large but nonlinear sensitivities in an eddy-resolving model [104, 105]. The

larger scale sensitivities are however not affected by such configurations [27].

2.5 Ensemble Kalman Filtering

Data assimilation schemes are now well established following two directions depending

on how the data are assimilated into the model. The variational approach seeks the

deterministic model trajectory that best fits all available observations by tuning some

uncertain model variables or parameters. The model-data fit is measured by a well-

chosen objective function that is optimized based on its gradients calculated using

the adjoint of the ocean model [106]. The filtering approach operates sequentially

following a probabilistic framework that splits the Bayesian estimation problem into

cycles of alternating forecast and analysis steps. In the forecast step, the distribution

of the system state is advanced through the dynamical model, and in the analysis

step, the posterior distribution is computed based on the available observations [107].

Kalman Filter (KF) is one of the most widely used filtering schemes used in data

assimilation, which computes the best (minimum-variance) estimate of a linear dy-

namical system with Gaussian noise given available observations [108]. Under such as-

sumption, the KF provides an optimal way to sequentially estimate the time evolution

of the forecast state and its background covariance according to the system dynamics



41

[109]. However, the prohibitive computational requirements when implemented with

large scale systems limit its use for realistic oceanic applications. Various simplified

Kalman filters have been introduced for ocean data assimilation [110, 111, 112]. One

of the most promising KF schemes is the Ensemble Kalman Filter (EnKF) and its

variants [59, 110, 113, 114, 115]. These are Monte Carlo-based variants of the famous

KF designed for nonlinear and computationally demanding models [116], in which the

forecast statistics are estimated from an ensemble of model forecasts [116, 117]. The

ensemble formulation allows to avoid the manipulation of the KF error covariance

matrices by performing the calculations on the ensemble members, which enables the

implementation of the filter on large scale ocean applications. Another important

advantage of the Monte Carlo forecast is the possibility of implicitly accounting for

the model errors with a flow-dependent error covariance generated with the ensemble

model runs [118]. In contrast with the variational methods, the Kalman methods are

non-intrusive (do not require the development of an adjoint model), and are therefore

portable and easier to implement. In addition, the EnKFs allow to carry the ensemble

forecast running in parallel and hence enable efficient operation when implemented

on KAUST world class supercomputer Shaheen II.

The data assimilation problem with the EnKF can be described using a state-space

model formulation,
xt+1 = Mt(xt) + ηt, (2.1)

yt = ht(xt) + εt, (2.2)

where Mt represents the model describing the ocean dynamics, xt is the state vector

at time t, and ηt is a stochastic term representing the model error. Model errors may

include uncertainties from the approximations and numerical discretization of the

governing equations, errors in the initial conditions given that the oceanic state can

never be precisely known, errors in the specified boundary conditions and atmospheric

forcing. yt denotes the observations which are related to the ocean state through the
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observational operator ht and their uncertainties are represented by a random error

term εt. Both ηt and εt are assumed independent and normally distributed of mean

zero with covariance matrices Qt and Rt, respectively; η and ε are also assumed to

be independent, jointly independent, and independent of the initial state x0 [119].

To enable the implementation of the KF for data assimilation into realistic high-

dimensional and nonlinear ocean OGCMs, Evensen [116] proposed to describe the

forecast statistics by an ensemble of ocean state vectors, called ensemble members.

The KF solution at any given time is then estimated by the sample mean and its the

error covariance is represented by the spread of the ensemble around the mean.

Given an ensemble of size N at given time t forming the matrix Xt = [x1
t , . . . ,x

N
t ],

the ensemble perturbation matrix is defined as

X
′

t = Xt −
1

N

(
N∑
i=1

xit

)
e1×N , (2.3)

with e1×N denoting the matrix of ones as elements with size 1×N . The background

covariance is then estimated as

Pt =
1

N − 1
X

′

t

(
X

′

t

)T
. (2.4)

This provides a particularly efficient framework to estimate a flow-dependent forecast

error covariance for adequate weighting of the forecast during the assimilation, to

account for various sources of model errors, and to quantify the uncertainties in the

estimated solution.

As the KF, the EnKF operates as a succession of forecast and analysis steps. In

the forecast step, the ensemble members are integrated with the OGCM to the time

of the next available observations. In the analysis step, the forecast members xf,it are

updated using an ensemble of stochastically perturbed observations and following a

KF-like update:
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xa,it = xf,it + PtH
T
t

(
HtPtH

T
t + Rt

)−1 [
yit −Htx

f,i
t

]
, (2.5)

where Ht is the linearized form of the observational operator ht (in the current setting

with the assimilated SST and SSH data being model variables, ht is linear), xf,it , xa,it

are the individual members of the forecast and analysis ensemble, respectively, and

yit represents the members of perturbed observations.

Unlike the EnKF, which is now referred to as stochastic EnKF, deterministic

EnKF does not perturb the observations before assimilation [115]. A deterministic

EnKF updates the ensemble mean and a specific form of the sample (ensemble) error

covariance matrix exactly as in the KF, without perturbing the observations. An

analysis ensemble is then sampled from the updated mean and covariance prior to the

forecast step. As they avoid introducing noise observation perturbations [109, 120],

deterministic filters became more popular for data assimilation in oceanography [59]

and meteorology [121], to avoid.

The Ensemble Adjustment Kalman Filter (EAKF) is a deterministic EnKF. The

EAKF update step is based on the following equations [122]:

Xa
t = Pa

t

[(
Pf
t

)−1
Xf
t + HT

t R−1t yt

]
= Xf

t + Pf
t H

T
t

(
HtP

f
t H

T
t + Rt

)−1 [
yt −HtX

f
t

]
,

(2.6)

Pa
t =

[(
Pf
t

)−1
+ HT

t R−1t Ht

]−1
= (I−KH)Pf

t , (2.7)

xa,it = AT
(
xf,it −Xf

t

)
+ Xa

t , i = 1, ..., N, (2.8)

where Xa
t and Xf

t are the mean of their respective ensemble means, and N is the

ensemble size. Equations 2.6 and 2.7 compute the analysis state Xa
t and its error

covariance matrix Pa
t from the forecast ensemble mean Xf

t and covariance Pf
t , exactly

as in the Kalman filter. The analysis members xat are then generated using Equations
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2.8 in such a way to exactly match Xa
t and Pa

t , which are the constraints for selecting

the matrix A. The EAKF formulation enables updating the ensemble with the model

to track changes in the ocean dynamics, which should be particularly useful in regions

subject to important spatial and temporal variability and for adjusting the ensemble

statistics to the important eddy activities in the Red Sea basin.

2.5.1 Efficient Estimation of the Ensemble Covariance

The performance of an EnKF greatly depends on the representatives of the ensemble

members. They are generally selected by random sampling and a large ensemble size

is usually needed to mitigate the effects of under sampling errors. In EAKF, ensemble

is flow-dependent and each member is integrated with the dynamical model, which

however is expensive to run given the dimension of a high-resolution eddy-resolving

OGCM could reach up to 109. To deal with the huge computational burden, a suitable

and robust sampling scheme is therefore critical in providing a good approximation of

the system state while maintaining small ensembles. Following the optimal interpola-

tion approach, which uses a static pre-selected background covariance in the update

step, Ensemble Optimal Interpolation (EnOI) methods were proposed [113, 110, 123].

In EnOI, the static background covariance is estimated as the sample covariance ma-

trix of an adequately pre-selected ensemble, generally representing the error-growing

modes, or describing the variability of the studied system. EnOI has a very similar

algorithm as an EAKF, except that only the analysis state, and not the entire en-

semble, is integrated with the model during the forecast step. Therefore, it is a very

cost-effective alternative to an EAKF. The method was found to be quite competitive

compared to an EnKF at a fraction of the computational cost [66, 110, 124, 125].

However, its performance may be limited during periods of strongly changing

dynamics that are generally not well described by a static background [110, 126]. For

instance, a completely static background error covariance may not ideally describe
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the variable patterns of the ocean flow in different seasons and periods in between.

To represent the flow-dependence in terms of seasonality, Xie and Zhu [127] proposed

to use EnOI to assimilate Argo profiles in a hybrid coordinate ocean model with an

ensemble selected at every assimilation cycle from monthly climatology fields with a

3-month moving window around the assimilation time. The same scheme was later

adopted by Xie et al. [128] and Lyu et al. [129] for assimilating SLA data in the South

China Sea. Considering the dominant seasonal variability of the Red Sea, the EnOI

scheme can be configured with seasonally varying ensemble of model states that are

not integrated with OGCM, but are readily available from a historical model run

[127, 130], referred as Seasonal EnOI (SEnOI). In this thesis, ensembles in SEnOI are

selected on a monthly basis from a climatological dataset of the Red Sea circulation

that is assumed to describe the seasonal variability of the system [66].

The ensembles in EnOI can also be updated adaptively from a dictionary based

on the forecast state, in which the background covariance matrix is updated at each

assimilation step. The dictionary consists of long-term model simulations and are ex-

pected to represent the large variabilities and uncertainties in the ocean. Dictionary

based ensemble selection scheme may provide an efficient solution to the problem of

representing an unknown field with small ensemble sizes while still account for the un-

certainties. A new technique known as the Dynamic Ensemble Update (DEU) scheme

has been proposed in the context of an EnOI based data assimilation framework [131],

which allows to dynamically update the ensemble members between successive assim-

ilation cycles. The EnOI DEU scheme selects new ensemble members from a large

dictionary based on some criteria related to the forecast. The EnOI DEU aided

filtering scheme was shown to provide faster convergence towards the solution and

achieve good estimation qualities while using small ensemble sizes, greatly reducing

the computational complexity [131].

Different methods can be adopted to quantify the criteria. Ensemble members
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from the dictionary can be chosen based on their “closeness” to the forecast, which

can be measured with the L2-norm. However, this may lead to converging of ensemble

spread since the selected members may be too close to the forecast, and thus very

similar to each other. To overcome the limitation, one may consider performing

the selection in an iterative manner. Specifically, this can be done by first finding

the most correlated member from the dictionary and then calculating the residual

between the forecast and the chosen member. The next iteration proceeds to find

the member from the dictionary that most closely correlates to the residual. This

is equivalent to representing the forecast in the error subspace and hence allows

selecting the members which minimize the representation error. This helps avoiding

selecting members with redundant information. This iterative algorithm described

above is known as orthogonal matching pursuit (OMP) [131, 132]. In this thesis,

performance in term of eddy predictability are investigated based on SEnOI and

different EnOI DEU schemes.

2.6 Data Assimilation Research Testbed (DART)

The ensemble assimilation experiments in the thesis are implemented based on the

Data Assimilation Research Testbed (DART) package. DART is a portable software

for ensemble data assimilation developed at the National Center for Atmospheric Re-

search (NCAR) [133]. It builds on a series of interface routines that incorporate a

forecast model and different types of observations and can be used with a variety of

algorithms to update the ensemble. DART implements parallel scalable algorithms

of various ensemble deterministic and stochastic KFs, the EAKF [114] suitable for

modern supercomputers, and capable of handling very large simulation models such

as the ones encountered in oceanography and meteorology. In the update step, DART

exploits the serial formulation of the Kalman filter, which assimilates one single ob-
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servation at a time in parallel [109, 114]. In the forecast, DART is configured to inte-

grate and update the ensemble members in parallel. Both approaches allows efficient

parallelization. DART is also equiped with sophisticated localization and inflation

[114, 133] schemes for efficient EnKFs assimilation, which are important to enhance

the performance of an ensemble-based data assimilation system. It has been success-

fully implemented in various atmospheric and oceanic applications [85, 134, 135].

Figure 2.5: Schematic of DART-MITgcm ensemble data assimilation system.

DART has been already implemented with the MITgcm (Figure 2.5) for data

assimilation and forecasting the loop current in the Gulf of Mexico [85]. A simi-

lar system is implemented in this thesis with some specific adjustments to the Red

Sea. The model state vector is composed of the prognostic ocean variables that are

needed to initialize the MITgcm, i.e., salinity, temperature, horizontal velocity, and



48

SSH fields. The experiments use similar setup of Anderson [122] and Anderson [136]

and some routines have been modified for the implementation of different EnOI and

EnOI DEU schemes tested here. The system starts from an analysis step, a given

initial ensemble Xf is delivered to DART and the mean and covariance of Xf are

updated with the filter, based on which the analysis ensemble Xa is then determin-

istically generated. This is followed by the forecast step, in which each member of

the analysis ensemble Xa is integrated with the MITgcm to obtain the new forecast

ensemble, which enables starting a new assimilation cycle. In all the dictionary-based

schemes, the ensemble of forecasts Xf fed to DART are generated by adding the

new-sampled ensemble anomaly (as represented in Equation 2.8) into the forecast.

2.7 Assimilated Observations

For assimilation, along-track SSH data is obtained by combining SLA acquired from

the Altimeter Database System (RADS) (available at http://rads.tudelft.nl) and the

mean dynamic topography (MDT) from Archiving, Validation and Interpretation

of Satellite Oceanographic (AVISO) (available at ftp.aviso.altimetry.fr/auxiliary/).

RADS is jointly generated by Delft University of Technology and National Oceanic

and Atmospheric Administration (NOAA). It provides merged SLA observations from

nine altimeter missions and is one of the most accurate and complete databases of

satellite radar altimeter data [137]. MDT is a key reference surface for altimeter data

and can be used to calculate the corresponding absolute dynamic topography (ADT)

from the altimeter SLA through ADT = MDT + SLA. The ADT is equivalent to the

model SSH, which will be assimilated into the ocean model. All the SSH data within

the assimilation window, 3 days in this study, are gathered and assimilated once at

the middle of the window. Observational errors of these along-track SSH data are

specified with different values ranging between 0.05 and 0.1 m for different satellite
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missions, also accounting for the errors in the MTD.

It is important to point out that the accuracy of altimetry data in coastal waters

could be limited by several factors, including the weaknesses of the altimeters in the

range tracking procedure close to the shorelines; intrinsic difficulties in the corrections

of the wet tropospheric correction, tides, etc.; and issues of land contamination in the

altimeter return waveforms [138, 139]. Important efforts are still being carried out to

overcome such problems and to extend the capabilities of current and future altimetry

data in coastal waters [140, 141, 142]. As a safe and practical approach, the SSH

observations over shallow waters (less than 60 m in depth) are excluded. Outliers

have also been removed during the assimilation process, which are flagged when the

corresponding prediction error exceeded three times the variance of the prescribed

observational error.

The assimilated SST data is extracted from the Group for High Resolution Sea

Surface Temperature (GHTSST) global Level 4 SST analysis produced daily on a

1/4◦ grid (available at http://podaac.jpl.nasa.gov/dataset/NCDCL4LRblend-GLOB-

AVHRR OI) at the NOAA National Climatic Data Center [143]. These are mapped

data from the 4-km Advanced Very High Resolution Radiometer (AVHRR) Pathfinder

version 5 time series (when available; otherwise, operational NOAA AVHRR data are

used) and in-situ observations. In the assimilation experiments, 3-day averaged data

is provided at midnight with a 1/4◦ grid. Observational SST errors are uniform and

set to 1.2◦C. These are larger than what is commonly used but are expected to also

account for the spatially correlated nature of this mapped dataset.
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Chapter 3

A Statistical and Dynamical

Properties of the Red Sea Eddies

In this chapter, SLA data spanning 1992-2012 are analyzed to study the statistical

properties of Red Sea eddies. An improved eddy detection algorithm that identifies

flow-based winding angles is employed. This is the first investigation of the temporal

and spatial statistical properties of eddies in the Red Sea, including their frequency,

radius, lifetime, and other properties. Interpretations are also provided on the poten-

tial mechanisms of their seasonal variability.

3.1 The Statistical Properties of Eddies

3.1.1 Mean Eddy Formation

Figure 3.1 shows the distribution map of eddy formation, counted as the number of

new eddies formed in that grid over the 20 years of available SLA data. As the SLA

data are available every seven days, eddies with lifespans of less than two weeks are

excluded from this analysis. A total of 487 cyclonic and 451 anticyclonic unique eddy

tracks were formed. Their distributions are generally similar across the basin except

that the formation of CEs in the north is significantly higher than the formation of
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Figure 3.1: Eddy formation from October 1992 to December 2012: (a) CE; (b) AE.
The units indicate the number of events.

AEs.

In the Red Sea, eddies are formed across the entire basin, but both CEs and AEs

form more frequently north of 18◦N. The large value of CE formation appearing at

around 27◦N may partially result from the interaction between the enclosed coastline

and boundary currents. The relatively strong boundary current in this region [8]

constrained by the coastline might spin around and the interaction with the local

topography may also trigger eddy activities [144]. In addition, the westward-blowing

wind jet along the northwestern Saudi Arabian coast from 21◦N to 26◦N may cause

significant evaporation and ocean heat loss during the winter. This seasonal wind

is speculated to be an important factor to the deep convection and eddy activities

in that region [145]. The strong winds could also generate strong surface currents

and shear, either causing baroclinic instability or acting on the entire water column,

which may result in the formation of more eddies.
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3.1.2 Eddy Radius

Even though the WA algorithm is able to detect small-scale eddies and the SLA data

have been interpolated into a horizontal resolution of 0.05◦, it has been suggested that

eddies with radii smaller than 35 km might not be correctly resolved [95]. Hence, the

results discussed hereafter are based on eddies with radii ranging from 35 to 200

km, where 200 km is the characteristic width of the Red Sea basin. This restriction

removes about 13% of the originally detected eddies, but does not alter the main

conclusions. The eddy radius statistics are based on the 2426 CEs and 2572 AEs.

As Figure 3.2 (a) indicates, the probability density of eddy radii has an asymmetric

distribution. The majority (over 87%) of the detected eddies have a radius between

50 - 135 km, with an average radius of about 94 km. There is no significant difference

between the distribution of AEs and CEs. As the Red Sea is a relatively narrow

basin, most eddies occupy about half of the basin’s width, providing rapid transport

of organisms and nutrients from one coast to the other.

Figure 3.2 (b) shows the zonal mean distribution of eddy radii with regard to

latitude. Also plotted as the grey solid curve is the basin’s width. The average eddy

radius is less than 80 km in the north and south ends of the basin. It increases toward

the central basin, reaching up to ∼100 km, varying in a similar manner to the basin

width. The only exception appears between ∼15◦N and ∼18◦N where a large area

of the basin is occupied by relatively shallow water and a large number of islands.

The consistency between eddy radius and basin width suggests that the eddies in the

Red Sea are spatially limited by the scale of the basin. Beyond that, more eddies are

found in the central basin from 18◦N to 24◦N that have relatively larger radii of 90 -

110 km.

Figure 3.2 (c) shows that the EKE ranges from 30 to 140 cm2s−2 and increases

with the eddy radius until reaching the sill of ∼120 cm2s−2 with a radius around

120 km. The mean EI decreases (as indicated by the black line) from ∼ 7 × 10−3
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Figure 3.2: Radius distributions: (a) the probability density distribution of eddy
radii, the black and white bars indicate AEs and CEs, respectively; (b) meridional
variation of basin width (grey curve) and eddy radii (dots), the dot colors indicate
the number of eddies counted to calculate the zonal mean; (c) mean distributions
of eddy intensity (EI) (black diamonds and left axis) and EKE (gray dots and right
axis), the size of the markers indicates the number of eddies with the corresponding
radius; (d) mean distribution of relative vorticity for AEs (dots) and CEs (circles).
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cm2s−2km−2 for eddies with radii of 40 km to less than 2×10−3 cm2s−2km−2 for

eddies with radii of 180 km. The sharply decreasing distribution of the EI is a result

of the relatively low range of EKE and the relatively high range of eddy radius in the

Red Sea. For instance, EKE varies by a factor ∼4 (from ∼30 to ∼120 cm2s−2), while

eddy size varies by a factor of ∼16 (radii vary from ∼40 to ∼180 km). Therefore,

larger eddies have lower intensity, as also shown in Figure 3.2 (d), where the scale of

relative vorticity of both AEs and CEs decreases with the radius to the same extent.

One may hypothesize that the eddies with small radii are associated with relatively

low kinetic energy but high rotation; larger eddies tend to be more energetic with

stronger velocity, which contributes to a higher EKE, but the rotation properties

weaken as the radius increases.

3.1.3 Eddy Frequency

Figure 3.3 (a) presents the distribution of eddy frequency, which is defined as the

percentage of time that any given point is located in an eddy. Following this defi-

nition, regions with higher eddy frequency are more likely covered by eddies. The

eddy frequency ranges from 0% to almost 100%. Relatively high eddy frequency is

commonly observed in the central basin between 18◦N and 24◦N. This domain co-

incides well with the EKE distribution, as shown in Figure 3.3 (c). There are two

regions with high 20-year EKE means in the Red Sea, one located in the central

basin between 18◦N and 24◦N and the other at ∼14◦N. The southern region is not

included in the eddy frequency map because the high EKE in that region results

from the relatively strong current in the narrow basin but not from eddy activities.

In addition, even though many eddies are formed in the far northern end of the Red

Sea, the eddy frequency there is low, suggesting that the eddies are short-lived in

the northern area. Moreover, an “eddy” in this region could stretch into a flat shape

that may span over 300 km. It is not reasonable for such a shape to be defined as
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an “eddy”, however. Although an small eddy might be detected immediately after

its formation, it is not included when it grows larger and into a very flat shape, since

the WA algorithm is not able to find closed streamlines to follow the extensions of

such an “eddy”. Eddy polarity [89] is the probability of a point being located in an

AE or CE. The mean polarity distribution in the Red Sea is shown in Figure 3.3 (b),

computed as (FAE−FCE)/(FCE +FCE), where F is eddy frequency. As the definition

indicates, a positive/negative eddy polarity indicates the preference for AE/CE, re-

spectively. Statistically, the positive polarity, though not very strong, spreads across

the basin where the eddy frequency is high, except for a few negative areas at ∼21◦N.

If the distribution of eddy frequency is considered, the Red Sea is slightly dominated

by AEs, although there is no obvious preference. This distribution consists of the

20-year mean of SLA (Figure 3.3 (d)), where regions with positive polarity seem to

correspond higher AE activity (high SLA at the eddy’s center).

3.1.4 Eddy Lifespan

The lifespan distribution of eddies in the Red Sea is shown in Figure 3.4 (a). The

mean lifespan of an eddy is 45 days (approximately 6 weeks), without a vast difference

between CEs and AEs. As Figure 3.4 (a) suggests, the number of short-lived eddies

sharply decreases. Those eddies with lifespans shorter than 16 weeks account for 95%

of the total 938 eddy trajectories, whereas long-lived eddies are rarely observed in the

Red Sea. The reason for the short-lived nature of eddies in the Red Sea is not diffi-

cult to understand. Eddy activities are usually accompanied by zonal propagation,

especially by western propagation that is associated with the propagation of Rossby

waves [78, 77, 92]. However, the zonal width of the Red Sea basin is only ∼200 -

300 km, not significantly larger than many of the eddies’ diameters. Thus, the eddies

cannot freely propagate because they are easily bounded by coastlines, which leads

to friction dissipation and short lifespans.
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Figure 3.3: Mean eddy properties: (a) eddy frequency; (b) eddy polarity, the black
lines are the zero-contours; (c) EKE, the black lines are the contours of 120 cm2s−2;
(d) SLA.
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Figure 3.4: Eddy lifespan distributions: (a) the probability density distribution of
eddy lifespans, the black and white bars represent AE and CE, respectively; (b)
meridional variation of eddy lifespans.

The mean eddy lifespan distribution by latitude is shown in Figure 3.4 (b), which

suggests that eddy lifespan is connected to eddy formation location. In the Red Sea,

eddies generated in the high eddy frequency region (18 - 24◦N) have longer lifespans

(6 - 9 weeks) with an average of 7 weeks, whereas eddies formed outside this region

toward the north or south exhibit decreasing lifespans. The central basin where long-

lived eddies appear also corresponds to the region where the eddy frequency peaks.

3.1.5 Kinematic Parameters of Eddies

The kinematic parameters of eddies in the Red Sea are listed in Table 6.1 (details

of the definition are provided in Appendix A). All the detected CEs and AEs share

similar mean relative vorticity scales on the order of ∼ 4.5× 10−6 s−1. For both CEs

and AEs, the shearing deformation rate (γ1) and stretching deformation rate (γ2)

as well as the divergence (Ψ) are comparable and have smaller orders of magnitude

than the order of magnitude of the relative vorticity (ω). A total deformation rate

(TD) of ∼ 1.6 × 10−6 s−1 indicates that eddies tend to be deformed and are not

perfectly circular [95]. The deformation rate between AEs and CEs is different. For

CEs, γ1 is negative but γ2 is positive, indicating that CEs tend to be compressed in
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Figure 3.5: Mean relative vorticity and TD as functions of EI.

the northeast-southwest and south-north directions and extended in the northwest-

southeast and west-east directions [146]. The positive γ1 and negative γ2 for AEs

suggest that they tend to be compressed in the northwest-southeast and west-east

directions and extended in the northeast-southwest and south-north directions. The

almost zero divergence of both AEs and CEs indicates that the eddies remain steady

throughout their entire lifetimes with very little loss of fluid.

Table 3.1: Mean statistics of eddy kinematics
Mean Standard Minimum Maximum

deviation
Cyclonic eddies (Unit: 10−6 s−1)

Relative vorticity (ω) 4.353 2.193 0.239 16.580
Shearing deformation (γ1) -0.075 1.413 -6.696 5.592
Stretching deformation (γ2) 0.274 1.277 -5.008 5.380
Total deformation (TD) 1.606 1.062 0.010 6.834
Divergence (Ψ) -0.021 0.218 -2.725 2.578

Anticyclonic eddies (Unit: 10−6 s−1)
Relative vorticity (ω) -4.525 2.278 -20.986 -0.168
Shearing deformation (γ1) 0.201 1.553 -8.586 8.043
Stretching deformation (γ2) -0.341 1.264 -7.227 4.457
Total deformation (TD) 1.690 1.144 0.039 10.196
Divergence (Ψ) 0.001 0.166 -2.780 1.704

The distributions of the relative vorticity scale and the TD rate as functions of

EI are shown in Figure 3.5. The TD increases slowly from 0.7 × 10−6 to 2.8 × 10−6
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s−1 by a factor of 4, whereas the relative vorticity increases from ∼ 1.4 × 10−6 to

∼ 8 × 10−6 s−1. The ratio between the TD and the relative vorticity represents the

extent of deformation, and dropping from 0.5 to 0.35 reveals that, for most eddies

in the Red Sea, more intense eddies (with stronger EI) are less deformed and more

circular.

3.1.6 Eddy Evolution

Even though most of the eddies in the Red Sea are short-lived, long-lived eddies

cannot be neglected, since they provide sustainable energy exchange with the mean

flow, and they could also provide sufficient temporal and spatial transportation of

oceanic substances. To investigate the mean evolution of long-lived eddy activities,

10 CEs and 16 AEs that lasted longer than 18 weekswere investigated. As Figure

3.6 (a) demonstrates, long-lived eddies appear in the central basin from 18 to 24◦N,

except for two AEs that are found in the north basin. The distances these eddies

propagate are much shorter than those observed from other regions such as the South

China Sea [147], the sea off Peru [95], and the global oceans [92].

The mean meridional propagation of long-lived eddies with changes in EKE is

shown in Figure 3.6 (b). A clear separation is observed between AEs and CEs. AEs

tend to move northward with a positive latitude displacement of ∼ 0.5◦ after 18

weeks, while CEs move to the south by about ∼ 0.2◦ after 5 weeks and then fluctuate

within a small range. The EKE grows gradually from ∼ 80 cm2s−2. AEs tend to be

more energetic than CEs in the first several weeks, but both of them become stronger

with EKE up to ∼ 180 cm2s−2 after 18 weeks. The AE/CE system usually associates

with a warm/cold core structure, respectively. As a result, the separation of AEs and

CEs may lead to local repercussions in the heat budget, even if the displacement is

not as far as those in the South China Sea [147] and the sea off Peru [95]. This is

understandable because the narrow basin and steep topography not only constrain
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Figure 3.6: Mean properties of long-lived eddies: (a) Tracks of long-lived eddies.
Black and green dots represent the positions where the CEs and AEs are formed,
respectively. Blue and orange lines represent CE and AE tracks, respectively. (b)
Meridional displacements of AEs (circles) and CEs (squares).The colors indicate the
corresponding mean EKE.
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eddy propagation, but also dissipate eddy energy.

3.1.7 Seasonal Variability of Eddies

The mean seasonal cycle of eddy properties is shown in Figure 3.7. The formation

rates of AEs and CEs are comparable throughout the year with small observed vari-

ations (Figure 3.7 (a)), but the mean monthly count of eddies in the Red Sea is

different between AEs and CEs (Figure 3.7 (b)). More AEs than CEs are observed in

the year except for September, October and January. There are more eddies in the

summer, especially in August when both AEs and CEs reach their annual peaks.

The seasonal cycles of eddy properties described below are collected from the

eddies occurring between 18 and 24◦N. The seasonal variability of eddy radii is shown

in Figure 3.7 (c), where no apparent cycle is observed. AEs tend to exhibit larger radii

than CEs from December to August with the maximum radius in February up to 108

km, while CEs have a noticeably larger size than AEs from September to November

and the peak appears in November. The eddy lifespan significantly varies seasonally

as shown in Figure 3.7 (d). AEs exhibit more seasonal variation with a longer mean

lifespan of 8 weeks compared with 7 weeks for CEs. More specifically, the AEs formed

in March are most likely to last up to 10 weeks, while the CEs formed in the same

month have a mean lifespan of only 5 weeks.

To describe the seasonal intensity of AE and CE activities, EI is plotted in Figure

3.7 (e), together with the absolute value of relative vorticity in Figure 3.7 (f). Apart

from the above descriptive properties, there is an obvious seasonal cycle regarding the

eddy rotation properties. After reaching the winter peak in February, the EI tends to

gradually decrease until August, when it hits the summer peak. After a sharp drop, EI

increases again from October to December. AEs are slightly more energetic than CEs

during the summer from May to November. The same tendency can be found also

in the relative vorticity throughout the year with comparable distributions between
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Figure 3.7: Seasonal cycles of eddy properties: (a) number of eddy formation from
October 1992 to December 2012; (b) mean number of eddies per month; (c) mean
eddy radius; (d) mean eddy lifespan; (e) mean EI; (f) mean eddy relative vorticity.
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AEs and CEs. One possible explanation for the energetic activities of eddies during

the winter is due to the high wind speed, especially the winter wind jets blowing from

Saudi Arabia, which could cause significant evaporation and oceanic heat lost [145].

The stirred and densified up-layer water loses its stability, under such conditions,

which might lead to strong eddy activities. Moreover, it was also reported that the

Tokar Wind Jet often spins up an intense ocean dipolar eddy system at 18 - 19◦N

[38] during the summer, which may contribute to the second peaks of EI and relative

vorticity that appear in August.

3.2 Interpretation of the Dynamics of Seasonal EKE

Baroclinic instability is known to be the primary source of eddy energy in most of

the world’s ocean basins and boundary currents [148, 149]. The available potential

energy in the mean circulation is converted into EKE through baroclinic instability.

On the other hand, eddies can also feed kinetic energy back into the mean flow,

which may help to change the mean circulation structure [150]. Baroclinic instability

analysis is performed and results are described in this section to identify the possible

mechanisms that lead to the high eddy frequency in the Red Sea.

The seasonal cycle in the baroclinic instability of the background mean circulation

significantly influences the seasonal mesoscale properties, at least in the Sargasso Sea

[151], the North Pacific Subtropical Countercurrent [152], and the Gulf Stream region

[153]. Energy cycles involve exchanges among barotropic kinetic energy, baroclinic

kinetic energy and available potential energy [47]. The calculation of a complete

eddy energy balance for the Red Sea is beyond the scope of this study, but some

knowledge might be gained by analyzing the climatological baroclinic instability in

the Red Sea. All calculations are based on climatologically averaged temperature and

salinity profiles from the 50-year Red Sea MITgcm product.
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The buoyancy frequency is defined as

N2 = − g

ρ0

∂ρ

∂z
,

where ρ0 is the background density of seawater, ρ is the density of seawater, and z is

the vertical depth coordinate. The vertical shear of the horizontal velocity is derived

using the thermal wind balance from

|∂u
∂z
| = g

ρ0f

√
(
∂ρ

∂x
)2 + (

∂ρ

∂y
)2 .

A natural estimate of the baroclinic growth rate is defined as

σ = f

√
1

H

∫ 0

−H

dz

Ri(z)
,

[154] and the commonly used Eady baroclinic eddy growth rate (EGR) is given by

σEady = 0.31
f√
Ri

,

[155] where Ri is the Richardson number. To estimate the eddy growth rate, the

mean Richardson number is calculated as

Ri =
N2

| ∂u/∂z |2
.

Since the Eady model assumes a constant Ri, it is included here for comparison

only as in Smith [154] and Chang and Oey [156]. According to the in situ observation

from Sofianos and Johns [11] and the joint KAUST/WHOI survey in March 2010 [8],

the observed eddy activities in the Red Sea could reach ∼400 m, deeper than which

a rather a uniform water mass is observed. To be on the safe side, the temperature

and salinity profiles from the upper 500 m for the instability analysis were used. All
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Figure 3.8: Climatological monthly mean plot of EKE (grey), the buoyancy frequency
N2 (blue), the vertical shear of horizontal velocity (yellow), and σ (red), averaged
from 18 to 24oN over the whole zonal range of the basin.

of the above variables are averaged over the upper 500 m, and the seawater density

is calculated by using the Gibbs-SeaWater software packages [157].

Figure 3.8 shows the climatological monthly relationship among the EKE (grey),

the buoyancy frequency, N2 (blue), the vertical shear of horizontal velocity (yellow),

and the eddy growth rate, σ (red), averaged between 18 and 24oN over the whole zonal

range of the basin. Peaking in July and reaching the trough in February, the mean

stratification (N2) in this region exhibits a prominent seasonal cycle. This is mainly

because the net heat flux into the surface waters is positive during the summer, and

the upper level of the sea water is heated. Hence, strong stratification is seen during

this season, and stratified water might limit eddy activities. The seasonal cycle of

N2 is negatively correlated with EKE (correlation coefficient of -0.91), while both the
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seasonal cycle of the vertical shear and the σ are positively correlated in time with

EKE (correlation coefficients of 0.71 and 0.87, respectively). The vertical shear of the

background mean in this region peaks in December with values up to 3.8× 10−6 s−2,

while the minimum of 1.5×10−6 s−2 appears in September. The significant correlation

between the EKE seasonal cycle and that of the vertical shear indicates that the eddy

activity in this region is likely to be seasonally modulated by the vertical shear. The

strong variation in the topography of the continental slope in the region coupled with

the strong vertical shear can trigger instabilities that enhance the EKE like in other

continental slope regions around the globe [43, 158, 159, 150].

By definition, the eddy growth rate, σ, is proportional to the vertical shear of

the horizontal velocity but inversely proportional to N2. As Figure 3.8 indicates,

the resulting σ shows a significant seasonal variation with a maximum in December-

January of 0.45 day−1 and a minimum in September of 0.24 day−1. Its 12-month

mean is 0.3375 day−1, slightly lower than the average σEady of 0.3514 day−1. The

identical seasonal cycle between σ and EKE reveals that the generation of baroclinic

instability in the Red Sea is responsible for eddy activities, as shown by Stammer

[160] for the global oceans. This could be explained by the decreasing Richardson

number during the winter, which corresponds to an increase in the propensity for

baroclinic instability and an increase in EKE [150, 161, 162]. Smith [154] further

pointed that the inverse Eady timescale calculated here, namely 2.8 days, is a good

estimate of the actual growth rates of energetically significant instabilities.

3.3 Summary

This chapter examined the mean properties and spatial-temporal variations of eddies

in the Red Sea using over 20 years (October 1992 to December 2012) of satellite

altimetry measurements. A total of 487 unique CE tracks and 451 unique AE tracks
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were identified during this period, providing 2426 and 2572 observations of CEs and

AEs, respectively. In general, no significant difference were observed between CEs

and AEs in terms of mean characteristics of formation.

Ranging from 35 to 200 km, eddy radii are asymmetrically distributed and the

average radius is 94 km. Eddies in the Red Sea tend to have a larger zonal mean

radius of ∼90 - 110 km in the central basin, which decreases both equatorward and

poleward down to ∼60 km. The variability in eddy radius is consistent with the

width of the Red Sea basin. Generally, EKE increases as the eddy radius increases,

in contradiction with decreases in EI and the scale of relative vorticity.

Eddies can occur across almost the entire Red Sea, and higher eddy frequency is

found in the central basin between 18◦N and 24◦N, coinciding with the distribution

of high EKE. The polarity map shows weak and unobvious preference to AEs, and

the distribution is in accord with the mean SLA.

The vast majority (over 95%) of eddies has a lifespan of shorter than 16 weeks,

with the number of eddies decreasing sharply as the eddy radii increase. CEs and

AEs share average eddy lifespans of approximately six weeks, and eddies generated

in the high eddy frequency region (18 - 24◦N) have longer lifespans (6 - 9 weeks). An

eddy with a smaller structure is more intense but has a shorter lifespan. Both CEs

and AEs tend to be deformed and are not perfectly circular, and statistics suggest

that those eddies with stronger EI tend to be less deformed and more circular.

To better investigate the mean evolution of the long-lived eddy activities, 26 eddies

with lifespans of more than 18 weeks were examined. Most long-lived eddies are

formed from 18 - 24◦N. A clear separation is observed between long-lived AEs and

CEs. The EKE of both AEs and CEs increases throughout their lifespans, though

with some small disturbances.

The statistics-based climatological properties of eddies in the Red Sea exhibit a

seasonal variability. Formation rates of AEs and CEs do not differ much, while AEs
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prevail predominantly in most months. No regular tendency is found in the temporal

variation of radii, but CEs exhibit noticeably larger radii than AEs exhibit between

September and November. Beyond that, a significant seasonal cycle of eddy intensity

is observed. Peaking in February, the EI and the relative vorticity tend to gradually

decrease until August when they hit the summer peak; after a sharp drop, they

increase from September to December.

The seasonal cycle of EKE is negatively correlated with N2, but positively corre-

lated with the vertical shear of horizontal velocity and σ, suggesting that the genera-

tion of baroclinic instability is responsible for the activities of eddies. Strong vertical

shear dominates and increases the generation of baroclinic instability and hence con-

verts available potential energy to EKE, which is more inclined to occur during winter

when the water mass is less stable with a lower N2.
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Chapter 4

Eddy Energy Budget in the Red

Sea

In this chapter, the budget of EKE in the Red Sea is examined using the outputs of a

high-resolution MITgcm. The EKE equation is derived and decomposed into different

terms, including the sources, conversions, redistributions, and sink. By investigating

the complete energy budget, one can identify how the EKE is generated, redistributed

and dissipated, and also estimate the energy conversions between various components

of the total energy. The analysis discloses the general mechanisms of Red Sea eddies

from an energy point of view.

Three-day averaged outputs from a 20-year (from 1981 to 2000) MITgcm simula-

tion is used to conduct the analysis. This model product provides all required fields

to study and to understand stratification and flow regimes in the Red Sea where

instabilities may develop.

4.1 Distribution of EKE and Energy Transfer

The four main mechanical energy reservoirs in the ocean are mean kinetic energy

(MKE), mean potential energy (MPE), EKE, and eddy potential energy (EPE) [42,

44]. Although it is not possible to calculate the exact MPE and EPE, given the
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various approximations of numerical models, one is able to calculate the conversion

rates and study the transfers among these energy components [42]. EKE is the most

direct estimate of eddy intensity and is therefore investigated as the first entry.

4.1.1 Distribution of EKE

Eddies are generally represented by perturbations from a long-term mean of a quasi-

steady flow. In the Red Sea, however, the background flow is closely linked to season-

ality [8, 9, 14]. Consequently, the question of how to characterise the eddies activities

in the Red Sea immediately arises. Thus, to separate the signal from the seasonal

varying flow, eddies are defined as perturbations from a climatological monthly mean

flow.

The EKE is calculated as 1
2
(u′2 + v′2), where the overbars and primes denote

time averages and deviations from the means, respectively. Figure 4.1 shows the

basin-averaged vertical profiles of MKE and EKE in winter (a) and summer (b).

Considerably higher EKE values suggest that eddies are more energetic than the mean

flow. Note that the EKE is confined to the upper layers with the most energetic eddy

activities occurring in winter. Figure 4.1 (c) and (d) show the spatial distribution of

200m-integrated EKE in winter and summer, respectively. The EKE in the southern

Red Sea is relatively moderate compared to that in the northern basin. It increases

substantially in the central and northern basins during winter, exhibiting a northward

increasing gradient. The highest intensity of the winter EKE appears in the interior

basin of the Red Sea between 24◦N and 26◦N , where the most intense signals exceed

6× 103Jm−2, noticeably higher than that in summer.

Compared to the results calculated using AVISO remote sensing data [15], which

reported high EKE in the central Red Sea between 20◦N and 24◦N , the model in-

dicates a higher EKE location in the northern basin. This discrepancy comes from

the statistical analysis results of the EKE calculated using between gridded sea level
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Figure 4.1: Basin-averaged (between 14.5◦N and 28◦N) vertical profiles of the EKE
and MKE in the central and northern Red Sea in (a) winter (Jan, Feb and Mar) and
(b) summer (Jul, Aug and Sep), and the mean EKE integrated in the upper 200 m
in (c) winter and (d) summer.
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anomaly (SLA) and velocities from model outputs, with different definitions of eddies.

The EKE from AVISO is calculated based on the eddies captured from geostrophic

velocity anomalies with respect to a 7-year mean sea surface [15, 78, 79]. Considering

the resolution of the gridded product, those eddies with a radius smaller than 35

km are not represented. In this study, however, the model EKE is calculated based

on perturbations of velocities from the climatological monthly mean flow, using the

outputs of a high-resolution MITgcm. The discrepancy may also result from under-

estimating the intensities of eddies using a merged AVISO product [3], possibly due

to the relatively low spatial and temporal coverage of the satellite tracks in the basin,

but also because the satellite may not adequately capture narrow and relatively small

scale eddies [15, 30]. In addition, limited by the resolution, the ECMWF forcing

cannot fully reproduce the orography-caused coastal mountain gap wind jets Jiang

et al. [145], which may also affect the eddy field.

4.1.2 Eddy Energy from the Mean Circulation

To determine why EKE is highest in the central and northern basins, and to identify

the cause of the seasonality in the eddy field, the possible mechanisms associated

with eddies formation were examined. In a closed basin, eddies can be generated in

different ways: by direct wind forcing, by topographic steering and through instabil-

ities of the mean currents [38, 45]. To examine the direct wind effect, an experiment

was implemented forced with only wind from the atmosphere and discovered that

eddy activities faded away upon removal of the buoyancy fluxes (not shown). Next,

topographic steering could be an important factor in the northern basin where the

northward eastern boundary current may be circuited by the enclosed coastline. This,

however, occurs only in the offshore regions yet not in the deep interior basin. The

necessary conditions for the baroclinic and barotropic instabilities [163, 164] are met

in the Red Sea basin (not shown). One may therefore reasonably consider the major
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eddy energy source is obtained from the available potential energy or the KE in the

mean flow, and expect the energy is converted between mean flow and eddies through

instabilities.

The perturbation flow may extract energy from the mean flow through instabilities

[165]. To examine the eddy energy contribution from different sources, as noted by

Eden and Böning [43], the energy conversion terms,

BC = − g2

N2ρ0
(u′ρ′

∂ρ

∂x
+ v′ρ′

∂ρ

∂y
) , (4.1)

and

BT = −ρ0[u′2
∂u

∂x
+ v′2

∂v

∂y
+ u′v′(

∂v

∂x
+
∂u

∂y
)], (4.2)

are calculated to represent the rate of energy conversion from MPE to EPE and from

MKE to EKE, where g, ρ0 and N2 represent acceleration due to gravity, the back-

ground density of seawater, and the square of the buoyancy frequency, respectively.

Negative BC indicates that EPE is converted to MPE when the eddy density

flux (u′hρ
′) follows the direction of the horizontal gradient of mean density (∇hρ).

Conversely, the MPE is converted to EPE with a positive BC term if u′hρ
′ is against

the direction of ∇hρ. Figure 4.2 plots the depth-integrated BC term over the upper

200 m in winter and summer. Most of the contribution to the integrals is from

the upper 200 m of the water column (not shown), consistent with the higher EKE

contained in those layers (Figure 4.1). The most noticeable feature is the prevailing

positive value in winter in the central and northern basins, although mingled with a

few small negative patches in the northern basin. This suggests that in winter the

MPE converts to EPE, which could be released and converted to EKE. In summer,

the primary regions of energy conversion are significantly reduced, lying only in a few

spots at approximately 22◦N and 25 - 27◦N .
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Figure 4.2: Distribution of the MPE-to-EPE term, BC (− g2

N2ρ0
(u′ρ′ ∂ρ

∂x
+ v′ρ′ ∂ρ

∂y
)),

integrated in the upper 200 m in (a) winter and (b) summer.

More details of the energy conversion from MPE to EPE become apparent upon

closer examination. The eddy density flux ρ′v′ is reported to be typically negative

north of 20◦N [42], which is opposite to the meridional gradient of the mean density

∂ρ
∂y

. The influence between the zonal eddy density flux ρ′u′ and the zonal gradient

of the mean density ∂ρ
∂x

is much less systematic. Consequently, the baroclinic term

exhibits a positive signal in the central and northern Red Sea, which directs the energy

conversions from MPE to EKE. The total conversion rate amounts to 0.66 GW and

0.17 GW in winter and summer, respectively.

Figure 4.3 is the same as Figure 4.2 but for the energy conversion from MKE to

EKE term BT . This term contains the terms related to the horizontal gradients of

the mean flow. Similar to the BC, the BT also exhibits a higher rate in winter, yet

its contribution to energy conversion is much weaker. As shown in the winter pattern

in Figure 4.3 (a), intense patches are situated along the 200 m isobath on both sides
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Figure 4.3: Distribution of the MKE-to-EKE term, BT (−ρ0[u′2 ∂u∂x +v′2 ∂v
∂y

+u′v′( ∂v
∂x

+
∂u
∂y

)]), integrated in the upper 200 m in (a) winter and (b) summer.

of the central and northern basins, and also in the inner basin north of 24◦N , the

latter of which is probably due to the shifting of the western boundary current into an

eastern boundary current along the Saudi coast, as reported by Yao et al. [9]. Such

a unique boundary intensification behavior may be attributed to the high horizontal

shear of energetic flow along the steep continental slope [9, 14], which tends to favor

a dominance of energy transfer from MKE to EKE. By contrast, the EKE acquired

from MKE becomes smaller in the interior basin with weaker horizontal shear of

the velocity. The positive (negative) values indicate that the KE is transferred from

(to) mean flow to (from) eddies, thus, the regions of blue and red suggest that the

eddies might be frequently fluxing KE back to the mean flow. Although embedded

by negative signals, the BT is overall positive with a total conversion rate of 0.10

GW in winter and 0.06 GW in summer. Overall, in the Red Sea, the eddy energy

transfer is dominated by the conversion from MPE to EPE rather than by the MKE
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to EKE.

Typically, the energy transfer from MKE is believed to be of importance for the

production of EKE for those regions characterized by an intense current of about 1

m/s (e.g., the Labrador Sea [43], the Gulf of Alaska [45] and the western South China

Sea [47]). The Red Sea has a closed basin, though a boundary current is reported, the

maximum speed of about 0.3 m/s [9] may not be intense enough to trigger considerable

instability as compared to the aforementioned regions. As expected, the model results

show that the primary EKE source in the Red Sea is from EPE, rather than from

MKE.

4.2 Eddy Energy Budget

A common approach to examining the EKE in a closed basin is to calculate the energy

budget as proposed by Lorenz [166] and von Storch et al. [42]. By calculating the

complete energy budget, one can identify how the EKE is generated, redistributed

and dissipated, and also estimate the energy conversions between various components

of the total energy.

4.2.1 EKE Equation

The EKE equation is derived using the simplified governing equations for an incom-

pressible, Boussinesq, hydrostatic ocean:

Duh
Dt

+ fk× uh +
∇hp

ρ0
=

Fh

ρ0
, (4.3)

∂p

∂z
= −ρg , (4.4)

∇h · uh +
∂w

∂z
= 0 . (4.5)
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Here, the horizontal and vertical velocities, the Coriolis parameter, the gravitational

acceleration, pressure, density and forcing term are denoted by uh, w, f , g, p, ρ

(reference value as ρ0), and Fh, respectively. k is the vertical unit vector, and ∇h is

the horizontal gradient operator.

As introduced by Zhai and Marshall [38], the system can be split into time-mean

and time-varying (turbulent) components. The EKE equation associated with the

perturbation of mean flow is therefore derived in the form of (details of the derivation

are provided in Appendix B):

−ρ′w′g− ∂p
′w′

∂z
−∇h ·p′u′h−

ρ0
2
∇ · (u · u′2h )−ρ0u′h · (u′ · ∇uh)−ρ0

∂

∂t

u′2h
2

+u′h · F′h = 0 ,

(4.6)

where u is the three-dimensional velocity. In Equation 4.6, the first term, −ρ′w′g,

is defined as the energy released rate from EPE to EKE and measures the strength

of baroclinic production; the second term (−∂p′w′

∂z
) and third term (−∇h · p′u′h), rep-

resent the vertical and horizontal components of pressure work; the fourth term,

−ρ0
2
∇ · (u · u′2h ), is associated with EKE flux due to advection; the fifth term, ρ0u′h · (u′ · ∇uh),

denotes the KE exchange between eddies and mean flow; −ρ0 ∂∂t
u′2
h

2
represents the EKE

trend; and u′h · F′h is a term that denotes the time-varying (turbulent) external wind

forcing and internal turbulent viscosity, respectively.

4.2.2 Eddy Energy Sources

The EKE sources in the Red Sea comprise the conversion from EPE, the transfer

from MKE, and direct generation of EKE from time-varying (turbulent) wind stress.
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Figure 4.4: Distribution of the term (−ρ′w′g) integrated in the upper 200 m in (a)
winter and (b) summer, and the vertical structure along a cross-section of the Red
Sea axis (plotted as the black line in (a)) in (c) winter and (d) summer.

Figure 4.4 shows the distribution of the baroclinic production term (−ρ′w′g) in-

tegrated in the upper 200 m in winter (a) and summer (b). As the definition implies,

positive values of −ρ′w′g indicate denser water masses associated with downward

movements or lighter water masses associated with upward movements. It is impor-

tant to notice the difference between the aforementioned BC and −ρ′w′g. The BC

measures the energy conversion rate between the MPE and EPE, while −ρ′w′g here

represents the rate of energy conversion between EPE and EKE. Both of these terms
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describe the energy conversion associated with baroclinic instability but for different

stages [45, 38]. In Figure 4.4 (a), the ubiquitous positive −ρ′w′g in the central and

northern Red Sea basins suggests that, as a source term, the baroclinicity prevails in

winter by a relatively rapidly converting from EPE to EKE, where the highest rate

exceeds 5 × 10−3Wm−2. Compared to the intense strength of baroclinic production

in winter, the signal in summer (Figure 4.4 (b)) is much weaker. In addition, the

vertical profile of −ρ′w′g along the Red Sea axis (Figure 4.4 (c) (d)) reveals that the

vast majority of values, if not all, are positive. This release of EPE is mainly found

in the upper layers, which is stringently confined to less than 50 m in summer but

deepens to over 200 m in winter, and is particularly more intense in the northern

basin between 24 ◦N and 26 ◦N where EKE reaches its maximum. As an estimate,

the total energy conversion from EPE to EKE in the Red Sea is about 0.64 GW in

winter and 0.11 GW in summer.

As a reservoir of EKE, the EPE is not only transferred from MPE (through the

term BC as discussed in section 3.2), but also generated due to time-varying fluxes of

heat and freshwater on the surface. According to von Storch et al. [42], the generation

of EPE can be estimated by

GEPE =
g2

N2ρ0
(αsρ′sJ

′
s + βsρ′sG

′
s), (4.7)

where αs and βs are values of expansion coefficients in the surface layer. Js =

(1/ρsc)H denotes the surface temperature flux and Gs = Ss(E − P ) represents the

surface salinity flux. ρs, Ss are the density and salinity of surface seawater, and c the

specific heat of seawater. H and E −P indicate the net heat flux and net freshwater

flux, respectively. The distribution of winter and summer GEPE is shown in Figure

4.5. In winter, the EPE is likely to be generated in the central Red Sea between 17

◦N and 22 ◦N , as well as in the northern basin along the coast of Saudi Arabia. In
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summer, however, this term fades away and even becomes negative in the northern

Red Sea, implying a net loss of EPE in that region due to surface buoyancy flux. The

direct generation of EPE is fairly small compared to that converted from MPE, with

only 0.09 GW in winter and -0.02 GW in summer. (It should be noted that the color

scale used in Figure 4.5 is different from those in other figures in this paper.)

Figure 4.5: Distribution of the generation of EPE term, g2

N2ρ0
(αsρ′sJ

′
s+βsρ′sG

′
s), in (a)

winter and (b) summer. Note that the color scale used in this figure is different from
those in other figures.

Another source of EKE is represented by ρ0u′h · (u′ · ∇uh), the transfer from MKE

through Reynolds stresses [167]. This term is essentially equal to BT + (−u′w′ ∂u
∂z
−

v′w′ ∂v
∂z

), the latter of which represents the energy transfer due to vertical shear insta-

bilities [44]. This term is fairly small (not shown, with a net conversion rate of -0.02

GW in winter and -0.001 GW in summer) compared to the BT , and consequently,

the distribution of ρ0u′h · (u′ · ∇uh) conforms with that of BT in section 3.1.2. As

previously stated, the energy transferred from MKE contributes only a small portion



81

Figure 4.6: Distribution of generation of EKE due to surface power input by time-
varying wind in (a) winter and (b) summer.

of EKE.

The last term, u′h · F′h, includes the direct generation of EKE due to the time-

varying (turbulent) wind stress. Wind power input transfers the atmospheric kinetic

energy into the ocean. The mean wind power input can be calculated with Ω =

τxus + τyvs [168, 169], where τx, τy are the surface wind stress and us, vs are the

surface current velocity. Furthermore, this term can be split into Ω1 = τx · us +

τy · vs and Ω2 = τ ′xu
′
s + τ ′yv

′
s, representing the generation rates of MKE and EKE

from wind energy, where τ and τ ′ denote the mean and time-varying (turbulent)

component of wind stress, respectively. Figure 4.6 shows the distribution of Ω2 in

winter (a) and in summer (b). The major contribution of energy input through

turbulent wind occurs in winter over the southern Red Sea. The intensified signal

suggests that the time-varying current velocity over that region is, on average, oriented

along the same direction as the time-varying wind stress. Nevertheless, a fairly weak
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evidence exists supporting a high EKE in this region (Figure 4.1 (c)). Therefore,

one may reasonably infer that the energy gained from time-varying wind stress is

rapidly dissipated or propagated to other areas. In the northern basin, turbulent

wind unexpectedly diminishes, negligibly influencing on the EKE. The total power

input from time-varying wind fields is 0.26 GW in winter and 0.13 GW in summer.

Some well-know wind-driven eddies, for example, the dipole eddies formed by the

Tokar wind jet near 19◦N in August [38], do not appear in Figure 4.6. This was

expected because, as the perturbations of the monthly mean current of climatology,

eddies with a quasi-stationary feature (e.g., the anticyclonic eddy between 23◦N and

24◦N [14, 34]) or those appearing in a certain month (e.g., the Tokar-originated dipole

eddies) are ruled out and, therefore, not included in this calculation.

The sixth term on the left-hand side of Equation 4.6, −ρ0 ∂∂t
u′2
h

2
, represents the

tendency of EKE. This term is not significant within the season (not shown), with a

increase of 0.02 GW in winter and a decrease of 0.02 GW in summer.

4.2.3 Eddy Energy Redistributions and Sink

As indicated in Equation 4.6, the EKE can be redistributed by the vertical pressure

work term −∂p′w′

∂z
, the horizontal pressure work term −∇h · p′u′h, and the advection

term −ρ0
2
∇ · (u · u′2h ).

The depth-integrated vertical pressure work term is shown Figure 4.7 in winter (a)

and summer (b). An integration of−∂p′w′

∂z
in depth is equivalent to−p′w′

∣∣∣0
−h
≈ p′w′

∣∣∣
−h

(the w′ on the surface is approximately zero), which is noted as the vertical eddy

energy flux (redistribution) [38]. The signal is mixed but, on average, prevalently

negative. The overwhelming blue patches in Figure 4.7 (a) suggest that the eddy

energy flux is predominately downward in the central and northern interior basins,

and increasingly rises towards the offshore of Saudi Arabia while a narrow band of

upward vertical energy flux is found along the Egyptian coast.
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Figure 4.7: Distribution of the term, ∂−p′w′

∂z
, integrated in the upper 200 m in (a)

winter and (b) summer, and the vertical structure of −p′w′ along (c) the Red Sea
axis, (d) Egyptian coast and (e) northern Saudi coast, as represented by the black
lines in (a).
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Figure 4.8: Distribution of the term, −(∇h · p′u′h + ρ0
2
∇ · (u · u′2h )), integrated in

the upper 200 m in (a) winter and (b) summer, and the vertical structure along a
cross-section of the Red Sea axis in (c) winter and (d) summer.

As a close-up representation, profiles of winter p′w′ along three cross-sections are

illustrated in Figure 4.7 (c) - (e) to better present the redistribution of eddy energy in

the vertical. Figure 4.7 (c) shows the p′w′ along the main axis of the Red Sea. In the

northern basin, weak upward energy flux is found near the surface while deeper down

below about 50 m, it is dominated by a downward energy flux. The overall downward

pattern of energy flux, as shown in Figure 4.7 (c), is consistent with the fact that

sources of eddy energy in the northern basin are located in the upper ocean. This
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feature is even more abundantly visible as the darker blue patches along the Saudi

coast, as shown in Figure 4.7 (e). On the western side (Figure 4.7 (d)), however,

a very narrow band of upward eddy energy flux appears along the Egyptian coast,

possibly associated with the winter upwelling as reported by Yao et al. [9]. Near the

sloping bottom topography along either the west or the east coast, the vertical eddy

energy flux exhibits a complex structure, probably associated with the interactions

between the flow and the topography. Overall, the EKE propagates downward with

a rate of 0.09 GW in winter and 0.01 GW in summer.

Since the vertical component of advection term is quite small (not shown), the term

−ρ0
2
∇ · (u · u′2h ) reduces to −ρ0

2
∇ · (uh · u′2h ). Therefore, the advection term and the

horizontal pressure work term −∇h ·p′u′h were treated as a single entity, to reflect the

horizontal eddy energy flux [44], which was plotted in Figure 4.8 for the distribution

in winter (a) and summer (b). Similar to −ρ′w′g and −∂p′w′

∂z
, the horizontal eddy

energy flux also intensifies in winter. In the interior basin, this term reveals a mix

of positive and negative values, suggesting that eddy energy is actively involved in

horizontal advection and exchange. In addition, a prominent feature appears as a

series of negative signals lying throughout the southern basin along the 200 m isobath

on the west, which marks a significant horizontal divergence of energy. Since there is

very limited energy from EPE and MKE in the southern Red Sea (Figure 4.4 (a)),

the energy source in this region is, therefore, inferred to originate from the turbulent

wind stress (Figure 4.6 (a)). In winter, not only is there a more notable horizontal

distribution, but the vertical structure of −(∇h · p′u′h + ρ0
2
∇ · (u · u′2h )) also deepens

in the central and northern basins (Figure 4.8 (c)). In winter, the horizontal eddy

energy flux could reach more than 200 m and deplete the EKE at a rate of 0.21

GW , whereas, in summer it is mainly restricted to upper layers near the surface at

EKE decreases at a rate of 0.08 GW . In both seasons, the deep waters remain fairly

quiescent.
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Figure 4.9: Distribution of the dissipation terms integrated in the upper 200 m in (a)
winter and (b) summer.

It is necessary to point that the pressure work term and the advection term serve

to redistribute the eddy component of pressure work and the EKE in the basin. Both

terms are defined in a divergent form, consequently, an integration of either over the

whole volume should be approximately balanced out under a rigid lid approach [170].

In this calculation, however, nonzero values are obtained due primarily to the fact

that these terms are integrated, not over the whole volume but in the upper 200 m

waterbody. The negative net fluxes reveal that EKE is propagated into deeper ocean

and more importantly, into coastal (shallower) regions.

Any remaining EKE is either transferred into sub-mesoscale motions or dissipated

by turbulent processes associated with dissipation and its divergence/convergence

[171], which here are merged as a single entity to represent the sink of EKE. The sink

term is found ubiquitously throughout the Red Sea (Figure 4.9), particularly in the

central and northern basins, and appears as prominent negative signals that intensify
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towards the north. In winter, net dissipation amounts to 0.68 GW , compared with

0.23 GW in summer.

4.3 Summary

Based on a high-resolution MITgcm, the budget of eddy energy sources, redistribution

and sink in the Red Sea during different seasons were investigated in this chapter. In

the Red Sea, overturning circulation has been reported to exhibit a distinct seasonally

reversing pattern [8, 9, 14, 35], consequently, eddies are calculated with regards to

a climatologically monthly mean of flow to eliminate the seasonally varying signals.

The results agree with Zhan et al. [15] who found that eddy activity has a significant

seasonality that peaks in winter and troughs in summer. The highest EKE is found

in the central and northern Red Sea basins during both seasons with a surface inten-

sification. The main EKE strength is stored in the upper 200 m, similar to that in

the South China Sea [47], yet shallower compared to the the North Atlantic [38].

As an indicator of energy transfer between MKE and EKE, the BT term measures

the production of EKE associated with mean flow shear. This term appears mainly

along the eastern and western boundaries of the basin. BC represents the baroclinic

terms related to the energy conversion between MPE and EPE, the primary regions of

which cover almost the entire basin with a predominately positive signal, indicating a

conversion from MPE to EPE. The averaged positive values of both the BT and BC

suggest that the eddies tap both the kinetic and available potential energy reservoirs

of the mean state. In addition, both terms prevail in winter, when the total rate of

energy conversion is about four times larger than that in summer.
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Figure 4.10: Seasonal mean surface net upward heat flux (sum of four components of
flux including shortwave radiation, longwave radiation, latent heat and sensible heat)
in (a) winter and (b) summer. Positive (negative) values indicate loss (gain) of heat
from (to) the ocean.

A further analysis of the budget of sources, redistributions and sink of EKE in the

Red Sea is conducted. The conversion between EPE and EKE, −ρ′w′g, is the primary

source of EKE in the central and northern Red Sea with a subsurface intensification.

As reported by Papadopoulos et al. [172], the winter heat flux has a great influence

on the eddies and sinking of upper layer water in the northern Red Sea. This was

extended by finding a good correlation between the distribution of −ρ′w′g and the

net heat flux (Figure 4.10). This occurs because in winter, as shown by the red

patches over the central and particularly northern basins (Figure 4.10 (a)), when

considerable heat loss leads to cooling in the upper layers, the cooled surface water

becomes denser, deepening the isopycnal (not shown). Note that the central and

northern basins are subjected to a northward gradient of heat loss, as a result, the

isopycnal is tilted to the north (shallower in the south and deeper in the north).
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Different from the tilting of isopycnals in other oceans mainly caused by the Ekman

pumping effect [47, 38], the along-basin isopycnal tilt in the Red Sea is a consequence

of the meridional gradient of net heat flux. The tilted isopycnal in the central and

northern basins generates available potential energy, which, when accompanied with

a relatively smaller Richardson number in winter, is likely to be released by triggering

baroclinic instability that subsequently form eddies [15]. Eddies generated by such

baroclinic instability can balance surface buoyancy loss in a marginal sea [173, 174],

and, therefore, have a considerable effect on the buoyancy-driven circulation in the

Red Sea [35]. In contrast, in summer the entire basin is subjected to a positive net

heat flux. The upper level of sea water is heated and remains stratified. As a result,

strong stratification is more likely to limit eddy activities and lead to reduced EKE.

Other sources of EKE include direct power input from the time-verying wind

(τ ′xu
′
s + τ ′yv

′
s, mainly found in the southern basin) and that transferred from MKE

(mainly along both sides of the boundaries). Although the net contribution of EKE

from MKE is relatively small, the positive patterns embedded with negative signals

suggest a rapid energy exchange between mean flow and eddies. The EKE is re-

distributed by the divergence of energy in both vertical and horizontal directions.

Vertically, the EKE in the upper layers is propagated to deeper ocean via a neg-

ative p′w′ in most of the basin except for a narrow band of upward flux near the

Egyptian coast in the northern basin. The vertical EKE fluxes may result from

mismatches between the depth at which EKE is generated or converted, and the hor-

izontal eddy energy fluxes that disperse the energy [38]. Horizontally, as represented

by −(∇h · p′u′h + ρ0
2
∇ · (u · u′2h )), the eddies may rapidly transfer the EKE from the

eddying region to the adjacent background water mass. These overall negative value

of integrated horizontal pressure work term and advection term suggest that EKE

is propagated from the inner basin into the coastal regions. The EKE is balanced

ubiquitously in the basin by the turbulent dissipation processes or by transfer to
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sub-mesoscale motions.

Because the climatology-based definition of an eddy does not include quasi-stationary

eddies or those recurrent eddies appearing in a certain month, a detailed understand-

ing of how these eddies are generated requires case-by-case studies. In addition, the

details of dissipation processes were not discussed, nor the approached the mecha-

nisms of energy conversion to sub-mesoscale and small-scale dynamics, especially in

shallow areas, which might be different and more complex. More work is required in

the future to understand the role of each factor in the energy balance. This study is

a step toward understanding the processes modulating eddies’ variability in the Red

Sea.
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Chapter 5

Factors Modulating the Evolution

of Red Sea Eddies Based on

Adjoint Sensitivity

This chapter presents adjoint sensitivity analyses are applied to three observed eddy

events in the Red Sea using a high-resolution MITgcm and its adjoint model. The

eddies are first reproduced by running the MITgcm forward and their sensitivities to

external atmospheric forcing and previous model states are then computed using the

adjoint model. The local versus remote contributions are quantified and investigated.

The dynamically realistic approach reveals the influences of various physical factors

that control the intensity and evolution of the specific eddy events.

5.1 Experiments Design

To carry out the adjoint sensitivity analysis, some metrics of cost function were defined

based on physical processes. In this chapter, the scalar cost function is defined as the

surface vorticity (ω = ∂v
∂x
− ∂u

∂y
) averaged over a day (“target day”) and is spatially

averaged with uniform weight over a target region covering an eddy. The cost function
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can be expressed as

J =
1

(t2 − t1)A

∫ t2

t1

∫
A

ωdAdt,

where A is the area, and the time ranged from t1 to t2. As the adjoint model is based

on the TLM, it is only valid during the period when the linear assumption is satisfied.

The linearity of the system is examined by performing the forward model sim-

ulation with small but sufficient positive and negative perturbations of the surface

elevation (0.03 m) over the box area. Given the simulated surface elevation from

the two perturbed simulations (η+ and η−) and the reference simulation (η0), their

difference can be expressed, at every single location, as Taylor expansion in powers

of the perturbation

f(η0 + δη)− f(η0) =
∞∑
n=1

f (n)(η0)

n!
(δη)n.

The coefficient of the linear term and the quadratic term can be approximated by

f ′(η0) ≈ ∆1 = (δη1− δη2)/2 and f ′′(η0)/2 ≈ ∆2 = (δη1 + δη2)/2, where δη1 = η+− η0

and δη2 = η− − η0. The second term ∆2 is an approximated indicator of when the

first nonlinear term in the expansion becomes important [27]. Evolution of ∆2/∆1

(not shown) revealed that nonlinearity is less than 10% of the linear term during a

one-month simulation, suggesting that the model is valid in the linear frame in this

period, over which useful information remains in the sensitivities calculated by the

adjoint model.

The model is integrated from 1979 onwards with a time step of 150 s. Statistics

of the SSH and SST from a long-term forward model simulation have been validated

with data from remotely sensed data obtained from the AVISO SSH and AVHRR

SST datasets Toye et al. [66]. To conduct the sensitivity analysis for different eddy

events, three segments are extracted from the long-term simulation, with each lasting

for 30 days. The three segments are initialized on July 18, 2001, October 09, 2011,
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and March 30, 2010, respectively.

5.2 Results and Analysis

5.2.1 The Sensitivity Analysis of a Dipole in the Southern

Red Sea

One set of the documented eddies is a dipole eddy system that occurred in August

2001 in the southern Red Sea, reported to be a response to the Tokar Wind Jet

[3]. Oceanic conditions during the same period are reproduced with a forward model

simulation. In this experiment, the model is initialized on July 28, 2001 using the

same day outputs as the long-term simulation. The comparison between the forward

model outputs with the observations (presented by [3]) from August 17, 2001 are

shown in Figure 5.1, where an intense dipole covers a good portion of the basin with

the AE slightly stronger than the CE. The maximum surface velocities reached up

to ∼ 1 m/s. The model results agreed well with the geostrophic surface current

calculated from remote sensing along-track SLA data and direct shipboard Acoustic

Doppler Current Profilers (ADCP) observations, both in direction and in magnitude,

indicating the model’s adequacy for studying the dipole.

In this adjoint experiment, the cost function is defined as the daily and spatially

averaged surface vorticity on August 17, 2001 (target day) over the box region: 19.3−

20.3◦N , 38.2− 39.4◦E for the CE centered around 19.8◦N , and 18.0− 19.2◦N , 38.9−

39.9◦E for the AE centered around 18.6◦N . The location of the boxes are chosen

to cover the core of each eddy of the dipole. By definition, an increase in vorticity

strengthens a CE, but weakens an AE. To integrally represent the intensity of the

dipole, a joint cost function Jdipole is calculated as

Jdipole = JCE − JAE,
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where JCE and JAE represent the cost function for the CE and AE, respectively. The

joint cost function is defined in such a way that the dipole became intensified with

an increase in Jdipole, and weakened with a decrease in Jdipole.

Figure 5.1: (a) Forward model outputs of the surface elevation (in color) superimposed
with the surface current (black arrows) in the southern Red Sea on 17-August-2001
(the target day). The light/dark gray boxes show the areas where the cost function
of the CE/AE are computed. (b) ADCP velocity from the in-situ observation at 22
m depth and geostrophic current calculated from GFO along track SLA. The in-situ
data were obtained on August 13, 2001, and the GFO track-227 passed the Red Sea
on 17-August-2001. The ADCP data were kindly provided by S. Sofianos. ([3], Figure
7) (c) Mean wind stress curl (in color) superimposed with wind stress (black arrows).

The gradient of Jdipole to different model controls represents the adjoint sensitivity,

which can be interpreted as how much the cost function (Jdipole) would change for a

given unit control perturbation. For example, positive/negative sensitivities of Jdipole

to wind stress τ , indicates an increase/decrease of Jdipole for a unit perturbation of τ

at an earlier time in the model. In more specific terms, if the τ over a given single

grid cell is perturbed for a given day by one standard unit (1Nm−2), the Jdipole on the

target day will change by the value of the sensitivity of Jdipole to τ . In addition, by

virtue of the linearization assumption, if more than one perturbation is simultaneously

introduced, the total change in Jdipole can be determined by the sum of the sensitivities

from separate perturbation experiments.

To calculate the sensitivity of the dipole system, the adjoint model is integrated
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backward in time from the target day (August 17, 2001) for 20 days with two separate

cost functions: 1) CE and 2) AE, and the sensitivity of the dipole is computed

by the difference between the sensitivities of experiment AE from experiment CE.

The evolutions of the adjoint sensitivity with respect to external forcings, including

net heat flux (∂Jdipole/∂Q), cross basin wind stress (∂Jdipole/∂τx⊥), and along-basin

wind stress (∂Jdipole/∂τy||) on selected days are shown in Figure 5.2 (a - l). The

positive/negative value of net heat flux (Q) is defined as the loss/gain of heat from/to

the ocean. The sensitivity to all fields are obtained with a single adjoint simulation,

and the results start from the target day backward in time.

Figure 5.2: Evolution of the adjoint sensitivity, backward in time (from left to right)
with respect to net heat flux (∂Jdipole/∂Q, a-d), cross-basin wind stress (∂Jdipole/∂τx⊥,
e-h), and along-basin wind stress (∂Jdipole/∂τy||, i-l) on the days preceding the target
day. The green/yellow contours mark the -0.05m/0.06m SSH isocline on the day of
the snapshot. (m - o), temporal integration of the sensitivity to the external forcings
normalized by the standard deviation of the corresponding variables.
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The cost function is spatially averaged. The distribution of the sensitivity is

determined by the circulation and is therefore initiated from the perimeter of the

boxes and gradually diffuses towards both the west and east side of the dipole. A

positive/negative perturbation in Q (corresponding to local heat loss/gain) over the

area of the CE/AE contributes to a more intensified dipole. A particular spot of

cross-basin wind stress at ∼ 19◦N is recognized with the Tokar wind jet boosting both

eddies in the dipole. Although the sensitivity spreads out with the flow, the intensity

of the dipole is governed primarily by forcing in the local or surrounding regions. The

sensitivity of the Jdipole to the control variables from the previous days can be derived

by temporal integration of the instantaneous adjoint sensitivity fields. Physically,

this means that a 20-day unit perturbation of a given control variable at a particular

grid point would produce a change in Jdipole by the corresponding integrated adjoint

sensitivity field. Note that the units of adjoint sensitivity vary across the control

variables (Q, τx⊥, τy||) complicating the direct comparison of sensitivities between

different control variables. To make them comparable, the sensitivities are normalized

by the standard deviations δxi of the control variables, i.e., δJ = δxi∂J/∂xi. The δJ

arising from perturbations in different forcing terms have the same unit and represent

the immediate quantity of the sensitivity with variations typical of those encountered

in the real ocean. As shown in Figure 5.2 (m - o), the integrated sensitivity to external

forcing varies significantly in magnitude. The sensitivity to Q is locally confined,

suggesting that the ocean’s response to the perturbations of remote heat flux are not

well maintained during the simulation period. The cold-core CE (at ∼ 19.8◦N) would

be enhanced if subjected to local heat loss that yields a cooler SST, as suggested by

the positive net heat flux in Figure 5.2 (m). This sensitivity distribution is reversed

for the warm-core AE (at ∼ 18.6◦N). The sensitivity to wind stress extends to a

much broader domain off the target box. The comparison of sensitivities suggests

that the dipole is more sensitive to wind stress than to net heat flux. In particular,



97

the positive sensitivity to cross-basin wind stress coincides with the region subjected

to the Tokar wind jet, where the wind blows almost directly offshore across the basin

(not shown). The wind curl is positive to the north and negative to its south. The

wind-deduced Ekman effect pumps/depresses the thermocline and further generates

a dipole in the basin [3]. It is worthwhile to point out that the along-basin wind

generally blows from northwest to southeast.

Figure 5.3: Evolution of the adjoint sensitivity, backward in time (from left to right)
with respect to surface elevation (∂Jdipole/η, a-d), the along-basin velocity at two cross
sections as marked with light and dark grey lines (∂Jdipole/∂v||, e-h for the section
north of the dipole as indicated with the light grey line in a, i - l for the section
south of the dipole as indicated with the dark grey line in a), and the temperature
at the cross sections as marked with the black line in (a) (∂Jdipole/T , m - p). The
green/yellow contours in (a - d) mark the -0.05/0.06 m SSH isocline on the day of
the snapshot, respectively.

The sensitivity of Jdipole to model the state variables is illustrated in Figure 5.3,
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which shows the backward evolution of the normalized sensitivity to surface eleva-

tion (∂Jdipole/∂η × δη), along-basin velocity (∂Jdipole/∂v|| × δv||), and temperature

(∂Jdipole/∂T × δT ). The last column in Figure 5.3 represents the sensitivity at -20

days (July 28, 2001), i.e., the sensitivity to initial conditions. As anticipated, the

intensity of the dipole is closely linked to variations in the local sea surface elevation

(η), where a negative perturbation in η would favor the CE, while a positive pertur-

bation would intensify the AE. The sensitivity extends smoothly upstream with the

horizontal advection, suggesting the contribution of η during previous model steps.

The Jdipole is influenced by the velocity in deeper layers although it is defined with

the surface vorticity. To the north of the dipole, the negative sensitivity (Figure 5.3 e

- h) suggests that a southward perturbation added to the western boundary current

along the Sudan coast would yield a stronger dipole. This negative sensitivity along

the western coast reverses as time progressed backward to 20 days before the target

day (Figure 5.3 h). In addition, the sensitivity north of the dipole could reach up to

a depth of about 150 m, while the vertical sensitivity distribution south of the dipole

(Figure 5.3 i - l) is confined to the upper 50 m. At -2 days, a positive but evanescent

sensitivity is observed along the Saudi coast over the ocean shelves (Figure 5.3 i).

When running the model backwards, more noticeable mixed sensitivities are found

over the deeper basin with respect to the meridional flow. Figure 5.3 (m - p) shows

the sensitivity of Jdipole to vertical temperature across the dipole, which suggests that

the AE (at ∼ 18.6◦N) would penetrate deeper than the CE (at ∼ 19.8◦N). A positive

perturbation to the temperature in the upper water column corresponds to a thicker

layer of warm water near the surface, and hence further leads to a stronger warm

core AE. In contrast, a negative perturbation to the water temperature favors the

development of a cold core CE. Overall, the evolution of dipole eddies can be affected

by the properties of the upper layer waters, but seems not to be sensitive to those

deeper than 150 m.
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5.2.2 The Sensitivity Analysis of a CE in the Northern Red

Sea

A semi-persistent CE in November 2011 was reported in the northern Red Sea that

may have contributed to producing the lowest observed SST in the last 12 years [31].

This CE circulation uplifted colder water to the surface and created a substantial

negative SST anomaly over the northern Red Sea. This type of event is considered

to favor preconditioning intermediate water formation [14] and to fertilize the olig-

otrophic surface layers with the nutrient-rich deeper layers [175]. The CE prevailing

over the northern Red Sea has been documented by several observational and mod-

eling studies [8, 9, 11, 25, 41, 176].

Figure 5.4: (a) Model outputs of the surface current (black arrows) and SST (in color)
in the northern Red Sea on 8-November-2011 (the target day). The gray box shows
the area where the cost function of the CE is computed. The yellow arrows plot the
geostrophic current derived from the along-track absolute dynamic topography on the
same day. (b) The gridded geostrophic current on 8-November-2011 is provided by
AVISO (black arrows) and the remotely sensed SST is provided by AVHRR.

To study the adjoint sensitivity analysis of the CE in November 2011 a forward

model is integrated to reproduce the event. The model is hot-started on October 9,

2011 using the same day outputs of the long-term simulation. The model results show

a clear cyclonic feature and agrees well with the remotely sensed observations from
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Figure 5.5: Evolution of the adjoint sensitivity, backward in time (from left to right)
with respect to net heat flux (∂Jdipole/∂Q, a-d), cross-basin wind stress (∂Jdipole/∂τx⊥,
e-h) and along-basin wind stress (∂Jdipole/∂τy||, i-l) on days preceding the target day.
The green contours mark the -0.16m SSH isocline on the day of the snapshot. (m -
o), temporal integration of the sensitivity to the external forcings normalized by the
standard deviation of the corresponding variables.

the AVISO, SLA, and AVHRR SST for the same period (Figure 5.4, and Figure 10

of [31]). We focus on exploring the adjoint sensitivity of this eddy, and more broadly,

on identifying the controls that are responsible for the evolution of this eddy. Similar

to the last experiment, the cost function is calculated using the daily mean surface

vorticity from the last day of the simulation (November 8, 2011); spatially averaged

over the box region (26.8− 27.8◦N 34.0− 35.2◦E), as indicated in Figure 5.4.

Figure 5.5 shows the sensitivity to net heat flux (∂J/∂Q), cross-basin, and along-
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basin components of wind stress (∂J/∂τx⊥ and ∂J/∂τy||) for the days preceding the

target day. The evolution of the sensitivities to net heat flux (Figure 5.5 a - d)

and cross-basin wind stress (Figure 5.5 e - h) are locally distributed around the box

throughout the backward simulation, while the sensitivities to along-basin wind stress

(Figure 5.5 i - l) are generally advected further southward with increasing lag time.

Figure 5.5 (m - o) compares the normalized temporally integrated sensitivity to all

external forcings. A noticeable difference from the eddy dipole experiment (Figure

5.2 m - o) is that, the sensitivity to Q is at least of the same order, if not larger,

as that to the wind stress, suggesting that buoyancy forcing and wind stress have

comparable influences on the eddy. The CE has a cold core in the center that would

be intensified if subjected to local heat loss (with positive net heat flux, Figure 5.5

m). The sensitivity to cross-basin wind stress is weaker than the along-basin wind

stress. This is anticipated since the northern Red Sea is dominated by orographically

driven winds along the axis of the basin [14, 177, 178]. It is important to point out,

however, that during winter, cross-basin wind jets can bring cold and dry air that

leads to enhanced evaporation and ocean heat loss [145]. This is reflected by the

increased sensitivity to net heat flux (Figure 5.5 m).

The evolution of the sensitivity to normalized surface elevation (Figure 5.6 a - d)

outlines a consistent negative sensitivity in and around the box and in the Gulf of Suez,

but a positive sensitivity propagating upstream along the Saudi coast in the preceding

days, which took about one week or more to propagate from the central basin to the

target box. The sensitivity co-existed with a positive normalized sensitivity along the

Saudi coast with respect to the meridional current that extended vertically to a depth

of about 150 m (Figure 5.6 e - h), and to temperature that extended to further deeper

layers (Figure 5.6 i - l). The maximum positive sensitivities with respect to both

meridional current and temperature reverse sign as time progressed backward. More

frequent snapshots of the sensitivity fields (not shown) and the Hovmöller diagram
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Figure 5.6: Evolution of the normalized adjoint sensitivity, backward in time (from
left to right) with respect to (a -d) surface elevation (∂J/∂η× δη), (e - f) along-basin
velocity (∂J/∂v||× δv||), and (i - l) temperature (∂J/∂T × δT ) across the basin south
of the CE as indicated with the gray line in (a); (m - p) temperature (∂J/∂T × δT )
across the CE as indicated with the black line in (a). The green contour marks the
(a - d) -0.14 m isocline, and the green contour in (m -p) marks the 23 ◦C isothermal.

(Figure 5.7) clearly show the southward propagation of the sensitivity to surface

elevation from the northern Red Sea target region backward in time. This is analogous

to a northward propagating signal forward in time. That is, a perturbation in surface

elevation from the southern Red Sea can propagate along the Saudi coast and reach

the northern Red Sea target region. The propagation speed ranged from 0.9 - 1.6

m/s, which coincides with the local phase speed of the first baroclinic mode Kelvin

wave along the depth-varying Saudi coast.
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Figure 5.7: (a) Temporal integration of ∂J/∂η × δη. The gray box shows the area
where the cost function of CE is computed. (b) Hovmöller diagram of ∂J/∂η × δη
along the Saudi coast as indicated with the green curve in (a).

The physical mechanisms responsible for this sensitivity propagation could be ex-

plained accordingly: a remote positive surface elevation perturbation, or equivalently,

a positive temperature perturbation (a lifted surface elevation corresponds to a de-

pressed isotherm), can excite a baroclinic Kelvin wave that propagates northward

along the Saudi coast. This northward propagating Kelvin wave would be deflected

to the right, but may be blocked by the shoreline leading to a water level rise at the

coast, an offshore directed pressure gradient, and a northward geostrophic current.

When reaching the northern end of the basin, the wave would favor the rotation of

the CE and hence increase its vorticity.

Figure 5.6 (m - p) shows the normalized sensitivity to temperature across the

CE superimposed with a 23 ◦C isothermal that domes in the center of the CE. At

-2 days, the uniform vertical signal shows a primarily barotropic sensitivity. After

about 5 days of backward integration, the sensitivity starts to exhibit a broad vertical

baroclinic model spectrum, suggesting the eddy is affected by both the horizontal and

vertical structure of the water temperature. In addition, the sensitivity of this CE in
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the northern Red Sea extends up to 550 m or more; significantly deeper than that of

the dipole eddy confined in the upper 150 m depth.

5.2.3 The Sensitivity Analysis of an AE in the Central Red

Sea

Another reported eddy event is an AE in the central Red Sea that occurred in April

2010. The event was captured by different types of observations, namely, surface

drifters, remotely sensed altimeter data, and an in-situ Conductivity-Temperature-

Depth/Acoustic Doppler Current Profiler (CTD/ADCP) survey [4]. Chen et al. [4]

presented a detailed investigation of the physical processes responsible for the for-

mation of this eddy. In their study, outputs from model experiments with different

forcing and initial conditions were analyzed to identify the factors that govern the

formation of the eddy, which is essentially a forward sensitivity study of the eddy for-

mation and evolution. Our study, however,is more inclined to examine the evolution

of the eddy. That is, given that the eddy is reproduced in the forward model, the

focus is on the controls that affected the eddy circulation by analyzing the sensitivity

from adjoint simulation.

Figure 5.8: (a) Model outputs of the surface current averaged in April 2010. The gray
box shows the area where the cost function of the AE is computed. (b) Trajectories
of the surface drifters in April 2010. ([4], their Figure 2)
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A 30 day forward model simulation is initialized on March 30, 2010 using the

results from a long-term model simulation. Figure 5.8 shows that the monthly-mean

surface current from the model simulation is consistent with the surface drifter tra-

jectories collected in April 2010. The model-data comparison suggests that the model

successfully reproduced the observed AE in term of location, size, and intensity.

Figure 5.9: Evolution of the adjoint sensitivity, backward in time (from left to right)
with respect to net heat flux (∂Jdipole/∂Q, a-d), cross-basin wind stress (∂Jdipole/∂τx⊥,
e-h) and along-basin wind stress (∂Jdipole/∂τy||, i-l) on days preceding the target day in
April 2010. The green contour marks the 0m SSH isocline on the day of the snapshot.
(m - o), temporal integration of the sensitivity to the external forcings normalized by
the standard deviation of the corresponding variables.

The complex eddy circulation and its development and persistence over long du-

rations [4] make it difficult to attribute the eddy formation process to a single mech-

anism, such as baroclinic instability, or spin-up over a restricted topography. We use
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the adjoint model to study the controls that affect the eddy evolution. For this AE

event, the cost function J is defined by the absolute daily mean (target day: April 29,

2010) of the surface vorticity; spatially averaged over the box region (22.4− 23.4◦N ,

36.9− 38.1◦E). The absolute value of J is used to keep the representation of the ad-

joint sensitivities consistent with the other eddy experiments, such that an increase

in J corresponds to an eddy enhancement, while a decrease in J corresponds to an

eddy weakening. The adjoint model is simulated backward for a 30 day period.

Figure 5.10: Evolution of the normalized adjoint sensitivity, backward in time (from
left to right) with respect to (a -d) surface elevation (∂J/∂η× δη), (e - f) along-basin
velocity (∂J/∂v|| × δv||) across the basin south of the AE as indicated with the gray
line in (a), and (i - l) temperature (∂J/∂T × δT ) across the AE as indicated with the
black line in (a). The green contour in (a - d) marks the m SSH isocline, and the
green contour in (e -l) marks the 22 ◦C isothermal.

The backward temporal evolution of the sensitivity to net heat flux (∂J/∂Q),

cross-basin, and along-basin components of wind stress (∂J/∂τx⊥ and ∂J/∂τy||) are

shown in Figure 5.9 (a - l). The adjoint sensitivity patterns to the external forcings

are complex and exhibit considerable temporal variability that generally fade as time

progressed backwards. All the sensitivities are clearly related to the underlying cir-
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culation, which extends southwards along the Egyptian/Sudanese coast and diffuses

across the basin. The temporally integrated normalized sensitivities (Figure 5.9 m

- o) marks the pronounced influence of along-basin wind stress on the AE, which

is significantly larger than the cross-basin wind stress, although the direct sensitiv-

ities to both components of wind stress are comparable in magnitude (Figure 5.9 e

- h and i - l). The sensitivity to net heat flux are distributed locally around the

AE. The warm-core eddy would get stronger if the ocean gains additional heat. All

the sensitivities extend upstream along the western Red Sea coast, which indicates

that perturbations over the south-western Red Sea can influence the AE through the

western coastal currents along the Egyptian/Sudanese coast [9, 14, 179].

Sensitivities to the model state variables are illustrated in Figure 5.10. Immedi-

ately before the target day, regions of positive sensitivity to the surface elevation are

surrounded by negative sensitivity along the perimeter of the box. The positive/neg-

ative sensitivities spread out across the basin as time progresses backward, and a

locally positive sea surface would lead to a stronger AE. The aforementioned sensi-

tivity to the western coastal current is also found in the sensitivity to along-basin

velocity at the cross-section south of the target region (Figure 5.10 e - h), where

the positive sensitivities are confined to the western boundary in the upper layers

as time progressed backward. Figure 5.10 i - l shows the evolution of the sensitivity

to temperature at the section across the AE. Although the cost function is defined

by the surface vorticity, the maximum sensitivity is found at a depth of about 300

m, suggesting eddy penetrates into the deeper layers by baroclinicity. As indicated

by the strong sensitivities in Figure 5.10 i - l, temperature perturbations during the

preceding weeks with large sensitivity gradient patterns would result in a more tilted

isotherm, and hence accelerate northward velocity in the west and southward velocity

to the east to form a stronger AE.
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5.3 Summary

The MITgcm and its adjoint model are used to investigate the sensitivity of three

marked eddy events reported in the Red Sea, including an eddy dipole on August

17, 2001 in the southern Red Sea, a CE in November 2011 in the northern Red Sea,

and an AE in April 2010 in the central Red Sea. Although the simulated ocean

circulation may not be able to represent the wide range of natural phenomena, the

forward and adjoint model provides a robust test bed for tracing the influences on

typical eddy realizations in the basin. Under the assumption that the evolution of

the ocean state is linear, the adjoint sensitivity pattern gives the rate of change of the

cost function with respect to the control variables at earlier time steps. In this study,

three experiments are carried out for these distinct cases of eddy activities in the Red

Sea. To grasp the key features of an eddy, the cost function is defined as the surface

vorticity averaged on the last day (target day) of the forward model simulation over

the eddy domain defined by a box region.

The summer dipole system in the southern Red Sea is found to be governed

primarily by the Tokar wind jet that blows across the basin during the summer period.

Beyond that, the dipole’s intensity is also determined by the surface elevation and

boundary currents at previous time steps. The adjoint sensitivity analysis provides

strong evidence and reconfirms Zhai and Bower [3]’s conclusion that the wind jet is

the main mechanism that determines the strength of the dipole. In addition, this

analysis answers their remaining questions regarding whether the dipole is sensitive

to, if any, locally enhanced air-sea fluxes due to the wind jet. Our results suggest

that, quantitatively, the eddy dipole intensity is less sensitive to the local net heat

flux than to the wind stress. Additionally, the former influence on the eddy dipole

cannot be neglected. It is noticed that the sensitivity of the AE penetrates deeper

than the CE, and the dipole’s intensity is also sensitive to the temperature at previous

time steps.
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The CE in the northern Red Sea is however more likely modulated by the net heat

flux than the wind stress throughout the backward simulation, suggesting that the CE

may be closely related to the local baroclinic instability resulting from the buoyancy

forcing. When the local net heat flux is positive, the heat loss from the ocean results in

upper ocean cooling and the potential energy may be balanced by a tilted thermocline.

The kinetic energy can be boosted when the baroclinic instability is triggered by a

smaller Richardson number. This is consistent with previous understandings of the

general physical processes of eddies in the northern Red Sea [74]. Another difference

between this CE experiment from the eddy dipole realization is that the sensitivity

to along-basin wind stress is larger than the cross-basin wind stress. This is probably

because the wind over the northern basin is usually oriented along the basin due

to orographic constrains, although cross-basin wind jets are occasionally captured

[145, 180]. In addition, a perturbation in the surface elevation initiated in the south-

eastern Red Sea would propagate northward along the Saudi coast with a phase speed

equivalent to the first baroclinic mode of the coastal Kelvin wave, which eventually

strengthens the CE in the northern end of the Red Sea by closing the circulation.

The AE in the central Red Sea is most sensitive to the along-basin wind stress

among other external forcings. Regulated by the mountains on both the east and west

coasts, the winds over the central Red Sea blow orographically along the axis of the

basin. The wind speed is affected by large scale conditions over the Mediterranean

Sea and the Indian Ocean Monsoon [178]. In addition, during winter, the northwest

winds meet the southeast winds in the central Red Sea to form the Red Sea conver-

gence zone [177]. This pattern shifts in April to the summer regime when northwest

winds dominate the entire basin. This confrontation of converging winds brings larger

variability to the along-basin wind stress. Given that the direct sensitivities to both

components of wind stress are comparable, the normalized sensitivity to along-basin

wind stress is therefore more significant than to the cross-basin wind stress. We also
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found that the intensity of this AE can be traced southward to the western boundary

currents along the Egyptian/Sudanese coast, suggesting its potential link to the shift

of the boundary current in the central basin [8, 14, 179].

Eddies are commonly observed phenomena in the Red Sea [15, 74, 66]. In all the

adjoint sensitivity experiments, the evolution of the eddies is equally influenced by

the three-dimensional structure of the state variable as well as the atmospheric forc-

ings. The three reported eddy experiments provide a test-bed to diagnose the factors

that govern the formation and evolution of eddies through sensitivity analysis. The

results of these adjoint simulation experiments suggest that eddies exhibit complex

flow-dependent sensitivities. A full description of time-evolving sensitivity further

helps to identify the mechanisms that influence eddy circulation. To make a good

representation and to ensure better forecasting of Red Sea eddies, one therefore needs

to focus on the particular processes that affect eddy activity.

The sensitivities can also be obtained by perturbed forward model simulations,

which are efficient when only a few perturbations need to be considered. In general,

forward model sensitivity is difficult and inefficient, because the model is unlikely to

predict which controls/state variables have the most influence on oceanic circulation.

Therefore, a given forward model experiment may not relate to the most significant

variables or processes. Consequently, too many forward simulations would have to be

made to obtain a complete picture and it is difficult to enumerate the temporal and

spatial distribution of the perturbations. Within the system’s bounds of linearity,

an adjoint sensitivity analysis is, however, much more efficient since a single adjoint

simulation replaces numerous perturbed forward simulations to quantify the impulse-

response relationship. The adjoint method can be used to examine model error,

in particular, to highlight the model controls that may have a pronounced impact

on the property of interest. The method also indicates what to expect from small

uncertainties that are inevitably presented in the forcing or initial conditions.
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Chapter 6

On the Predictability of the Red

Sea Eddies with an Ensemble

Assimilation System

In this chapter, an ensemble-based forecasting and assimilation system is developed

using a high-resolution MITgcm and Data Assimilation Research Testbed (DART)

for the Red Sea. Different assimilation schemes are implemented depending on var-

ious approaches of the ensemble update. These schemes are evaluated in terms of

their predictability of specific eddies in the Red Sea. A case study is investigated to

highlight the performance and challenges of predicting specific Red Sea eddies using

such a system, which is followed by a constructive discussion.

6.1 Ensemble Data Assimilation with DART

DART-MITgcm is an ocean ensemble data assimilation system that combines the

MITgcm for ocean forecasting, DART package for data assimilation, and scripts for

the forecast-analysis workflow management. The Red Sea forecasting and assimi-

lation system is first implemented with an EAKF scheme described by Anderson

[122, 136], and then some routines are modified to enable for SEnOI and EnOI DEU
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assimilations.

The EAKF uses a flow-dependent ensemble whose members are individually ad-

vanced with the MITgcm. It starts from an analysis step, a given initial ensemble Xf

is delivered to DART and the mean Xa and covariance Pa of analysis are updated

with the filter as in Equation 2.6 and 2.7, based on which the analysis ensemble Xa is

deterministically generated as in Equation 2.8. This is followed by the forecast step,

in which each member of the analysis ensemble Xa is integrated with the MITgcm to

obtain the new forecast ensemble.

The EnOI operates the ensemble update in a different way. It keeps the ensemble

invariant in time and assumes that the forecast error covariance is well represented

by a stationary ensemble. The filter starts from a given initial estimate xf and an

ensemble X whose members are pre-selected from a dictionary. The ensemble of

anomaly X′ is computed as X′ = X−X. Before assimilation, the forecast ensemble

is generated with Xf = xfe1×N + X′, which is then sent to DART to compute the

analysis estimate Xa with the Kalman update as the EAKF. In the next forecast

step, only one forward run is reinitialized from Xa to perform the next forecast xf .

Since only one state other than the whole ensemble is integrated by the model

in the forecast step, an EnOI-like scheme leads to drastic reduction in the com-

putational burden compared to a flow-dependent ensemble [110, 124, 125]. It may

further help maintaining the ensemble spread, which is one of the issues often encoun-

tered in EAKF applications. In SEnOI experiment, X′ is updated every month by

pre-selected ensemble members from a monthly climatological dataset consisting of

long-term model outputs centered at the beginning of each month. In the EnOI DEU

experiments, X′ is updated at each assimilation step by selecting ensemble members

from the dictionary according to the criteria of L2-norm and OMP as stated in Section

2.5.1.

Ensemble localization is applied to remove eventual spurious long-range correla-
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tions that may appear from the use of small ensembles and to increase the rank of the

forecast error covariance. A covariance localization cutoff radius of 0.05 rad (about

300 km depending on the latitude) is chosen from a series of assimilation runs with

different localization scales (not shown), providing good and robust assimilation re-

sults. In addition, to compensate for underestimation of uncertainty and to avoid

the ensemble collapse, the ensemble spread can be inflated by an inflation/deflation

factor [117]. This is implemented by applying the following operation in each analysis

step

xf inf/defn = α(xfn −X) + X, n = 1, ..., N,

where α is an inflation/deflation factor. The value of α depends on the dynamics of

the model and the configuration of the assimilation system (including the ensemble

size and filter) [181]. Trial-and-error experiments are usually carried out to find

the optimal value of inflation factor. Sophisticated adaptive inflation schemes are

suggested for online space-time tuning of inflation factor [110, 120, 133], but these

require to be configured to the studied region and are not considered in this thesis.

Inflation is needed for EAKF because the ensemble spread is usually underesti-

mated due to various reasons such as the limited ensemble size and model imper-

fections [182]. While for the EnOI-like schemes, the ensemble is stationary and its

spread will not shrink over time. If the ensemble spread is inherently large, such is

the case in OMP with the ensemble members iteratively selected in the residue space

and therefore naturally distinct from each other, a deflation factor may be used to

tune magnitude of ensemble spread within a reasonable range.

6.2 Experiments and Results

The assimilation experiments are performed over a 1-year period starting from 1-Jan-

2006. The initial ensemble is selected from the climatological outputs of the long-
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term model simulation. Specifically, 3-day outputs are first assigned into 12 monthly

datasets. As the experiments start from 1-Jan-2006, the sampled outputs of January

are collected from mid December to mid January in different years, and random 100

records are assembled as the initial ensemble. Along-track SSH and gridded SST are

assimilated every 3 days at midnight.

The EnOI and EnOI DEU are implemented based on the EAKF framework in

DART. In the experiments, the EAKF is first carried out as a reference and its sensi-

tivity to inflation factor is studied. Next, the EnOI and EnOI DEU are implemented

by modifying some EAKF routines: in the analysis step, the forecast ensemble mem-

bers are sampled from a given dictionary rather than from the forecast ensemble; in

the forecast step, forward integration is only performed for the mean state instead of

the whole ensemble. The eddy predictability among different assimilation schemes is

then investigated. Since the variation of SSH provides the best estimate of mesoscale

eddies in the ocean, the SSH forecasts are used to evaluate the overall performance of

short-term eddy predictability. After that, a case study is picked up from the OMP

experiments to discuss the performance and challenges in a specific eddy prediction

problem.

6.2.1 Sensitivity of EAKF to Inflation Factor

To investigate the proper value of inflation factor of the MITgcm-EAKF Red Sea

assimilation system, four ensemble assimilation experiments with different values of

inflation factors, 1.0 (no inflation), 1.05, 1.1 and 1.2, are conducted using the same

ensemble size of 100. The time-evolution of SST and SSH RMSEs for the forecast

and analysis fields, and the corresponding forecast ensemble spreads are plotted in

Figure 6.1. The results suggest that the overall performance of the MITgcm-EAKF

assimilation system in the Red Sea is quite dependent on the choice of the inflation

factor. A remarkable improvement in the filter performance in term of RMSE is
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achieved using inflation, as compared to the filter results without inflation (inflation

= 1.0). The accuracy of the filter estimates particularly improves with inflation in

summer for both SST and SSH. However, increasing the inflation factor from 1.1 to 1.2

is not very beneficial, or even occasionally negatively contributes to the filter behavior.

The ensemble spread of SSH and SST (Figure 6.1 e and Figure 6.1 f) decreases over

time, with the largest decreases during the first few assimilation cycles. The ensemble

spreads are then maintained at levels of about 0.15◦C and 0.01m for SST and SSH,

respectively. With inflation, the ensemble spread decreases at a slower pace, but tends

to diverge after some cycles, depending on the value of the used inflation factor.

Figure 6.1: Time evolution of the SST/SSH RMSE and ensemble spread for EAKF
with different inflation factors.

Although inflation generally helps maintaining the ensemble spread, large infla-
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tion factors may deteriorate the system behavior and even cause divergence. The

experiment using an inflation factor of 1.2 stops after 55 assimilation cycles only.

The large anomaly imposed by a large inflation factor may cause runaway increase in

some states trajectories compared to those purely integrated with the model. This

would force the analysis state to overfit the observations in regions where data are

available, leading to strong contrast with regions that are not covered by observations

[183]. The unphysical and imbalanced inflated covariances may lead to large signal-

to-noise ratios in the fits, which could impose spurious adjustments to the ensemble

and further lead to poor forecasts [85].

6.2.2 Experiments with Different Background Ensemble

To investigate the performance on the eddy predictability of the system with different

choices of ensemble sampling schemes, assimilation experiments are conducted using

EAKF, SEnOI, and EnOI DEU schemes based on L2-norm and OMP. Following

the results of Section 6.2.1, all the experiments are configured with 100 ensemble

members, and the results of the EAKF with inflation factor of 1.1 are used as a

reference to evaluate the performances of the other schemes.

In SEnOI, ensemble members are selected from a monthly dictionary. In the

EnOI DEU schemes, ensemble selection is time consuming given a full size state vector

of forecast and a dictionary with large number of candidates. Since SSH provides the

best estimate of mesoscale eddies in the ocean, practically, ensemble members are

selected based only on SSH field in the forecast. The L2-norm scheme finds the

ensembles that have the smallest L2-norm difference with the forecasted SSH fields.

While the OMP scheme iteratively finds the ensembles based on their correlations to

the forecasted SSH and the residuals between the previous selected ensembles (details

are referred to Section 2.5.1), and therefore contains more diversity and featured with

a larger spread. As the ensemble is either kept invariant over a period (in SEnOI)
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or gets updated in each assimilation step (in EnOI DEU), the ensemble spread does

not shrink over time as the flow-dependent schemes and is naturally larger than that

of the EAKF. To mitigate the over-fitting of observations, a deflation factor of 0.5 is

applied in the OMP scheme (Figure 6.2 f). Even so, the ensemble spread of SSH in

OMP is still generally larger than the others.

Figure 6.2: Time series of the SST/SSH RMSE and ensemble spread for EAKF,
SEnOI, and EnOI DEU schemes using L2-norm and OMP.

Figure 6.2 shows the time series of the SST/SSH RMSEs and ensemble spreads

of different experiments. In term of spread, the SEnOI and EnOI DEU schemes

exhibit much larger ensemble spread compared to that of EAKF in both SST and



118

SSH (Figure 6.2 e and Figure 6.2 f, respectively). The larger spreads of the forecast

ensembles suggest, in some sense, larger forecast errors, with which the filter would

assign more weights on observations. This is reflected in the analysis RMSEs of both

SST (Figure 6.2 c), and SSH (Figure 6.2 d), where the EAKF clearly exhibits a

larger RMSE than the others. The differences between the SEnOI and EnOI DEU in

RMSE of analysis SST are not significant, while the SEnOI has the smallest RMSE

of analysis SSH, which is comparable to that of the gridded AVISO product (Table

6.1). The performance of the filters in all the experiments are generally comparable

in term of SST forecast. In SSH forecast, however, EAKF outperforms the SEnOI

and EnOI DEU schemes.

Table 6.1: Mean RMSE of different experiments
SST Forecast SST Analysis SSH Forecast SSH Analysis

(◦C) (◦C) (m) (m)
EAKF 0.637 0.551 0.088 0.071
SEnOI 0.624 0.341 0.100 0.054
L2-norm 0.637 0.349 0.111 0.066
OMP 0.606 0.347 0.101 0.064
AVISO – – 0.050 0.050

Remotely sensed SSH is one of the most used data to describe mesoscale eddies

activities in the ocean, and, in practice, provides the most compelling measurements

to constrain modeled eddies. The repeat-cycle of satellite altimeters over the Red

Sea ranges between 10 to 35 days, which is much longer than the 3-day assimilation

window considered in this study. Therefore, unlike the SST observations that are

always mapped on the same regular grids, the number and locations of along-track

SSH observations vary with the satellites tracks at each analysis step. This means

that the forecasted SSH RMSE is often evaluated against observations that are not

located in the regions where the previous observations were assimilated to produce

the most recent analysis (based on which the forecast was computed). One could

then consider the SSH altimeter data as independent data to evaluate the filters
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forecasts. In addition, the RMSE calculated with along-track data are based on

different numbers of observations from one cycle to another, leading to a significant

fluctuation. The better forecasts in EAKF suggest better ability to reproduce the

hydrodynamics of the Red Sea with a flow-dependent ensemble. In the SEnOI and

EnOI DEU experiments, the forecast SSH RMSE (Figure 6.2 b) is larger than that

of the analysis SSH (Figure 6.2 d). It indicates that in these schemes, the analysis

fields are largely imposed by the observations and have a small RMSE, however, the

model does not adjust very well with these increments in the subsequent forecast step.

Hence, the predictability of eddies is reasonable but limited.

Figure 6.3: (a - i) SSH forecast/analysis from EAKF, SEnOI, L2-norm and OMP
experiments compared with gridded AVISO product on 6-Feb-2006, superimposed
with the along-track altimeter data. (j - m) increments of SSH and surface velocity
in different experiments.

The choice of the ensemble from which the forecast error covariance Pf is esti-

mated is key for designing an efficient sequential ensemble assimilation system. Eddies

in the Red Sea are usually distinguished from the mean flow as perturbations and

can be characterized from the fields of anomalies [15, 74]. This happens to be similar
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to the generation process of the forecast error covariance (Equation 2.4) using an

ensemble of anomalies, whose members are selected from long-term model outputs.

Therefore, the selected ensemble members should be able, to some extent, to represent

the eddy variability in the Red Sea. In this case, the constructed Pf may possibly

describe eddy features that happen to be not observed by the sparse altimeter data,

or not captured by the forecast state. This could possibly explain why the SEnOI

with a monthly static ensemble is able to provide reasonable results. Furthermore, as

Red Sea eddies exhibit a seasonal variability [15, 74], the SEnOI seems to generally

out performs the EnOI DEU schemes.

Figure 6.4: (a - i) SST forecast/analysis from EAKF, SEnOI, L2-norm and OMP
experiments compared with gridded AVHRR product on 6-Feb-2006. (j - q) Vertical
structure along a cross section of the Red Sea axis plotted as the black line in a.
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As an example, the spatial distributions of the forecast and analysis states on

6-Feb-2006 as estimated by these ensemble assimilation schemes are compared with

remote sensing observations of SSH (Figure 6.3) and SST (Figure 6.4). The SSH

and SST observations are extracted from gridded AVISO and AVHRR products,

respectively. The gridded AVISO product is not necessarily the true SSH state,

however, the merged product is the best available observational data used to estimate

the mesoscale eddies in the Red Sea. Forecasts from all schemes agree generally well

with the remote sensing data on the basin scale gradient of both SSH and SST, and

additionally provide more detailed mesoscale and sub-mesoscale features in the basin

than the gridded products. In particular, compared with EAKF, the SEnOI and

EnOI DEU schemes introduce stronger eddy activities in the northern Red Sea. This

can be clearly seen from the dark blue patches of SSH (Figure 6.3 f - i), the filament

features in SST (Figure 6.4 f - i) and the corresponding doming and depression of

temperature profile (Figure 6.4 n - q). SEnOI and EnOI DEU also introduce stronger

eddies around the altimetry data tracks than EAKF with more pronounced SSH

increments (Figure 6.3 j - m), which results from the larger ensemble spread so that

the filter assigns more weights to the observations. Therefore, SEnOI and EnOI DEU

are more likely to fit the observations and to introduce new features in the analysis

fields. While in EAKF, the ensemble tends to converge towards the mean despite

the use of inflation, leading to updates that are less impacted by the observations

(Figure 6.3 j - m). Although the assimilated observations are available only on the

ocean surface, the vertical structures are also updated according to the eddy features

introduced by the filter (Figure 6.4 n - q).

Figure 6.5 shows the spatial distribution of the ensemble spread on 6-Feb-2006

from different schemes. The EAKF spreads of SSH and SST are significantly smaller

than the other schemes. The ensemble spreads of SSH clearly show eddy-like fea-

tures in the basin, and SEnOI and EnOI DEU exhibits stronger eddy variability than
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Figure 6.5: Horizontal and vertical distributions of ensemble spread (a - d) of SSH,
(e - h) SST, and (i - l) temperature on Mar-5-2006 as they result from the EAKF,
SEnOI, L2-norm and OMP experiments.

EAKF. The OMP algorithm selects the ensemble based on their correlation with the

forecasted SSH and residuals in an iterative manner. This is essentially a process to

find ensembles that represent the optimal error subspace. As a result, the selected en-

sembles are not closely correlated to the forecasted SSH and shows a larger ensemble

spread (Figure 6.5 d).

In the EnOI DEU schemes, ensemble members are selected based only on SSH

field in the forecast. It is therefore not surprising that the selected ensemble exhibits

larger spreads in SST. In addition, the temperature spreads in EnOI DEU schemes are

about 0.5◦C larger than those in EAKF and SEnOI. This is because the EnOI DEU

schemes do not constrain the season when selecting ensembles, and ensembles from
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different seasons lead to a larger temperature spread in depth. The larger SST spread

in SEnOI compared to EnKF is explained by the stronger inter-annual atmospheric

variability and the sensitivity of SST to the atmospheric conditions.

6.3 Discussion on Specific Eddy Predictability in

the Red Sea

In an ensemble data assimilation framework, the representations of the ensemble sub-

space is crucial. It defines the space within which the model updates are projected.

In the Red Sea, the most energetic and variable components of ocean dynamics are

mostly composed of mesoscale eddies, which can be described by the anomaly of the

mean flow. Such information is reflected from the definition of the forecast error

covariance in an ensemble assimilation system. This is a convincing theoretical basis

for applying the SEnOI or proper EnOI DEU with an ensemble selected from a dic-

tionary to enforce eddy variability in the analysis. In contrast, the flow-dependent

ensemble in the EAKF may sometimes lack information about variability of eddies,

which may limit its ability to reintroduce them in the analysis. Even though the

SEnOI and EnOI DEU schemes outperform EAKF in the hindcast and provide bet-

ter analysis SSH with a smaller RMSE, their forecast is not as good as that of the

EAKF. A close-up examination is discussed hereafter to investigate this finding.

The SEnOI and EnOI DEU schemes exhibit larger ensemble spread than the

EAKF. As aforementioned, a larger spread of the forecast ensemble suggests, in some

sense, larger forecast errors. This would push the filter’s analysis more towards the

observations and should lead to a smaller RMSE in the analysis. However, imposing

large increments in the assimilation step increases the risk of introducing dynamical

imbalances with the ambient water, which may not be well adjusted in the subsequent

forecast step. An example in the OMP experiment is presented in Figure 6.6.
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Figure 6.6: Daily snapshot of (a - e) SSH (in color) and surface velocity (arrows),
(f - j) SST, (k - o) ageostrophic velocity (arrows) and its magnitude (in color) and
(p - t) total dynamical residue at the cross section along the basin axis as indicated
in Figure 6.5 (e). The 1st and 2nd columns show forecast fields on 5-Feb-2006 and
6-Feb-2006 before assimilation, respectively. The 3rd column shows the analysis fields
on 6-Feb-2006 right after assimilation. The 4th and 5th columns show forecast fields
on 7-Feb-2006 and 8-Feb-2006 after assimilation, respectively.

The forecasts on 5-Feb-2006 and 6-Feb-2006 show several eddies consistently de-

veloped in the central and north basins (Figure 6.6 a b), while in the analysis fields

on 6-Feb-2006 (Figure 6.6 c), an AE at 19◦N is introduced and the CE at 23◦N are

significantly reduced as the along-track observations show higher SSH (Figure 6.3).

However, the introduced increments are not well maintained in the subsequent fore-

cast. The circulation recovers to fields similar to the ones before assimilation shortly

after the analysis (Figure 6.6 d e). This suggests that the analysis field contains
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substantial imbalance in the local dynamics that dissipate fast, and the structures of

the ambient water seem still apt to the previous forecast.

As an approximation, the surface ageostrophic velocity can be used to represent

one of the imbalance components in the system (Figure 6.6 k - o). Noticeably larger

surface ageostrophic velocity in Figure 6.6 (m) right after assimilation suggests that

strong dynamical imbalance is introduced to the upper layers, particularly in the cen-

tral basin where SSH tracks are assimilated. In addition, more insights can be gained

by diagnosing the dynamical balance profiles. The model simulated flow is expected

to satisfy the geostrophic balance for large-scale and meso-scale phenomenon. In other

words, the zonal and meridional residue terms αx and αy (representing Reynolds stress

divergences, advection and acceleration terms) defined in the following momentum

expressions and the total residue α (calculated as α =
√
α2
x + α2

y) are expected to be

small:

αx =
∂φ

∂x
+ u · ∇u− fv,

αy =
∂φ

∂y
+ u · ∇v + fu,

where φ,u, u, v, f represent the dynamic pressure, the three dimensional velocity, the

zonal and meridional velocity and the Coriolis parameter, respectively. However,

pronounced total residue through out the water column is also noticed right after the

assimilation as shown in 6.6 (r) corresponding to the surface ageostrophy in 6.6 (m).

This further suggests significant imbalance imposed in the analysis fields on 6-Feb-

2006. The subsequent forecast initialized from this unbalanced fields seems unable

to adapt for such imbalance and tends to adjust to the previous states which is more

balanced.



126

Figure 6.7: Time series of the basin averaged ageostrophic velocity of the OMP
experiment (blue solid line), the free run (red solid line) and the mean from the one-
year free run (yellow dashed line). The time are based on Greenwich Mean Time
(GMT).

The temporal evolution of the basin averaged ageostrophic velocity during this

period makes the illustration even more obvious (Figure 6.7). The mean from the

one-year free-run (red dash line) exhibits a pronounced diurnal cycle, which coincides

with the diurnal variation of wind stress (not shown) that peaks at dusk and troughs

at noon. Although the large-scale flow in the free ocean is close to geostrophic bal-

ance, in the surface layers, marked departures were observed from geostrophy due

to the presence of frictional terms (mainly associated with wind stress) [184]. The

ageostrophic velocity in the free-run (blue solid line) during the 3-day window (6-Feb-

2006 to 8-Mar-2006) is quite comparable to the annual mean. However, in the OMP

experiment, the forecast exhibits a much larger component of ageostrophic velocity

(green solid line), which shifts exactly when re-initiated from the analysis fields on

6-Feb-2006. In the first day after assimilation, the fluctuating behavior and fast drop-

ping suggest that the system is adjusting large dynamical imbalances. The SEnOI

experiment exhibits larger but still comparable ageostrophy with the OMP, while the
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L2-norm scheme seems not able to keep reasonable ageostrophy in the system.

In an assimilation and forecasting system, the predictability of mesoscale eddies

relies a lot on the balanced initial conditions generated by the assimilation. Some

approaches have been introduced to set up physical constrains on a statistically

generated univariate analysis, such as geostrophic or temperature-salinity relations

[185, 186]. It has also been reported that the multivariate information could help to

obtain better forecasts, particularly when different types of observations are assimi-

lated [62, 187]. To incorporate multivariate constraints in data assimilation systems,

a multivariate balance operator was proposed to properly define the model covariance,

which is responsible for transferring information between the model states where ob-

servations are available and not [62]. In an EAKF system, the ensemble members can

be decomposed into the balanced and unbalanced components, the former of which

corresponds to the highly correlated variables, and the latter can be considered ap-

proximately mutually uncorrelated. The fundamental idea is to design an operator

that transforms the balanced components to the unbalanced ones. The balance op-

erator serves to decorrelate the model variables with given constraints and to reduce

the imbalance in the analysis. This may help to maintain the dynamics in the system

and achieve a better predictability.
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Chapter 7

Concluding Remarks

7.1 Summary

This thesis presents a comprehensive studies of Red Sea eddies, including their tem-

poral and spatial properties, the energy budget, the mechanisms of their generation

and evolution, and their predictability.

After presenting an overview of associated studies on Red Sea eddies and the used

data and methods in Chapter 1 and 2, SLA data spanning 1992–2012 are analyzed

in Chapter 3 to study the statistical properties of eddies in the Red Sea. A modified

winding-angle method is developed to deal with the relatively narrow basin of the Red

Sea. A total of 4998 eddies are identified propagating along 938 unique eddy tracks

detected during the 20 years. Statistics suggest that eddies are generated across the

entire Red Sea but that they are prevalent in certain regions. A high number of eddies

is found in the central basin between 18◦N and 24◦N . More than 87% of the detected

eddies have a radius ranging from 50 to 135km. Both the intensity and relative

vorticity scale of these eddies decrease as the eddy radii increase. The averaged eddy

lifespan is approximately 6 weeks. Analysis of long-lived eddies suggests that they

are likely to appear in the central basin with AEs tending to move northward. In

addition, their EKE increases gradually throughout their lifespans. The annual cycles

of CEs and AEs differ, although both exhibit significant seasonal cycles of intensity
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with the winter and summer peaks appearing in February and August, respectively.

The seasonal cycle of EKE is negatively correlated with stratification but positively

correlated with vertical shear of horizontal velocity and eddy growth rate, suggesting

that the generation of baroclinic instability is responsible for the eddy activities in

the Red Sea.

In Chapter 4, the mechanisms of the eddies’ generation and evolution, particularly

the EKE budget, are investigated based on the outputs of a long-term high-resolution

MITgcm configured for the whole Red Sea and forced with real atmospheric fields

and boundary conditions. The budget of EKE in the Red Sea is analyzed, including

the sources, the redistributions, and the sink. A pronounced seasonally varying EKE

is identified, with the maximum intensity occurring in winter, and the strongest EKE

mainly captured in the central and northern basins within the upper 200m. Eddies

acquire kinetic energy from conversion of EPE, from transfer of MKE, and from direct

generation due to time-varying (turbulent) wind stress, the first of which contributes

predominantly to the majority of the EKE. The EPE-to-EKE conversion occurs al-

most in the entire basin, while the MKE-to-EKE transfer appears mainly along the

shelf boundary of the basin (200m isobath) where high horizontal shear interacts with

topography. The EKE generated by the turbulent wind stress is relatively small and

limited to the southern basin. All these processes are intensified during winter, when

the rate of energy conversion is about 4 − 5 times larger than that in summer. The

EKE is redistributed by the vertical and horizontal divergence of energy flux and the

advection of the mean flow. As a main sink of EKE, dissipation processes is ubiqui-

tously found in the basin. The seasonal variability of these energy conversion terms

can explain the significant seasonality of eddy activities in the Red Sea.

Adjoint sensitivity analyses is performed on a series of eddies in the Red Sea in

Chapter 5 using the high-resolution MITgcm and its adjoint model to understand

the governing factors that control their intensity and evolution. Three sets of semi-



130

permanent/recurrent eddies in the Red Sea, namely, a dipole eddy system captured

on 17-August-2001 in the southern Red Sea, a CE in November 2011 in the north-

ern Red Sea, and an AE in April 2010 in the central Red Sea. The eddies are first

reproduced by running the forward MITgcm, and their sensitivities to external at-

mospheric forcing and previous model states are then computed using the adjoint

model. In the experiments, the measured integrals of the relative surface vorticity

are defined as the metrics that characterize the activities of eddies. The local ver-

sus remote contributions of external forcings and previous model states, including net

heat flux, wind stress, surface elevation, and the velocity and temperature profiles are

quantified and investigated. The relative extent to which the forcings and previous

conditions modulate the eddies are also discussed. The sensitivities to external forc-

ings are distinct in the different eddy events. The dipole is found to be dominantly

sensitive to the local wind stress, in particular, the cross-basin wind jet. The CE in

the northern Red Sea is more sensitive to the net heat flux than the wind stress. The

AE in the central Red Sea is however most sensitive to the along-basin wind stress.

Analysis of the sensitivity to model state variables suggests that these eddies are usu-

ally modulated by the boundary currents and the temperature profile distributions.

The CE in the northern Red Sea is also found to be sensitive to surface elevation per-

turbations even from the remote southern Red Sea which may be attributed to the

propagation of the baroclinic Kelvin wave. The adjoint method enables the identifi-

cation and quantification of the complex flow dependence of different eddy events to

possible variations in surface forcing and preceding model states, which was hitherto

not previously appreciated in the Red Sea or the entire ocean.

In Chapter 6, an ensemble-based data assimilation and forecasting system is pre-

sented for the Red Sea, consisting of the high-resolution MITgcm to simulate cir-

culation and of the DART for ensemble data assimilation. DART is configured to

integrate all members of an EAKF in parallel, based on which different schemes of
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background ensemble sampling are also implemented and tested, including Seasonal

EnOI (SEnOI) and two Dynamic Ensemble Update (DEU) schemes, L2-norm and

Orthogonal Matching Pursuit (OMP). Remotely sensed SSH and SST data are as-

similated in the experiments. An ensemble of 100 members is found enough to obtain

good forecasting skills with the EAKF at reasonable computational cost. Inflation is

used to artificially increase the ensemble spread and to account for various sources

of uncertainties . An inflation of 1.1 seems to provide the best performance for the

EAKF. Integrating large ensembles with an ocean model is computationally demand-

ing. With SEnOI or EnOI DEU schemes, the system integrates only the mean of

analysis state to compute the forecast, thus allowing significant reduction in com-

putational cost. The ensembles in SEnOI and EnOI DEU schemes usually exhibit a

larger spread than EAKF. Assimilation results suggest that EAKF performs best in

term of general eddy predictability with the smallest RMSE in forecast SSH. A no-

ticeable feature of SEnOI and EnOI DEU is their capability of imposing strong eddy

signatures on the analysis fields, but the increments introduced in the assimilation

step are sometimes not quite in line with the ambient water and quickly dissipated.

This may degrate the model forecasting skill when the filter adjustment causes fast-

propagating inertial and internal gravity waves. Introducing a balance operator is

expected to help produce a more dynamically consistent solution that can be better

adjusted and maintained in the subsequent forecast steps, and thus achieve better

predictability of eddies in the Red Sea.

7.2 Future Research Work

Mesoscale eddies can lead to local up-welling/down-welling and generate considerable

anomalies in the surface air-sea heat flux [188, 189], which is an important source of

variability in the ocean heat content [190]. Therefore, this should be studied to
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allow for a better understanding and representation of the processes governing the

ocean heat budget. In addition, mesoscale eddies play a crucial role in the horizontal

heat transport [191], and relationship between large-scale gradients and eddy-induced

fluxes should also be investigated.

Oceanic eddies are often strongly under-sampled due to the sparse available ob-

servations and are therefore likely to be missed given their relatively short spatial

scales. In an assimilation system, when eddies happen to be poorly represented in

the forecast ensemble, the analysis step is expected to somehow reintroduce these

features. Since the increment between the analysis and the forecast is essentially rep-

resented by a combination of ensemble members, one should sample an ensemble that

well represent the eddies, incorporating flow-dependent information to track changes

in the system dynamics, and that does not collapse over time. A mixture of dynami-

cally evolving and static ensemble, based on the so-called hybrid ensemble schemes,

or implementing the balance operator with an adequate choice of DEU scheme, may

entertain both features and will be one of the next targets for the future development

of the system.

A noted issue of EAKF is the converging of forecast ensemble spread that lim-

its the performance of assimilation. One way to mitigate this other than applying

the artificial inflation is to use an ensemble of atmospheric forcing, the forcing for

each ensemble member is hence different and the ensemble spread could be better

maintained. Another limitation of EAKF is that the assimilation run often termi-

nates when one, or more, members diverge during the integration with the dynamical

model. To enhance the robustness of the EAKF against divergence, a fault-free sys-

tem should be developed to enable for automatic replacement of diverged members by

new members to be selected from a given dictionary of oceanic state realizations. This

will require introducing an optimal selection strategy that is suitable to the unique

nature of the circulation and eddy activities in the Red Sea. Such a strategy would
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definitely benefit from the availability of independent adequate set of observations

(e.g., drifters, HF radar, glider data, etc.), which is presently being deployed in the

Red Sea.

Furthermore, although a higher-resolution sub-mesoscale permitting system is able

to reproduce a better analysis favorable with information from observations, however,

it is reported not matching the skill of a lower-resolution eddy resolving system in

forecasting the mesoscale circulation [192]. This may be due to an inverse cascade

of the kinetic energy spectrum in the higher-resolution model, which limits the pre-

dictability of the mesoscale dynamics [192]. The performance of forecasting system

with different resolution needs to be investigated.
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G. Gopalakrishnan, “Seasonal overturning circulation in the Red Sea:

1. Model validation and summer circulation,” Journal of Geophysical

Research: Oceans, pp. 2238–2262, 2014. [Online]. Available: http:

//dx.doi.org/10.1002/2013JC009004

[9] F. Yao, I. Hoteit, L. J. Pratt, A. S. Bower, A. Köhl, G. Gopalakrishnan,
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[188] A. Villas Bôas, O. Sato, A. Chaigneau, and G. Castelão, “The signature of

mesoscale eddies on the air-sea turbulent heat fluxes in the South Atlantic

Ocean,” Geophysical Research Letters, vol. 42, no. 6, 2015.

[189] I. M. Leyba, M. Saraceno, and S. A. Solman, “Air-sea heat fluxes associated

to mesoscale eddies in the Southwestern Atlantic Ocean and their dependence

on different regional conditions,” Climate Dynamics, vol. 49, no. 7-8, pp. 2491–

2501, 2017.

[190] G. R. Stephenson, S. T. Gille, and J. Sprintall, “Processes controlling upper-

ocean heat content in Drake Passage,” Journal of Geophysical Research:

Oceans, vol. 118, no. 9, pp. 4409–4423, 2013.

http://journals.ametsoc.org/doi/abs/10.1175/1520-0493{%}282002{%}29130{%}3C1913{%}3AEDAWPO{%}3E2.0.CO{%}3B2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493{%}282002{%}29130{%}3C1913{%}3AEDAWPO{%}3E2.0.CO{%}3B2
http://journals.ametsoc.org/doi/abs/10.1175/MWR-D-13-00067.1
http://scholar.google.com/scholar?hl=en{&}btnG=Search{&}q=intitle:No+Title{#}0
http://scholar.google.com/scholar?hl=en{&}btnG=Search{&}q=intitle:No+Title{#}0
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493{%}282002{%}29130{%}3C0089{%}3ASAITPO{%}3E2.0.CO{%}3B2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493{%}282002{%}29130{%}3C0089{%}3ASAITPO{%}3E2.0.CO{%}3B2


156

[191] S. R. Jayne and J. Marotzke, “The Oceanic Eddy Heat Transport*,” Journal

of Physical Oceanography, vol. 32, no. 12, pp. 3328–3345, 2002. [Online]. Avail-

able: http://journals.ametsoc.org/doi/abs/10.1175/1520-0485{%}282002{%}
29032{%}3C3328{%}3ATOEHT{%}3E2.0.CO{%}3B2

[192] P. A. Sandery and P. Sakov, “Ocean forecasting of mesoscale features can dete-

riorate by increasing model resolution towards the submesoscale,” Nature Com-

munications, vol. 8, no. 1, 2017.

[193] B. G. Sanderson, “Structure of an eddy measured with drifters,” Journal of

Geophysical Research, vol. 100, no. C4, pp. 6761–6776, 1995.

http://journals.ametsoc.org/doi/abs/10.1175/1520-0485{%}282002{%}29032{%}3C3328{%}3ATOEHT{%}3E2.0.CO{%}3B2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0485{%}282002{%}29032{%}3C3328{%}3ATOEHT{%}3E2.0.CO{%}3B2


157

APPENDICES



158

A Definition of Eddy Kinematic

Properties

The evolution of the energy and shape of eddies are investigated by computing the

eddy kinetic energy (EKE), eddy deformation rates, and relative vorticity from the

altimeter data. The geostrophic velocity anomalies are computed from the SLA gra-

dients as:

U ′g = −gf−1∂η′/∂y , V ′g = gf−1∂η′/∂x ,

where U ′g and V ′g are the zonal and meridional components of the geostrophic velocity

anomalies, g is the acceleration due to gravity, f is the Coriolis parameter, and η′ is

the SLA.

The EKE is computed from velocity components as defined above using the rela-

tion

EKE = (U ′2g + V ′2g )/2 ,

and the eddy intensity (EI) is the mean EKE of the eddy normalized across its area

[95], defined as

EI = EKEπ−1R−2 ,

where R represents the eddy’s radius.

The relative vorticity describes the local spinning motion of fluid within the effec-
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tive eddy radius, and it is determined from

ω = ∂V ′g/∂x− ∂U ′g/∂y ,

and the divergence, which measures the magnitude of the source or sink of fluid, is

defined as

Ψ = ∂U ′g/∂x+ ∂V ′g/∂y .

The shearing deformation rate, which describes the extension/compression in the

west-east and south-north directions, is defined as

γ1 = ∂V ′g/∂x+ ∂U ′g/∂y ,

and the stretching deformation rate, which represents the extension/compression in

the northeast-southwest and northwest-southeast directions, is defined as

γ2 = ∂U ′g/∂x− ∂V ′g/∂y .

Finally, the total deformation rate describing the extent of total deformation is cal-

culated from

γ = (γ21 + γ22)1/2.

The above definitions help to quantify the kinematic property of an eddy; they are

widely used for describing and studying the properties of eddies across the globe

[95, 146, 147, 193].
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B Derivation of the EKE Budget

Equation

The Equation 4.6 in the thesis is derived from Equations 4.3 - 4.5. Details of the

derivation are provided below.

Duh
Dt

+ fk× uh +
∇hp

ρ0
=

Fh

ρ0
, (B.1)

∂p

∂z
= −ρg , (B.2)

∇h · uh +
∂w

∂z
= 0 . (B.3)

Plug uh = uh + u′h into Equation B.1, subtract the mean, then multiply by u′h,

⇒ ρ0u
′
h

Du′h
Dt

= −u′h∇hP
′ + u′hF

′
h. (B.4)

Plug p = p̄+ p′ into Equation B.2, subtract the mean,

⇒ ∂p′

∂z
= −ρ′g. (B.5)

Equation B.5 ·w′,

⇒ −ρ′w′g = w′
∂p′

∂z
=
∂(p′w′)

∂z
− p′∂w

′

∂z
. (B.6)
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Plug uh = uh + u′h into Equation B.3, subtract the mean,

⇒ ∇h · u′h +
∂w′

∂z
= 0. (B.7)

Merge Equation B.6 and B.7,

⇒ −ρ′w′g =
∂(p′w′)

∂z
+ p′(∇h · u′h) =

∂(p′w′)

∂z
+∇h · (p′u′h)− u′h · ∇hp

′. (B.8)

Merge Equation B.4 and B.8,

⇒ ρ0u
′
h

Du′h
Dt

= −ρ′w′g − ∂(p′w′)

∂z
−∇h · (p′u′h) + u′hF

′
h. (B.9)

Plug uh = uh + u′h into LHS of Equation B.9, expand the total derivative, and

subtract the mean,

ρ0u
′
h

Du′h
Dt

= ρ0u
′
h(
∂u′h
∂t

+ u · ∇u′h + u′ · ∇uh).

⇒ ρ0u
′
h

Du′h
Dt

= ρ0[
1

2

∂u′2h
∂t

+
u

2
· ∇u′2h + u′h(u

′ · ∇uh)]. (B.10)

Merge Equation B.3 and B.10,

ρ0u
′
h

Du′h
Dt

= ρ0[
1

2

∂u′2h
∂t

+
1

2
∇ · (u · u′2h ) + u′h(u

′ · ∇uh)]. (B.11)

Merge Equation B.9 and B.11, take the mean,

⇒ ρ0
∂

∂t

u′2h
2

= −ρ′w′g− ∂p
′w′

∂z
−∇h ·p′u′h−

ρ0
2
∇ · (u · u′2h )−ρ0u′h · (u′ · ∇uh)+u′h · F′h

(B.12)
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