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Abstract

INVESTIGATIONS OF THE CALIFORNIA CURRENT SYSTEM:

CLIMATE VARIABILITY AND

ADVANCES IN MODELING THE CIRCULATION

by

William James Crawford

The California Current System (CCS) is undoubtedly one of the most well

studied regions of the world ocean. The seasonal variability of equatorward

upwelling winds allow for the development of a complex set of dynamical fea-

tures while also sustaining a rich diversity of marine organisms. With use of

the state-of-the-art Regional Ocean Modeling System (ROMS) 4-dimensional

variational (4D-Var) data assimilation system, the circulation of the CCS is

explored in varying capacities over the time period 1980-2010.

Methods for improving the accuracy of circulation estimates provided dur-

ing ROMS 4D-Var model integrations are explored through quantification of

a source of intrinsic model error that arrises from unavoidable numerical inac-

curacies in the model and which is systematic to all oceanic and atmospheric

forecast models. Accounting for this source of model error in a model of the

CCS leads to demonstrable improvements to the circulation estimates com-

pared to those computed without use of these techniques (Section 2).

Additionally, an in depth investigation of the low-frequency modulation

of the circulation in a 31-year historical analysis of the CCS computed using

xxiv



the ROMS 4D-Var system is presented and helps to elucidate the complex

evolution of the 3-dimensional ocean state, as well as, assisting to link lo-

cal variations with basin scale climate modes; including the Pacific Decadal

Oscillation, North Pacific Gyre Oscillation and El Niño/Southern Oscillation

(Section 3). Using a linear inverse model, estimates of the dynamical modes

governing the temporal evolution of the CCS circulation are computed. The

dynamical modes capture the role ENSO plays in modulating the tempera-

ture, salinity and velocity structure in the CCS (Section 4) and the potential

for decadal variability in the CCS to be dominated by forcing by basin scale

climate modes (Section 5).
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1 Introduction

The California Current is one of four eastern boundary currents including the

Canary Current, Humboldt Current and Benguela Current. The important

role eastern boundary currents play in biological productivity and carbon ex-

port make them a focus for research (Carr and Kearns 2003). For this reason,

the CCS has become one of the most well observed regions of the ocean, begin-

ning with the CalCOFI program in 1949 and continuing into the present with

a coast-wide Integrated Ocean Observing System (IOOS). Furthermore, with

the addition of satellite remote sensing of the ocean surface in the early 1980’s

and the Argo profiling float program in 2000, the spatial and temporal extent

of ocean observations has increased dramatically. Moreover, the ability to sam-

ple the ocean surface and subsurface at higher frequencies and smaller scales

has drastically improved thanks to technological innovations in the fields of

autonomous underwater vehicles (AUVs), High Frequency (HF) Radar, ocean

gliders, amongst others. However, although the ocean state is being increas-

ingly well observed, the data are still relatively sparse in terms of large-scale,

long-term adjustments in the ocean, thus making it di�cult to ascertain infor-

mation regarding modulation of the circulation at these scales. Additionally,

the vast majority of observations are confined primarily to the ocean surface

leaving us largely uninformed about the deep ocean. It has therefore been

equally important that as our observational capacities have increased, so too

have the computational power of modern computers and along with it the qual-

ity of numerical ocean models. As with the spatial and temporal limitation
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of observations, so too does numerical modeling have its own limiting factors.

Atmospheric and oceanic models contain intrinsic errors that arise from the

fact that the model cannot perfectly resolve all temporal and spatial scales of

the ocean circulation. Rather the model equations are solved on a discrete

grid where the grid points may be separated by many kilometers in the hori-

zontal and tens to hundreds of meters in the vertical, which will tend to alias

any process smaller than that of the numerical grid. Unresolved processes are

accounted for in the model through parameterization and although methods

of parameterization are constantly being improved, unresolved processes can

still be a large source of error within models. Following the precedent set

by numerical weather prediction, many in the oceanographic community have

adopted the technique of data assimilation where numerical models and ob-

servations can be used together to provide a best estimate of the circulation

that is (relatively) seamless in space and time. In essence, the data assimila-

tion process will utilize observational information to inform and constrain the

model in order to reduce the misfit between the observed and modeled state.

One such numerical ocean model for which data assimilation methods have

been developed it the Regional Ocean Modeling System, and in recent year

has become one of the primary models used by the oceanographic community.

While many of the atmospheric and oceanic models for which data assimila-

tion algorithms have been developed use 3-dimensional variational (3D-Var)

methods, which seeks a solution at a single time, the methods developed for

ROMS used 4-dimensional variational (4D-Var) data assimilation which is able

2



to use observations within a window of time to inform the the time varying

model solution.

Using the ROMS 4D-Var data assimilation system, two historical simula-

tions of the California Current System circulation spanning the periods 1999-

2012 and 1980-2010 (hereafter referred to as WCRA14 and WCRA31 respec-

tively) have been computed by Neveu et al., (2016) and are available as a

community resource (http://oceanmodeling.ucsc.edu). WCRA14 was used as

a testbed in Section 2, which presents a method for estimating the covariance

of the intrinsic model error in the ROMS-CCS model, as well as, results from

experiments using the model error covariance estimates in the weak constraint

formulation of ROMS 4D-Var. Due to its longer time span, WCRA31 was

chosen as the foundation for investigating climate variability in the California

Current System in Sections 3, 4 and 5.

1.1 Circulation of the California Current System

1.1.1 General Circulation and Climatology

Here a brief description of the mean California Current System circulation is

presented, although other more detailed descriptions can be found elsewhere

(e.g. Hickey 1979 and 1998, Strub and James, 2000, Marchesiello et al., 2003,

and Checkley and Barth, 2009.)

The California Current (CC) is a slow equatorward-meandering current

formed as the North Pacific Current bifurcates upon its intersection with the

west coast of North America at ⇠ 50�N (Figure 1) forming the eastern leg
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of the North Pacific subtropical gyre and the subpolar gyre (Alaska Current).

The core of the southward flowing CC ranges from approximately Vancouver

Island in the north to Baja Mexico in the south, and up can be to ⇠ 1000 km

o↵shore. The CC is generally observed in the upper 500 m of the water column

with largest velocities at the surface on the order of 0.1 m/s.

Figure 1: Western North America coastline with the bathymetry of the CCS
model domain used in WCRA14 and WCRA31 shown in color. A schematic
representation of some of the important circulation features is also shown.

The core CC is accompanied by several other interesting dynamical features

collectively referred to as the California Current System (CCS). In response to

the seasonal appearance of equatorward, alongshore winds, upwelling fronts de-
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velop along the coast with a large signature in the o↵shore gradient in SST and

SSH due to coastal o↵shore Ekman divergence. The cross-shore pressure gra-

dient associated with the front gives rise to a nearshore equatorward jet (⇠ .5

m/s) at the surface along the coast of Northern California, Oregon and Wash-

ington. An important feature below the surface is a poleward flow referred to

as the California Undercurrent (CUC). The CUC flows along the continental

slope at a depth of ⇠ 100-300 m and can be coherent over large distances with

speeds of ⇠0.1 m/s. The core of the CC is in Sverdrup balance with nega-

tive wind stress curl found o↵shore. Part of the equatorward CC recirculates

within the Southern California Bight and is referred to as the Southern Cali-

fornia Eddy or Southern California Countercurrent when successfully rounding

Point Conception. North of Point Conception, the poleward flowing Davidson

Current (DC) appears in the fall and winter, and may be partially explained

by a positive wind stress curl within 200 km of the coast (Marchesiello et al.,

2003). During the spring and summer, upwelling favorable winds dominate

the coastal circulation prohibiting the development of the DC. As the flow of

the opposing coastal jet and CUC grow unstable, meanders begin to form in

the currents and can extend out from the coast, particularly in the vicinity of

large coastal promontories (Batteen, 1997). As the meanders extend further

they can separate as cyclonic or anti-cyclonic eddies, which propagate further

westward. These westward propagating eddies contribute to the development

of semi-permanent meanders in the California Current (Marchesiello et al.,

2003), as well as, a region of elevated eddy kinetic energy o↵shore (Kelly et
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al., 1998).

The climatological atmospheric forcing of the CCS alternates seasonally

between a strengthening of the Aleutian Low (AL) in the boreal winter and

the North Pacific High (NPH) in the summer. While the NPH combines with

the continental thermal low to drive equatorward winds along the entire coast

in the summertime, a strengthening of the AL in the wintertime drives pole-

ward winds in the northern regions (north of ⇠ 40�N). Though considerably

weakened, the NPH continues to drive equatorward winds along the central

and southern California coast in wintertime (Figure 2).

Figure 2: Climatology of the WCRA31 surface wind stress (N/m2) (vectors)
and sea-level pressure (contours). Pressure contours are in units of millibars.
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1.1.2 Climate Modes: Low frequency variations about the mean

Beyond seasonal variations, the CCS circulation is also characterized by cli-

mate scale variations, the most familiar of which are the Pacific Decadal Oscil-

lation (PDO), North Pacific Gyre Oscillation (NPGO) and El Niño/Southern

Oscillation (ENSO). All of these have been shown to correlate with signifi-

cant changes in the CCS; ranging from adjustment in alongshore currents to

ecological diversity.

The PDO is an important basin-wide mode of variability, with a structure

similar to ENSO in the tropical central and eastern Pacific (Mantua et al.,

1997). Similar to ENSO, the PDO is associated with variability through ad-

justments to the atmospheric pressure over the North Pacific and is defined as

the first principal component (PC) time series of SST in the North Pacific be-

tween 20�N and 65�N (http://jisao.washington.edu/pdo). During the positive

phase of the PDO, anomalously low pressure in the North Pacific is associ-

ated with cyclonic winds along the west coast of North America. Poleward

alongshore wind anomalies drive anomalous onshore transport of surface wa-

ter creating anomalously high sea surface temperature (SST) and sea surface

height (SSH). The dynamical nature of the PDO is a topic of much debate.

For instance, Schneider and Cornuelle (2005) have shown that the PDO can be

viewed as the combined response of ocean forcing by ENSO and the Aleutian

Low and modulation of zonal advection by the Kuroshio-Oyashio extension

by oceanic Rossby waves, lending weight to the idea that the PDO is not

associated with a single dynamical mode of the ocean-atmosphere system.
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The influence of the low-frequency component of the PDO on the CCS is

commonly discussed in terms of regime shifts. A shift in phase (or polarity) of

the PDO often leads to a shift in the long-term average (>10 years) of the ocean

state that is generally accompanied by a shift in ecological communities. Such

a regime shift occurred in 1977 when the PDO transitioned from a negative to

positive phase accompanied by anomalously low sea level pressure leading to

weakened alongshore winds, warm SST anomalies and anomalously high SSH

in the CCS (Miller et al., 1994; King et al., 2005). Bograd and Lynn (2003)

document a warming in the upper 200-400m of the water column, an increase

in stratification, and shifts in the position of the dominant large scale currents

in the CCS due to changes in the depth and slope of isopycnal surfaces. The

PDO has also been linked with source depth of coastally upwelled waters,

with the positive phase leading to a reduction in source depth (Chhak and

DiLorenzo, 2007). This reduction in the supply of deep, nutrient rich waters

during the positive phase of the PDO is coherent with changes in marine

ecosystem communities during the 1977 regime shift (McGowan et al., 2003;

Chavez et al., 2003).

More recently, Johnstone and Mantua (2014) have explored the role of the

PDO in the context of the observed long term upward trend in SST in the

northeast Pacific between 1900-2012 (Field et al., 2006) and its connection

to anthropogenic forcing. They found that even though an upward trend is

apparent in sea level pressure and SST, a possible reversal of the trend has

occurred since 1980.
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The North Pacific Gyre Oscillation (NPGO) is the oceanic complement of

the atmospheric North Pacific Oscillation and is characterized by a spin-up and

spin-down of the subtropical and subpolar gyre circulations on decadal time-

scales (Di Lorenzo et al., 2008). The NPGO index is defined as the PC time se-

ries of the second EOF of SSH in the North Pacific (http://www.o3d.org/npgo).

Since the CCS forms part of the equatorward branch of the North Pacific sub-

tropical gyre, the NPGO can significantly influence the coastal circulation

along the U.S. west coast. The positive phase of the NPGO manifests itself

physically as a strengthening of the North Pacific Current characterized by

an increase in the meridional sea surface height (SSH) gradient, downwelling

favorable conditions in the subtropical gyre and along the Alaskan coast, and

upwelling favorable conditions in the Alaskan gyre and in the CCS equatorward

of 38�N (Di Lorenzo et al., 2008).

Within the CCS region, the NPGO has been shown to correlate with vari-

ability in sea surface salinity (SSS), nutrients, chlorophyll-a, and alongshore up-

welling favorable winds (Di Lorenzo et al., 2009; Chhak et al., 2009). Combes

et al., (2013) confirmed the connection between the NPGO and equatorward,

alongshore winds by correlating the surface concentration of a modeled passive

tracer along the central and southern California coast (following a sub-surface

release) with the NPGO index. Additionally, Chenillat et al., (2012) have

shown that the phase of the NPGO can e↵ect the timing of the onset of the

upwelling season (i.e. the spring transition), with the positive (negative) phase

initiating an earlier (delayed) onset. The timing of the spring transition has
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been shown to have significant ecological e↵ects, with an early onset of up-

welling typically leading to a more productive ecosystem (McClatchie et al.,

2009).

A large body of literature documents the physical and biological response

of the CCS to ENSO, and here we provide an overview of these findings. Be-

ginning with the large amplitude El Niño event of 1982-83, it became a goal

of the scientific community to fully understand and monitor the phenomenon.

The 1982-83 event went largely unnoticed until its peak due to a lack in obser-

vations, as well as being obscured from detection due to its deviation from the

composite progressions described by Wyrtki (1975) and Rassmuson and Car-

penter (1982) (Barnston, 2015). The eruption of El Chincon in the spring of

1982 further obscured the developing El Niño from observation. Shortly after,

development of the Tropical Atmosphere Ocean (TAO) observational mooring

array was began and eventually deployed along the equatorial Pacific with the

intention of monitoring the development of an ENSO event.

The CCS response to ENSO can be identified with two distinct mechanisms

often referred to as local and remote mechanisms. The atmospheric circulation

along the U.S. west coast responds rapidly to a developing El Niño or La Niña

event in the central tropical Pacific via atmospheric teleconnection patterns

in the form of planetary waves (Hoskins and Karoly, 1981; Trenberth et al.,

1998; Alexander et al., 2002), which can significantly alter the winter-time

circulation in the NE Pacific (Renwick and Wallace, 1996). Thus the CCS

can respond to ENSO- induced changes in the local atmospheric forcing. In
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addition, the coastal waveguide forms a conduit for coastally trapped wave

energy that can propagate poleward from the tropics (Chelton and Davis,

1982; Clarke and Lebedev, 1999). The coastally trapped waves are excited by

the arrival at the eastern boundary of equatorial Kelvin waves, an integral part

of the oceanic adjustment process in the tropical Pacific during ENSO events

(McCreary, 1976; Wang and Picaut, 2004). The remote mechanism refers

to the propagation of the ENSO signal to the CCS region through coastally

trapped waves and is also sometime called the oceanic pathway.

Two notable summaries of the response in the CCS to ENSO are presented

by Wooster and Fluharty (1985) and Hickey (1998). Some of the observed

circulation changes in the CCS associated with ENSO include warming in the

upper 500 meters of the water column, decreased surface salinity, and increased

subsurface salinity at 300 meters depth through poleward advection of saltier

waters from the south. Increased coastal sea surface height and o↵shore steric

height coupled with a deepening of the thermocline are also observed (Strub

and James, 2002). Strub and James (2002) also recognize anomalously high

SSH at the mouth of the Gulf of California as a necessary condition for the

coastally trapped waves generated at the equator to successfully propagate to

more northerly latitudes (e.g. the CCS region). A deeper thermocline and re-

duction of alongshore winds together decrease the typical rate of cold, nutrient

rich water begin upwelled to the surface, having significant implications for the

chemical and biological state of the coastal region (Jacox et al., 2015a). Bio-

logical e↵ects include changes to phytoplankton and zooplankton abundance,
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which invariably lead to adjustments at higher trophic levels (e.g. Peterson et

al., 2002; Corwith and Wheeler, 2002; Benson et al., 2002). Furthermore, the

overall equatorward transport of the CCS is reduced through a weakening of

the broad equatorward CC and a strengthening of the CUC. One of the largest

El Niño events on record occurred during 1997-98, coincident with extensive

scientific monitoring in the California Current domain. The physical and bio-

logical impacts of this event were well documented in a special issue of Progress

in Oceanography (2002, volume 54). As detailed in Jacox et al., (2016), the

2015-16 event was in some respects as strong or stronger than the large am-

plitude events of 1982-83 and 1997-98 in the equatorial Pacific; however, the

physical and biological response in the CCS to this event was markedly weaker.

A frequently used index of ENSO activity in the equatorial Pacific is the

Multivariate ENSO Index (MEI, http://www.esrl.noaa.gov/psd/enso/mei). The

MEI is defined as the PC time series of the first EOF of a combination of sev-

eral measured oceanic and atmospheric variables in the tropical Pacific that

include sea-level pressure, SST, zonal and meridional components of the sur-

face wind, surface air temperature and total cloudiness (Wolter and Timlin,

2011).

1.2 Methods

In this thesis, extensive use has been made of the sequence of 4D-Var historical

analyses provided by WCRA14 and WCRA31. In Section 1.2.1 the Regional

Ocean Modeling System and the general model formulation of the two historical
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analyses is described and Section 1.2.2 describes the 4D-Var procedure and

formulation used during the assimilation procedure of WCRA14 andWCRA31.

Several methods of 3-dimensional time series analysis are used throughout this

thesis, and an overview of the methods is presented in Section 1.2.3 for reference

throughout.

1.2.1 The Regional Ocean Modeling System

The Regional Ocean Modeling System (ROMS) is a hydrostatic, Boussinesq,

primitive-equation general circulation model primarily designed for coastal ap-

plications (Haidvogel et al., 2008); however, its flexibility has allowed its use

in far ranging applications from the very nearshore to basin-scale (Moore et

al., 2011a). ROMS uses a terrain-following s-coordinate system in the vertical

and curvilinear coordinates in the horizontal allowing for increased resolution

in areas of complex coastline and bathymetry (Shchepetkin and McWilliams,

2005), which is the case for much of the US west coast. The ROMS equations

of motion are solved on a discrete Arakawa C-grid which staggers the ROMS

state variables on either the center of the grid-cell for density (⇢), temperature,

salinity, free surface height (⇣) and vertical velocity (w) or on the edges for

horizontal velocity (u; east/west, v; north/south). In the vertical, all of the

ROMS state variables are located at the center of the model grid cell with the

exception of w which is located at the top and bottom faces of each cell. An

illustration of the horizontal and vertical configuration of the ROMS Arakawa

C-grid is shown in Figure 3.
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Figure 3: Illustration of the horizontal and vertical configuration of the ROMS
Arakawa C-grid (https://www.myroms.org)

The ROMS source code is written in Fortran 90/95 with the availabil-

ity of C pre-processing which allows for a simplified activation of the desired

physical and numerical options. A list of activated CPP options used in the

computation of WCRA14 and WCRA31 are shown in Table 1. The algorithms

which comprise the core of the nonlinear ROMS (NLROMS) kernel are de-

tailed in Shchepetkin and McWilliams (2003) and (2005), with the tangent

linear (TLROMS) and adjoint (ADROMS) components described in Moore et

al., (2004), which are required for the variational data assimilation procedure

described in Section 1.2.2. ROMS is freely available to the scientific commu-

nity (www.myroms.org), and ROMS version 3.4 was used in the computation

of WCRA14 and WCRA31.

Following Neveu et al., (2016), the ROMS state vector will be denoted

x and contains all grid-point values of temperature, salinity, the horizontal

components of velocity and sea surface height (x = (T, S,u,v, ⇣)T ). The
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discrete NLROMS momentum and tracer equations advance the state vector

forward in time, and the discretized solution of the non-linear ROMS model

on the interval [ti�1, ti] can be represented as:

x(ti) = M(ti, ti�1)(x(ti�1), f(ti�1, ti),b(ti�1, ti)) (1)

where M represents the NLROMS operators acting on the ROMS state vector

x(ti�1) subject to the surface forcing and boundary conditions given by f and

b respectively.

The use of ROMS in modeling the dynamics of the CCS both with and

without the use of data assimilation has been the subject of numerous inves-

tigations including, but not limited to: Marchesiello et al., (2003), Capet et

al., (2008a, b and c), Li et al., (2008), Broquet et al., (2009), Chao et al.,

(2009), Veneziani et. al. (2009a and b), Broquet et al., (2011) and Moore et

al., (2011a, b and c).

The resolution of the ROMS-CCS model used here is 1/10� in the hor-

izontal and contains 42 vertical s-levels with vertical grid spacing from as

low as 0.3 m in the nearshore zone and up to O(100m) at depth in o↵shore

region. Open boundary conditions are taken from the Simple Ocean Data

Assimilation Product (SODA) of Carton and Giese, (2008). Atmospheric sur-

face forcing variables used to compute surface heat flux, zonal and meridional

wind stress and freshwater fluxes during WCRA14 are taken from the Cou-

pled Ocean Atmosphere Mesoscale Prediction System (COAMPS) provided
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by the Naval Research Laboratory (Doyle et al 2009). Due to the extended

time span of WCRA31, the surface forcing is derived from multiple sources, in-

cluding two reanalysis products from the European Center for Medium-Range

Weather Forecasts (ECMWF), ERA-40 and ERA-Interm, as well as, the Cross

Calibrated Multi-Platform (CCMP) wind product of Atlas et al., (2011).
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Table 1: ROMS CPP options activated during the computation of WCRA14
and WCRA31
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1.2.2 Data Assimilation System and CCS Historical Analyses

Although the circulation of the CCS has been the subject of many investiga-

tions, many of these studies are invariably limited by temporal or spatial data

constraints. This lends motivation to the computation of two historical analy-

ses of the CCS circulation, where the methods of data assimilation were used

to mitigate observational limitations while simultaneously taking advantage of

their value. Of particular interest are the nearshore dynamics which are often

obscured from observation by a persistent layer of marine stratus.

Both historical analyses (WCRA14 and WCRA31) were computed using

the ROMS 4-dimensional variational (4D-Var) data assimilation system. In

essence, data assimilation is a combination of the value that exists in the

numerical model with that of the observations by formally casting them in the

conditional probability framework of Bayes’ Theorem:

P (z|y) = P (y|z)P (z)/P (y). (2)

Here z represents the ROMS control state, which contains the prior initial

conditions, boundary conditions, and surface forcing; and y represents the

observations. P (z|y) is the conditional probability of the model control state

given the observations, P (y|z) is the conditional probability of y given z, and

P (z) is the probability of having a particular control state. P (y) acts as a

normalizing coe�cient to ensure the integral of P (z|y) is equal to 1.

If the prior control vector, zb, contains estimates of the initial conditions
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xb(0), boundary conditions bb, and surface forcing fb, the process of data as-

similation seeks to find a posterior control vector, za = (xT
a (0),b

T
a , f

T
a )

T , that

maximizes the conditional probability, P (z|y). The prior and posterior solu-

tions are also referred to as the background and analysis respectively, which

explains the use of “b” and “a” as subscripts. For Gaussian errors, the pos-

terior control vector which maximizes P (z|y) will also serve to minimize the

non-linear cost function:

JNL =
1

2
(za � zb)

TB�1(za � zb) +
1

2
(y �H(za))

TR�1(y �H(za)), (3)

where B and R are the prior error and observation error covariance matrices,

and represent uncertainty in the prior state, zb and observations, y respectively.

H represents the observation operator which maps the model solution, in this

case the posterior estimate za, to the observation locations and will also contain

the NLROMS dynamical equations. B is a block diagonal matrix, and in the

case of strong constraint data assimilation, contains the prior error covariances

associated with the initial conditions, boundary conditions and surface forcing;

B = diag(B
x

,B
b

,B
f

). In the weak constraint formulation of ROMS 4D-Var,

the model error covariance matrix, Q, is included along the diagonal of B

and is added to account for errors in the model formulation. WCRA14 and

WCRA31 were computed using 4D-Var in its strong constraint formulation,

which requires that the posterior solution be an exact solution to the model
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equations. This constraint will be relaxed in Section 2 where estimates of Q

are used in the same model of the CCS as in WCRA14 and WCRA31 using

ROMS 4D-Var in its weak constraint formulation. In this case, adjustments

are made to the model solution to account for model error, and therefore the

posterior estimate is no longer required to be an exact solution of the model

equations.

The first term on the left hand side of (3) represents the weighted squared

di↵erence between the posterior (za) and prior (zb) control vectors, in e↵ect

penalizing the minimization of JNL as the posterior solution departs further

from the prior. This term arises from P (z) in (2). The second term represents

the weight squared di↵erence between the observations and the posterior solu-

tion, decreasing the cost function as H(za) approaches the observations. This

term arises from P (y|z) in (2).

Although the calculus of variations allows for the direct minimization of

JNL, it is not practical since JNL is non-linear and will likely contain multiple

minima. Instead a posterior solution is sought using the iterative method of

Courtier et al., (1994) which seeks to solve for increments to zb that minimize

JNL about zb. The procedure is employed through a linearization of the model

and observation operator (Lawless et al., 2005) and allows for the solution of

a quadratic cost function given by

J =
1

2
�zTB�1�z+

1

2
(d�G�z)TR�1(d�G�z), (4)

where �z is the increment to the prior control vector such that za=zb+�z.
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The innovation vector is given by d = (y � H(zb)), and G is the tangent

linearization of H and includes the tangent linear model.

In the incremental formulation of 4D-Var, the increment to the prior control

vector is given by �z=Kd whereK is the Kalman gain matrix. The gain matrix

can be solved in two di↵erent forms:

K = (B�1 +GTR�1G)�1GTR�1 (5)

or

K = BGT (GBGT +R)�1 (6)

and are referred to as the primal and dual formulation, respectively. The two

forms can be shown to be identical using the matrix inversion lemma. The

space spanned by the primal gain matrix is equal to the space spanned by the

control vector, and therefore the dual formulation, which has a dimension equal

to that of the observations, presents a considerably smaller dimension. ROMS

supports primal and dual 4D-Var algorithms, and a thorough description of

each is given in Moore et al., (2011a). WCRA14 and WCRA31 both use the

dual form of the gain matrix given in (6). In the dual form, the increment to the

control vector can be expressed as �z = BGTw where w = (GBGT +R)�1d

and is a vector of the model solution x in the dual (or observation) space.

Once NLROMS has integrated the prior control vector forward in time, w

can be identified and run backwards in time using GTw (ADROMS), where
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GT is the adjoint of the observation operator. Multiplication by the error

covariance B then returns the increment �z. To determine a new value of w,

TLROMS will advance the increment forward in time, whereupon the gradient

of the dual penalty function I with respect to w is computed:

@I

@w
= (GBGT +R)w � d. (7)

The goal is to determine a new value of w which returns a smaller value of I.

Identification of w is traditionally carried out with use of a conjugate gradi-

ent decent algorithm, and in ROMS an equivalent solution is identified using

the Lanczos algorithm (Moore et al., 2011), which factorizes the stabilized

representer matrix, GBGT +R, as

GBGT +R ' VTVT . (8)

The columns of V are Lanczos vectors and represent the descent directions

for the minimization of I. Once a new value of w is computed, ADROMS

will again integrate backwards in time to solve for new increment �z which

will be advanced forward in time by TLROMS. These repeated backward and

forward integrations of the model are referred to as inner-loops and a new

Lanczos vector is obtained for each inner-loop. Both CCS historical analyses

use 15 inner-loops during each assimilation cycle. An additional option during

ROMS 4D-Var is to periodically re-run NLROMS with the updated control

vector before doing another set of inner-loops, where ADROMS and TLROMS
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are again iterated to further minimize J . These additional runs of NLROMS

are referred to as outer-loops, and in the case of WCRA14 and WCRA31 only

one outer-loop was used. Regardless of the number of outer loops used, the

final step in ROMS 4D-Var is to run NLROMS with the final solution of the

posterior control vector za to give a final estimated state of the time evolving

ocean, xa.

Unlike 3D-Var data assimilation methods which seek a posterior solution

at a single time, 4D-Var uses the numerical model to propagate information in

time during a finite assimilation window (Moore et al., 2011a). Both historical

analyses use 8-day, overlapping assimilation windows with each subsequent

cycle overlapping the previous by 4 days. Each 4D-Var cycle is initialized from

the midpoint of the posterior solution of the previous cycle, since the error in

the posterior is a minimum at this point (Neveu et al., 2016). A schematic

representation of the overlapping 4D-Var cycles used in both historical analyses

is shown in Figure 4.

Figure 4: Illustration of the temporal progression of the 8-day overlapping data
assimilation cycles used in WCRA14 and WCRA31. The initial time of cycle
j is indicated by tj0. The midpoint of the posterior solution in cycle j is used
as the initial condition in cycle j + 1 and cycle j + 2 will initialize from the
midpoint of cycle j + 1. From Neveu et al., (2016).

All available observations (in situ and satellite) were assimilated during
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each 8-day assimilation window and a summary of the assimilated observations

along with the relative observation error is provided in Table 2.

Table 2: Type and source of the assimilated observations in WCRA14 and
WCRA31 including nominal instrument error and coverage period. From
Neveu et al., (2016).

To summarize, each 8-day overlapping assimilation cycle of WCRA14 and

WCRA31 were computed using 1 outer-loop and 15 inner-loops of the ROMS

4D-PSAS system in its strong constraint formulation with an incremental min-

imization of the linearized cost function. Each cycle is initialized from the mid-

point of posterior solution of the previous cycle and all available observations

were assimilated.

Figure 5 illustrates the minimization of (4) for WCRA14 and WCRA31

by plotting time series of the prior and posterior value of J versus time. In

all cases, the posterior value of J is smaller than the prior, indicating the

assimilation procedure is performing as it should. Also shown is JNL computed

from (3), and in most cases, JNL tracks closely along the posterior value of J .

The agreement between J and JNL demonstrates validity in the assumptions

made to allow for a tangent linearization of the model solution during the

incremental minimization procedure.
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Figure 5: Time series of the prior (black) and posterior (red) cost function
computed from (4) for WCRA14 (top) and WCRA31 (bottom). Posterior
values of JNL computed from (3) are indicated by blue x. For the sake of clarity,
only values for every 5th (10th) cycle are plotted for WCRA14 (WCRA31).
Partially replicated from Neveu et al., (2016).

1.2.3 Three-dimensional Time Series Analysis

One of the primary purposes of this thesis is the analysis of the 3-dimensional

time evolution of the CCS circulation. Several robust methods of analysis are

employed, and these are detailed in the remainder of this Section.

i) Wavelet Analysis

Wavelet analysis techniques, as described in Torrence and Compo (1998; here-

after TC98), can be used to determine how the dominant time scales (or fre-

quencies) of variability within a time series vary in time. Compared to tra-

ditional Fourier analysis, wavelet analysis is superior in that it allows for the

decomposition of a time series not only into its dominant frequencies, but also
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indicates the time dependent nature of the energy contained in each frequency

by representing the spectrum as a function of time and frequency. The value

of interest is the wavelet power spectrum and is calculated as the square of the

modulus of the wavelet transform

Wk(s) =
N�1X

k=0

x̂k ̂
⇤(s!)ei!kn�t (9)

where s is the time scale at which the wavelet transform is being calculated.

In equation (9), x̂k represents the Fourier transform of the original time series

xn and  ̂⇤(s!) is the Fourier transform of the original base wavelet function

 (t/s). The wavelet power spectrum is then |Wk(s)|2. The wavelet transform

is then the inverse Fourier transform of the product of x̂k and  ̂⇤(s!). By

varying the scale of the base wavelet and translating along the time axis we

can determine the amplitude of the time series at each scale. In the presented

analysis, we explore the use of the Morlet and Paul wavelets, though there are

others of notable use in geophysical applications.

Assuming that a given time series can be modeled as red noise, significance

levels for the wavelet power spectrum can be computed through comparison

with a background red noise spectrum, Pk, calculated using the lag-1 autocor-

relation coe�cient (↵) of the original time series,

Pk =
1� ↵2

1 + ↵2 � 2↵cos(2⇡k
N

)
, (10)

where k is the frequency index and N is the length of the time series. Assuming
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the time series is normally distributed, a 95% confidence level is calculated as

1
2Pk�

2
2 where �

2
2 is the chi-squared value for the 95% percentile with two degrees

of freedom (in this case 5.991).

As an example, Figure 6a shows a time series of the MEI index and average

SST in a 1� latitude by 100km o↵shore box at 38�N along the California coast.

Figure 6b and c show the wavelet power spectrum computed from (9) for

each of these time series, with the global power spectrum shown on the left.

The global power spectrum represents the time average of the wavelet power

spectrum and is calculated as

W
2
(s) =

1

N

N�1X

n=0

|Wn(s)|2. (11)

The thin, black conically-shaped line in each wavelet power plot serves as

a warning to indicate a region of the wavelet power that can be potentially

influenced by a padding of zeros added to the time series and is referred to as

the cone-of-influence (COI). Padding at each end of the time series is necessary

to yield a time series that has a length equal to a power of 2, and therefore

any portion which falls within the COI should be treated with caution.

Wavelet analysis can be extended to two separate time series (X and Y ),

where the goal is to compare the wavelet power spectrum of each time series

and determine the time period and scales over which the two time series have

correlated power. The spectra are compared through computation of the cross
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wavelet power spectrum

WXY
n (s) = |WX

n (s)W Y ⇤
n (s)|, (12)

where W Y ⇤
n (s) is the complex conjugate of the wavelet transform of Y . As-

suming X and Y are normally distributed with spectra PX
k and P Y

k calculated

from (10), the cross-wavelet power is distributed as Z⌫(p)
⌫

p
PX
k PX

k . For the use

of the complex wavelets as is the case here ⌫ = 2 and Z2(95%) = 3.999 as

described in TC98.

Figure 6d shows the cross-wavelet power spectrum between the MEI and

38�N SST time series shown in 6a, and indicates the two time series contain

significant correlated power during much of the 1980’s and late 1990’s on scales

typically associated with ENSO (i.e. 2-5 year period). Similar to the global

power spectrum, averaging across period (or scale) is referred to by TC98

as scale-averaging and indicates the average power within a range of scales.

Scale-averaged wavelet power between scales s1 and s2 is calculated as

W
2
(s1 � s2) =

�j�t

C�

j2X

j=j1

|Wn(sj)|2

sj
, (13)

where �t represents the time between points in the time series and is set to

0.083 (or 1
12) fractions of a year in the present study for use of monthly data.

The value of �j is variable based on the desired resolution in scale of the

wavelet spectrum and following TC98 is set to 0.125 in all presented analyses.

C� is an empirically derived reconstruction factor computed separately for each
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wavelet. Values given in TC98 for the Morlet and Paul wavelet are 0.776 and

1.132 respectively.

Scale averaging is not limited to the wavelet power spectrum of a single

variable only and is equally as valid for cross-wavelet power spectra as well. In

the case of scale-averaged cross-wavelet power, the univariate wavelet power

spectrum (|Wn(sj)|2) is replaced by the cross-wavelet power-spectrum in (12).

Figure 6e shows scale-average power for the cross-wavelet power spectra shown

in Figure 6d, where the the cross-wavelet power is averaged across the 2-5

year scales. TC98 present no mathematical relationship for the confidence

intervals of scale-averaged cross-wavelet power, and no attempt at deriving

one was successful. Instead, following TC98, a Monte Carlo method can be

used to determine significance levels for the scale-averaged cross-wavelet power

between X and Y. In this case, 100,000 pairs of simulated red noise time

series, each modeled as an AR(1) process, were calculated using the lag-1

autocorrelation coe�cients of the original MEI and SST time series shown in

Figure 6a. Scale-averaged cross-wavelet power was computed for each pair of

simulated time series and the appropriate 95% significance level determined.
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Figure 6: Wavelet analysis using the Paul wavelet for the MEI and 38�N SST
time series shown in (a). Wavelet power spectrum of the MEI (b) and SST (c).
Cross-wavelet power spectrum (d) computed from the wavelet spectra in (b)
and (c). The global wavelet spectrum defined by (11) as the time mean of the
wavelet power spectrum is shown for each on the left hand side. Scale-average
cross-wavelet power (e) computed from the spectrum in (d), averaged across
the 2-5 year period. Thick black contour in b-d indicates 95% significance,
and thin, black conical line indicates the cone-of-influence. Red line in (e)
indicates 95% significance computed using the Monte Carlo method described
in the text.

ii) Empirical Orthogonal Function Analysis Empirical orthogonal func-

tion (EOF) analysis is a commonly used statistical tool applied to 2- and

3-dimensional geophysical time series to investigate the modes of highest vari-

ance, or the patterns of variability that emerge most often. The EOFs are the
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eigenvectors defined by

Cek = �kek, (14)

where C is the covariance matrix of any time evolving field, x, and �k and

ek are the eigenvalues and eigenvectors respectively. Projecting any individual

EOF pattern onto the original time dependent fields yields the time evolving

amplitude of the EOF or Principal Component (PC) time series, u(t), such

that x(t) =
PK

i=1 ui(t)ei where K is the total number of EOFs.

In oceanography, where the majority of observations take the form of

satellite derived SST and SSH, it is common to compute EOFs of a single

2-dimensional field, as is the case for the PDO (SST) and NPGO (SSH) de-

scribed in Section 1. There is no limitation, however, on the extension of EOF

analysis to a 3-dimensional multivariate covariance matrix as well. This is

of particular utility in this thesis where patterns of variance in the full 3D

ROMS state vector (x = (T, S,u,v, ⇣)T ) are sought. In this case, to account

for variables of di↵ering units, it is necessary to either rescale each variable to a

common set of units or non-dimensionalize them before computing the EOFs.

Furthermore, when working with spatially discrete fields (such as model out-

put) it is necessary to also account for the representative volume of each model

grid-point (North et al., 1982), which varies a great deal in the ROMS CCS

model as described in Section 1. To address these points, a matrix of weights,

W, is used to appropriately rescale the elements of x.

The 3-dimensional empirical orthogonal functions (3D-EOFs) are then the

eigenvectors of the rescaled covariance matrix
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C =
1

n

31X

i=1

12X

j=1

(wi,j �wj)(wi,j �wj)
T , (15)

where wi,j = W
1
2 x̂i,j, so that x̂i,j is monthly mean model state of month j in

year i, and wj is the weighted climatological state of the ocean computed as

an average over the time period of the analysis.

A natural unit suitable for describing variance in the ocean is energy, and

this method of weighting will be denoted as W1. In this case, the state vari-

ables are scaled such that the trace of the covariance matrix yields the total

perturbation energy per unit volume (J m�3) given by

Ei,j = (xi,j � xj)
TW1(xi,j � xj)

=
⇢0g

2V

Z �e

�w

Z �n

�s

�⇣2i,ja cos�d�d� (16)

+
⇢0
2V

Z ⇣i,j

�H

Z �e

�w

Z �n

�s

[�u2
i,j +�v2i,j + (↵2�T 2

i,j + �2�S2
i,j)g

2/N2]a cos�d�d�dz,

where �Ti,j, �Si,j, �ui,j, �vi,j and �⇣i,j are the temperature, salinity, zonal

velocity, meridional velocity, and free surface height component of (x̂i,j � xj);

(�w,�e) and (�s,�n) define the west-east longitudinal and south-north latitu-

dinal extent of the model domain; H(�,�) is the ocean depth; ↵ is the thermal

expansion coe�cient; � is the salinity contraction coe�cient; N2 is the squared

Brunt-Väisälä frequency; V is the ocean volume of the domain; and a repre-

sents the Earth’s radius.

Another appropriate method for scaling the 3-dimensional multivariate co-

variance matrix is to render the elements non-dimensional by scaling each
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element by ��1
x

dV
V

where �x is the standard deviation and dV
V

is the fraction of

the total domain volume represented by the individual grid-cell. The scaling

coe�cients will again be contained in a matrix of weights denoted W2.

Regardless of the chosen method of weighting, the emergent EOFs can be

projected back into familiar physical dimensions according to rk = W� 1
2ek.

A significant feature of EOF analysis is that each eigenvector is orthogonal to

every other eigenvector, explaining an independent portion of the variance not

captured by any other mode. In the case of EOFs scaled back into the original

physical dimensions, the EOFs rk are orthogonal with respect to W so that

riTWrj = �i,j where �i,j is the Kronecker delta.

When reporting EOFs, it is common to arrange them in order of highest

explained variance, which is computed from the ratio of the individual eigen-

value of the kth EOF (�k in equation 14) to the total variance of the system

or the trace of the covariance matrix, Tr(C). Because a covariance matrix de-

rived from the ROMS state vector has a dimension of O(106), solving for the

eigenvectors of C by traditional methods is not possible. We therefore solve

for the leading EOFs (i.e., those explaining the largest percent variance and

therefore of greatest interest) using an iterative Lanczos method as described

in Appendix A of Crawford et al., (2017; see Appendix B). Each iteration of the

the Lanczos algorithm will resolve a new EOF which explains a progressively

smaller fraction of variance than those resolved during previous iterations.
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iii) Linear Inverse Modeling Although EOF analysis reveals the temporal

and spatial nature of the dominant modes of variance, they do not provide in-

formation about the inherent dynamical modes of the system (e.g., Dommenget

and Latif, 2001; Monahan and Fyfe, 2006; Monahan et al., 2009). A common

method for investigating the dynamical (or normal) modes is linear inverse

modeling, where the goal is to construct a low-dimensional approximation of

the dynamical operators governing the circulation. A thorough review of lin-

ear inverse methods is provided in von Storch (1995), although there are many

other notable uses in oceanic and atmospheric research. For example, Newman

et al., (2016) have used a linear inverse model (LIM) to reconstruct the Pacific

Decadal Oscillation from a superposition of several dynamical modes of the

full North Pacific basin.

Departures from a mean state will be represented as �x = x̂ � x. Sta-

tistically steady time series of �x can be modeled as a stochastically forced

linear system and a mathematical model of their evolution can be represented

in di↵erential form as:

d�x = A�xdt+ ⇠dt, (17)

where A is a linear propagator matrix which advances �x in time and ⇠dt

represents a white (in time) stochastic forcing. The normal modes of the

system are the eigenvectors of A and following von Storch et al., (1995) can

be solved equivalently as the eigenvectors of eA⌧ computed from the lag-0 and

lag-⌧ covariance matrices as
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M = eA⌧ = C(t+ ⌧)C(t)�1, (18)

where C(t) = h�x(t)�xT (t)i, C(t + ⌧) = h�x(t + ⌧)�xT (t)i and ⌧ represents a

time lag.

However, as in the case of the 3D-EOFs, the dimension of the system

(O(106)) precludes carrying out the LIM computation directly, particularly in

the case of C(t)�1, which can be very challenging to evaluate for large dimen-

sional systems. Employing methods introduced in Penland and Sardeshmuk

(1995) and von Storch (1995) a reduced rank approximation of M can be com-

puted using the PC time series of the leading EOFs where �x(t) =
PN

i=1 ui(t)ei

and N is the total number of leading EOFs retained. Representing a vector

of the leading N PC time series as u(t), a reduce rank approximation of M

can be computed using the lag-0 (�(t) = hu(t)uT (t)i) and lag-⌧ (�(t + ⌧) =

hu(t+ ⌧)uT (t)i) covariance matrices:

M̃ = �(t+ ⌧)�(t)�1. (19)

It is straightforward to compute the eigenvectors of M̃, which in this case

represent approximations of the normal (or dynamical) modes of the system.

Adopting the terminology of Hasselman (1988), we will refer to these approx-

imations as Principal Oscillation Patterns (POPs). The reduced rank repre-

sentation of (17) is now given by:
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du = M̃udt+ ⇠̃dt, (20)

where dt represents the time step of the LIM.

iv) Prinicipal Oscillation Patters Using (19) to derive the reduced rank

linear propagator matrix M̃, the eigenvalues and eigenvectors are identified

from the equation M̃ei = �iei and represent approximations of the normal

modes or Principal Oscillation Patterns (POPs). The eigenvalues and eigen-

vectors emerge in complex conjugate pairs, and each pair together describes

a single dynamical mode. The real and imaginary components of each indi-

vidual eigenvector will capture a separate portion of the complex oscillation.

The complex conjugate of each (given by its companion eigenvector) represents

the oscillation between the positive and negative phase of the oscillation. The

imaginary component of the complex eigenvalues, Im(�i), represents the os-

cillation time period of the POPs with the decay rate represented by the real

component Re(�i). As discussed in Penland and Sardeshmukh (1995), if M̃ is

derived from statistically stable time series, the decay rates will be negative.

Each POP will evolve in time according to ûi(t) = e�itei, where �i and ei are

the complex eigenvalues and eigenvectors respectively, and each will progress

in sequence as Re(ei) ! �Im(ei) ! �Re(ei) ! Im(ei) ! Re(ei) ! . . .. The

sequence progresses in quadrature, and therefore each phase will be separated

from the previous by 1
4 of a period. Because the POPs are only approximations

of the real normal modes, it is recommended to conduct some verification that
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the emergent POPs mimic the characteristics of a real dynamical mode. A

method for testing the validity of the emergent POPs is given in von Storch

(1995) using the coherence and phase between the real (Re(ai)) and imaginary

(Im(ai)) components of the time evolving complex amplitude of each POP

given by ai(t) = (e†i )
H�xT (t). Here e†i are the eigenvectors of M̃T and the su-

perscript H denotes the Hermitian transpose. To adequately represent a real

mode of the system, the cross-power spectra and squared coherence between

Re(ai) and Im(ai) should peak near the oscillation frequency of the POP. Ad-

ditionally, the phase separation should be approximately �90� in the vicinity

the POP frequency.

Extensive use of the EOF and LIM techniques outlined above are made in

Sections 2-5. In Section 2, the methods are used to derive estimates of the

model error covariance matrix using the stochastic forcing term on the right

hand side of (20), while in Section 3 a LIM of the CCS circulation is derived

and provides three reliable estimates of the dynamical modes (POPs) of the

CCS circulation. Two of the three POPs from the CCS LIM analysis are

detailed in Sections 4 (POP-1) and 5 (POP-3).
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2 Weak Constraint Data Assimilation in a Model

of the California Current System

Abstract

Inherent to all oceanic and atmospheric forecast models is a source of in-

trinsic error emanating from numerical inaccuracies within the system (e.g.,

parametrization of unresolved processes, discretization, etc.). This error is of-

ten disregarded in model simulations due to a lack in understanding of the

size and spatial distribution of the errors. Estimates of the model error co-

variance matrix, Q, were computed for a model of the California Current Sys-

tem using the Regional Ocean Modeling System (ROMS). The estimates were

computed using a combination of strong constraint 4-dimensional variational

(4D-Var) data assimilation, twin-model experiments, linear inverse methods

and a Bayesian hierarchical model.

The estimates of Q were subsequently used in the weak constraint formu-

lation of ROMS 4D-Var to simulate the CCS circulation, and the resulting

circulation estimates are shown to be an improvement of those computed us-

ing the strong constraint formulation, where intrinsic model error is not taken

into account. The weak constraint 4D-Var solution is an improvement in that

the analysis is brought closer to the observations while also reducing the mag-

nitude of adjustments made to the prior surface forcing. The second point

is of particular importance since the prior surface wind stress forcing used in

the ROMS 4D-Var model has been independently verified as reliable through

comparison to observations, and therefore likely requiring minimal adjustment
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during the assimilation procedure.

Furthermore, comparison of upwelling velocities in the circulation estimates

provided by WCRA14 and the weak constraint 4D-Var experiments indicates a

significant impact of corrections for model error on the rate of upwelling along

the central and northern CCS coast, with the largest di↵erences concentrated

around coastal promontories. The localized e↵ects of upwelling in the lee of

coastal promontories is significant because of the impact on the air-sea flux of

CO2 to the atmosphere potentially altering the rates of ocean acidification and

accompanying biogeochemical processes.
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2.1 Introduction

In a formulation of the ROMS-CCS model similar to that of WCRA14 (cf. Sec-

tion 1) only without data assimilation, Veneziani et al., (2009) found significant

seasonal biases in modeled SST compared to observations, with a particularly

large bias during the fall. During this time period, the modeled state is warmer

(colder) south (north) of Cape Mendocino and the largest model-observation

misfits (⇠ 1-1.5 �C) occur in the vicinity of Cape Mendocino. Additionally,

Broquet et al., (2011) identified errors in this same region of the domain us-

ing strong constraint ROMS 4D-Var. During the assimilation procedure of

Broquet et al., (2011) the surface forcing term, f , was included in the 4D-Var

control vector, and therefore adjustments to the surface forcing were made by

4D-Var to minimize the model-observation misfit (second term on the right

hand side of (4)), leading to a minimization of J . The authors found that

while 4D-Var successfully reduced the model-observation SST misfit, the prior

alongshore surface wind stress was adjusted to an unrealistic level as con-

firmed through comparison with observations. Specifically, a relaxation in the

alongshore wind stress lead to a reduction in the rate of upwelling, e↵ectively

increasing the nearshore SST. The prior wind stress used in the model of Bro-

quet et al., (2011) was provided by the Coupled Ocean-Atmosphere Mesoscale

Prediction System (COAMPS; product of the Naval Research Laboratory) and

has been independently verified against observations to be reliable in the CCS

region (Doyle et al., 2009). The studies of Veneziani et al., (2009) and Broquet

et al., (2011) help to highlight two important factors pertaining to model error
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in the ROMS-CCS model. The first being the identification of a geographi-

cal region near which errors in the model are likely to be important (i.e., the

coastal region of northern California, Oregon and Washington). Secondly, the

work of Broquet et al., (2011) highlights the potential for 4D-Var to exploit the

direct relationship between the winds and nearshore circulation to compensate

for error in the model by adjusting the surface wind stress. Disregarding the

dependence on stratification or bottom boundary e↵ects, coastal upwelling and

nearshore temperature can be related as a simple linear response (i.e., chang-

ing the nearshore winds will have a direct response in the coastal temperature

and other variables). It is this one-to-one relationship on which this study

aims to capitalize. Making adjustments to a reliable nearshore estimate of the

winds provides some information about the error that must exist in the mod-

eled estimate of the coastal ocean circulation since the two are tightly coupled

dynamically.

The WCRA14 circulation estimates described in Section 1 were computed

using ROMS 4D-Var in its strong constraint form, which refers to the constraint

that the posterior circulation estimate be an exact solution to the NLROMS

equations. In weak constraint 4D-Var, however, this requirement is relaxed,

allowing for adjustments to be added to the solution to account for errors in

the model. Similar to the block diagonal components of the background error

covariance matrix B in (4), which describe the covariance structure of errors in

the initial conditions (B
x

), boundary conditions (B
b

) and surface forcing (B
f

),

in weak constraint data assimilation the model error covariance matrix Q is
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added along the diagonal of B and constrains the size and location of correc-

tions made to the model solution to account for model error. The control vector

is augmented to include a model correction term (⌘); z = (xT (0),bT , fT ,⌘T )T .

However ubiquitous the existence of intrinsic model error in numerical fore-

cast models, the challenge of implementing weak constraint data assimilation

arises in quantifying the magnitude and spatial structure of the model error

covariance matrix, Q. Section 2.2 outlines a method for estimating Q using

twin-model experiments where the only di↵erence in the model integrations

is the surface wind stress used to force the model. The estimates of Q were

used in a weak constraint model of the CCS using ROMS 4D-Var and results

of these experiments are presented in Section 2.3.

2.2 Estimating Model Error Covariance

Envisioning a perfect ocean forecast model subject to error-free forcing, the

evolution of the true ocean state xt is given by:

dxt

dt
= N (xt) +wt(t), (21)

where N represents the non-linear model which advances xt in time and wt

represents the response of the 3-dimensional ocean interior to the surface forc-

ing (i.e., wind stress, heat flux and freshwater flux). Given a second forecast

using an imperfect model subject to the same error-free forcing, the ocean state
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evolves as:

dx

dt
= N (x) +wt(t) + ✏(t), (22)

where ✏(t) represents error in the time tendency of each term in the ROMS

state vector and takes the form of additive error. In this case ✏(t) is indepen-

dent of the ocean state; however, it is also possible for the errors to arise as

a multiplicative term, though this presents a much more challenging problem

and will not be discussed here. The di↵erence between the true ocean state,

xt and that given by (22) is represented as �x = xt � x and will evolve as

d�x

dt
= N (x)�N (xt) + ✏(t) ' N�x+ ✏(t) (23)

where the second equality represents a first order Taylor expansion, e↵ectively

linearizing the model about the true ocean state, N = @N /@x|
xt .

Now consider the use of the imperfect model (22) in strong constraint 4D-

Var with an “error-free” forcing. The model error term ✏(t) will give rise

to errors in the ocean state, and the assimilation will partially attempt to

compensate for this error through adjustments to the surface forcing. The

linear relationship which links the nearshore winds and circulation indicates

that the errors which exist in the coastal circulation will be represented by

adjustments made to the surface wind forcing, and it is these adjustments

on which this study aims to capitalize. Adjustments due to the presence of

model error will also be made to the model initial conditions; however, this

contribution of model error to the circulation estimates will not be considered
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here because of the added complication of developing uncertainty distributions

of this multivariate field, which is currently not available for the CCS. However,

uncertainty distributions of the surface wind stress are available and will be

provided by a Bayesian hierarchical model in Section 2.2.3. The potential

impact of the projection of model error onto the initial conditions is explored

in the Appendix of Crawford et al., (2016; attached here as Appendix A).

Using the prior “error-free” forcing (wt) and posterior 4D-Var adjusted

forcing (wa) in two separate non-linear ROMS integrations that yield circula-

tion estimates, x1 and x2 respectively, then to first order the di↵erence in the

model solutions (�x = x2 � x1) will evolve in time as:

d�x

dt
' S�x+ �w(t) (24)

where S = @N /@x|
x1 and �w = wa � wt represents di↵erences in the full

3-dimensional circulation due to di↵erences in the surface forcing. Equation

(24) has the same mathematical form as (23), where the error term ✏(t) is now

represented by �w(t). The hypothesis here is that the impact �w has on the

circulation di↵erences �x will mimic the influence the model error term ✏ has

on �x.

2.2.1 Twin-Model Experiments

During the computation of WCRA14 which spans the time period 1999-2012,

the prior surface wind forcing was derived from COAMPS. The surface forcing

term was included in the control vector and therefore adjusted during 4D-
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Var to minimize the model-observation misfit. As described in Section 2.1,

COAMPS has been verified against observations to perform well in the CCS

region, and as in the case of Broquet et al., (2011), we assume that some

portion of the adjustment made to COAMPS is an e↵ort by 4D-Var to correct

for inaccuracies in the modeled ocean state brought about by intrinsic model

error.

For the moment, the COAMPS surface wind stress will be assumed to be

perfect. This is obviously a poor assumption since the state of the winds will

never be known with perfect accuracy, but this assumption will be relaxed in

Section 2.2.3 where a Bayesian hierarchical model is used to decide when/where

4D-Var has made reliable adjustments to the forcing and when/where it has

been unduly influenced by model error. Using the prior unadjusted COAMPS

wind forcing and the 4D-Var posterior wind forcing (adjusted COAMPS), two

separate ocean forecasts were computed using the ROMS non-linear model for

the time period 2003-2004 yielding two di↵erent circulation estimates, xi and

x̃i respectively. Both model forecasts use the same 8-day overlapping cycle

windows as WCRA14, and were initialized from the same 4D-Var posterior

initial conditions of the relative WCRA14 cycle. The heat and freshwater flux

components of the surface forcing were also constrained to be identical in each

experiment. In this way, the forecasts will have an identical initial state, and

the solutions will depart over the length of the cycle window due to variations

in the surface wind forcing alone.
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2.2.2 Linear Inverse Model and Estimates of Q

The twin-model experiment described in Section 2.2.1 produces an ensemble

of model di↵erences �xi = x̃i�xi, which were computed on the 8th day of each

cycle. Computing the di↵erences on day-8 of the cycle will isolate the e↵ect

of model error on the circulation over the full length of the cycle window, and

together are an ensemble representation of the influence model error has on the

circulation over the length of the cycle. By invoking the ergodic hypothesis,

the ensemble of 3-dimensional multivariate model di↵erences can be cast as

a time series, and the evolution of the �x’s modeled using the linear inverse

model (LIM) framework presented in Section 1.2.3 equation (17). The �x in

equation (17) now represents the model di↵erences from the twin-model exper-

iments described here as opposed to deviations from a mean state as described

in Section 1.2.3. Equation (24) is an analog of equation (17), and therefore the

stochastic forcing term ⇠ in (17) is analogous to model error ✏(t). As described

in Section 1.2.3, the linear propagator matrix S in (24) can be estimated using

the lag-0 and lag-1 covariance matrices of �x in (24). However, because the

model di↵erences were computed for each element of the ROMS state vector,

the dimension of �x (O(106)) inhibits the direct implementation of the LIM. In-

stead the methods of von Storch (1995) and Penland and Sardeshmukh (1995)

were used to solve for S̃, a reduced rank approximation of S computed using

the PC time series of the leading EOFs of �x. Representing the leading PC
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time series as a vector u(t), S̃ is given by:

S̃ = ⇥(t+ ⌧)⇥(t)�1 (25)

where ⇥(t) = hu(t)uT (t)i and ⇥(t + ⌧) = hu(t + ⌧)uT (t)i are the lag-0 and

lag-⌧ covariance matrices respectively. Once computed, S̃ is used in (20) now

given by:

du = S̃udt+ ⇠̃dt, (26)

and a reduced rank approximation of the stochastic forcing can then be es-

timated by rearranging (26) as: ⇠̃dt = du � S̃udt. Following Penland and

Matrosova (1994) the model error covariance can be estimated as:

Q̃ = h⇠⇠T i/dt. (27)

Details can be found in Crawford et al., (2017; see Appendix A).

The elements of �x include variables of di↵ering units (i.e., temperature,

salinity, horizontal components of velocity (u,v) and sea surface height), and

therefore must be rescaled to a consistent set of units before computing the

EOFs. In the analysis presented here, the energy norm W1 in equation (16)

was used. W1 will also scale each element according to the representative grid-

cell volume of each element, which varies considerably throughout the domain.

The model di↵erences �x were rescaled as s = W
1
2
1 �x and the EOFs are the

eigen vectors of the rescaled covariance matrix, C̃ = hs(t)sT (t)i. Prior to com-
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puting the EOFs, the elements of �x were smoothed using five iterations of a

second-order shapiro filter, and the the leading EOFs were approximated us-

ing the iterative Lanczos method described in Appendix A of Crawford et. al.

(2017, see Appendix B). The elements of �x were smoothed prior to comput-

ing the EOFs to limit the impact of spurious covariances that can arise from

a limited sample size, as is the case here. Figure 7 shows a number of char-

acteristics for the leading 120 EOFs computed both with and without spatial

smoothing, and Figure 7a shows that the eigen spectrum for each case becomes

relatively flat after the leading ⇠ 10 EOFs. Because the EOFs solved using

the Lanczos algorithm are only approximations of the actual EOFs, there is

an error associated with each resolved EOF computed as |C̃ j � � j| where

 j represents an individual eigenvector. Figure 7b shows the error associated

with each of the leading 120 EOFs and as can be seen is quite low for the

leading ⇠ 50 EOFs. The benefits of smoothing �x before computing the EOFs

is clearly indicated in Figures 7b and 7c where a decreases in the relative error

in the leading 50 EOFs and an increase in the explained variance from 61% to

75% results for the case of a smoothed �x.

The PC time series of the leading 50 EOFs were included in the lag-0 and

lag-1 covariance matrices used to compute S̃. The model di↵erences can be

approximately reconstructed as �x(t) ' W
� 1

2
1  u(t) where  is a matrix of

the 50 leading EOFs, and u(t) is a vector of the corresponding PC time series.

The linear inverse model equation (26) is cast in terms of the PC time series of

the leading EOFs and therefore the advancement in time of each component
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Figure 7: Eigen spectrum of the leading EOFs based on 120 iterations of
the Lanczos algorithm using un-smoothed (red) and smoothed (black) model
di↵erences. (a) Leading eigenvalues of C̃. (b) Log10 of formal error estimates
for each EOF, |C̃ j �� j|. (c) The cumulative percent variance explained by
the EOFs.

of u contains an individual stochastic forcing term ⇠.

Since the stochastic forcing term in (26) is assumed white in time, it is

expected that its autocorrelation should drop to zero within one time step

of the model. Figure 8 shows the autocorrelation of each stochastic forcing

component for each of the leading 50 PC times series at a series of lags and

all decorrelate at a lag=1, indicating the assumptions surrounding the linear

inverse method used here to model the evolution of �x are valid.

A full model error covariance matrix can be approximated asQ = W
� 1

2
1  Q̃ TW

� 1
2

1 ,

and the variance of Q is given by the elements along its leading diagonal. The

surface component of the variance for each variable is shown in Figure 9, which

highlights the nearshore region of northern California, Oregon and Washing-

ton. This is consistent with the work of Veneziani et al., (2009) and Broquet et
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Figure 8: Autocorrelation vs. time lag for the stochastic forcing ⇠ of each
principle component in (20) for the case of an un-smoothed �x.

al., (2011) who also identified this region as a potential source of model error.

Figure 10 shows vertical sections of the variance in temperature, salinity and

horizontal velocity at various locations within this northern region, and indi-

cates that the majority of the variance is contained within the upper ⇠ 100 m

of the water column, as well as being mostly concentrated near the coast. The

case shown here is for a Q derived from �x without any smoothing; however,

the structure remains relatively unchanged in the smoothed case, though the

magnitude is reduced by ⇠ 25%.

Many of the same features characteristic of the total variance shown in

Figures 9 and 10 are captured by the leading EOF of Q, which explains ⇠ 10%

of the total variance. The surface expression of the leading EOF of Q̃ is shown

in Figure 11 and the total eigenspectrum of Q̃ along with the cumulative

explained variance for the case of smoothed and un-smoothed model di↵erences

is shown in Figure 12.
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Figure 9: Surface expression of the standard deviation from a Q̃ derived using
an un-smoothed �x for (a) SST, (b) SSS, (c) horizontal velocity and (d) SSH.
Black lines outline domain used to define coastal central and northern CCS
regions used to Section 2.3.

2.2.3 Bayesian Hierarchical Model

The guiding assumption made in Section 2.2 is that the prior wind forcing

used in WCRA14 (COAMPS) is perfect and therefore any increments added

during 4D-Var are due to model error (in essence, changing the forcing to

fit an erroneous model to the observations). This assumption is relaxed here

with use of a Bayesian Hierarchical Model (BHM) of the CCS winds. The

BHM provides estimates of the uncertainty in the prior COAMPS surface wind

forcing, and based on these estimates of the uncertainty, the 4D-Var posterior

wind stresses of WCRA14 can be inspected to determine when and where the

assimilation has made adjustments that fall within the bounds of uncertainty

of the COAMPS fields and are therefore reliable.
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Figure 10: Zonal sections of the standard deviation from a Q̃ derived using an
un-smoothed �x in the upper 100m of the water column for (a) temperature,
(b) salinity, (c) zonal velocity; u and (d) meridional velocity; v. Sections are
shown at varying latitudes.

The Bayesian hierarchical model used to derive estimates of the surface

wind stress distributions in the CCS are similar to those implemented for the

Mediterranean Sea by Milli↵ et al., (2011), and a thorough explanation of

the model is given in their Appendix, as well as being detailed to a greater

degree in Crawford et al., (2016; see Appendix A). During the data input stage

of the BHM, surface pressure and horizontal surface winds (u, v) were taken

from COAMPS at a resolution of 0.1� four times daily (03:00, 09:00, 15:00 and

21:00 UTC). Observations of the in-swath retrievals of surface vector winds

were also included from QuickSCAT at 12.5 km resolution twice daily (03:00

and 15:00 UTC). From the data input stage, the BHM produces estimates

of the posterior daily mean surface wind, as well as, 10 realizations sampled

from the posterior distribution of the winds at each model grid point. Figure

13 shows an example of the data input stage of COAMPS and QuickSCAT

surface winds in the vicinity of Cape Mendocino in the CCS domain.
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Figure 11: Surface expression of the leading EOF of Q̃ derived from an un-
smoothed �x for (a) SST, (b) SSS, (c) meridional velocity, (d) SSH.

Figure 13: Data stage input example from January 19, 2003 for the BHM in
the CCS. COAMPS data input of surface wind (vectors) and sea-level pressure
(contour) at (a) 03:00 (b) 09:00 (c) 15:00 and (d) 21:00 UTC. QuikSCAT
data input of surface vector wind retrievals at (e) 03:00 and (f) 15:00 UTC.
Domain shown is for a small subset of the CCS domain in the vicinity of Capes
Mendocino and Blanco.

The relative density and accuracy of observations generated by QuickSCAT
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Figure 12: Eigen spectrum of Q̃ derived from un-smoothed (black) and
smoothed (red) model di↵erences.

have a marked impact on the uncertainty in the surface wind stress, which is

highlighted in the domain wide estimates of uncertainty in u and v shown in

Figure 14. Figure 14c shows a snapshot comparison of the 4D-Var posterior

wind against 10 realizations of the posterior wind distribution of the winds

from the BHM in the vicinity of Cape Mendocino. This example indicates a

time when the 4D-Var winds are outside the probably distribution of the winds

and therefore likely influenced by model error.

Figure 14: Posterior distribution summaries of the surface wind for (a) u and
(b) v from the BHM for January 19, 2003 expressed as variance. (c) Posterior
wind vectors from WCRA14 (black) with 10 surface wind realizations from the
BHM (red).

Comparison of the 4D-Var winds to the distribution derived from the BHM
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is carried out on a point-by-point basis through time according to two criteria.

• Case 1: The 4D-Var posterior wind forcing estimate is statistically in-

distinguishable from a sample drawn from the surface wind distribution

of COAMPS, and the analysis estimate is accepted as a legitimate rep-

resentation of the COAMPS state.

• Case 2: The 4D-Var posterior wind forcing estimates from 4D-Var fall

outside the COAMPS probability distribution, and the analysis estimate

is rejected as a likely state of COAMPS and therefore attributed to the

influence of model error.

Figure 15 provides a schematic designed to connect the traditional view of

probability distributions to the BHM uncertainty distributions used here to

verify the 4D-Var posterior winds. Figure 15a presents the probability density

function of a normally distributed variable with a mean of 0 and a standard

deviation (�) of 1. In this traditional sense, uncertainty about the mean state

is represented by deviations from the peak in the curve centered on 0. The

BHM provides a mean state and ten realization of the wind (Figure 15b) sam-

pled from the probability distribution of the wind based on the observations

provided during the data input stage. From the ten realizations, a standard

deviation in u and v is computed and provides bounds of uncertainty about

the mean state (Figure 15c). The BHM provides a mean and ten realizations

of the wind at every grid-point, every 6-hours, and therefore an uncertainty

distribution of the winds is provided for each 4D-Var estimate of the wind in
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space and time. Figure 15c illustrates the comparison which is carried out be-

tween the 4D-Var winds and the BHM distribution at each model grid-point,

every 6-hours. For those 4D-Var estimates falling within two standard devia-

tions of the mean in u and v (shaded area), Case 1 is satisfied and therefore

the 4D-Var posterior estimate is accepted as a reasonable representation of the

wind. If the 4D-Var winds fall outside the shaded region, Case 2 is satisfied

and therefore attributed to the influence of model error.

Figure 15: Schematic representation connecting the BHM uncertainty esti-
mates of the wind to the traditional view of a probability density function
(PDF). (a) PDF of a normally distributed variable with a zero mean and a
standard deviation (�) of 1. (b) Schematic representation of the mean state
(blue vector) and ten realizations (orange vectors) of the wind produced by
the BHM at every grid-point, every 6-hours. (c) Schematic representation of
the criteria used to satisfy Case 1 and Case 2. Shaded area depicts region of
acceptable representations of the wind (i.e. ±2�). Examples of 4D-Var esti-
mates satisfying Case 1 criteria (green vector) and Case 2 (red vector) are also
shown.

Using the case-by-case comparisons, the posterior 4D-Var winds were ana-

lyzed and if they satisfy Case 1, the posterior estimate is replaced by the prior

estimate of COAMPS. If Case 2 is satisfied, the 4D-Var posterior state of the

winds is retained. By combining the prior and posterior state of the winds

in this way, a set of winds was derived which will di↵er from those used to
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compute the twin-model circulation estimate xi only at locations and times

where 4D-Var has made changes most likely due to the influence of model

error. These will be referred to as “mixed winds”. Figure 16 shows the rms

di↵erence between the “mixed winds” and the posterior winds of WCRA14,

indicating the largest di↵erences in the same region highlighted by Veneziani

et al., (2009) and Broquet et al., (2011).

Figure 16: Root mean square (rms) of the di↵erences between the posterior
state of the winds in WCRA14 and the ”mixed winds” assembled on a case-
by-case (spatial and temporal) basis using the BHM.

Using the set of “mixed winds” generated with use of the BHM, a third non-

linear ROMS integration was computed yielding a new circulation estimate, x̂i.

A second ensemble of model di↵erence �xi = x̂i � xi was computed and using

the linear inverse modeling framework in Sections 2.2.2 yields a new estimate

of the model error covariance matrix, Q̂.
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2.3 Weak Constraint Data Assimilation Results

2.3.1 Preliminary experiments

Before finalizing the experimental procedure, a number of experiments were

conducted prior to the final set to ensure confidence in the procedure and

analysis results. Table 3 outlines the various parameters and variants used in

testing.

Table 3: Table of parameters and the option variants used during experimental
weak constraint computations.

Figure 17 illustrates the performance of one such experiment which uses

WCRA31 as a testcase. In this case, the twin-model runs span the same time

period as WCRA31 (1980-2010) and the elements of �x have been rescaled

using the energy norm in (16). No spatial smoothing of �x has been applied.

Q is then estimated using 10 annual EOFs computed over the whole analysis

time period. In this case, each weak constraint 4D-Var cycle is initialized from

the posterior state of the corresponding strong constraint cycle of WCRA31.

Figure 17a and 17b compare the total and observational component of

the cost function from the strong constraint runs of WCRA31 and the weak

constraint experiment for the year 2003. Because each weak constraint cycle
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is initialized from the posterior state of the corresponding strong constraint

cycle, the initial value of the cost function (Ji) is identical for each and only

one line is shown. Figure 17a and 17b indicate that the minimization of the

cost-function in the weak constraint experiments performs as well if not better

than the strong constraint experiments, as indicated by comparing the time

series of SC-Jf and WC-Jf . Figure17c shows a time series of the ratio of

Jf to Ji for both WCRA31 (SC-Jf/Ji) and the weak constraint experiment

(WC-Jf/Ji) and more explicitly indicates the performance of the relative 4D-

Var experiments. The mean of each time series in Figure 17c is shown in the

legend and indicates on average the weak constraint experiment arrives at a

smaller value of Jf than the corresponding cycle in WCRA31. Figure 17a also

shows the value of JNL for each cycle computed from (3) and indicates the weak

constraint 4D-Var experiment is performing as expected since there is relatively

good agreement between WC-Jf and WC-JNL. Figure 17 represents one of the

many experiments carried out with the intent of guiding the procedure used

in the final set of experiments and is a good representation of the ensemble of

experiments as a whole. This, and other experiments, indicate that the ROMS

weak constraint 4D-Var system is performing satisfactorily.

2.3.2 Weak Constraint 4D-Var Performance

Using the model error covariance estimates computed in Secton 2.2.2 (Q̃; no

BHM) and 2.2.3 (Q̂; with BHM) several sequences of circulation estimates

were computed using ROMS 4D-Var in the weak constraint formulation. These
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Figure 17: Time series of the total (a) and observational component (b) of
the posterior (Jf ) and prior (Ji) cost function in WCRA31 (SC) and a weak
constraint (WC) experiment using 10 EOFs estimated from model di↵erences
computed over the full WCRA31 time period (1980-2010) and rescaled using
the energy norm (16). Posterior values of the non-linear cost function (3) are
also shown for each in panel (a). Time series of Jf/Ji for each case are shown
in (c) and the mean of each time series given in the legend.

experiments span the individual years of 2003 and 2005, and for each year an

experiment using Q̃ and Q̂ was conducted.

The weak constraint ROMS 4D-Var experiments described here span the

individual years of 2003 and 2005. For each year, an experiment was conducted

using a model covariance matrix constructed from the twin-model di↵erences

described in Section 2.2.2, which makes no use of the BHM described in Section

2.2.3, and a model error covariance which is informed by the added information

provided by the BHM. These experiments will be referred to as NOBHM and

BHM, respectively. In the case of experiment BHM and NOBHM, the model

error covariance matrix was constructed without smoothing of the model di↵er-

ences before computing the EOFs and PC time series. Additional experiments

were conducted for the years 2003 and 2005 using a Q̃ and Q̂ constructed from
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model di↵erences which were smoothed; however, these experiments proved in-

ferior to those of BHM and NOBHM and will referenced only where necessary

as SNOBHM and SBHM.

The twin-model experiments used to derive estimates of Q span the pe-

riod 2003-2004, and therefore the weak constraint experiments of 2003 are not

independent of the data. The experiments of 2005, on the other hand, are

independent of the data, apart from any propagation in time of the influence

the data had in the years 2003-2004 on the year 2005. The ROMS 4D-Var con-

figuration here is identical to that of WCRA14 except for the augmentation of

the control vector to include the model error correction term (⌘) and the prior

error covariance matrix B which has the estimates of the model error covari-

ance Q added along the diagonal (cf. Section 1.2.1). Although the results are

qualitatively similar for all four experiments (i.e., NOBHM, BHM, SNOBHM,

SBHM), cases based on the BHM appear superior to the other experiments

and will be the focus here.

Figure 18 shows time series of the observational component of the cost

function on the right hand side of (3), Jo = 1
2(y � H(za))TR�1(y � H(za)),

for 2003 and 2005. Jo represents a weighted di↵erence between the analysis

za and observations and will decrease in value as the model is brought closer

to the observations. The time series are for Jo averaged over the nearshore

regions outlined in black in Figure 9 since the majority of the variance in Q is

confined to the coastal zone. Each panel in Figure 18 compares results using

strong constraint 4D-Var (WCRA14; blue curve), weak constraint experiment
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NOBHM (green curve), and weak constraint experiment BHM (red curve). Al-

though the reduction in the model observation misfit shown in each is subtle,

it is clear the weak constraint experiment BHM provides the best fit to the

data. The increased performance of the weak constraint experiments relative

to WCRA14 are not expected to be drastic since WCRA14 has already been

confirmed to be performing well (Neveu et al., 2016). Time series of Jo com-

puted from experiment SNOBHM and SBHM are generally inferior to those of

NOBHM and BHM, though still superior to that of WCRA14.

Figure 18: Observational component of the cost function for the 2003 (a;
b) and 2005 (c; d) for the strong constraint 4D-Var experiments of WCRA14
(blue), NOBHM weak constraint experiment (green) and BHM weak constraint
experiment (red). For each year, Jo is averaged across a nearshore portion of
the domain in the northern (a; c) and central (b; d) CCS. Domains outlined
in black in Figure 9.

During 4D-Var, a closer fit of the analysis to the observations alone may

not necessarily indicate an increase in performance, since the assimilation can

fit the model to the observations through erroneous adjustment of the initial

conditions and surface forcing, as has been seen in previous studies. However,

62



if the weak constraint experiments are properly accounting for errors in the

model, which are believed to be the primary source of adjustment to the prior

COAMPS surface wind forcing during strong constraint 4D-Var, a reduction

in the magnitude of the increments added to the prior surface forcing by the

assimilation is expected. Figure 19 shows the rms di↵erence of the posterior

minus prior surface wind stress and heat flux for the strong constraint case

(Figure 19a-c) and weak constraint BHM experiment (Figure 19d-f) for the

year 2005. The increments added during the weak constraint experiments are

significantly smaller (⇠ 50%) than those of WCRA14, especially in the case of

meridional wind stress (Figure 19b and e) and surface heat flux (Figure 19c

and f).

Figures 18 and 19 indicate that accounting for model error in the ROMS

4D-Var analysis allows the circulation to be brought closer to the observa-

tions while also minimizing the adjustments made to the prior surface forcing.

The most drastic reduction in posterior minus prior surface forcing is in the

meridional wind stress (Fig. 18b and e), particularly in the vicinity of Cape

Mendocino and Cape Blanco, which has been shown by Broquet et al., (2011)

as a region where the ROMS CCS model contains errors, as well as, being iden-

tified as the region of largest discrepancy between the prior COAMPS winds

and strong constraint 4D-Var posterior estimate of the winds (cf. Figure 16).

The posterior minus prior di↵erences computed from experiments NOBHM,

SBHM and SNOBHM are qualitatively similar to those shown in Figure 19 for

2005, as well as being similar in all four cases for the 2003 year experiments.
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Figure 19: Root mean square (rms) of the di↵erence between the posterior and
prior estimates of (a) zonal wind stress (N/m2), (b) meridional wind stress,
(N/m2), and (c) surface heat flux (W/m2) from WCRA14 in the year 2005.
Panels (d-f) show the corresponding di↵erences for the weak constraint exper-
iment BHM

Agreement between the results of the 2003 and 2005 experiments indicates the

use of model error covariance estimates derived from twin-model experiments

spanning the years 2003-2004 are also valid for independent years.

The mean and standard deviation of the model analysis di↵erence between

the strong constraint experiments of WCRA14 and weak constraint experiment

BHM for the year 2005 are shown in Figure 20 for SST and SSS. The mean

di↵erences are small in both cases, and are relatively incoherent in SST. The

standard deviation of each field on the other hand is several times larger and

coherent with largest variations confined to the coast.

The relative amplitude and lack of coherence in the mean fields indicates
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Figure 20: The mean di↵erence between WCRA14 and experiment BHM es-
timates of (a) SST and (c) SSS for the year 2005. The standard deviation of
di↵erence in (b) SST and (d) SSS.

the corrections to the model take the form of unbiased error correction rather

than an attempt to account for model bias. The standard deviation in each

field highlights the impact the weak constraint experiment is having on the

circulation with the largest impact in the coastal region. While the largest

corrections in the surface are mostly confined to the coastal zone, Figure 21

shows zonal sections of the same fields as Figure 20 and indicates the model

corrections can reach far o↵shore and have the largest amplitude in the vicinity

of the thermocline.

Figure 21: Zonal sections of the mean di↵erence between WCRA14 and ex-
periment BHM estimates of (a) temperature and (c) salinity for the year 2005.
The standard deviation of di↵erences in (b) temperature and (d) salinity. Zonal
sections are shown every 2� of latitude.

During weak constraint ROMS 4D-Var, corrections were made at each

65



model time step for each term in the state vector to account for model er-

ror, and Figure 22 shows the rms of the surface component of the corrections

to SST, SSS and surface velocity for the year 2005. Figure 22 shows the largest

corrections correspond to the same geographical region as the largest ampli-

tude standard deviations in Q̂ shown in Figure 9. Figure 23 shows a time series

of the cycle averaged corrections to temperature ⌘T averaged over the entire

water column within the northern CCS domain in Figure 9 for the year 2003.

The time series of ⌘T has a mean near zero further indicating the correction to

not take the form of a systematic error correction. Time series of ⌘ for other

variables, in the central and northern CCS exhibits similar behavior, as well

as being consistent for the weak constraint experiments of 2005.

Figure 22: The rms corrections ⌘ made during weak constraint 4D-Var per
time step during experiment BHM in 2005 for (a) SST, (b) SSS, (c) surface
zonal velocity; u and (d) surface meridional velocity; v.

2.3.3 Impact of Data Assimilation on Eddy Kinetic Energy

One the primary characteristics of the circulation in the CCS is the genera-

tion of instabilities in the nearshore which subsequently develop into meanders
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Figure 23: Time series of the cycle averaged temperature component of ⌘T from
the 2003 weak constraint experiment BHM. ⌘T has been domain averaged over
the coastal northern region of the CCS outline in Figure 9.

reaching far o↵shore (Batteen 1997), often separating from the coast and prop-

agating westward as eddies (Marchesiello et al., 2003). Because the resolution

of the CCS model used here is only 1/10� in the horizontal, it may not be ex-

pected to capture the mesoscale circulation with great fidelity. Marchesiello et

al., (2003) indicate a necessary resolution of 1/20� to generate accurate EKE

statistics. The circulation estimates of WCRA31 and WCRA14, however, will

be informed by the data on the size and locations eddies in the CCS domain,

and therefore more likely to generate realistic levels of EKE. Figure 24a shows

a time series of the cycle averaged mean EKE in the upper 500m of the water

column averaged over the entire CCS domain for WCRA31 and a model run

without data assimilation. WCRA31 very obviously presents a much more

energetic solution than that of the model with no data assimilation and is

generally higher throughout the entire analysis time period.

Additionally, Figure 24b shows the time mean of di↵erences in surface EKE

between the forward model and WCRA31. While Figure 24a indicates that

4D-Var increases the average domain wide EKE in the upper part of the water

67



column, Figure 24b indicates a hot spot of di↵erences o↵shore of Point Arena.

The black box in Figure 24b coincides with the o↵shore region discussed by

Kelly et al., (1998) and is associated with the westward seasonal migration of

SSH anomalies.

Figure 24: (a) Time series of cycle averaged mean EKE in the upper 500m
for WCRA31 and a forward model with no data assimilation averaged across
whole domain; m2/s2. (b) Time mean of di↵erences in surface EKE bewteen
WCRA31 and the same forward model as in (a); m2/s2. Black box highlights
the o↵shore study region of Kelly et al., (1998).

To further illustrate the value added by the assimilation in resolving the

EKE characteristics of the CCS, Figure 25 shows Hovmöller diagrams of the

di↵erence in mean EKE in the upper 500m between the 4D-Var circulation

estimates of WCRA31 and a forward model with no data assimilation, aver-

aged between 34�N and 43�N over the full 31-year time period of WCRA31.

While Figures 24 clearly indicates that 4D-Var e↵ects the magnitude of EKE

in the circulation, Figure 25 illustrates that 4D-Var also alters the o↵shore

propagation of EKE on a seasonal basis, which is one of the important ways

in which the coastal zone communicates to the deep ocean.

In comparing the posterior minus prior surface forcing, Figure 19 illustrates
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Figure 25: Hovmöller diagram of mean EKE di↵erences in the upper 500m
between WCRA31 and a forward model with no data assimilation for the entire
analysis time period (1980-2010). EKE is zonally average between 34�N-43�N;
m2/s2.

that the prior surface forcing is adjusted to a lesser degree during the weak

constraint experiments compared to the strong constraint 4D-Var analyses of

WCRA14, with the largest reduction occurring in alongshore wind stress. It

is therefore expected that some di↵erences will arise in the surface circulation

in response to the di↵erences in forcing. The o↵shore propagation of EKE in

the CCS is associated with the development of baroclinic instabilites in the

nearshore which develop in response to the currents associated with upwelling

fronts (Batteen, 1997; Marchesiello et al., 2003). Therefore if the alongshore

winds are di↵erent between the two 4D-Var circulation estimates, a response

in the o↵shore propagation of EKE is likely. Figure 26a-b shows Hovmöller

diagrams of total EKE in the forward run and the two 4D-Var estimates com-

pared in Section 2.3.2 (i.e. WCRA14 and BHM weak constraint experiment)
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for the year 2003, and it is evident the 4D-Var estimates are quite a bit more

energetic than the forward model, as was the case in WCRA31 (cf. Figure 24).

Hovmöller diagrams of the di↵erences between the forward model solution and

the assimilative solutions are shown in Figure 26d and 26e and indicate both

are modifying the forward model by the same magnitude and in the relatively

same place and time. Di↵erences in the 4D-Var solutions are shown in Fig-

ure 26f and while there are some sizable di↵erences (likely due to di↵erences

in the wind forcing) they are generally incoherent, indicating the BHM weak

constraint experiment is not fundamentally altering the o↵shore propagation

of EKE. This fact is actually quite encouraging since we would not expect a

systematic adjustment in the CCS characteristics between WCRA14 and the

weak constraint experiments.

Figure 26: Hovmöller diagrams of the total EKE averaged zonally from 34�N-
43�N for a forward model run with no data assimilation (a) , WCRA14 (b)
and BHM weak constraint experiment (c) for the year 2003. Di↵erences in
the EKE fields in (a-c) are shown in (d-f) for WCRA14 minus forward model
(a), BHM weak constraint minus forward (b) and WCRA14 minus BHM weak
constraint (c).
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2.3.4 Impact of Weak Constraint 4D-Var on Upwelling

One of the guiding principles behind the method presented in Section 2.2 for

estimating the model error covariance matrix is that during strong constraint

4D-Var, errors that exist in the model solution will be partially compensated for

by adjustments added to the prior surface forcing, and if the prior wind stress

is considered reliable, the adjustments must be partially indicative of the error

that exists in the model. The linear dynamics which link the nearshore circu-

lation and wind stress through upwelling are the primary driver behind this

assumption in that 4D-Var can directly compensate for error in the nearshore

circulation by enhancing or relaxing the the magnitude of the alongshore wind

stress.

As demonstrated in the Section 2.3.1, using estimates of the model error

covariance matrix derived from twin-model experiments di↵ering only in the

surface wind stress used to force them leads to an improved fit of the model to

the observations, as well as, reducing the magnitude of the increments added

to the prior surface forcing. The largest reduction in posterior minus prior

surface forcing were seen in the meridional wind stress field in the area around

Cape Blanco and Cape Mendocino (cf. Figure 19). Given the di↵erence in the

posterior minus prior state of the meridional wind stress between WCRA14

and the weak constraint experiment BHM, the rate of upwelling may be ex-

pected to di↵er between the two. Figure 27 shows zonal sections of the rms

di↵erence between vertical velocities in WCRA14 and weak constraint exper-

iment BHM for both 2003 and 2005. Sections are shown for the upper 200m
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of the water column at every 30km to highlight the localized di↵erence in the

rate of upwelling.

Figure 27: Zonal sections of the rms di↵erence between vertical velocities in
WCRA14 and weak constraint experiment BHM for the years (a) 2003 and
(b) 2005. Vertical sections shown ever 30km in the upper 200m of the water
column.

The rms di↵erence is shown to be largest along the central and north-

ern California and Oregon coasts, corresponding to the region of maximum

reduction in the posterior minus prior meridional wind stress in Figure 19.

In particular, the di↵erence in upwelling velocity is largest in the vicinity of

coastal promontories (i.e., Point Arena, Cape Mendocino and Cape Blanco).

The rms di↵erences shown in Figure 27 are very near the actual magnitude in

the upwelling velocity indicating a potentially large impact of weak constraint

4D-Var on the rate of upwelling.

Figure 27 indicates a near coast-wide impact of weak constraint 4D-Var on

rates of upwelling, which has implications for the rate of primary productiv-

ity in the nearshore region. In a fundamental sense, the rate of new primary

productivity is directly connected to the persistent supply of deep nutrient

rich water to the surface as near surface water is advected o↵shore via Ek-
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man transport. In a physical-biogeochemical coupled model, the alteration of

nearshore upwelling will have direct consequences on estimates of nearshore,

upwelling induced productivity.

The localized impacts of upwelling di↵erences in the vicinity of coastal

promontories has the potential to play a secondary role in resolving the local

carbon budget. The coastal promontories of the central and northern CCS

region have been highlighted by Fiechter et al., (2014) as being important for

the flux of CO2 between the ocean and atmosphere since upwelling is often

enhanced in the lee of the cape leading to outgassing of CO2. A reduction

in the near surface concentrations of CO2 will inevitably lead to modulations

in the localized rate of acidification through carbonate chemistry; potentially

impacting those organism which rely on the availability of carbonate during

development. Therefore, increasing the accuracy in rates of upwelling provided

by ROMS 4D-Var can help to close the local carbon budget and lend insight

into local biogeochemical cycles.

2.4 Conclusions

Using estimates of the model error covariance matrix Q in a weak constraint

4D-Var model of the CCS circulation leads to demonstrable improvement to

the model solution. The model error covariance matrix is estimated using a

linear inverse model of the circulation di↵erences that arise in a twin-model

experiment where the forecast models di↵er only in the surface wind stress

used to force them. The surface wind stress estimates di↵er only in places
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where strong constraint 4D-Var has altered the wind. While experiments de-

rived using the prior and posterior state of the 4D-Var winds do present an

improvement to that provided by strong constraint 4D-Var, a superior solution

is obtained when the surface wind stress used in the twin-model experiments

is informed by the BHM.

Improvement to the circulation estimates of WCRA14 is indicated by an

improved fit of the posterior model solution to the observations. Additionally,

a reduction in the magnitude of the increments added to the prior wind stress

is seen in the weak constraint experiments where corrections have been added

to the model solution to compensate for model error. Overall, the di↵erences

in the circulation estimates of WCRA14 and the weak constraint experiments

are seen to take the form of unbiased error corrections and not an attempt

to correct for a bias in the model. Furthermore, the corrections ⌘ added by

4D-Var to the model solution are shown to be primarily confined to the coastal

zone and take the form of an unbiased correction with a mean near to zero.

However, although here the di↵erences appear minimal between the solutions,

it remains to be seen if there could be more fundamental long-term changes

between the weak and strong constraint experiments, and an analysis based

on circulation estimates computed using strong constraint 4D-Var will likely

be influenced by model error, which could lead to erroneous results.

The initial hypothesis presented in section 2.2.1 was predicated on treating

COAMPS as error-free, and therefore any adjustment by 4D-Var being indica-

tive of model error, a not altogether terrible assumption since COAMPS has
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been verified against observations as a reliable estimate of the wind. This as-

sumption was later relaxed with the use of a Bayesian Hierarchical Model which

provides uncertainty estimates of the wind, and therefore provides an avenue

for verifying whether or not the 4D-Var posterior state of the wind computed

during strong constraint 4D-Var is a reliable representation of the wind. It

would be an interesting exercise to develop a BHM of another slightly less reli-

able wind product in the CCS (relative to COAMPS), and reproduce the weak

constraint experiments conducted here. In this case however, it will be harder

to discern legitimate adjustments in the wind by 4D-Var from those influenced

by model error since the uncertainty distributions will be more broadly dis-

tributed about the mean. Nevertheless, it would be interesting to see if/how

much the weak constraint experiments reduce the the posterior minus prior

surface forcing and whether a closer fit to the data is simultaneously achieved.

As discussed in the Introduction of this section, the methods applied here

capitalize on the direct relationship between the nearshore circulation and the

alongshore winds, in that errors in the circulation will be partially compensated

for by adjustment in the alongshore wind stress. However, there will be a

portion of the error which will be compensated for by the initial conditions as

well. Appendix A of Crawford et al., (2017; see Appendix A) illustrates the

role of the initial conditions in capturing model errors both in the nearshore

and o↵shore region, while the surface forcing is only able to capture errors in

the nearshore. The application conducted here will therefore be most valuable

in regions where the circulation is dominated by coastal upwelling dynamics,
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as is the case in the CCS.

Lastly, the di↵erences in vertical velocity estimates between WCRA14 and

the weak constraint experiment BHM indicate a coast-wide impact on the rate

of upwelling with largest di↵erences in the vicinity of coastal promontories.

The di↵erences in upwelling have the potential to play a large role in the ad-

justment of nearshore rates of primary productivity as well as in outgassing

of CO2 in the the lee of coastal promontories driven by enhanced upwelling.

This upwelling induced outgassing can act to control local rates of ocean acid-

ification potentially impacting those biogeochemical processes which depend

on the carbonate chemistry of the ocean.
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3 Climate Variability in a 31-year Historical

Analysis of the California Current System

Abstract

The California Current System (CCS) is a subregion of the larger North Pa-

cific basin, and therefore subject to the same low-frequency modes of vari-

ability (i.e., Pacific Decadal Oscillation, North Pacific Gyre Oscillation and

El Niño/Southern Oscillation). For this reason, it is of interest to further

understand climate variability in the CCS and how it relates to these basin

scale modes. Variability in the CCS is investigated here using the 31-year

historical analysis of the CCS computed using the Regional Ocean Modeling

System (ROMS) 4-dimensional variational (4D-Var) data assimilation system

(WCRA31, cf. Section 1.2). Nearshore variability in the CCS associated with

ENSO and the NPGO is quantified by computing the co-varying power be-

tween the climate index time series and time series of the nearshore circulation

using wavelet analysis. Cross-wavelet power spectra reveal a significant tempo-

ral and spatial dependence. Covariability of the coastal circulation with ENSO

is shown to vary substantially from event-to-event both in the amplitude, as

well as, the latitudinal extent of the response. Response to the NPGO is most

pronounced during the 1990’s and appears closely tied to coastal promontories.

Investigation of the leading 2D-EOFs in SST and SSH within the CCS

highlights the domain dependence of the EOFs since no single mode appears

wholly connected to the large scale climate modes of the full North Pacific

basin. The leading four 3D-EOFs in the CCS computed from the ROMS
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multivariate state vector do however capture much of the variability associated

with the Pacific Decadal Oscillation, North Pacific Decadal Oscillation and

the El Niño/Southern Oscillation. The analysis is further extended to the

computation of the dynamical modes of the circulation, where the 3D-EOFs

are used as basis functions in a linear inverse model (LIM). The LIM analysis

reveals three oscillatory modes with periods ranging from ⇠ 3-10 years and

each resolves significant adjustments in the temperature, salinity and velocity

structure in the CCS. The lowest frequency oscillatory mode resolved by the

LIM analysis shares several physical characteristics with a mode identified in

other similar analyses and indicates the far western Pacific as a potential source

of excitation.
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3.1 Introduction

The circulation of California Current System is modulated on a broad range of

scales, from the sub-seasonal to decadal. In recent years, the latter end of this

scale (i.e., decadal climate variability) has grown in interest for its potential

to alter the ocean state for years at a time and therefore have a large impact

on marine ecosystems.

Three of the largest climate modes of the North Pacific Ocean are the

Pacific Decadal Oscillation (PDO; Mantua et. al. 1997), the North Pacific

Gyre Oscillation (NPGO; Di Lorenzo et. al. 2008) and the El Niño/Southern

Oscillation (ENSO), and each is described in detail in Section 1.1.2.

Although physical mechanisms responsible for the development of the ob-

served fields of variance which make up the PDO (Schneider and Cornuelle,

2005) and NPGO (Ceballos, 2009), the EOFs used in defining these climate

modes are limited in their explanation of the circulation variance since they

each investigate the surface state of a single variable. The circulation estimates

produced by the the ROMS 4D-Var historical analyses are a 3-dimensional time

varying solution of the circulation, and therefore analysis of surface variables

alone is not a limitation. Here, the 3-dimensional multivariate ROMS state

vector is used in wavelet analysis, EOF analysis and linear inverse modeling,

and together provide a more complete view of the circulation.
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3.2 Wavelet Analysis

A primary motivation for computing WCRA31 was to provide a best esti-

mate of the coastal circulation that is both not well represented in low reso-

lution global data assimilation analyses and often concealed from observation

by a persistent layer of marine stratus. With this in mind, we investigate the

nearshore circulation using the wavelet analysis outlined in Section 1.2.3 to

quantify the dominant space- and time-scales of variability. Since the low-

frequency component of the PDO may not be well resolved by the 31-year

sequence of 4D-Var analyses, we will confine our attention to ENSO and the

NPGO only.

The choice of wavelet is predicated on a desire for increased resolution in

either the time- or frequency- domain, and two commonly used wavelets in

geophysical applications are the Paul wavelet and the Morlet wavelet. The

Paul wavelet is characterized by good resolution in time at the expense of

lower resolution in frequency, and vice versa for the Morlet wavelet. The Paul

wavelet was chosen for the presented analysis; however, computations using the

Morlet wavelet yield qualitatively similar results. In addition, the correction

of Liu et al., (2007) for wavelet power bias at low-frequencies was also applied

which has the e↵ect of reducing the power at the lowest, least well-resolved

frequencies. The relative merits of the Paul and Morlet wavelets in the time and

frequency domain are clearly apparent in Figure 29, which shows the wavelet

power spectra for the index time series of the MEI and NPGO using both the

Morlet and Paul wavelet. These spectra highlight the characteristic frequency
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bands of elevated power for each index, as well as the temporal fluctuations

in power within each frequency band. For example, ENSO was very active

during the 1970s and 1980s (Figures 28a and 28c), while variability associated

with the NPGO was primarily confined to the period from 1990-2010 (Figsure

28b and 28d). The global wavelet spectrum of each wavelet power spectrum is

shown on the left and highlights the dominate scales of variability within the

MEI and NPGO index time series.

Figure 28: Wavelet power spectra of the MEI (a, c) and NPGO (b, d) time se-
ries computed with use of the Morlet (a, b) and Paul (c, d) wavelets. Contours
indicate significance at the 95% level.

Averaging over the frequency bands that characterize ENSO and the NPGO

is used in subsequent analyses, so the lower frequency resolution of the Paul

wavelet is largely mitigated. Additionally, to isolate the covariability between

the circulation at each latitude within the CCS domain and these two climate

modes, a cross-wavelet analysis technique was used, as described in Section

1.2.3. The dynamical variables chosen for X in (12) include: SST, SSH, depth

of the 26.0 kg/m3 isopycnal, and vertical transport at 40 m depth (near the
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base of the mixed layer). In each case anomalies about the mean seasonal

cycle were considered. Time series of the monthly averaged anomalies for

each field were computed by averaging from the coast to 100 km o↵shore in 1

degree latitude bins along the entire coast. In addition, indices of alongshore

transport and eddy kinetic energy (EKE) were also computed as averages over

the upper 500 m from the coast to 400 km o↵shore in 1 degree latitude bins.

The index time series of the MEI and NPGO are represented by Y in (12). To

delineate more clearly the latitudinal dependence of the cross-wavelet power

for di↵erent combinations of X and Y, the cross-wavelet power at each latitude

was averaged across di↵erent frequency bands corresponding to 2-5 years for

ENSO and 10-15 years for the NPGO. An example of scale-averaged cross-

wavelet power between the MEI and nearshore SST at 38�N is given in Figure

6e. The scale-averaged cross-wavelet power at each latitude can be viewed as

a Hovmöller diagram that quantifies the latitudinal and temporal variations in

the power of the covarying signal in the two time series along the coast.

The Monte Carlo method described in Section 1.2.3 was used to determine

significance levels for the scale-averaged cross-wavelet power at each latitude

for each combination of X and Y. In each case, 100,000 pairs of simulated AR(1)

time series were calculated and scale-averaged cross-wavelet power computed

using (13). The significance level was computed by sorting the 100,000 simu-

lated scale-average cross-wavelet power spectra into increasing magnitude and

the 95% level determine.
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3.2.1 Coastal Circulation Variability and ENSO

Figure 29 shows Hovmöller diagrams of the scale-averaged cross-wavelet power

computed from the MEI and four of the model variable time series described

above: SST, SSH, SSS and pycnocline depth (�26). In Figure 29 the scale-

averaging spans the 2-5 year period band. The cross-wavelet power spectra all

exhibit a latitudinal dependence which is broadly consistent between the SST

and SSH (Figures 29a and 29b), with the largest covariability with the MEI

confined to the central and southern California coast.

For SSS (Figure 29c), the power is generally largest north of Cape Men-

docino, although during the major El Niño events of 1982-83 and 1997-98 the

central California coast is also impacted. Figure 29 also shows that the covari-

ability of the MEI with the coastal circulation varies from one ENSO event to

another. For example, during the 1988-89 La Niña and the 1991-92 El Niño

covariability between SST and the MEI was confined mainly to the central

California region between Cape Mendocino (CM) and Point Conception (PC).

On the other hand, the entire west coast circulation covaries with the MEI

during the 1982-83 and 1997-98 El Niño and 1999-2000 La Niña episodes. Fur-

thermore, Figure 29a reveals that some ENSO events had almost no influence

on coastal SST, including the majority of the events during the 2000-2010

decade of WCRA31. However, some of the power during the 2008 La Niña

and 2009-10 El Niño may be suppressed because these events fall within the

cone-of-influence of the wavelet transforms (cf. Figure 6c). Figures 29b and

29d show that covariability between the MEI and coastal SSH and pycnocline
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Figure 29: Hovmöller diagrams of scale-averaged cross-wavelet power between
the MEI and time series of anomalous near-shore (100 km) SST (a), SSH (b),
SSS (c) and 26.0 kg/m3 isopycnal depth (d). The vertical dashed lines perpen-
dicular to the horizontal axis indicate the timing of the peak of El Niño events
(indicated by red circles) and La Niña events (blue circles). Approximate lati-
tude of coastal promontories indicated outside right; Cape Blanco (CB), Cape
Mendocino (CM) and Point Conception (PC). Cross-wavelet power in each has
been averaged across the 2-5 year scales. Solid black contour indicates 95%
significance level.

depth is qualitatively similar to that of SST. SSH and pycnocline depth are

negatively correlated over most of the model domain with r < -0.8 (not shown),

which is consistent with a primarily 1st baroclinic mode response.

Since SST and SSH observations were assimilated into the model, Figures

29a and 29b essentially provide information about the covariability between

the observed state of the surface ocean and ENSO for the period 1981-2010

for SST and 1992-2010 for SSH. On the other hand, SSS and pycnocline depth
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are generally poorly observed by the in situ observing network in the ROMS

CCS domain. Likewise vertical velocity, EKE and alongshore transport are

unobserved variables but are directly influenced by the satellite and in situ

hydrographic data via 4D-Var.

To illustrate the impact of 4D-Var on the circulation estimates and the value

added by assimilating the observations, the scale-averaged cross-wavelet power

spectra for the same dynamical variables calculated from a non-assimilative

forward model run are shown in Figure 29e-h. Since the forward model is not

informed by observations, the influence of individual ENSO episodes on the

coastal circulation in this case is communicated either by changes in the sur-

face forcing and/or via the SODA open boundary conditions used in WCRA31.

While Figure 29 shows that covariability of SST, SSH, SSS and pycnocline

depth with the MEI in the forward model and WCRA31 share many fea-

tures in common, the amplitude of the forward model response is generally

lower, suggesting that much of the information about the influence of ENSO

in WCRA31 is provided by the surface forcing and/or open boundary data and

is enhanced by the assimilation of observations. However, the coastal ocean

response to some events is quite di↵erent in WCRA31 compared to the forward

model. For example, much of the covariability of SSS with the MEI during

the 1997-98 El Niño and 1999-2000 La Niña (Figure 29c) is absent from the

forward model (Figure 29g).

The covariability of the MEI with vertical transport adjacent to the coast,

alongshore transport and EKE is fairly complex as illustrated in Figure 30.
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Vertical transport is associated with coastal upwelling and downwelling driven

primarily by the alongshore wind, and exhibits a ”hot-spot” of significant el-

evated scale-averaged cross-wavelet power downstream of Cape Mendocino, a

major topographic feature (Figure 30a). Alongshore transport (Figure 30b)

covaries with the MEI primarily during the 1982-83 and 1986-87 El Niño and

1988-89 La Niña events poleward of Point Conception, while the response to

the 1997-98 El Niño spans the entire coast. EKE covaries strongly with the

MEI during the 1982-83 El Niño along the northern and central California

coast (Figure 30c), particularly near 40�N, but covariability is generally weak

during other ENSO episodes.

A comparison of the scale-averaged cross-wavelet power of vertical veloc-

ity, alongshore transport and EKE between WCRA31 (Figure 30a-c) and the

forward model (Figure 30d-f) reveals that data assimilation has dramatically

altered some aspects of the coastal circulation in response to ENSO. In the case

of EKE, covariability with the MEI during the 1980s is elevated in WCRA31,

relative to the forward model, while during the 2007 and 2008 La Niña events,

the opposite is true.

3.2.2 Coastal Circulation Variability and the NPGO

Figures 31a-d show the scale-averaged cross-wavelet power for the NPGO index

and time series of the same dynamical variables as Figure 29. In this case, the

scale-averaging spans the 10-15 year period band. By and large, SST, SSH and

SSS indicate significant covariability with the NPGO index beginning in the
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Figure 30: Hovmöller diagrams of scale-averaged cross-wavelet power between
the MEI and time series of anomalous vertical velocity (a), alongshore (N-S)
transport (b) and Eddy Kinetic Energy (c). Figures b and c were computed
in the upper 500 m of the water column. The vertical dashed lines perpendic-
ular to the horizontal axis indicate the timing of the peak of El Niño events
(indicated by red circles) and La Niña events (blue circles). Approximate lati-
tude of coastal promontories indicated outside right; Cape Blanco (CB), Cape
Mendocino (CM) and Point Conception (PC). Cross-wavelet power in each has
been averaged across the 2-5 year scales. Solid black contour indicates 95%
significance level.

1990s, consistent with Figures 28b and 28d. SST and SSH exhibit significant

power in the NPGO frequency band along the entire coast with maximum

power for SST between Cape Blanco and Cape Mendocino, and equatorward of

Point Conception for SSH. SSS and the pycnocline depth exhibit two regions of

significant covarying power with the NPGO index, one poleward of the central

California coast and another equatorward of Point Conception.

Figure 31 also shows the scaled-averaged cross-wavelet power spectra for the

NPGO index and each dynamical variable computed from the forward model
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Figure 31: Same as Figure 29 except showing scale-averaged cross-wavelet
power between the nearshore variables and the NPGO. Cross-wavelet power
in each has been averaged across the 10-15 year scales.

run without data assimilation. A comparison of WCRA31 with the forward

model reveals the significant impacts of data assimilation on some aspects of

the coastal circulation that vary in concert with the NPGO. For example, 4D-

Var enhances the alongshore coherence of SST variability during the 1990s, but

curtails variance in SSH during the early part of the same decade poleward

of Cape Blanco. Similarly, SSS covariability along the central California coast

is weakened substantially by 4D-Var, while the pycnocline depth covariability

is strengthened considerably by 4D-Var in the the early 1990s north of Cape

Mendocino.

The scale-averaged cross-wavelet power spectra describing the covariability
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between vertical transport and alongshore transport and the NPGO index

are shown in Figures 32a and 32b and also exhibit alongshore coherence with

elevated power in the vicinity of Cape Mendocino, Point Conception and in the

SCB. Similarly, variations in EKE that covary with the NPGO index (Figure

32c) appear to be tied to major topographic features. The NPGO is associated

with variations in the North Pacific Oscillation (NPO) which is characterized

by an oscillation of a north-south dipole of sea level pressure (SLP). The NPO

SLP anomalies in the subtropics in turn lead to changes in the alongshore

winds over the CCS. The NPGO can therefore be expected to drive variability

in alongshore transport, upwelling and shear-induced EKE consistent with

Figure 32 Of particular note is the elevated power in alongshore transport

(Figure 32b) possibly associated with changes in the strength of the eastern

portion of the subtropical gyre, a characteristic associated with the North

Pacific Gyre Oscillation (cf. Section 1.1.2).

3.3 Empirical Orthogonal Function Analysis

3.3.1 2D Empirical Orthogonal Functions of the CCS

The Pacific Decadal Oscillation (PDO) and North Pacific Decadal Oscillation

(NPGO), as described in the Section 1, are identified as the first EOF of SST

and the second EOF of SSH in the Northeast Pacific respectively. Because

the CCS domain is a subset of the larger domain which defines these modes,

the leading EOFs of SST and SSH in the CCS may be expected to be mere

subsamples of the larger spatial definition of the basin scale modes.
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Figure 32: Same as Figure 30 except showing scale-averaged cross-wavelet
power between the nearshore variables and the NPGO. Cross-wavelet power
in each has been averaged across the 10-15 year scales.

The EOFs of SST and SSH are the eigenvectors defined by (14) where

C represents the covariance matrix of SST or SSH and �
i

and ei are the

eigenvalues and eigenvectors respectively. Figure 33 shows the two leading

2D-EOFs of SST and SSH computed from WCRA31, and as expected, EOF-1

in both cases explains a significant portion of the variability (SST: 65%, SSH:

41%), with each subsequence EOF explaining successively (and substantially)

less of the variance.

However, the leading EOFs do not appear to simply replicate the CCS

subspace of the basin scale modes. Table 4 shows the percent variance of

the leading two EOFs of SST and SSH, as well as, the correlation coe�cient

between each associated PC time series and the PDO, NPGO and MEI index

time series, and it is clear that no single EOF appears fully associated with
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Figure 33: Two leading EOFs of SST and SSH computed from WCRA31 and
associated PC time series. Time series were smoothed with a 12-month running
mean.

any of the large scale modes.

Table 4: Percentage of variance explained by the two leading EOFs of SST and
SSH from WCRA31. Also shown are the correlation coe�cients between each
of the associated PC time series and the PDO index, the NPGO index and
the Multivariate ENSO Index (MEI). The asterisk indicates a 5-month lagged
correlation.

The leading EOFs of SST and SSH do appear to capture much of the spatial

variability associated with the PDO. Figure 34a shows the global pattern of

SST associated with the PDO and indicates a coherent pattern of positive
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SST anomalies in the CCS domain during the positive phase of the PDO, a

characteristic shared with the leading EOF of SST in the CCS (Figure 33a). A

second feature characteristic of the PDO is an increase in nearshore SSH along

the west coast of North America in response to anomalous upwelling conditions

brought about by a strengthening of the Aleutian Low, a semi-permanent

low pressure system in the North Pacific. The apparent strengthening of the

Aleutian Low by the PDO is also visible in the SLP anomalies over the far

North Pacific in Figure 34a. The leading EOF of SSH in the CCS (Figure 33g)

contains domain wide positive anomalies during its positive phase, consistent

with the expected response in SSH to the PDO.

Figure 34: (a) Global pattern of SST associated with the PDO computed by
regressing time series of monthly SST on the PDO index time series. The
PDO index time series is derived as the leading PC of SST in the North
Pacific poleward of 20�; Figure from Mantua et al., (1997). (b) NPGO pattern
computed as the second EOF of SSH in the Northeast Pacific; Figure from Di
Lorenzo et al., (2008).

Interestingly, the first EOF of SST in the CCS is most highly correlated

with the NPGO (cf. Table 4), which is typically associated with the 2nd EOF

of SST in the Northeast Pacific (Bond et al., 2003), also commonly referred to

as the ”Victoria Mode”. However, the pattern of SST EOF-1 in the CCS shows
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a decrease in SST anomalies with increasing distance o↵shore, in disagreement

with the structure of the ”Victoria Mode” which shows an increase in amplitude

o↵shore. The power spectrum of the leading PC time series of SST and SSH

are shown in Figures 33c and 33i respectively and in both cases, the spectrum

peaks near a period of ⇠ 10 years, which is consistent with the time period

associated with the PDO and NPDO (cf. Figure 28b and 28d for NPGO).

The second EOF in each case appears most closely associated with adjust-

ments due to El Niño, in particular the large events of 1982-83 and 1997-98

(Figure 33e and 33k), rather than the NPGO which, recall, is the 2nd EOF of

SSH in the North Pacific. Neither EOF-1 or EOF-2 of SSH in the CCS con-

tains anomalies of a similar structure to that shown for the NPGO in Figure

34b. EOF-2 of SST in the CCS is most highly correlated with the MEI at a

lag of 5-months, which is likely associated with the arrival of coastal trapped

waves (CTW) from the equator, which are excited along the equatorial region

of the South American coast in response to ENSO (Enfield and Allen, 1980;

Chelton and Davis, 1982). The influence of the CTWs is also evident in the

coast-wide response in SST and SSH in Figure 33d and 33j. While the power

spectrum of PC-2 SST (Figure 33f) and SSH (Figure 33l) also exhibit elevated

power in the low-frequency portion of the spectrum, there’s an obvious peak

in both spectra near ⇠ 3 years, a time scale typical of ENSO (cf. Figure 28a

and 28c)

These results highlight a critical point that the emergent EOFs are highly

domain-dependent and the leading EOFs of a subsampled domain may not
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reflect the EOFs of the space spanned by the larger enveloping domain. How-

ever, as expected, the primary modes of variance do exhibit some connection

to the larger basin scale modes.

3.3.2 3D Multivariate Empirical Orthogonal Functions of the CCS

Since the majority of ocean measurements take the form of remotely sensed

satellite observations, the majority of oceanic EOF analyses investigate the

variance in the surface state alone. The circulation estimates of WCRA31 on

the other hand provide a near seamless picture of the full 3-dimensional time

evolving ocean, and this fact is capitalized upon here to investigate the modes

of variance in the full 3D ocean state.

Following the notation presented in Section 1.2.1, the ROMS state vector

will be denoted by x and contains all grid-point values of sea surface height,

temperature, salinity, and the horizontal components of velocity. To diagnose

the interannual variance in the circulation, the 3-dimensional multivariate em-

pirical orthogonal functions (3D-EOFs) of the full ocean state were computed

using the energy norm in (16), which will act to normalize to a consistent set

of units and account for variations in grid-cell volume.

The 3-dimensional empirical orthogonal functions (3D-EOFs) are the eigen-

vectors of the rescaled covariance matrix given by (15) described in Section

1.2.3, where wi,j = W
1
2
1 xi,j. The sensitivity of the leading EOFs to the man-

ner of scaling was considered using variants of both W1 and W2 (�
x

�1 dV
V
)

presented in Section 1.2.3. Use of the energy norm W
1

was tested both with
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use of representative and spatially varying values of ↵, � and N2. In the case

of representative values, ↵=1.6 ⇥ 10�4 K�1, �=7.6 ⇥ 10�4 and N2=10�5 s�2,

chosen based on a time mean of the parameters in the upper 100m of the

water column across the horizontal extent of the domain. In the case of spa-

tially varying values, ↵, � and N2 were computed as the time mean of the

3-dimensional fields. Similarly, testing the use of W2 was conducted using

representative and spatially varying values of �
x

.

The EOFs that emerge from the analysis were found to be relatively insensi-

tive to the choice of weighting, though some of the higher modes do sometimes

change position in the spectrum. The similarity between the first four modes

in each case is demonstrate in Figure 35 which shows an overlay of the four

leading PC times series for the four cases described above. All of the time se-

ries in Figure 35 are for the PC occupying the same position in the spectrum,

except for PC-2 and PC-4 in the case of representative values of �
x

where the

two time series have been switched to plot alongside the corresponding mode

from the other three cases.

Because of the inherent importance of energy in the ocean, W1 was chosen

for the presented analysis and the case of representative values of ↵, � and N2

is used since it accounts for the largest explained variance in the leading ten

EOFs (57%), which will be used in Section 3.3.4 to approximate the normal

modes (POPs) of the CCS circulation.

Prior to calculating the 3D-EOFs, all elements of the ROMS state vector

were smoothed using 20 iterations of a 2nd order shapiro filter e↵ectively re-
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Figure 35: Overlay of the PC time series for the leading four 3D-EOFs from
the case of representative values of ↵, � and N2 (black) spatially varying values
of ↵, � and N2 (red), representative value of � (magenta) and spatially varying
values of � (blue). PC-2 and PC-4 have been switched for the case of spatially
varying values of � (blue) to plot along side the corresponding mode of the
other cases.

moving the influence of mesoscale features on the circulation with the aim of

isolating the low-frequency component of the covariance. The explained vari-

ance for each of the four leading EOFs is shown in Table 5 along with the

correlation of the accompanying PC time series with the leading Northeast

Pacific climate modes. Additionally, because the size of the system is O(106),

solving for the eigenvectors of the rescaled covariance matrix C by traditional

methods is not possible. The leading EOFs were therefore solved using an it-

erative Lanczos method as described in Appendix A of Crawford et al., (2017;

see Appendix B).
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Table 5: Percentage of variance explained by each of the four leading 3D-
EOFs of WCRA31. Also shown are the correlation coe�cients between each
of the associated PC time series and the PDO index, the NPGO index and the
Multivariate ENSO Index (MEI). Significant correlations are shown in bold.
The asterisk indicates a 3-month lagged correlation.

The surface expression of the leading four 3D-EOFs is shown in Figure

36 with vertical sections every 2� of latitude in the upper 500m of the water

column shown in Figure 37. The corresponding principal component time

series of each 3D-EOF is shown in Figure 38a-d along with the index time

series of the PDO, NPGO and MEI (Figure 38e-g). Each panel in Figure 38

shows the original time series and a time series which has been smoothed with

a 12-month running mean. The smoothed PC time series will be used to derive

a linear inverse model of the CCS in Section 3.3.4.

EOF 1 (r1): The leading 3D-EOF explains 18% of the variance and the most

significant characteristic of its associate PC time series (Figure 38a) is a down-

ward trend over the length of the analysis time period. This is a characteristic

shared with the PDO index time series (Figure 38e), the climate mode with

which it is most highly correlated (r=0.7)

The surface structure of this EOF is shown in Figures 36a and 36e, and in

combination with Figure 37a indicates that prior to 2000, the SST and SSH

anomalies were mostly positive with a negative nearshore anomalies in SSS.
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Figure 36: Surface expression of the 4 leading 3D-EOFs. Top: SST (color),
SSH (contour). Bottom: SSS (color) surface velocity (contour/arrows).

During the most recent decade, the anomalies are reversed in sign with an

approximate change in SST and SSH of 0.3�C and .1 cm respectively. These

are accompanied by salinity anomalies of ⇠ 0.1 psu. The overall downward

trend leads to a total decrease in surface temperature of 0.8�C and an increase

in salinity of ⇠ 0.2 psu near the coast.

Vertical sections of 3D-EOF temperature and salinity show that the largest

anomalies occur in the subsurface in the vicinity of the thermocline (Figure 37a

and 37e). Temperature variations are coherent and of the same sign over the

entire domain while salinity changes sign between the nearshore and o↵shore

regions. The temperature variations in the subsurface are much larger than

those shown at the surface with a total change close to 1.5�C. The upward

trending nearshore salinity anomalies associated with r1 may be related to

adjustments in the source depth during ENSO events (Jacox et al., 2015a)
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Figure 37: Subsurface expression of temperature (top) and salinity (bottom)
of the four leading 3D-EOFs in the upper 500m. Sections extending from the
coast every 2� of latitude.

which act to force the PDO (Newman et al., 2003; Schneider and Cornuelle,

2005). During the period 1980-2000, r1 acts to strengthen the equatorward

component of the CC, and weakens it in the most recent decade.

EOF 2 (r2): As with r1, the PC time series of r2 exhibits significant low-

frequency phase shifts with a sign change every 5-10 years. The surface struc-

ture is shown in Figure 36b and 36f with vertical sections shown in 37b and

37f. SST and SSH variations are shown to be largest in the o↵shore region with

near normal conditions in the nearshore. Temperature and salinity variations

are single signed over the whole domain and relatively coherent over the up-

per 100m in temperature and 200m for salinity. At these depths, temperature

undergoes a sign change while salinity appears to decrease close to 0. Surface

anomalies in temperature and salinity are ⇠ 0.3�C and ⇠ 0.07 psu.

The surface velocity structure of the r2 is rather complex with a reduced
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Figure 38: Principal component time series of the four leading 3D-EOFs (a-d).
Index time series of the dominant climate modes in the NE Pacific (PDO (e);
NPGO (f); MEI (g)). Red line represent a 12-month running mean of the raw
time series shown in black.

(enhanced) nearshore flow of the CC poleward (equatorward) of Cape Men-

docino during positive phases and the reverse during negative phases. Inter-

estingly, r2 also contains coherent onshore/o↵shore flow west of ⇠ 125�W, a

feature not exhibited by any of the other 3D-EOFs.

To investigate the possibility for sets of companion EOFs, the lagged corre-

lation between various PC time series of the leading EOFs was explored. The

PC time series of r2 was found to have a high lagged correlation with the PC

time series of r1 (r=0.74) at a lag of approximately 3 years. This lagged corre-

lation indicates the two modes are likely companion EOFs, possibly capturing

a dynamical mode of the system. Companion EOFs emerge when separate

pieces of a propagating signal are captured by separate EOFs. As described in
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Section 1.2.3, linear inverse modeling provides a method for investigating the

dynamical modes of a system and will be used in Section 3.3.4, where r1 and

r2 are shown to assist in revealing several oscillatory dynamical modes.

EOF 3 (r3): EOF r3 accounts for 9% of the energy density, and the surface

structures are shown in Figures 36c and 36g. In contrast to the r2, SST and

SSH decreases in amplitude o↵shore, with a significant sign change in SSH.

SSS for r3 are coherent over much of the domain with slight change in sign

within the Southern California Bight (SCB).

Typical surface temperature variations are (⇠ 0.5�C) along the entire coast

with near normal conditions further o↵shore. Salinity anomalies are most pro-

nounced poleward of Cape Mendocino (⇠ 0.1 psu), with near average SSS

along the central California coast. The SCB experience inverse conditions to

that of the more northern region though of considerably reduced magnitude

(⇠ 0.02 psu). Vertical sections of temperature and salinity anomalies associ-

ated with r3 are shown in Figures 37c and 37g. and temperature variations

are relatively coherent over the upper water column. The amplitude of salinity

variations, however, are considerably larger than those at the surface, particu-

larly in the northern, nearshore regions. Over the upper ⇠ 100 m, temperature

and salinity anomalies associated with r3 have the same sign, suggesting that

they influence the spiceness of the ocean rather than density. In this case,

density variations due to changes in temperature and salinity act to cancel

each other. The component of the California Current associated with r3 (Fig-
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ure 36g) was weaker than average during the 1990’s and stronger during the

1980’s and 2000’s.

EOF 4 (r4): Approximately 4% of the energy density in C is accounted

for by EOF r4 and the SST, SSH, SSS and surface velocity expressions are

shown in Figures 36d and 36h. The PC time series accompanying r4 (Figure

38d) is moderately correlated with the MEI and captures the large amplitude

El Niño episodes of 1982-83 and 1997-98. The maximum correlation of 0.52

occurs at a 3-month lag (with the MEI leading the PC time series), consistent

with propagation of coastally trapped waves from the tropics to the CCS.

EOF r4 appears to capture some of the documented physical adjustments to

the CCS associated with the large amplitude events, including anomalously

high SST and SSH coastwide (Figure 36d), a decrease in SSS (Figure 36h)

and a decrease in the strength of the California Current (Figure 36h). The

low salinity during El Niño events could be due to a relaxation in upwelling,

reducing the transport of colder, more saline water to the surface. Subsurface

variations of temperature and salinity are shown in Figures 37d and 37h and

indicate warmer, fresher water in the upper 500 m of the water column within

300-400 km of the coast during El Niño, in agreement with the changes reported

by Hickey (1998). The vertical extent of the weaker equatorward transport by

the California Current during these El Niño events is shown in more detail in

Figure 39 as anomalous poleward velocities between ⇠ 127�W and ⇠ 123�W.

Conversely, over much of the continental shelf anomalous equatorward cur-
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Figure 39: Variance in alongshore velocity captured by 3D-EOF four. Sections
plotted every 2� of latitude in the upper 500m of the water column. General
location of the California Current and California Undercurrent indicated by
CC and CUC respectively.

rents extend throughout the entire water column. The sections of alongshore

velocity near ⇠ 37.5�N, ⇠ 40�N and ⇠ 44�N in Figure 39 are qualitatively

similar in some respects to those observed by Kosro (2002; see his Figure

10) during the onset of the large amplitude El Niño in November, 1997. On

the other hand, Simpson (1992) reported an anomalous strengthening of the

poleward California Undercurrent (CUC) and an associated subsurface salin-

ity increase between 200 m and 300 m depth along the slope in the CalCOFI

Line 90 data from the Southern California Bight during the 1982-1983 El Niño.

However, these features are absent in r4 in Figures 37h and 39.

3.3.3 Connecting Coastal ENSO Variability to the 3D-EOFs

The 3D-EOFs of the CCS identified in the previous section capture the leading

modes of variability in the 3D ocean circulation, and Figure 40 shows the

wavelet power spectra of the PC time series of these leading EOFs, highlighting

the dominate scales of variability in each each through time. Figure 40d shows

that r4 captures much of the power associated with the large amplitude El Niño
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events of 1982-83 and 1997-98, as evidenced by the elevated power at periods

of 2-5 years. However, Figures 40a, 40b and 40c suggest that r1 , r2 and r3

capture power at the same periods of the weak-to-moderate ENSO episodes as

well.

Figure 40: Wavelet power spectra of the PC time series associated with the
leading four 3D-EOFs computed in Section 2.2 using the Paul wavelet. Contour
indicates significance at the 95% level.

This is further illustrated in Figure 41 which shows Hovmöller diagrams

of the scale-averaged cross-wavelet power in the 2-5 year period range that

is associated with the sum of the four leading EOFs. In this case the state-

vector x(t) is approximated as x̃(t)=
P4

i=1 ai(t)ri, where ri is the ith EOF of

WCRA31 and ai(t) is the associated PC time series. A comparison of Figure

41 with Figures 29a-c reveals that the four leading EOFs capture much of

the circulation variability associated with ENSO although with a somewhat

reduced amplitude.

As in the case of ENSO, much of the covariability of the coastal circulation
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Figure 41: Same as Figure 29, but showing (a) SST, (b) SSH and (c) SSS
associated with the sum of the leading four 3D-EOFs of WCRA31.

with the NPGO index in the 10-15 year period band is captured by x̃(t), the

sum of the four leading EOFs (not shown). In this case, most of the significant

power in the 10-15 year band appears to be captured by the PC time series r2

shown in Figure 40b.

3.3.4 Principal Oscillation Patterns of the CCS

Following Section 1.2.3, the PC time series of the leading 3D-EOFs computed

in Section 3.3.2 were used to compute M̃ in (19) which is used in a linear

inverse model (20) of the CCS. The leading ten EOFs collectively explain 57%

of the variance and were used in the LIM since the spectrum flattens out be-

yond this point. The flattened portion of the spectrum represents increasingly

noisy EOFs, which if included would decrease the merit of the of the analyses
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presented here. Each PC time series was de-trended and smoothed with a 12-

month running mean prior to conducting the LIM computations. Removing

the linear trend in the PC times series assist in minimizing any ambiguity in

the oscillation time period of each POP, and smoothing the time series, while

a less necessary step, leads to a better separation of the POP eigen spectrum

and eliminates any non-oscillation modes, which are most likely non-physical.

The time lag (⌧) used to derive the lagged covariance matrix in (19) is set to

6 months. The complex eigenvectors of M̃ represent approximations of the

normal modes and are referred to as Principal Oscillation Patterns (POPs;

Hasselman 1988). For the ten PC time series used in the LIM computation,

five complex conjugate pairs are returned and each pair together resolves a sin-

gle POP. The oscillation time period along with the decay rate of each POP is

shown in Table 6. As discussed in Penland and Sardeshmukh (1995), since M̃

is derived from the statistically stable time series of the 3D-EOFs, the decay

rates are all negative (i.e., Re(�i) < 0, shown as positive quantities in Table

6). Also shown in Table 6 is the projection of each POP onto the the leading

four 3D-EOFs.

Table 6: Period and e-folding decay time (years) for the five POPs (ordered
according to increasing period). Also shown is the projection of each POP on
the leading four 3D-EOFs.

Although the POPs discussed here were computed for a particular set of
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values (⌧=6; number of EOFs=10), the dominant POPs are relatively insen-

sitive to the parameters chosen as shown in Appendix C of Crawford et al.,

(2017; see Appendix B). Furthermore, because the POPs are only approxima-

tions of the real normal modes of the system, it is necessary to conduct some

verification that the calculated POPs mimic the characteristics of a real dy-

namical mode. Von storch (1995) presents methods for testing the validity of

the emergent POPs using the coherence and phase between the real (Re(ai))

and imaginary (Im(ai)) components of the time evolving complex amplitude

of each POP given by ai(t) = (e†i )
H�xT (t). Here e†i are the eigenvectors of

M̃T and the superscript H denotes the Hermitian transpose. To adequately

represent a real mode of the system, the cross-power spectra and squared co-

herence between Re(ai) and Im(ai) should peak near the oscillation frequency

of the POP. Additionally, the phase separation should be approximately �90�

in the vicinity the POP frequency. POPs 1-3 satisfy all of these requirements

(Crawford et al., 2017; see Appendix B) while POPs 4 and 5 do not and will

therefore be excluded from the analysis.

Figure 42 shows the real and imaginary components of POPs 1-3 SST, SSH,

SSS and surface velocity (u, v). Recall from Section 1.2.3 that the progression

of each POP is given by Re(ei) ! �Im(ei) ! �Re(ei) ! Im(ei) ! Re(ei) !

. . . where each phase of the progression is separated from the previous by a

quarter of a period. For instance, the SST state given by the real component

of POP-1 shown in Figure 42a will progress to the negative of the SST state

given by the imaginary component of POP-1 (Figure 42b) over a quarter of
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the POP-1 oscillation period (3.6 years, cf. Table 6).

The physical evolution of anomalies in temperature, salinity, velocity and

sea surface height are described below for POPs 1-3, however, much of the

observed phase propagation requires an animated progression through the full

oscillation cycle in order to accurately describe the evolution, though many of

the details are still relatively apparent from the static images in Figure 42.

Figure 42: Surface expression of the real and imaginary components of POPs1-
3. Left-Left Center; SST (color) and SSH (contour; dotted line indicates zero
crossing and negative anomalies indicated by dashed contour). Right Center-
Right; SSS (color) and surface velocity (contour/arrows)
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POP 1: POP-1 has the shortest oscillation time period of the CCS POPs,

following through a full cycle in 3.6 years. A mix of neutral and slightly warm

anomalies fill nearly the entire domain (Figure 42a) before being replaced in

the nearshore by cold anomalies which occur simultaneously along the entire

coast. The negative anomalies expand further o↵shore while the nearshore

anomalies reach their peak along the central and southern California coast. As

cool coastal temperatures develop in the nearshore, negative SSH anomalies

develop simultaneously all along the coast producing a strong onshore-o↵shore

gradient in SSH. These anomalies expand o↵shore nearly filling the domain

before separating from the coast as positive SSH anomalies again develop in

the nearshore.

POP-1 salinity anomalies lag behind those of SST and SSH by ⇠ 1
4 of a

period, with high saline conditions beginning to replace nearshore fresh con-

ditions just as SST and SSH anomalies are peaking. High saline conditions

begin in the vicinity of Point Conception before filling the remainder of the

California coast. Positive anomalies in SSS along the coast of Washington and

Oregon originate o↵shore of northern Washington before propagating onshore

and southward along the coast. Salinity anomalies o↵shore of Cape Mendocino

lag being the rest of the nearshore domain as the northward and southward

propagating phases in SSS converge at ⇠ 40�N. The predominantly equator-

ward flowing California Current is initially accelerated north of 38�N before

being accelerated along the entire coast a quarter of a period later (Figure

42d). The initial acceleration is mostly confined to the northern coast before
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spreading o↵shore until equatorward anomalies are seen throughout the whole

northern domain. Acceleration of the CC in the south lags behind that in

the north and in contrast is most coherent in the o↵shore regions. This is es-

pecially noticeable within the Southern California Bight where the nearshore

anomalies oppose those further o↵shore (Figure 42d). The accelerated CC is

subsequently slowed beginning in the north followed by a phase propagation

of anomalies into the more southerly latitudes.

To illustrate the 3-dimensional progression of POP-1 anomalies, Figure 43

presents a progression over a full cycle of temperature, salinity and velocity

in the upper 200m of the water column in the central California region. The

progression in Figure 43 represents one full oscillation of POP-1 where the

tendency of the POP to decay in time has been suppressed. The attention

here is placed on central and northern California for its role in upwelling,

which is the focus of analysis in Sections 2.2.3 and 5.1.2 as well as being

generally important for the nearshore circulation which is the focus of Section

3.2. Figure 43 illustrates that anomalous conditions in subsurface temperature

lag behind surface conditions. The largest subsurface temperature anomalies

are located within the thermocline and appear to propagate o↵shore. Though

the zonal section in the figure is at 37�N, the o↵shore phase propagation of

subsurface temperature anomalies is observable at nearly all latitudes in the

CCS domain, a characteristic shared with the leading 3D-EOF (Figure 37a).

This point comes as no surprise since POP-1 projects to the greatest degree

on r1 (cf. Table 6). Acceleration/deceleration of the CC in the surface also
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appears to be lagged by changes in the subsurface, though at particular times

enhanced/suppressed equatorward flow is coherent in the upper 200m of the

water column. Changes to the nearshore vertical velocity are in phase with

surface warming as well as changes to subsurface salinity.

The real and imaginary components of the complex mode amplitude of

POP-1 were found to be significantly correlated with the MEI index time

series. The imaginary component is correlated with the smoothed version of

the MEI time series shown in Figure 38g with an r=-0.73. The real component

of the POP-1 mode amplitude has a maximum correlation (r=0.7) with the

smoothed MEI time series at a lag of 8 months. These correlation point to

potential for POP-1 to be capturing a dynamical mode which represents a

response in the CCS to ENSO and will be explored to a greater degree in

Section 4.

POP 2: Warm and fresh surface conditions at the initial time of POP-2 (Fig-

ures 42e and 42g) are progressively replaced by cool, high saline conditions.

There is very little phase propagation in SST as the domain wide warm anoma-

lies decay through zero and develop into anomalously cool conditions. Positive

SSS anomalies progress from the o↵shore region into the nearshore where they

reach a peak near Cape Mendocino. SSH anomalies also exhibit very little

phase propagation and progress from near domain-wide positive anomalies to

negative over a quarter of a cycle. The largest amplitudes in SSH are mostly

confined to the southern part of the domain, south of ⇠ 40�N. At its onset,
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Figure 43: A 3-dimensional view of POP-1 temperature (color), salinity (con-
tour) and velocity (arrows) o↵ the central California coast. Dashed contours
indicate negative salinity anomalies and the contour interval is 0.02. The size
of the arrow is indicative of the relative magnitude of the velocity, and the ver-
tical velocity component is scaled by 105 for ease of viewing. Panels show the
time evolution of the oscillatory component of POP 1 separated by intervals
of 1/6 of a period (⇠ 0.6 years)

POP-2 appears to slow the equatorward flow of the CC north of ⇠ 38�N (Fig-

ure 42g) before transitioning into an accelerated state. Flow anomalies south

of this point are relatively incoherent except near the coast where the equator-

ward flowing coastal jet appears enhanced/surpressed by the real component

of POP-2 velocities.

Figure 44 shows a similar 3D progression of temperature, salinity and ve-

locity to that in Figure 43, only for conditions associated with POP-2. In

this case, the progression takes place over the 5.6 year period of the oscilla-

tion and the decaying portion of the oscillation has been suppressed. Contrary

to the characteristics exhibited by POP-1 where the surface and subsurface

experience variations in temperature, the temperature variations in POP-2

are mostly regimented to the surface. Though more challenging to observe
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here since the contours are not labeled, anomalies in salinity are also confined

mostly to the surface. Variations in temperature and salinity over the remain-

der of the domain are also generally confined to the surface. Though coherent

anomalies in velocity are sometimes observed in the surface, no point in the

oscillation contains a complete acceleration/deceleration over the upper 200m.

Figure 44: A 3-dimensional view of POP-2 temperature (color), salinity (con-
tour) and velocity (arrows) o↵ the central California coast . Dashed contours
indicate negative salinity anomalies and the contour interval is 0.03. The size
of the arrow is indicative of the relative magnitude of the velocity, and the ver-
tical velocity component is scaled by 105 for ease of viewing. Panels show the
time evolution of the oscillatory component of POP 3 separated by intervals
of 1/6 of a period (⇠ 0.9 years)

POP 3: In general, the real components of POP-3 share many character-

istics with r2, which is expected since it projects to the greatest degree onto

this 3D-EOF (cf. Table 6). Figures 42i and 42j show that a system wide sur-

face cooling is followed by a warming that builds in from the northwest and

southeast regions, leading to a domain-wide warming. Progression between

surface wide cooling to warming takes place over 1
2 of the POP oscillation pe-
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riod (⇠ 5 years) and will therefore return to the original state over one full

oscillation (9.7 years). In concert with the surface warming, a syste-wide in-

crease in salinity becomes concentrated in the relatively nearshore region of

Capes Blanco and Mendocino before being replaced by fresher conditions do-

main wide. Variations in SSH are less coherent than those occurring in SST

and SSS, with negative SSH anomalies decaying in situ and being replace by

higher than normal sea surface heights. The equatorward component of the

CC is initially accelerated along the coast north of 42�N before switching to

more o↵shore flowing anomalies. Conversely, the initial zonal flow anomalies

south of 42�N are replaced by coherent alongshore anomalies stretching from

Cape Blanco to Point Conception.

Figure 45 presents a progression of POP-3 temperature, salinity and ve-

locity in the upper 200m of the water column spanning the same region as

Figure 43 and Figure 44. The sea surface temperature and salinity anomalies

shown in Figure 42 appear to be consistent over the upper ⇠ 100m of the

water column, where a sign change occurs in the vicinity of the thermocline.

Similar to POP-1, subsurface variations in temperature lag behind the surface

conditions. However, anomalous conditions in alongshore flow are in phase

over the upper 200m of the water column.

Using a POP analysis of SST and baroclinc pressure fields provided from a

500-yr integration of the Community Climate SystemModel version 3 (CCSM3),

Weijer et al., (2013) also identify several POPs of variability, two of which have

periods (11- and 17-years) reasonably close to that of POP-3 identified here.
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Although their POP-1 has a period closer to that of POP-3 isolated in the

CCS, the structure of their POP-2 SST shares quite a bit more in common

with the structure of the the real and imaginary components of POP-3 SST

in Figure 42i and 42j. Specifically, POP-2 SST in the CCSM3 model initially

contains negative anomalies within the entire CCS domain which subsequent

retreat southward along the coast and are replaced by positive anomalies, both

of which are characteristics shared by POP-3 SST. Additionally, an eastward

phase propagation of SST in the northern latitudes of the CCS is apparent in

an animation of POP-3 evolution and Weijer et al., (2013) indicate a similar

phase propagation along 42�N extending from the far western regions of the

Kuroshio extension to the California coast (their Figure 6), indicating the 3D

circulation anomalies in Figure 45 could have origins many thousands of kilo-

meters away in the western Pacific. The di↵erences in period between the two

modes identified here is not necessarily a case for discredit since a number of

di↵erence in the model and analysis formulations (e.g., resolution, time period,

⌧ in lagged covariance, variables included in POP analysis, etc) could lead to

di↵erences in the oscillation time period.

3.4 Conclusions

Using a robust set of analysis tools, climate variability in the CCS circulation

during the period of 1980-2010 is explored using the WCRA31 sequence of

circulation estimates computed using the ROMS 4D-Var system. The analysis

reveals a large diversity in the time scales and spatial patterns of variability,
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Figure 45: A 3-dimensional view of POP-3 temperature (color), salinity (con-
tour) and velocity (arrows) o↵ the central California coast . Dashed contours
indicate negative salinity anomalies and the contour interval is 0.02. The size
of the arrow is indicative of the relative magnitude of the velocity, and the ver-
tical velocity component is scaled by 105 for ease of viewing. Panels show the
time evolution of the oscillatory component of POP 3 separated by intervals
of 1/6 of a period (⇠ 1.6 years)

and helps to link local variations in the CCS domain to basin scales modes of

variability.

Wavelet analysis of the nearshore circulation on time scales associated with

ENSO and the NPGO reveal significant temporal and latitudinal variations

in the response. Using scale-averaged cross-wavelet power spectra reveals a

marked variation both temporally and latitudinally in the response of the CCS

to individual El Niño and La Niña events. Additionally, an identical analysis

of the ocean state reconstructed from the leading four 3D-EOFs (r1-r4) re-

veals that while the individual events of 1982-83 and 1997-98 are capture by

r4, the four modes together capture the majority of the total ENSO induced

variability along the coast indicating ocean variability such as that associate

with ENSO generally does not unambiguously separate into individual EOFs.
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The nearshore response to the NPGO is shown to be closely tied to coastline

irregularities and was most active during the period 1990-2000.

Comparison with scale-average cross-wavelet power between ENSO and the

NPGO and nearshore variables derived from a model without data assimilation

reveals that although the two capture many of the same features, the amplitude

of the response is increased significantly in the data assimilative circulation

estimates of WCRA31. Cases where the assimilation appears to make some

the largest impacts are the addition of significant EKE in the vicinity of coastal

promontories during the ENSO events of the early 1980’s (Figures 30c and 30f)

and the enhancement of alongshore transport at scales of the NPGO (Figure

32b and 32e), potentially signifying a modulation of CCS portion of of the

subtropical gyre circulation.

Variability is also explored by computing the leading 2D- and 3D-EOFs of

the CCS circulation, and it is clear that no single mode in either case is perfectly

associated with a particular basin scale mode of variability (i.e., PDO, NPGO

or ENSO). The 2D-EOF in SST and SSH appear spatially connected to the

PDO; however, the correlation of the PC time series is not particularly strong,

and in the case of SST is more highly correlated with the NPGO. Interestingly,

none of the 2D-EOFs in the CCS contain spatial structures reminiscent of

those expected from the NPGO. The second mode in each case appears most

connected to ENSO and reveals a coast wide response in SST and SSH.

The 3D-EOFs were computed using an energy normalization of the ROMS

state vector and reveal several modes of variability that also appear to capture
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some of the variance associated with the larger scale modes of the North Pacific.

The 3D-EOFs uncover a far more robust picture of the system variance than

the 2D-EOFs, and again highlight modes most connected with the PDO and

ENSO. While the NPGO is significantly correlated with the PC time series of r1

and r3 the expected spatial structure is not readily apparent in either case. The

leading 3D-EOF (r1) captures 18% of the total variance and indicates an overall

warming of the system over the length of the analysis time period, a feature

it shares in common with the PDO. In exploring the potential of companion

EOFs, r1 and r2 were discovered to have a significant lagged correlation. The

existence of companion EOFs signifies the potential for members of the eigen

spectrum to be resolving individual components of a dynamical mode.

Using the ten leading 3D-EOFs as basis functions in a linear inverse model

(LIM) of the CCS circulation, five dynamical modes (or Principle Oscillation

Patterns; POPs) are resolved and are approximations of the real normal modes

of the system. Three of the five POPs are shown to mimic the characteristics

of a real mode and the spatial evoltion of each is explored. The evolution of

POP-1 which has a period close to that of ENSO reveals a coast-wide warming

(cooling) and increase (decrease) in SSH. The real and imaginary components

of the POP-1 amplitudes are shown to correlate to a considerable degree with

the MEI index, potentially pointing to POP-1 as a representation of the re-

sponse in the CCS to ENSO. POP-1 also exhibits coherent anomalies in along-

shore flow over the entire north-south extent of the domain. POP-3 has the

lowest frequency of the three POPs (⇠ 10 years) and is shown to oscillate
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between cold and warm phases on 5-year time scales. The evolution of POP-3

SST appears related to a similar mode identified by Weijer et al., (2013) which

has its origins in the Kuroshio extension in the western Pacific.

Using the tools described above, interannual variability in the CCS is shown

to have a connection to basin scale variability while having it’s own set of

complex variations on a myriad of time scales.
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4 Response of the California Current to ENSO

Abstract

A linear inverse model of the CCS identifies several dynamical modes of vari-

ability, one of which has an oscillation time period of 3.6 years (POP-1) and

represents the CCS response to ENSO, capturing not only the large amplitude

events, but many of the weak-to-moderate events as well. POP-1 captures both

nearshore variability, and the o↵shore propagation of anomalies in SSH, isopy-

cnal depth and subsurface temperature associated with o↵shore propagating

Rossby waves

The equatorward flowing CC has been shown previously to contain mean-

ders in the alongshore flow, and the velocity field of POP-1 contains meanders

which coincide with meanders previously identified. The POP-1 velocity fields

indicates that ENSO can act to modulate the speed of this meandering flow

with El Niño leading to a reduction in alongshore flow and La Niña enhancing

the flow. Anomalous conditions in the nearshore jet o↵ the coast of Washington

and Oregon connect with the meandering flow further south, and anomalous

conditions within the jet lead acceleration of the meanders by ⇠ 4 months.

To diagnose the relative physical processes responsible for the development

of the POP-1 anomalies, the ROMS diagnostics option is used to provide the

relative balance of terms responsible for variations in the tracer and momentum

fields. Diagnosing the anomalies associated with POP-1 indicates an interplay

between vertical di↵usion (or viscosity in the case of momentum) and horizon-

tal advection.
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4.1 Introduction

The El Niño/Southern Oscillation (ENSO) represents one of the dominant

sources of interannual variability along the west coast of North America. Its

influence is so pervasive that it is often observable even in raw time series

before any processing of the data. ENSO communicates to the Northeast

Pacific through two distinct pathways typically referred to as the local and

remote (or oceanic) mechanism.

The local response is represented by communication of ENSO conditions

in the equatorial Pacific through the “atmospheric bridge” to the Northeast

Pacific. SST anomalies along the equator influence deep convection in the

equatorial atmosphere, which can then alter the global atmosphere through

atmospheric teleconnections (Karoly and Hoskins 1981; Alexander et al., 2002).

In turn, the local atmospheric adjustment in the winds and surface heat and

fresh water flux drives anomalous conditions in the circulation, which can be

particularly large given the CCS is a predominantly upwelling driven system.

The other mechanism by which ENSO communicates to the CCS region is

through an oceanic pathway involving the propagation along the continental

margin of coastally trapped waves (CTWs) which are generated by the arrival

of equatorial Kelvin waves at the coast of South America (Enfield and Allen,

1980; Chelton and Davis, 1982).

The impact of CTWs on the CCS is most easily observed by anomalous

adjustment of the thermocline, and Figure 46 shows a composite response of

the thermocline (here indicated by the depth of the 26.0 kg/m3 isopycnal)
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computed as the average of the ten El Niño events which occurred during

the 1980-2010 time period using the isopycnal fields of WCRA31 (cf. Section

1.2). ENSO typically peaks in December/January time period (Trenberth,

1997) , and Figure 46 shows peak anomalies in thermocline depth in February,

consistent with the time delay necessary for CTWs to propagate along the

coastal wave guide from the equator to 30�N. While adjustment in the depth

of the thermocline is attributed here to the arrival of CTWs in the CCS region,

it cannot be unambiguously separated from adjustments caused by anomalies

in the wind (which are also likely connected to ENSO) and in reality is probably

a combination of the two e↵ects.

Figure 46: September-August composite of 26.0 kg/m3 depth anomalies (here
used as a proxy for the thermocline) computed as the average of the ten El
Niño events which occurred over the period of WCRA31.

Several investigations have aimed at separating the relative influence of at-

mospheric versus oceanic ENSO forcing in the Northeast Pacific Ocean (Pares-

Sierra and O’Brien, 1989; Hermann et al., 2009), and recently the work of
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Frischknecht et al., (2015; hereafter F15) separates the influence in the CCS

through sensitivity studies using ROMS model integrations with the CCS do-

main nested within a larger domain encompassing the entire Pacific Ocean.

To isolate the local influence of ENSO, the nested CCS region of the domain

is forced with realistic time vary winds, while the area outside of the CCS is

forced with climatological winds. In this way, there will be no oceanic compo-

nent of ENSO generated along the equator, and therefore, any response in the

CCS is due only to the portion of ENSO which exists in the winds. F15 use

an inverse experiment to explore the role of the remote signal where the CCS

region is forced with climatological winds and the area outside of this is forced

with realistic wind. In this experiment, there is be no locally generate response

to ENSO, and the response which is generated along the equator propagates

into the CCS region via the oceanic pathway (i.e., CTWs).

To test the veracity of their findings, similar tests were conducted using the

model integrations of Jacox et al., 2015b where similar experiments as those

carried out by F15 were used to explore the sensitivity of nutrient supply to

the surface to variations in the wind, heat flux and remote ocean forcing. In

particular, output from the model runs labeled “Wind” and “Remote forcing”

in Table 1 of Jacox et al., 2015b were used. In the “Wind” experiment, clima-

tological boundary conditions were used to suppress any propagation into the

CCS from the southern boundary while a realistic surface forcing is used at the

surface, resolving the atmospheric impact of ENSO on the circulation. Con-

versely, the “Remote forcing” experiment uses a climatological surface forcing
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and time varying boundary conditions. As with the circulation estimates of

WCRA14 and WCRA31, the boundary conditions were taken from the SODA

(cf. Section 1.2.1).

Figure 47 shows regressions of SSH and SST between WCRA31 and the

CCS sensitivity runs of Jacox et al., 2015b. The experiments highlighting the

locally (“Winds”) and remotely (“Remote forcing”) driven response will be

referred to as the ”Local” and ”Remote” experiment respectively. Figure 47 is

comparable to Figure 7 from F15.

Figure 47: Regression of the SSH and average temperature in the upper 100 m
from WCRA31 with those resulting from the Remote (a, c) and Local (b, d)
experiments. Regressions are for the entire 31-year time period of WCRA31.

In agreement with F15, Figure 47 indicates a coast-wide response in SSH
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and T
100

in the Remote experiment however in contrast to F15, the amplitude

in the response decreases with increasing latitude in Figure 47. The response

of SSH and T
100

in the Local experiment in Figure 47 indicates a concentra-

tion along the coast north of ⇠40�N with little to no response south of this

latitude. The analysis of F15 indicates a similar response to local forcing in

termperature; however, F15 find almost no response in SSH to local forcing,

in stark contrast to Figure 47b.

4.2 POP-1 and ENSO

Linear inverse models (LIMs) provide a method for uncovering the dynamical

modes of a system, and in Section 3.3.4 a LIM of the CCS circulation was used

to capture three distinct dynamical modes (POPs), all of which mimic the

characteristics of a real dynamical mode (Crawford et al., 2017, see Appendix

B). The POPs were solved using the reduced rank methods introduced by

Penland and Sedeshmukh (1995), and the principal component time series of

the ten leading 3D-EOFs computed in Section 3.3.2 were used to compute M̃

using equation (20). The dynamical modes are then approximated as the the

complex eigen vectors of M̃. POP-1 has the shortest oscillation time scale

of the dynamical modes resolved by the LIM with a period of 3.6 years (cf.

Table 6), which also happens to be time scale typical of ENSO (cf. Figure 28a

and 28c). The real and imaginary components of the complex amplitude of

POP-1 a1 are both highly correlated with the MEI, and the real component

Im(ai) has a maximum correlation of r=-0.73 at a 0-lag. On the other hand,
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the maximum correlation (r=0.68) of the real component Re(ai) occurs at a

lag of eight months which indicates the POP is likely capturing a portion of

the CCS response which is delayed in relation to the peak in equatorial ENSO

activity

In the EOF analysis presented in Section 3.3.2, 3D-EOF r4 appears to

capture much of the variability in the CCS associated with the large amplitude

El Niño events of 1982-83 and 1997-98; however, the other three leading 3D-

EOFs (r1-r3) capture much of the variability associated with many of the other

other El Niño (and La Niña) events over the period 1980-2010. This point is

quite evident in Section 3.3.3 which recreates the analysis of Section 3.2.1 using

only the leading four 3D-EOFs. In comparing Figure 29a-c and Figure 41a-c,

it is evident that the leading 3D-EOFs capture much of the variability in the

nearshore circulation captured by the full fields.

The wavelet power spectra of the PC time series associated with 3D-EOFs

r1, r3 and r4 all have power in the 2-5 year range (cf. Figure 40), and not

surprisingly these are the EOFs onto which POP-1 projects most strongly (cf.

Table 6). Interestingly, although r4 is the 3D-EOF which most obviously cap-

tures variability associated with ENSO, POP-1 projects more strongly onto r1

and r3. Considering several of the leading 3D-EOFs appear to contain some

portion of the variability associated with ENSO, it may not be so surprising

that the combination of these EOFs in the CCS LIM resolves a mode which is

highly correlated with ENSO. To illustrate the degree to which POP-1 captures

a response of the CCS to ENSO, Figure 48 shows time series of POP-1 anoma-
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lies in SST and depth of the 26.0 kg/m3 isopycnal averaged within 200km of

the coast along central California between 34�N and 40�N along with an MEI

time series which has been smoothed with a 12-month running mean. Smooth-

ing of the MEI time series is done for the sake of comparison since the PC time

series used to compute the POPs were also smoothed with a 12-month running

mean prior to the LIM calculations (cf. Sections 3.3.4).

Figure 48: Time series of the MEI index and POP-1 anomalies of SST and
26.0kg/m3 isopycnal depth averaged within 200km of the coast between 34�N
and 40�N. The MEI time series has been smoothed with 12-month running
mean.

Figure 48 indicates that POP-1 not only captures the large amplitude El

Niño events of 1982-83 and 1997-98, but also many of the the other weak-

to-moderate El Niño events as well as the La Niña events. The response in

the average nearshore SST lags behind the MEI time series with a maximum

correlation of r=0.77 at a lag of 2-months. The peak correlation of the MEI

and thermocline occurs at a slightly greater with r=-0.77 at a lag of 4-months.

While Figure 48 shows that POP-1 e↵ectively captures the nearshore vari-
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ability in the CCS associated with ENSO, the propagation of anomalies into

the o↵shore region is explored with Hovmöller diagrams at 36�N of POP-1

SSH, thermocline depth, temperature at ⇠100m depth and meridional surface

velocity where the decaying portion of the POP has been suppressed (Figure

49). Anomalies in SSH, thermocline depth and 100m temperatue have a very

clear westward phase propagation with speeds of ⇠ 2 cm/s, consistent with

Clarke and Dottori (2008) who estimate first baroclinic Rossby wave speeds in

the CCS from 1-3 cm/s. While meridional velocity exhibits some amount of

westward phase propagation, the peak anomalies between -127�W and -126�W

mostly appear to develop in situ.

Figure 49: Hovmöller diagrams at 36�N of POP-1 SSH (a), thermocline depth
(b),temperature at 100m depth (c) and meridional velocity (d). The decaying
portion of the oscillation has been suppressed and only the oscillatory portion
depicted.
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4.3 Connection of POP-1 to Meanders in the CCS

Long term analysis of SSH and dynamic height fields in the CCS (Marchesiello

et al., 2003) indicate a series of large steady cyclonic and anti-cyclonic eddies

which give rise to large o↵shore excursions in the core of the equatorward

flowing CC. These features are seen to exist on semi-permanent to permanent

basis and emerge in essence as a response to forcing by alongshore favorable

winds in the spring time. The initial response is concentrated nearshore where

an equatorward coastal jet forms at the surface and a poleward undercurrent

in the subsurface. In time, these opposing flows become unstable and begin to

develop into o↵shore stretching meanders (Batteen, 1997).

The seasonal development of the meanders extending o↵shore is clearly

evident in the mean seasonal cycle of SSH shown for the 4D-Var circulation es-

timates of WCRA31 in Figure 50. Beginning in March, low sea surface height

anomalies are seen to develop in the nearshore stretching from Cape Blanco

to Cape Mendocino. From April through August, the nearshore anomalies

are seen to extend further o↵shore, developing into meanders. Batteen (1997)

demonstrate that coastal promontories are important regions for the develop-

ment of o↵shore meanders and this point is clearly apparent in June of Figure

50, which shows meanders o↵shore of Cape Mendocino, Point Arena and Point

Conception.

Centurioni et al., (2008; hereafter C08) further confirm the existence of me-

anders in the CCS using observations derived from a combination of velocity

data provided from the Surface Drifter Program (SVP) and satellite observa-
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Figure 50: January-December climatology of SSH in the circulation estimates
of WCRA31.

tion of sea surface height provided from the Archiving, Validation, and Inter-

pretation of Satellite Oceanographic (AVISO) data. Winds from the NCEP

Reanalysis I (Kalnay et al., 1996) were used to estimate the Ekman driven

currents which were subsequently subtracted from the drifter derived veloci-

ties. The observational analysis of C08 identify four meanders which extend

o↵shore at approximately 40�N, 38�N, 34�N and 32�N.

C08 also present a comparison of model solutions produced by four di↵erent

numerical ocean models which include the Naval Research Laboratory Layered

Ocean Model (NLOM), Parallel Ocean Program model (POP), Naval Research

Laboratory Hybrid Coordinate Ocean Model (HYCOM) and the University

of California, Los Angeles Regional Ocean Modeling System (UCLA-ROMS).

While each model generates at least a small degree of meander in the CC,

UCLA-ROMS is shown to be the only model which is able to regenerate the
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magnitude and position of meanders seen in the observations. These find-

ings are encouraging since ROMS is the numerical model used in the 4D-Var

circulation estimates of WCRA31.

Figure 51 shows the velocity structure associated with POP-1 and clearly

indicates areas of anomalous flow in the vicinity of the meanders depicted in

June of Figure 50. In particular, meanders in the POP-1 velocities o↵shore at

40�N; -127�W, 37�N; -125�W and 34�N; -124�W. While C08 identify a fourth

meander near 32�N, this region falls within the “sponge layer” of the model

and therefore excluded from the EOF and LIM calculation which resolve POP-

1. The sponge layer represents a portion of the model domain near the open

boundaries which has increased dissipation designed to inhibit the influence of

artifacts which arise due to an artificial boundary on the domain interior.

Velocity anomalies associated with POP-1 are initially concentrated in the

nearshore region of Washington and Oregon before coast-wide anomalies in

velocity occur. This point is partially evident in Figure 42 where the real

component of POP-1 velocities are equatorward north of ⇠38�N (Figure 42c)

before progressing to the negative of the imaginary component in Figure 42d

which displays coast-wide equatorward anomalies. The lagged relationship

between alongshore velocities in the north vs. south is further evidenced in

Figure 52 which shows time series of alongshore velocities averaged within

a nearshore box o↵ the coast of Oregon/Washington and a box centered on

the excursion near 37�N; -125�W. The anomalies here are for the full POP-1

amplitude, and the maximum correlation between the two time series (r=0.85)
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Figure 51: Snapshot of velocity anomalies associated with POP-1 during a
peak in the El Niño phase of the oscillation. Color indicates the magnitude of
the anomalies with vectors depicting the anomalous direction of flow.

occurs at a lag of 4 months with the northern velocities leading the south.

While it is quite evident that POP-1 is closely related to ENSO, and that

the anomalies generated in the surface velocity fields are closely tied to ac-

celeration of the semi-permanent meanders in the alongshore flow, from this

information alone it is not possible to determine what the dominant physical

mechanism is for the development of the anomalies.

4.4 Diagnosing the Physical Response of the CCS to

ENSO

A particularly powerful tool provided for the use in the Regional Ocean Mod-

eling System (ROMS) is the ability to diagnose the contribution of each term
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Figure 52: Time series of POP-1 meridional velocity anomalies average in the
nearshore region of Oregon and Washington (blue) and within the o↵shore
meander centered on 37�N; -125�W in Figure 51 (red). Maximum correlation
(r=0.85) between the time series occurs at 4-month lag.

in the ROMS momentum and tracer equations to the total Eulerian time rate

of change. This option is activated by defining the DIAGNOSTICS UV and

DIAGNOSTICS TS CPP options in the ROMS configuration. Once activated,

ROMS will provide a time rate of change for each component of the momentum

and tracer equations, and for the tracer fields (i.e., temperature and salinity)

these diagnostics include horizontal and vertical advective flux divergence, and

horizontal and vertical di↵usive flux divergence. The diagnostic terms com-

puted by ROMS for the momentum equations include horizontal and vertical

advective flux divergence, horizontal and vertical viscous flux divergence, the �

pressure gradient and Coriolis acceleration terms. The total rate of change can

be reconstructed by adding together each of the individual diagnostic terms.

To simplify subsequent discussions, “flux divergence” will be dropped from
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the term names and advective flux divergence, di↵usive flux divergence and

viscous flux divergence will be referred to as advection, di↵usion and viscosity

respectively.

The diagnostics were provided from ROMS as an average time rate of

change every six hours for each 8-day assimilation cycle of WCRA31. The

6-hour averages were then integrated from the initial time of the cycle to the

relative time of each ROMS record before being average in time. The averages

then capture the change in the state variables over the 8-day window due to a

particular dynamic process and were computed as:

�x =
�t

N

NX

i=1

iX

j=1

(
dx

dt
)j (28)

where (dx
dt
)j represents record j of the 6-hourly averaged diagnostic terms, N

represents the number of records in each 8-day cycle and �t is the time step

between records (6 hrs ⇤ 3600 s/hr). The �x fields were further averaged into

monthly means (�̂x) for consistency with the 3D-EOF and LIM computations

in Section 3.

By adding �̂x to a monthly mean initial condition computed as an average

of the initial conditions for each 4D-Var cycle within a given month, a monthly

averaged state nearly identical to the original monthly averaged state used in

the 3D-EOF computation in Section 3.3 is recovered. The 3D-EOFs computed

from the reconstructed state are then identical to those resolved in Section

3.3.2 indicating the diagnostics processed in this way are accurately capturing

the evolution of the monthly averaged state.
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In equation (17), A represents a linear propagator matrix which advances

�x forward in time. Performing an eigen decomposition of A allows the first

term on the right hand side of (17) to be alternatively represented as:

A�x = E⇤E�1�x (29)

where E is a matrix of complex eigen vectors and ⇤ is a diagonal matrix con-

taining the complex eigen values. Recall the real component of each complex

eigen value (Re(�i)) represents the decay rate of the POP and the imaginary

component (Im(�i)) represents the oscillation time period. The columns of E

are the POPs of the system and E�1 are the adjoint POPs. In Section 3.3.4, the

complex time evolving POP amplitudes were computed as ai(t) = (e†i )
H�xT (t),

where �xT (t) represents the principal component time series of the 3D-EOFs

computed in Section 3.3.2 and e†i are the columns of E�1. Whereas the original

PC time series were computed as the projection of the monthly mean anomalies

onto the 3D-EOFs, a similar projection can be computed between the monthly

averaged diagnostic terms, �̂x, and the 3D-EOFs and will be represented as

�xT
dia.

A new set of complex POP amplitudes are computed as bi = (e†i )
H�xT

dia and

represent the amplitude in the POP due to a particular term in the equations

of motion. To compute the time evolving contribution of each diagnostic term

to the development of the observed POP-1 anomalies, the monthly averaged

diagnostics at a point in time prior to a time of interest (e.g., the winter time of

the 1982-83 El Niño) were projected onto the original 3D-EOFs and advanced
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in time based on the complex eigen value of the POP, �i. The advancement

in time of the POP is then given by:

bi(t) = ei�itbi(0) (30)

where bi(0) represents the amplitude at some initial time and bi(t) is the POP

amplitude on month t. The amplitude bi(t) can then be projected into physical

space via the original POPs (i.e., the columns of E in (29)).

Two of the largest ENSO events during the time period of WCRA31 oc-

curred over the wintertime period of 1982-83 and 1997-98, and the analysis of

POP-1 anomalies will focus on these two events. Each monthly averaged diag-

nostic term from January 1982 was projected onto the original 3D-EOFs, and

advanced forward in time through the wintertime period of 1982-83. Figure

53a shows the total change in POP-1 temperature by the sum of the diagnostic

terms averaged over the upper 100 m and averaged over the November-January

time period of the 1982-83 winter and indicates a coastwide warming with a

maximum along central and southern California. The magnitude of the anoma-

lies are shown to be quite small compared to the amplitude of the original POP

(cf. Figure 42 and 43); however, this is to be expected since we are only looking

at the portion of �x associated with the diagnostics. The POPs in Sections

3.3.4 were computed from �x = x̂� x where x̂ is the monthly mean state and

x represents a monthly climatology. However, x̂ = ˆx(0) + �̂x where ˆx(0) rep-

resents the monthly averaged initial conditions and �̂x represents the monthly
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averaged diagnostic terms computed from (28). In this case we are only con-

sidering the portion of the POP amplitude associated with �̂x and therefore

there will be another portion of �x associated with the monthly average initial

conditions ( ˆx(0)) that is not considered here.

Figures 53b-e show identical averages to that in Figure 53a and represent

the individual contributions to the total by each term. Although the magnitude

of the change in temperature due to horizontal and vertical advection are

both quite large (Figure 53d and 53e), they appear to balance one another,

and vertical di↵usion (Figure 53c) then appears to contribute the greatest

percentage of the total. However, while vertical di↵usion does play a leading

role in the development of the POP-1 temperature anomalies, the balance

between horizontal and vertical advection is not perfect and the sum of the

two fields is shown in Figure 53f. The residual of the summed fields is largest

along the coast and indicates that the change due to horizontal advection

dominates the negative change resulting from vertical advection. The greatest

contribution to the total change in temperature is then given by this imbalance

in the advective flux terms.

Heat flux between the ocean and atmosphere enters the ROMS diagnostic

calculation as a boundary condition on the vertical di↵usion of temperature

and therefore some portion of the average in the upper 100 m expression in

Figure 53c will be due to this flux of heat into the surface ocean. Vertical

di↵usion plays the largest role in the o↵shore region in the northern part of

the domain and in the nearshore region of southern California.
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Figure 53: Total (a) and individual (b-e) contribution of each diagnostic term
from ROMS on the POP-1 anomalies in temperature averaged over the upper
100m. (f) Sum of horizontal and vertical flux divergence averaged in the upper
100 m. Zonal sections every 2� of latitude in the upper 250m for the total (g),
vertical di↵usive flux divergence (h) and di↵erences in horizontal and vertical
advective flux divergence (i). All panels are in �C.

Vertical and horizontal advection of temperature are directly related to a

relaxation (or reversal) in the wind since they are both directly related to the

strength of upwelling/downwelling. A change in o↵shore horizontal transport

will be directly related to changes in vertical transport, and this relationship is

clearly evident in Figure 53d and 53e. As discussed in Section 4.1, a deepening

of the thermocline is typically experienced all along the west coast during an

El Niño, and the combined e↵ect of thermocline depth and relaxation in the
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winds could therefore lead to the o↵shore transport of heat not being balanced

by the vertical transport of heat since a deeper thermocline and a shallower

source depth related to the relaxed state of the wind (Jacox et al., 2015a) will

reduce the transport of cold water to the surface. The peak in horizontal plus

vertical advection along the central and southern California coast (Figure 53f)

is coincident with the peak in vertical di↵usion (Figure 53c) leading the peak

in the total temperature change along this same stretch of coastline in Figure

53a. This is also in agreement with the wavelet analysis in Section 3.2.1 where

the peak in SST response to ENSO is largest in this same region (Figure 29a).

Figure 53g-i show slices of the total change in temperature, vertical di↵usion

and a summation of horizontal and vertical advection in the upper 250 m of the

water column at every 2� of latitude. Figure 53h shows that vertical di↵usion

in fairly coherent over the upper part of the water column, with a warming

associated with a vertical di↵usion over much of the upper ⇠200 m. Slices in

horizontal plus vertical advection show a coherent pattern of nearshore positive

anomalies over the full depth connected with positive anomalies at the surface.

Figure 54a-e shows the same temporal and vertical averages as Figure 53a-

e only for the POP-1 salinity field. Similar to temperature, the dominate

components contributing to the total are vertical di↵usion and horizontal ad-

vection, however, unlike temperature where horizontal advection was the dom-

inate term all along the coast, in salinity the balance is more geographically

dependent, and the total change in salinity changes in sign at ⇠ 38�N. While

the fresh anomalies in the nearshore region o↵ central and southern California
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(Figure 54a) are primarily due to vertical di↵usion (Figure 54c) , the positive

anomalies north of ⇠ 38�N in the total are mostly the influence of horizontal

advection dominating vertical advection (Figure 54f).

Figure 54: Same as in Figure 53 only for the POP-1 anomalies of salinity. All
panels are in psu.

The negative nearshore anomalies along the coast south of ⇠ 38�N are

likely directly related to changes in the depth of the thermocline which is seen

to be the latitude south of which a maximum response in thermocline depth

to ENSO occurs (Figure 46). The fresh anomalies south of ⇠ 38�N are also

colocated with maximum temperature anomalies (Figure 53a).

Figure 55 shows the alongshore velocity field associated with POP-1 driven
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by the same terms as in 53 and 54, only the di↵usion terms are now represented

by viscosity. The discussion of alongshore velocity here will be in regard to

the coastal jet along the northern coast and the meanders in velocity shown in

the POP-1 velocity field in Figure 51. Therefore, while the overall structure

is quite incoherent, there are coherent patterns which appear connected to

the alongshore jet o↵ the coast of Oregon and Washington and the meanders

o↵shore of the California coast. The tracer fields shown in Figure 53 and 54

indicate a close balanced between vertical di↵usion and horizontal advection,

however the velocity signature of POP-1 appears primarily driven by horizon-

tally advection (Figure 55f). There is a small amount of the total change in

alongshore velocity associated with vertical viscosity (Figure 55c) particularly

in nearshore jet along the coast of Oregon and Northern California as well as

the o↵shore excursions emanating from Cape Blacno and Point Arena. Vertical

viscosity also appears connected with the meander centered on 34�N; -124�W

(cf. Figure 51) resulting in a hotspot of viscosity induced velocity in Figure

55c.

The advective response in alongshore velocity (Figure 55f) is coherent over

the whole length of the meander in Figure 51. As shown in Figure 47, the

response in SSH to local changes in the atmosphere are mostly concentrated

north of ⇠ 38�N, and modulation of the nearshore SSH will lead to a change in

the development of nearshore currents with positive anomalies in SSH leading

to poleward anomalies in the alongshore currents. This advective signal orig-

inally induced o↵ the northern coast due to changes in the SSH gradient will
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Figure 55: Same as in Figures 53 and 54 only for the POP-1 anomalies in
alongshore velocity. All panels are in m/s.

be advected down stream eventually changing the speed of the observed mean-

ders, potentially explaining the lagged relationship in northern and southern

velocity anomalies seen in Figure 52.

As with surface heat flux, which enters as a boundary condition in the

computation of vertical di↵usion of temperature, the surface wind forcing is

imposed as a momentum flux. Therefore, the expression of vertical viscosity on

the development of the observed meander is likely a result of the atmosphere

imparting momentum at the surface, e↵ectively accelerating/decelerating the

meanders.

142



While Figures 53-55 focus on the impact of the various diagnostic terms

on the circulation anomalies captured by POP-1 during the wintertime period

of the 1982-83 El Niño, anomalies during the 1997-98 El Niño follow similar

patterns with horizontal advection and vertical di↵usion (viscosity) dominating

the overall observed change in the tracer fields and alongshore velocity.

4.5 Conclusions

The circulation anomalies of POP-1 isolated from the CCS LIM in Section 3.3.4

appears highly correlated with ENSO as captured by the MEI time series, and

the structure of the anomalies in SSH, isopycnal depth and SST are consistent

with the expected response of the CCS to ENSO. An increase in nearshore SSH

and deepening of thermocline are shown to initially develop in the nearshore

and spread o↵shore as a Rossby wave. Adjustments in the o↵shore thermocline

are also evidenced in the subsurface adjustment in temperature.

A less expected result is the development of velocity anomalies which are

closely tied to meanders in the California Current identified by Centrurioni

et al., (2008) both in an observational and modeling context. The velocity

meanders associated with ENSO identified by POP-1 lead to a slowing of the

current during El Niño and acceleration during La Niña. Adjustments in the

nearshore jet o↵ the coast of Oregon and Washington leads those experienced

in the o↵shore meanders o↵ the coast of California by 4-months.

Monthly averaged ROMS diagnostic fields provide a way to determine the

contribution of each dynamical term in the ROMS tracer and momentum equa-
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tions and the individual terms were used to determine the dominant physical

processes responsible for the observed anomalies in POP-1 during the large am-

plitude El Niño events of 1982-83 and 1997-98. Adjustments in temperature

and salinity are closely tied to changes both in the depth of the thermocline, as

well as, changes in the strength of the alongshore wind stress. Irrespective of

changes in the alongshore wind stress, a deeper thermocline will lead to posi-

tive changes in surface temperature since upwelled water is being drawn from a

warmer subsurface. If a relaxation in the winds is experienced in concert with

a deeper thermocline, the source depth of upwelled water is reduced, further

compounding surface warming.

A freshening in nearshore salinity along central and southern California are

co-located with a maximum in temperature warming and a maximum deep-

ening of the thermocline in November-January. The response in SSS south

of ⇠ 38�N are therefore likely a combined e↵ect of a deeper thermocline and

reduction in the alongshore winds.

While the tracer fields are relatively balanced between changes induced by

vertical di↵usion and horizontal advection, changes in alongshore velocity are

more associated with horizontal advection. Horizontal advection of velocity is

coherent all along the coast with the observed jet and meanders captured by

the the POP-1 velocity field. However, there are portions of the meander where

circulation changes appear to be controlled by vertical viscosity as well, which

are likely the result of the atmosphere imparting momentum via the winds at

the surface. Local adjustment in the winds along the west coast appear mostly
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concentrated to the northern coast where adjustment in the SSH gradient will

lead to changes in the alongshore flow. Therefore aside from the projection

of the atmosphere onto the surface currents via momentum transfer, changes

in the wind can also lead to advective changes in velocity which are further

advected down stream into the meanders, which are seen to lag the anomalies

initially experience along the northern coastal zone.
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5 A Resonant Response in the California Cur-

rent System Circulation to Forcing by Decadal

Climate Variability

Abstract

Variability on low-frequency time scales in the ocean has become a subject of

much interest for its potential to influence the physical state of the ocean for

decades at a time and therefore influence ecosystems and climate on similar

scales. Many tools exist for investigating decadal climate variability, several of

which were used in Section 3 to examine low-frequency modulation of the CCS

circulation on scales consistent with that of the PDO, NPGO and ENSO.

This study investigates more closely the influence of a decadal scale dy-

namical mode (POP-3) identified from a linear inverse model (LIM) on the

CCS circulation. This mode is of particular interest since it modulates vari-

ability in the CCS on decadal scales and is the lowest frequency POP resolved

by the LIM. Also interesting is the apparent resonant excitation of POP-3 by

forcing with a period of ⇠ 10 years and therefore likely related to the predom-

inant climate modes in the North Pacific. The PDO and NPGO are shown

to be inversely correlated with the stochastic forcing component of this mode,

indicating the two can act to reinforce one another when they are out of phase.

Lastly, the influence of POP-3 on upwelling in the CCS is explored and in-

dicates multi-year periods of enhanced (suppressed) upwelling in conjunction

with periods of cooling (warming) and increased (decreased) salinity. Up-
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welling variability in the central CCS captured by the sum of the three POPs

identified by the LIM are closely related to the leading EOF of central Califor-

nia upwelling variability identified by Jacox et al., (2014), who also identified

a relationship to time periods of inversely correlated PDO and NPGO phases.

Although the best relationship with the leading EOF of vertical velocity is

achieved from the summation of the POPs, the majority of the variability is

captured by POP-3 alone.
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5.1 Introduction

The ocean circulation evolves on time scales ranging from days to decades and

a unique set of tools exist for investigating the latter end of this spectrum.

A particularly ubiquitous tool used to diagnose decadal variability is empiri-

cal orthogonal function (EOF) analysis, which identifies the leading modes of

variance in the variable(s) included in the covariance matrix C, equation (14).

In geophysical applications, C is often univariate; however, in Section 3.3.2, it

takes a multivariate form since the EOFs were computed from the full ROMS

state vector, x. The elements of x were rescaled in this case to account for

variables of di↵ering units as well as varying grid-cell volume. Although the

EOFs provide some insight into the prevailing structure and time dependence

of the dominant modes of variability, they do not provide direct information

regarding the dynamical modes of the system (e.g., Dommenget and Latif,

2002; Monahan and Fyfe, 2006; Monahan et al., 2009).

Linear inverse models (LIMs) provide a method for investigating the dy-

namical modes and a LIM of the CCS circulation is used in Section 3 to uncover

three modes which mimic the characteristics of real dynamical modes. The 3D,

multivariate EOFs computed from the circulation estimates of WCRA31 were

used following the methods of Penland and Sardeshmukh (1995) in Section

3.3.4 to derive a reduced rank approximation of the dynamical operators gov-

erning the circulation. The ten leading 3D-EOFs computed in Section 3.3.2

were used in equation (19) to estimate M̃, used in equation (20) to advance the

PC time series u forward in time. Approximations of the dynamical modes
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were then solved as the complex eigen vectors of M̃ (cf Sections 3.3.4) and

following Hassellman (1988) are referred to as Principal Oscillation Patterns

(POPs).

Three of the five POPs identified by the LIM appear to represent real

dynamical modes (Crawford et al., 2017; see Appendix B); however this study

will focus on the variability described by POP-3 since it controls the circulation

at the lowest frequency (9.7 years). The slow decay rate of POP-3 (9.6 years)

also indicates it will likely have a strong e↵ect on on the circulation. Figures

42i-l show the real and imaginary components of POP-3 SST, SSH, SSS and

surface velocity (u, v) and a general description of the evolution of POP-3

anomalies is given in Sections 3.3.4.

To further illustrate the relative temporal phasing of the POP-3 vari-

ables, as well as illustrate any east/west phase propagation, Figure 56 shows

a Hovmöller diagram at 38�N of several surface variables over two full oscilla-

tions of POP-3. A lagged relationship between SST and anomalous depth of

the 26.0 kg/m3 isopycnal (used here as a proxy for the thermocline) is indi-

cated by Figures 56a and 56b with SST leading adjustment in the thermocline.

Although it is evident from Figure 45b and 45c that the cold (salty) anomalies

in the upper 100m progressively give way to warm (fresh) anomalies, the sub-

surface anomalies lag behind, consistent with a lagged response in anomalous

thermocline depth. Generally, Figure 56 indicates the inversely correlated SST

and SSS anomalies are in phase through a full cycle of POP3 with a slightly

lagged response in the thermocline. At this latitude, SST exhibits a slight east-
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ward phase propagation consistent with anomalous conditions building in from

the northwest, a feature also exhibited by a 17-year POP of SST identified by

Weijer et al., (2013) in a 500-yr integration of the Community Climate System

Model version 3 (CCSM3). Conversely SSS indicates a westward phase propa-

gation west of ⇠ 127�W consistent with anomalies propagating from the south-

east part of the domain. Both Figures 45 and 56 indicate nearshore anomalies

in thermocline depth (and subsequent temperature and salinity anomalies) are

preceded by changes in vertical velocity. As the cold/salty conditions give way

to a warm/fresh ocean state, the alongshore California Current also weakens

at both the surface and in the subsurface (Figure 42 and 45). As we progress

through the full POP cycle, we re-enter a period of anomalous upwelling (Fig-

ure 45) accompanied by cold/salty conditions and the CC strengthens.

Figure 56: Hovmöller diagram of POP-3 anomalies in (a) the depth of the
26.0 kg/m3 isopycnal, (b) SST, (c) SSS and (d) vertical veloctiy at 38�N
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5.1.1 Stochastic Forcing and Resonance of POP-3

The hypothesis behind the linear inverse modeling techniques outlined in Sec-

tion 2.3.1 is that the system is stochastically forced, represented on the right

hand side of (20) as ⇠̃. Once M̃ has been computed from (19), the stochastic

forcing can be estimate by rearranging (20) as ⇠̃dt = du� M̃udt.

In this case, the stochastic forcing takes a 3-dimensional multivariate form

and Figure 57 shows the variance in the surface variable of ⇠̃ after being pro-

jected back into physical space via the 3D-EOFs. Much of the stochastic

forcing of the surface variables is concentrated in the nearshore region, though

SST does contain a significant forcing in the o↵shore region as well. Interest-

ingly, the stochastic forcing of the horizontal velocity (Figure 57d) contains a

coherent forcing along the coast north of Cape Mendocino and spreading to the

o↵shore region south of this point. This o↵shore part of the domain coincides

with a region of elevated eddy kinetic energy previous identified by Kelly et

al., (1998) and highlighted in Section 2.3.2 as being significantly enhanced by

4D-Var in the circulation estimates of WCRA31 compared to a forward model

integration without data assimilation.

The stochastic forcing in (20) is assumed to be white in time and must

therefore contain equal power at all frequencies. It is then reasonable to to

investigate how the system will respond to a forcing with varying frequency,

!. As described in Crawford et al., (2017, see Appendix B), the response

of the system is given by the largest singular value of the resolvent matrix,

R(!) = (i!I � M̃)�1, where M̃ is the reduced rank approximation of the
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Figure 57: Standard deviation of the stochastic forcing associated with (a)
SSH (b) SST, (c) SSS and (d) velocity (u+v)

linear propagator matrix computed in (19). kR(!)k vs ! is shown in Figure

58 and the maximum response of the system to a varying forcing frequency

is indicated by the peak of the curve centered on the oscillation frequency

of POP-3 (9.7 years). This response indicates a resonant excitation of the

system to a forcing with a period close to that POP-3. Figure 58 also shows

the resolvent norm computed from a LIM constructed using a sequence of

circulation estimates provided from the model without data assimilative. The

non-assimilative model integration is run using the same prior forcing and

open boundary conditions as WCRA31 (cf. Section 1.2.1) and the LIM has

been constructed in an identical fashion. Notably absent from this curve is a

peak in kR(!)k at ⇠ 10 years indicating that POP-3 is only present in the
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4D-Var circulation estimates and is not merely a response of the model to the

low-frequency component of the surface forcing.

Figure 58: The L2-norm of the resolvent R(!) = (i!I � Ã)�1 vs the period
2⇡/! of the forcing for a LIM computed from the 4D-Var analyses (solid line)
and from a non-assimilative run of the model (dashed line)

Although the tendency of the POPs will be to decay in time according to

the e-folding time scale described by the imaginary component of its complex

frequency (9.6 years for POP-3), it will be continually excited by the stochastic

forcing. This point is illustrated in Figure 59 which shows the full amplitude of

the real and imaginary components of the POP-3 amplitude, which are clearly

stable and not decaying in time.

The influence of the stochastic forcing is further illustrated by a Hovmöller

at 38�N, similar to that of Figure 56, only for the full time evolving amplitude

of POP-3. The impact of the stochastic forcing term is clearly apparent in the

aperiodic fluctuation of the variables through time.
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Figure 59: Time series of the real (solid) and imaginary (dashed) components
of the POP-3 amplitude.

5.1.2 Connecting Decadal Climate Variability and POP-3 Stochas-

tic Resonance

Figure 58 indicates that a forcing with a period in the range of ⇠ 8 � 12

years will be most e↵ective at exciting POP-3, and it is therefore interesting to

consider possible sources of forcing in the CCS region. As described in Section

1.1.2, three of the dominant modes of climate variability in the Northeast

Pacific are the Pacific Decadal Oscillation, North Pacific Decadal Oscillation

and the El Niño/Southern Oscillation. Figure 61 shows the wavelet power

spectra of the three index time series along with the global wavelet spectrum

on the left hand side. The wavelet spectra indicate each climate mode contains

su�cient power in the 8-12 year period band to excite POP-3, though the MEI

contains quite a bit less power at these frequencies.

To further explore the possible role of each climate index, the low-frequency

component of the stochastic forcing which directly projects onto POP-3 (com-

puted as f3 = (e†3)
H(du�M̃)) is regressed onto the PDO, NPGO and MEI in-
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Figure 60: Hovmöller diagram of POP-3 anomalies in (a) the depth of the
26.0 kg/m3 isopycnal, (b) SST, (c) SSS and (d) vertical veloctiy at 38�N

dex time series. Both the stochastic forcing and climate indices were smoothed

with a 5-year running mean prior to the regression analysis to further isolate

the low-frequency portion of the time series. Figure 62a and 62b show regres-

sion coe�cients (color) and r2 values (contour) between the SST component

of the stochastic forcing and the PDO and NPGO. Correlations with the PDO

index are positive over the entire domain indicating the PDO will act to force

POP-3 SST toward positive anomalies when the PDO is in its positive phase.

Figure 62 indicates this relationship describes ⇠ 30 � 40% of the variance in

SST. The NPGO on the other hand is negatively correlated with variance in

SST over the entire surface indicating the positive phase of the NPGO will

act to force POP-3 SST toward negative anomalies, in the opposite direction

to that of the PDO. The positive relationship between temperature and the
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Figure 61: Wavelet power spectra of the MEI, NPGO and PDO index time
series. In each case, wavelet power was computed with use of the Paul wavelet.
Contours indicate significance at the 95% level. Spectra only shown for the
period of time overlapping the time period of WCRA31, therefore not subject
to the error associated with the cone-of-influence (cf Section 1.2.3). Averages
in time of each spectrum are shown on the left hand side and were computed
for the entire time period spanned by each index.

PDO described in Figure 62a is not regimented to the surface alone, rather is

shown to extend well below the surface (⇠200 m) in a cross section at 38�N in

the upper 500m of the water column (Figure 62c). Although some significant

correlations are indicated well below the upper 200 m, the relative response

in temperature is considerably smaller than that experienced at the surface.

Figure 62d shows power spectra of the real and imaginary components of the

POP-3 forcing amplitude indicating they both contain elevated power in the

same period band as the NPGO and PDO (cf. Figure 61b and 61c).

The inverse relationship between POP-3 SST forcing and the PDO and
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Figure 62: Linear regression coe�cients between 5-year low-pass filtered SST
forcing associated with POP3 and the (a) PDO, (b) NPGO. (c) Linear regres-
sion between 5-year low-pass filtered subsurface temperature at 38�N and the
PDO. (d) Power spectra of the real (red) and imaginary (blue) components of
the POP-3 amplitude.

NPGO in Figure 62 indicates the two can act to reinforce one another when

they are out of phase, e↵ectively driving SST toward positive (+PDO/-NPGO)

or negative (-PDO/+NPGO) anomalies. Figure 63 overlays the PDO and

NPGO time series for the period 1980-2010, and in each case the original time

series has been smoothed with a 12-month running mean. It is clear from

Figure 63 that the two are indeed out of phase for much of the analysis time

period, particularly starting in the early 1990’s.

As discussed in Sections 3.3.4, Weijer et al., (2013) identified a 17-year

mode in SST with similar phasing of anomalies to those of POP-3 in the CCS

presented here. Similar to the analysis here, further investigation of their POP-

2 has also identified stochastic resonance as the likely mechanism of excitation.
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Figure 63: Time series of the PDO and NPGO index over the time period
of WCRA31. Each has been smoothed with a 12-month running mean to
highlight out of phase relationship.

However, in their analysis, Weijer et al., (2017) indicate the role of resonance

emerges as an amplification of a northwest propagating oceanic Rossby wave

originating o↵ the coast of California by atmospheric stochastic forcing in

the vicinity of the strongest pressure gradient between the Aleutian Low and

North Pacific High pressure cells. The area of strongest gradient in pressure

between the two cells corresponds to the area of largest wind stress curl and

hence maximum amplification of the pressure signal associated with the Rossby

wave through Ekman pumping. As the Rossby wave passes the date line, the

western Pacific response is nearly instantaneous through barotropic adjustment

whereupon the signal is return to the west through advection by the subtropical

gyre. Hence the eastward phase propagation in SST discussed in Section 3.3.4.

The analysis of Weijer et al., (2017) provides a possible mechanism for the

emergence of POP-3 in the circulation estimates of WCRA31, and is intriguing

in that its existence in both models further a�rms its validity.
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5.1.3 POP-3 and Decadal Variability in Coastal Upwelling

One of the largest sources of variability in the CCS are the currents and cir-

culation features that arise as a part of the response to alongshore upwelling

favorable winds. Jacox et al., (2014) identified the leading EOF in vertical

velocity (w) within a region along the central California coast indicated by the

box outlined in white in Figure 64a. Figure 64b shows the PC time series of

this leading EOF along with a time series of w anomalies computed from the

combination of POPs 1-3 averaged within the same central California region

. This combination captures much of the variability associated with the lead-

ing EOF in w (R=0.84); however, the majority of the variance is captured by

POP-3 alone (R=0.6).

Figure 64: CCS bathymetry with white box defining the region used by Jacox
et al., 2014 to compute EOFs of w (a). PC time series of leading EOF in w
(solid) and time series of w anomalies associated with the sum of POPs 1-3
computed over the same region (dashed) (b).

Jacox et al., 2014 also found a relationship between the relative phase of

the PDO and NPGO and the response in vertical velocity with the largest
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response occurring when the two are out of phase. This result is consistent

with the regression analysis shown in Figure 62, where the PDO and NPGO

appear to force SST in opposing directions.

The time series of central California w anomalies in Figure 64b shows ob-

vious multiyear periods of suppressed or enhanced upwelling, and averages of

variables during a period of suppressed upwelling (1991-1995) are shown in

Figure 65. Negative anomalies in vertical velocity are apparent along most

of the coast with the largest amplitudes o↵ northern California and Oregon.

Accompanying the period of negative upwelling anomalies are a domain wide

warming and freshening (Figure 65c and 65d) which appear consistent over the

upper ⇠ 100 m of the water column (Figure 65e and 65f). Additionally, Figure

65b shows an anomalous deepening of the 26.0 kg/m3 isopycnal surface over

this same time period. The average anomalies computed over a time period of

enhanced upwelling are the inverse of those described here.

Although Figures 64 and 65 present anomalies derived from the summation

of POPs 1-3, the majority of the relationship with the leading EOF in w as well

as the anomalies associated with the period of suppressed upwelling in Figure

64 are captured by POP-3 alone. To illustrate, Figure 66 presents anomalies

computed from POP-3 only over the same time period as Figure 65 and overall

the structure and magnitude of the anomalies is quite similar.

To further illustrate the role of POP-3 on the central California circulation,

Figure 67 shows variable time series averaged over the same region highlighted

in Figure 64a. Figure 67a demonstrates the expected in phase relationship of
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Figure 65: Averages of w (a), depth of the 26.0 kg/m3 isopycnal (b), SST (c),
SSS (d) and temperature (e) and salinity (f) every 2� of latitude in the upper
500m from the combination of POPs 1-3 computed over the 1991-95 period of
suppressed upwelling.

upwelling controls on SST, while variations in SSS and isopycnal depth on the

other hand appear to lag behind variations in w (Figure 67b and 67c).

5.2 Conclusions

In addition to the obvious value added by 4D-Var in resolving EKE (Section

2.3.2) and the nearshore response to ENSO and the NPGO (Section 3.2), an

additional source of value emerges in the decadal scale Principal Oscillation

Pattern that is not present in a forward model ROMS integration with the same

forcing and boundary conditions. In which case, the POP is being introduced
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Figure 66: Averages of w (a), depth of the 26.0 kg/m3 isopycnal (b), SST (c),
SSS (d) and temperature (e) and salinity (f) every 2� of latitude in the upper
500m from POP-3 computed over the 1991-95 period of suppressed upwelling.

to the model solution through the observations. Moore et al., (2017) have

investigated the impact of the observing network on the POPs identified here

and satellite observations of SST and SSH were found to play the largest role in

capturing POP-3. Although it is possible for dynamical modes such POP-3 to

emerge simply as inherent modes of oscillation dependent mostly on the model

configuration, this point is partially negated by the fact that POP-3 only

emerges in the assimilative model solution. Furthermore, the identification

of a similar mode by Weijer et al., (2013) in the Community Climate System

Model version 3 further increase confidence in the validity of POP-3. However,

further confirmation that the individual models are resolving the same mode
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Figure 67: Time series of w and SST (a), SSS (b) and depth of the 26.0 kg/m3

isopycnal averaged within the nearshore box shown in Fig. 16a.

is necessary.

A stochastic forcing frequency with a period of ⇠ 10 years is shown to be

most e↵ective at exciting POP-3, and the obvious candidates in the Northeast

Pacific with characteristic periods consistent with this forcing include the PDO,

NPGO, and to a lesser degree, ENSO. The PDO and NPGO are shown to be

inversely correlated with the forcing of POP-3 SST, and therefore the two can

act to reinforce one another when out of phase, which happens to have been

the case for much of the analysis time period. The stochastic forcing takes

the form of a 3D, multivariate time-evolving field, and therefore connection to

the PDO and NPGO refers to the 3-dimensional ocean response to these basin
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scale climate modes. Weijer et al., (2017) identify a resonance in the stochastic

forcing of a northwest propagating oceanic Rossby wave by a region of high

pressure gradient between the North Pacific High and Aleutian Low pressure

cells, which in turn gives rise to the POP identified initially by Weijer et al.,

(2013). Variations in the PDO and NPGO are not independent of variations

in these same pressure cells, and therefore the decadal stochastic forcing in the

ocean suggested here may represent an integration of the atmospheric forcing

through time.

The sum of POPs 1-3 identified in Section 3.3.4 capture the majority of the

variability identified by the leading EOF in w identified by Jacox et al., (2014),

and POP-3 alone dominates the correlation. POP-3 anomalies in upwelling

reveal periods of suppressed (enhanced) upwelling which are accompanied by

a warmer (colder), fresher (more saline) upper water column. A domain-wide

shoaling (deeping) in the thermocline is also in evidence.

Outlining the influence of the PDO and NPGO as a sources of stochastic

forcing in the CCS represents a somewhat new way of thinking about decadal

climate variability. As presented in Sections 3.3, no 2D- or 3D-EOF appears

perfectly correlated with the basin scale modes, and instead here it is suggested

that the basin scale modes act as a source of stochastic forcing which can act

to resonantly excite decadal scale variability in the CCS region. The PDO and

NPGO are suggested here as possible source of excitation; however, there very

well may be other sources of decadal forcing.
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6 Concluding Remarks and Future Work

This thesis has made considerable use of the Regional Ocean Modeling System

(ROMS) and the 4D-Var data assimilation algorithms which have been devel-

oped for ROMS. In Section 2, ROMS model runs without use of data assimi-

lation provide the twin-model solutions which were used to derive estimates of

the model error covariance matrix, Q. These estimates were subsequently used

in the weak constraint formulation of ROMS 4D-Var, and the circulation esti-

mates computed are compared to the strong constraint estimates of WCRA14.

In Sections 3-5 the circulation estimates of WCRA31 (also computed using

strong constraint ROMS 4D-Var) are used to investigate climate variability in

the California Current System over the period 1980-2010.

As stated in Section 2, all oceanic and atmospheric models contain intrinsic

model error that is often not accounted for because the magnitude and struc-

ture of the errors is di�cult to quantify. During 4D-Var, one of the ways in

which model error e↵ects the model solution is through erroneous adjustment

of the surface wind stress to better fit the model solution to the observations.

To take advantage of this signature of model error, probability distributions

of the wind provided from a BHM were used to determine where 4D-Var has

adjusted the wind outside the distribution, and therefore likely influenced by

model error. By accounting for error in the 4D-Var model solution, it is shown

that the circulation estimates are brought closer to the observations while also

making smaller adjustments to the prior surface forcing. The methods pre-

sented in Section 2 are an encouraging development toward the quantification
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and rectification of model error and further development and exploration is

certainly warranted.

The methods presented in Section 2 make use of the linear relationship

which exists between the alongshore wind stress and the nearshore circula-

tion (i.e., primary upwelling dynamics), and the CCS is one of several eastern

boundary currents in which coastal upwelling is the dominate physical process.

It would be interesting to then expand the methods used here in the CCS to

other upwelling dominated current systems around the globe. While in Section

2 the COAMPS wind stress and its uncertainty distribution provided by the

BHM were used to inform on portions of the WCRA14 posterior wind stress

which have been influence by model error, it would be interesting to see if simi-

lar results could be attained with a less reliable source of the wind. In this case

it will likely be more di�cult to determine where the 4D-Var posterior winds

have been influenced by model error since the distributions will likely have a

broader uncertainty; however, it may be that some portion of the model error

influence on the wind can still be captured and therefore a worthwhile exercise.

If weak constraint experiments in the CCS using a less reliable source of the

wind stress prove fruitful, it would simplify the extension of these methods to

other basins, since less verification of the wind stress product would be needed.

Furthermore, as indicated in Section 2.3.4, the weak constraint experiments

contain sizable di↵erences in estimates of upwelling compared to strong con-

straint 4D-Var. In the upwelling dominated oceanic regimes, coastal upwelling

is not only responsible for many of the emergent circulation features, but also
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exhibits bottom up control on a diverse and highly productive ecosystem. Fig-

ure 27 indicates significant di↵erences all along the coast, particularly in the

vicinity of the coastal promontories, which have been shown to influence the

flux of CO2 between the ocean and atmosphere. For this reason, it would be

a worthwhile exercise to use both the strong and weak constraint circulation

estimates coupled to a biophysical model to quantify the impact of the physical

adjustments to rates of productivity. Additionally, while the weak constraint

experiments indicate improvement to the model solution, this is limited since

a BHM of the winds in the CCS domain are currently only available for the

years 2003 and 2005. If the BHM were be extended to a longer time period,

a more rigorous investigation into the influence of weak constraint 4D-Var on

the circulation and biology could be conducted.

The second portion of the presented thesis examines climate variability in

the CCS using WCRA31. A myriad of 3D times series analysis methods were

used in Sections 3-5 and provide some unprecedented information regarding

interannual variability in the CCS. Section 3 indicates 2D-EOFs of the CCS

partially capture variability associated with basin scale modes, but indicates a

significant domain dependence of the leading EOFs. Traditionally, EOF anal-

ysis has been regimented to the investigation of variance in the surface fields

since the vast majority of measurements take the form of satellite observation

and are therefore confined to the surface. ROMS 4D-Var, however, provides a

full 3-dimensional, time-evolving estimate of the ocean circulation, and there-

fore investigations are not limited the surface. The 3D-EOFs of the CCS were
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then computed using the full ROMS state vector and provide a far more ro-

bust picture of the system variance than traditional 2D-EOFs. However, while

EOFs are informative of the dominant patterns of variance, they do not pro-

vide information regarding the dynamical modes of the system, and for this

reason, the presented climate variability studies are extended to linear inverse

modeling techniques which reveal three dynamical modes (POPs) of interest.

Two of the three POPs are investigated here; however, further investigation of

the POPs resolved by the CCS linear inverse model is needed.

Section 4 discusses circulation anomalies in the CCS associated with ENSO

as captured by POP-1, and one of the most novel findings is the modulation

of the speed of the nearshore jet o↵ the coast of Oregon and Washington

and the semi-permanent meanders which exist in the o↵shore component of

the California Current. Also presented is a quantification of the dynamical

mechanisms responsible for the observed POP-1 anomalies, which indicates

the dominance of horizontal temperature flux divergence over vertical flux

divergence as the primary driver for the observed warming/freshening during

El Niño. However, there is also a considerable impact of vertical di↵usive flux

divergence on warming as well, which is likely the result of heat fluxed between

the ocean and atmosphere. The modulation of velocity in the nearshore jet and

semi-permanent meanders is shown to be primarily an advective signal, which

might explain the observed lag between velocity anomalies in the northern

coastal jet and the o↵shore meanders. Velocity anomalies generated o↵ the

northern coast in response to the modulation of the SSH gradient by the wind
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will be advected down stream and o↵shore into the meanders. Additionally,

vertical viscous flux divergence appears to play a large role in the development

of the POP-1 velocity anomalies and is likely the result of momentum flux

from the atmosphere via wind stress. The dynamical analysis in Section 4.4,

however, only focuses on the large amplitude El Niño events of 1982-83 and

1997-98. The wavelet analysis presented in Section 3.2 indicates substantial

variation in the response of the CCS to ENSO and therefore the dynamical

investigation should be extended to other weak-to-moderate El Niño events as

well as La Niña events. Secondly, while the impact of ENSO on the wintertime

circulation is the focus of Section 4.4, the investigation should be extended to

the impact of ENSO on the summertime circulation in the CCS and the relative

physical mechanisms responsible for the observed anomalies.

A second dynamical mode of interest is detailed in Section 5 and reveals a

decadal scale POP (POP-3) which appears resonantly excited by low frequency

climate variability and indicates the PDO and NPGO as the most likely sources

of stochastic forcing. An analysis of the POP anaomalies reveals multi-year pe-

riods of upwelling and downwelling favorable conditions. As stated previously,

upwelling in the CCS has the potential to control biological productivity, and

therefore if multi-year periods of enhanced/suppressed upwelling are experi-

enced by the excitation of this dynamical mode, it is expected that multi-year

fluctuations in biological productivity may be experienced as well. Attempts

should then be made at linking variations associated with POP-3 and fluctu-

ations in the biological state of the CCS.
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Weijer et al., (2013; 2017) identify a mode of variability in a 500-yr integra-

tion of the Community Climate System Model, version 3 (CCSM3) similar to

that of POP-3 isolated in the CCS LIM model. These findings are intriguing in

that they indicate the mode is likely not an artifact of the model formulation,

substantiating it’s existence as a real dynamical mode of the circulation with

possible links as far as the western Pacific. While intriguing in that the two

models are possibly resolving the same mode of variability, a deeper investiga-

tion into the potential connection between the two modes and whether they

share the same mechanism of resonant excitation is needed.

Lastly, aside from the qualitative description provided in Section 3.3.4,

POP-2 has been largely omitted from the climate variability analysis presented

here. As discussed, POP-2 does exhibit the characteristics of a real dynamical

mode and therefore a deeper investigation into its role in the CCS circulation

is warranted.
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7 Appendix A : Crawford et al., 2016, Weak

constraint four-dimensional variational data

assimilation in a model of the California Cur-

rent System
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Abstract. A new approach is explored for computing estimates of the error covariance associated with the
intrinsic errors of a numerical forecast model in regions characterized by upwelling and downwelling. The ap-
proach used is based on a combination of strong constraint data assimilation, twin model experiments, linear
inverse modeling, and Bayesian hierarchical modeling. The resulting model error covariance estimates Q are ap-
plied to a model of the California Current System using weak constraint four-dimensional variational (4D-Var)
data assimilation to compute estimates of the ocean circulation. The results of this study show that the estimates
of Q derived following our approach lead to demonstrable improvements in the model circulation estimates and
isolate regions where model errors are likely to be important and that have been independently identified in the
same model in previously published work.

1 Introduction

Data assimilation has been a mainstay of numerical weather
prediction since the 1980s and is a critical component of
any forecast system. Data assimilation methods are also used
routinely for computing estimates of the ocean circulation
based on sparse and incomplete observations, and have been
adopted in other fields such as sea-ice modeling and bio-
geochemical modeling of the atmosphere and ocean. A thor-
ough review of data assimilation methods and applications in
the geosciences is beyond the scope of this paper, but excel-
lent reviews can be found in Daley (1991), Bennett (2002),
Kalnay (2002), and Wunsch (2006).

Formally, data assimilation methods can be derived from
Bayes’ theorem (Wikle and Berliner, 2007) and can be
viewed as the combination of a prior estimate (usually from
a forecast model) and observations, appropriately weighted
according to a priori assumptions about the relative uncer-
tainties in both. The Kalman filter (or smoother) provides the
most complete solution to linear data assimilation problems.

However, the dimension of most atmosphere and ocean mod-
els prohibits application of the Kalman filter in its full form,
and some approximations or alternative approaches must be
considered. Data assimilation methods that are now in com-
mon use at operational forecast centers for computing atmo-
spheric and oceanic analyses generally fall into three cat-
egories: (i) ensemble Kalman filters, (ii) variational meth-
ods, and (iii) hybrid combinations of (i) and (ii). Ensemble
Kalman filters employ Monte Carlo methods to estimate (and
propagate in time) the prior error and posterior error covari-
ances employed in the full Kalman filter formulation. Varia-
tional methods, on the other hand, employ the methods of op-
timal control theory to directly identify the state of the system
that corresponds to the maximum of the posterior probability
distribution. Both approaches have important strengths (and
weaknesses) and hybrid methods are an attempt to capitalize
on these. In all cases, however, a linear analysis is assumed
subject to errors that belong to a Gaussian distribution. Our

Published by Copernicus Publications.
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focus here is on variational data assimilation methods since
they are employed in the present work.

Regardless of the variety of data assimilation method em-
ployed, most operational centers ignore the direct influence
of model errors when computing an analysis. This assump-
tion is made not because the forecast models are believed to
be perfect, but because the nature and size of model errors
is very poorly understood, which hampers any formal treat-
ment of them during the analysis procedure. In this study,
we demonstrate a dynamically based method for estimating a
reduced-rank form of the model error covariance of an ocean
model that can be used during data assimilation in regions
where the ocean circulation and wind forcing are tightly cou-
pled.

The paper is structured as follows. In Sect. 2, we present
a brief overview of the variational data assimilation method
used in our experiments. The ocean model configuration is
described in Sect. 3, while Sect. 4 describes in some detail
the methods used to estimate the model error covariance ma-
trix. The resulting estimates of the model error covariance are
tested via a series of weak constraint variational data assim-
ilation experiments which are described in Sect. 5. A sum-
mary and discussion of the findings from the experiments
follows in Sect. 6.

2 4D-Var data assimilation

In this study, we employ a four-dimensional variational
(4D-Var) data assimilation method for estimating the time-
evolving state of the ocean circulation. Following the stan-
dard notation used in the meteorological and oceanographic
literature (Ide et al., 1997; Daget et al., 2009), the ocean state
vector will be denoted as x and comprises the model grid
point values of temperature, salinity, two components of ve-
locity, and sea surface height. The state vector x(ti) is ad-
vanced forward in time by the forecast model, which is de-
noted as M so that

x(tf ) = M(ti , tf ;x(ti),f (ti , tf ),b(ti , tf )), (1)

where x(ti) represents the initial state, and f (ti , tf ) and
b(ti , tf ) represent the ocean surface forcing and lateral
boundary conditions, respectively, for the time interval t =
[ti , tf ]. All observations during the same interval will be de-
noted as the elements of the vector y. If xb(ti), f b(ti , tf ), and
bb(ti , tf ) denote the background estimates of the circulation,
surface forcing, and lateral boundary conditions, the goal of
4D-Var is to identify the analysis estimates xa(ti), f a(ti , tf ),
and ba(ti , tf ) that minimize the cost function

JNL = (z(ti) � zb(ti))T B

�1(z(ti) � zb(ti))

+ (y � H (z))T R

�1(y � H (z)), (2)

where z = (xT (ti),f T (ti , tf ),bT (ti , tf ))T is the vector of
control variables, and H denotes the observation operator

that maps z into the observation space. In general, H will
also include the model M. Uncertainties in the background
control vector zb(ti) and the observations y are described by
the background error and observation error covariance matri-
ces B and R, respectively.

For Gaussian errors, the conditional probability of z given
zb and y is proportional to e�JNL , in which case the z that
minimizes JNL also maximizes the conditional probability
(Wikle and Berliner, 2007). The calculus of variations can be
used to identify the z that minimizes JNL (Le Dimet and Tala-
grand, 1986). However, because the nonlinear forecast model
M is an integral component in H in 4D-Var, the cost func-
tion JNL may have a complicated topology which can make
identification of the minimum difficult. It is therefore com-
mon practice to linearize the state estimation problem about
the background under the assumption that increments �z to
zb are small, so that za = zb + �z. Following this so-called
incremental approach (Courtier et al., 1994), the variational
data assimilation problem is transformed to one in which an
iterative sequence of linear minimizations are performed to
identify the increments �zk , where the cost function is given
by

Jk = �zT
k B

�1
k �zk + (Gk�1�zk � dk�1)T R

�1(Gk�1�zk � dk�1), (3)

where k is iteration index, dk�1 = y �H (zk�1) is referred to
as the innovation vector, and Gk�1 is the generalized obser-
vation operator and represents a tangent linearization of H

about zk�1(t). The background error covariance matrix Bk

in general depends on the outer-loop iteration via the pres-
ence of a state-dependent balance operator (see Sect. 3). In
4D-Var, Gk�1 represents the tangent linear model sampled at
the observation locations and G

T
k�1 the adjoint model forced

at the observation locations. The iterates zk are referred to
as outer loops, and each iterate is identified by minimizing
Jk via a sequence of inner loops. After each outer loop, a
new iterate is computed according to zk = zk�1 + �zk . The
final iterate in the sequence identifies the analysis circulation
estimate za = zb +Pn

k=1�zk . The iterative procedure involv-
ing inner and outer loops is equivalent to a truncated Gauss–
Newton method (Lawless et al., 2005) and yields an estimate
of the control vector z that minimizes JNL.

As currently formulated, the minimization of JNL in
Eq. (2) via the sequence of inner and outer loops of the form
Eq. (3) neglects errors in the model M. As a result, the result-
ing analysis circulation estimate xa is constrained to be an
exact solution of the model equations. This is commonly re-
ferred to as strong constraint data assimilation (Sasaki, 1970)
and is the practice frequently adopted at most operational
centers. However, the control vector z can be augmented
to include the influence of model errors also, so that �z =
(�xT (ti),�f T (ti , tf ),�bT (ti , tf ),⌘T (ti , tf ))T , where ⌘(ti , tf )
represents corrections to the model grid point values over
the interval t = [ti , tf ] to account for the presence of model
error. In this case, the background error covariance matrix
B now contains a block Q along the leading diagonal that
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describes the covariance of the model errors. Specifically,
B = diag(B

x

,B

f

,B

b

,Q), where B

x

, B

f

, and B

b

are the ini-
tial condition, surface forcing, and lateral boundary condition
background error covariance matrices. The block diagonal
structure of B assumes that the errors in each control vari-
able type are uncorrelated (i.e., the initial condition errors are
assumed to be uncorrelated with the surface forcing errors),
although each block will typically be a non-diagonal, full-
rank covariance matrix. This approach differs fundamentally
from strong constraint 4D-Var in that the resulting analysis
circulation estimate xa is now only an approximate solution
of the model equations M. The dynamics of the model are
therefore imposed on the estimate as a weak constraint (Ben-
nett, 2002).

Both strong and weak constraint data assimilation present
considerable challenges in the large dimensional systems en-
countered in atmosphere and ocean modeling. The curse of
dimension, however, is exacerbated by the weak constraint
formulation because of the need to compute the elements of
⌘ at every model grid point and possibly every time step.
This problem can be mitigated by using the dual approach to
4D-Var. The iterate zk that minimizes Jk in Eq. (3) is given
by

zk = zk�1 + Kk�1dk�1, (4)

where Kk�1 is the Kalman gain matrix for the kth outer loop.
The Kalman gain matrix can be written in two equivalent
forms:

Kk = (B�1
k + G

T
k R

�1
Gk)�1

G

T
k R

�1 (5)

or

Kk = BkG

T
k (GkBkG

T
k + R)�1. (6)

Equation (5) is referred to as the primal form and involves
computing an estimate of the inverse of the Hessian matrix
(B�1

k + G

T
k R

�1
Gk) which has the dimension of the control

space. Conversely, Eq. (6) is referred to as the dual form and
involves computing an estimate of the inverse of the stabi-
lized representer matrix (GkBkG

T
k + R) which has a dimen-

sion equal to the number of observations, regardless of the
size of the control vector. Therefore, the dual form presents a
more tractable approach to the weak constraint 4D-Var prob-
lem and will be used here.

3 Model configuration

The model used here is the Regional Ocean Modeling Sys-
tem (ROMS), which solves the primitive equations subject to
the hydrostatic approximation. ROMS is designed primarily
for regional applications (Haidvogel et al., 2008) and em-
ploys curvilinear coordinates in the horizontal direction and
terrain-following coordinates in the vertical direction, mak-
ing it very flexible for coastal applications (Shchepetkin and

McWilliams, 2005). A state-of-the-art 4D-Var system is also
available for ROMS, both in the primal and dual formulations
(Moore et al., 2011b). Using the same background estimates,
observations, and error covariances, both the primal and dual
forms of ROMS 4D-Var yield the same circulation estimates
(Gürol et al., 2013).

The configuration of ROMS employed here is shown in
Fig. 1 and spans the California Current System (CCS) which
is the dominant circulation environment off the west coast
of North America. The CCS forms the eastern branch of the
North Pacific subtropical gyre and is subject to pronounced
seasonal variations (Hickey, 1998). During the spring and
summer, the winds along the entire coast from the Canadian
border to Baja California are equatorward. This drives off-
shore Ekman transport in the surface layers of the ocean cre-
ating cold, nutrient-rich conditions immediately adjacent to
the coast. These conditions are favorable for blooms of phy-
toplankton and fuel high levels of primary production in the
ocean, which in turn support a variety of rich marine ecosys-
tems (Checkley and Barth, 2009). A schematic of some im-
portant circulation features in the region is shown in Fig. 1. In
fact, the CCS is one of four so-called eastern boundary large
marine ecosystems that also include the Humboldt–Peru Cur-
rent in the South Pacific, the Canary Current in the North At-
lantic, and the Benguela Current in the South Atlantic. As
such, ocean state estimation and forecasting of the CCS is of
considerable socioeconomic importance.

The model was configured with 1/10� horizontal resolu-
tion and 42 terrain-following � levels in the vertical that vary
in thickness between 0.3 and 8 m over the continental shelf
and between 7 and 100 m in the deep ocean.

ROMS strong constraint 4D-Var has been successfully ap-
plied to the CCS in a series of studies (Broquet et al., 2009a,
b, 2011; Moore et al., 2011a, 2013) culminating in two long
sequences of historical circulation analyses spanning the pe-
riod 1980–2012 (Neveu et al., 2016, hereafter N16). Expe-
rience with weak constraint 4D-Var is more limited (Moore
et al., 2011a) because of the difficulty in quantifying model
error.

The present study capitalizes on the WCRA14 histori-
cal analyses of N16. Therefore, only a brief description
of the 4D-Var configuration will be given here, and inter-
ested readers should consult N16 and references therein for
more detailed information. The specific N16 analysis period
considered here is 1999–2012. During this time, the back-
ground surface forcing f b was derived from near-surface
atmospheric fields from the Coupled Ocean-Atmosphere
Mesoscale Prediction System (COAMPS) described by
(Doyle et al., 2009). As shown in Fig. 1, ROMS has three
open boundaries that were constrained by time-evolving cir-
culation fields from the global Simple Ocean Data Assimila-
tion (SODA; version SODA POP 2.2.4) product of Carton
and Giese (2008). These constitute the background lateral
boundary conditions bb.
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Figure 1. The model domain and bathymetry used in the present study. A schematic representation of some of the important circulation
features is also shown.

The observations y take the form of satellite-derived sea
surface temperatures (SSTs) from the AVHRR, MODIS and
AMSR-E instruments, a satellite-derived gridded sea surface
height product from Aviso (specifically, the DUACS version
DT-2010), and quality-controlled in situ profiles of temper-
ature and salinity (confined primarily to the upper 1000 m)
from the Met Office EN3 database (v2a) described by In-
gleby and Huddleston (2007). Observation errors were as-
sumed to be uncorrelated, in which case R is a diagonal ma-
trix. While this is a reasonable assumption for in situ mea-
surements, it is unlikely to be correct for satellite observa-
tions. However, incorporating the effects of correlated ob-
servation errors in current data assimilation systems is very
challenging and currently a topic of active research.

Following Weaver et al. (2005), the circulation incre-
ments �x can be decomposed into dynamically balanced and
unbalanced components, and the background error covari-
ance matrix for the increments factorized according to B

x

=
Kb6C6

T
K

T
b . The unbalanced increments are assumed to

have no cross-correlations and are described by the univari-
ate correlation matrix C, and the standard deviations are rep-
resented by the elements of the diagonal matrix 6. Cross
covariances are introduced by the balance operator Kb. The
univariate correlation matrix C is modeled as the solution
of a pseudo-heat diffusion operator following Weaver and
Courtier (2001). The background error covariances B

f

and
B

b

are factorized in a similar way, except that there is no
balance operator. A discussion of the choice of correlation
length scales and standard deviations used to model each of

the background error covariances can be found in N16. The
balance operator was not used in N16.

Strong constraint 4D-Var was applied sequentially by N16
over the 1999–2012 period using overlapping 8-day assimi-
lation windows. All available observations during each win-
dow were assimilated into the model. Each assimilation win-
dow overlaps with the previous window by 4 days, so the
analysis circulation estimate xa at the midpoint of the previ-
ous window was used as the background circulation xb for
the current assimilation window. In all cases, 1 outer loop
and 15 inner loops were used to approximate the minimum
of JNL using Eq. (3) and the dual formulation of 4D-Var (i.e.,
circulation estimates based on Eq. 4 using Eq. 6).

Using a non-data-assimilative configuration of the same
model, Veneziani et al. (2009) showed that the difference
between modeled and observed SSTs along the central and
northern California coast varies seasonally. During the win-
ter and spring, the model SST between Cape Mendocino
and Point Conception (Fig. 1) is typically colder than ob-
served by ⇠ 0.5 �C, although in spring the model is warmer
by ⇠ 0.25 �C right at the coast south of Point Arena. Mean-
while, during the fall the entire central California SST is
warmer than observed. North of Cape Mendocino, the model
is typically colder than observed year-round by ⇠ 0.5–1 �C.
The standard deviation of the model minus observation dif-
ferences in SST were found to be smallest during the spring
and largest during fall, when the eddy kinetic energy in the
region also reaches a maximum. During strong constraint
4D-Var experiments in which the forcing was included in the
control vector, Broquet et al. (2011) found that a reduction

Adv. Stat. Clim. Meteorol. Oceanogr., 2, 171–192, 2016 www.adv-stat-clim-meteorol-oceanogr.net/2/171/2016/

175



W. J. Crawford et al.: Weak constraint four-dimensional variational data assimilation 175

in the model minus observed difference in SST was accom-
panied by a change in the strength of the alongshore surface
wind stress derived from COAMPS. Changes in the strength
of alongshore winds during 4D-Var led to changes in the rate
of upwelling in the model and surface temperatures in closer
agreement with observations, although changes in the 4D-
Var adjusted surface heat flux were also found to be impor-
tant in some areas. The COAMPS wind stress agrees very
well with satellite scatterometer observations in the region
(Doyle et al., 2009), while the 4D-Var corrected wind stress
is typically weaker than observed compared to the same
scatterometer product (Broquet et al., 2011). The associated
changes in surface heat flux are of course harder to quan-
tify due to the lack of good observations. However, based on
these previous studies, it appears that during data assimila-
tion the influence of errors in the model on the upwelling
circulation are compensated for by changes in the surface
forcing. It is these findings that motivate the present study
and the methodology that is proposed in Sect. 4. Similar re-
sults have been reported by Stammer et al. (2002), who found
that the addition of vorticity via corrections to wind stress in
the vicinity of boundary currents in a coarse-resolution ocean
model is needed to yield proper separation of currents from
the coast.

Much of the aforementioned primary coastal upwelling
circulation along the North American west coast can be un-
derstood in terms of linear dynamics (e.g., Gill, 1982). While
the rate of upwelling is controlled by the coastal divergence
of Ekman transport, the resulting vertical displacement of
isopycnals depends also on the stratification (Gill, 1982), and
interactions with the bottom boundary over the continental
shelf can further complicate the circulation (Jacox and Ed-
wards, 2011). However, if we view coastal upwelling in the
CCS as a predominantly linear process, then we argue (based
on the previous aforementioned findings) that errors in the
ocean model temperatures in coastal upwelling zones that are
associated with errors in the model formulation (e.g., numer-
ics and parameterizations) may be compensated for during
4D-Var by adjustments in the surface wind stress. Linear dy-
namics would seem to imply a one-to-one relationship be-
tween the surface wind stress and coastal ocean response.
So, conversely, if the ocean model is subjected to the 4D-
Var adjusted wind stress, the upwelling response will be af-
fected in such a way as to mitigate the temperature errors
associated with model error. This suggests that in a linear dy-
namical regime, the 4D-Var corrections made to good qual-
ity ocean forcing estimates f should provide direct infor-
mation about the circulation corrections that are required to
offset the influence of intrinsic model errors. In practice, be-
cause the two-dimensional surface forcing f projects onto
a three-dimensional circulation field x, a unique one-to-one
relationship will generally not exist between the two. In the
“forward” problem, the surface forcing f does uniquely de-
termine the 3-D circulation x (in conjunction with the initial
conditions and boundary conditions, of course). However, in

the “inverse” problem, given the 3-D circulation x, the sur-
face forcing f cannot, in general, be uniquely determined un-
less additional constraints are imposed on the problem. This
is the strategy employed by data assimilation methods such
as 4D-Var. Specifically, 4D-Var identifies corrections to the
prior surface forcing f b(t) subject to the constraints imposed
by prior information (i.e., the model dynamics M, the ini-
tial conditions xb(ti), boundary conditions bb(ti , tf ), back-
ground error B, and observation error R covariance matri-
ces). If we have confidence in the prior information, then we
can place equal confidence in the 4D-Var posterior estimates
of the surface forcing. Therefore, 4D-Var alleviates the un-
derdetermined nature of the inverse relationship between the
surface forcing and the coastal upwelling response, and it is
this property that we aim to capitalize on here.

4 Estimates of the model error covariance

Forecast models are subject to model errors (e.g., discretiza-
tion errors, errors associated with parameterizations of unre-
solved processes), and as noted in Sect. 2, these errors should
be accounted for during data assimilation. However, the na-
ture and magnitude of model errors is poorly known, mak-
ing it difficult to reliably estimate the model error covariance
matrix Q. In some cases, careful consideration of the various
sources of errors can be fruitful (e.g., Bennett, 2002, and ref-
erences therein). The method used here to estimate sources
of model error differs from previous approaches and is based
on a combination of twin model experiments (Sect. 4.1), lin-
ear inverse modeling (Sect. 4.2), and Bayesian hierarchical
modeling (Sect. 4.3).

By way of an introduction to the approach used here, con-
sider a perfect ocean forecast model subject to error-free sur-
face forcing, so that

dxt

dt
= N (xt ) + wt (t), (7)

where N represents the model operators, wt (t) is the in-
fluence of the surface forcing on the ocean interior (e.g.,
the projection of the surface forcing onto the barotropic and
baroclinic modes), and xt denotes the true ocean circulation.
Specifically, w(t) is the result of a linear map of the surface
forcing f onto x via the boundary conditions for the ver-
tical diffusion of momentum, heat, and salt. For example,
for the zonal momentum, the surface boundary conditions
are @u/@z = (1/⇢o)⌧x , where ⌧x is the zonal surface wind
stress and  is the vertical diffusion coefficient. Therefore,
we can represent w(t) as w(t) = Pf (t), where P is the pro-
jection matrix that depends on the vertical mixing scheme
that is employed. We will assume that P is independent of the
state x; however, P could be a function of x depending on the
vertical mixing parameterization used. Consider now an im-
perfect model, but still subject to error-free surface forcing:

dx

dt
= N (x) + wt (t) + ✏(t), (8)
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where ✏(t) represents the error in the time tendency of each
element of the state vector. The assumption here is that ✏(t)
takes the form of additive noise and is independent of the
state vector x. In general, this may not be true of errors in
model parameterizations, but it is a reasonable starting point
here. However, the more challenging problem of multiplica-
tive noise deserves further attention. From Eqs. (7) and (8),
the evolution of the state-vector differences 1x = x�xt over
time will be given by

d1x

dt
= N (x) �N (xt ) + ✏(t) (9)

' N1x + ✏(t),

where the second equality follows from a first-order Taylor
expansion and N = @N /@x|

xt . When N is autonomous1, so-
lutions of Eq. (9) can be written as

1x(t) = eNt1x(0) +
tZ

0

eN(t�t 0)
✏(t 0)dt 0, (10)

which shows that the state-vector differences at any time de-
pend on the time-evolved initial error 1x(0) and the inte-
grated influence of the model error, ✏(t).

Consider the following thought experiment, and suppose
that we perform strong constraint 4D-Var using the imperfect
forecast model Eq. (8), with error-free surface forcing, and
using the initial conditions and surface forcing as the control
variables, z. The data assimilation procedure will attempt to
compensate for the presence of model errors ✏ through erro-
neous adjustments to both the initial conditions and surface
forcing.

Consider now a pair of model integrations using Eq. (8)
(a “twin model” approach), one subject to error-free forcing,
wt , that yields the circulation x1, and a second subject to the
4D-Var corrected forcing, wa , that yields the circulation x2.
To first order, the circulation difference �x = x2 �x1 will be
given by

d�x

dt
' M�x + �w(t), (11)

where M = @N /@x|
x1 and �w = wa � wt . Equation (11)

clearly has the same mathematical form as Eq. (9). There-
fore, if the two model integrations for x1 and x2 start from
the same initial condition (x1(0) = x2(0)), we hypothesize
that the circulation differences �x that develop over time in
response to �w = P(f a � f b) will mimic the characteristics
and influence that the model errors ✏ (that give rise to �w

during strong constraint 4D-Var) have on the circulation er-
ror 1x. That is to say, there will be some model error ✏(t)

1For the non-autonomous case, a continuous closed form solu-
tion like Eq. (10) cannot be written, although for the discrete case
the integral can be written as a Riemann sum involving the propaga-
tors for each time step. The physical interpretation in this case, how-
ever, is the same as for the continuous autonomous case Eq. (10).

which will yield the circulation errors 1x(t), and it is this
✏(t) which we aim to identify. In general, the model error
will also project onto the initial conditions (see Appendix A),
but the approach we propose here will identify only the sig-
nature of model error in the surface forcing. As described in
Sect. 4.3, a critical element of the approach adopted here is
the partitioning of the increments �z between legitimate cor-
rections and those associated with model error. This requires
independent estimates of the probability distribution of each
component of the control vector. Such estimates are avail-
able for f using Bayesian methods (see Sect. 4.3), but not
for x(ti) due to the large dimension and multivariate nature
of the ocean state. In fact, the goal of data assimilation is
to estimate properties of the state-vector distribution. There-
fore, we confine our attention here to what we can learn about
model errors from the surface forcing increments.

To estimate the model error covariance E{✏✏T } = Q, we
use the technique of linear inverse modeling as described in
Sect. 4.2. While the surface forcing will never be known pre-
cisely, uncertainties in the forcing fields can be accounted for
if their probability distributions can be estimated. To this end,
we will use the methods of Bayesian hierarchical modeling
as described in Sect. 4.3.

4.1 Twin model approach

The “twin model” approach outlined above was applied to
ROMS CCS circulation estimates from the WCRA14 his-
torical analyses described by N16 using strong constraint
4D-Var. As noted in Sect. 3, these analyses cover the pe-
riod 1999–2012, and each 4D-Var assimilation window spans
an 8-day interval. In the following, we confine our attention
to the shorter period 2003–2004. Two sequences of nonlin-
ear ROMS integrations were performed spanning this period.
During the first sequence, the model was initialized with the
4D-Var background circulation for each 8-day assimilation
window and integrated forward in time for 8 days subject
to the COAMPS background surface forcing. The circula-
tions from this sequence will be denoted by xi , where i de-
notes the 4D-Var cycle number. During the second sequence,
the model was initialized with the same background circula-
tion as in xi , but in this case the strong constraint 4D-Var
analysis estimates of the wind forcing were used to inte-
grate the model forward in time over the same 8-day win-
dow. These winds represent the corrections made by strong
constraint 4D-Var to the COAMPS background and, as ar-
gued earlier, contain a signature of the model error (see also
Appendix A). The background fluxes of heat and freshwater
were constrained to be the same in both sequences. The cir-
culations from the second sequence will be denoted by x̂i .
In this demonstration study, the focus is on the surface wind
forcing alone because only a Bayesian hierarchical model for
the winds is available at the present time (see Sect. 4.3). The
circulation sequences xi and x̂i are synonymous with x1 and
x2 described earlier in connection with Eq. (11). During each
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4D-Var cycle, an estimate of the ocean circulation is com-
puted every 8 days as described by N16. The corrections that
must be made to account for the presence of model error dur-
ing each 4D-Var cycle should therefore reflect the growth and
evolution of circulation changes due to model errors during
an 8-day period, rather than the climatological variance as-
sociated with such errors. For example, in the case of perfect
initial conditions, surface forcing, and open boundary con-
ditions, the errors in the circulation on day 8 will be those
associated with model error only during that period. This is
the rationale for focusing on the circulation differences on
day 8 in the twin experiments.

4.2 Linear inverse modeling and estimation of Q

Assume for the moment that the surface fluxes derived from
the COAMPS near-surface fields are error-free. They are not,
of course, but we will relax this assumption in Sect. 4.3. By
the aforementioned logic, the sequence of model circulation
differences �xi = x̂i � xi from Sect. 4.1 can be viewed as
an expression of the influence of model error, ✏(t), on the
CCS circulation estimates. In this sense, we can view the �xi

as an ensemble of the influence of different realizations of
the model error ✏(t) on the circulation. Here, we focus our
attention on the �xi at the end of each 8-day assimilation
window since, as noted above, we are interested in estimat-
ing the influence of model errors over the length of a typi-
cal assimilation window. By invoking the ergodic hypothesis,
we can view the ensemble �xi as equivalent to a time series
�x(ti) and make a further assumption that this time series can
be modeled as a first-order Markov process. Specifically, we
will assume that the �x vectors are described by

�x(ti+1) = A�x(ti) + ⇠ (ti), (12)

where A is a linear operator that advances �x forward one
time step dt = ti+1 � ti , and ⇠ (ti) is stochastic forcing that is
white in time. Equation (12) is a discrete analog of Eq. (9)
and reveals that, apart from a scaling factor, the stochastic
forcing ⇠ (ti) is synonymous with the model error ✏(t). While
it is unlikely that the true model error ✏(t) is an additive white
noise time-continuous process, this may be a reasonable as-
sumption for the discrete case considered here depending on
the choice of dt , which in the current case is 4 days (i.e., the
time between each overlapping 8-day assimilation window).
We will return to this point shortly.

Following von Storch et al. (1995), right multiplying both
sides of Eq. (12) by �xT (ti) and taking the expected value,
yields

A = E{�x(ti+1)�xT (ti)}E{�x(ti)�xT (ti)}�1 = C1C

�1
0 , (13)

where C0 and C1 are the lag-0 and lag-1 covariance ma-
trices of �x(ti), respectively. Once A has been estimated
from Eq. (13), the stochastic forcing ⇠ can be diagnosed
from Eq. (12) according to ⇠ (ti) = (�x(ti+1)�A�x(ti)). For-
mally, the model errors ✏(t) in Eq. (9) can be represented

as a Wiener process (i.e., Brownian motion). For the discrete
form of Eq. (9) that is equivalent to Eq. (12), ✏(ti+1)�✏(ti) ⇠
O(dt

1
2 ) since E{(✏(ti+1)�✏(ti))T (✏(ti+1)�✏(ti))} / dt (Kloe-

den and Platen, 1992), where dt = ti+1 � ti is assumed con-
stant (i.e., the mean squared distance between two realiza-
tions of the Wiener process increases linearly with time).
Therefore, ✏ scales as ⇠/dt

1
2 , where it is understood that the

square root is applied to the numerical value of dt and not
the time units. Following Penland and Matrosova (1994), the
model error covariance matrix can then be estimated accord-
ing to Q = E{⇠⇠T }/dt .

As noted in Sect. 1, the dimension of the state vector of
atmospheric and oceanic forecast models is typically very
large and, in the case of ROMS CCS, is ⇠ 106 � 107. This
precludes the direct computation of A based on Eq. (13).
However, as shown by von Storch et al. (1995) and Pen-
land and Sardeshmukh (1995) the dimension of the problem
can be greatly reduced by expanding �x in terms of the em-
pirical orthogonal functions (EOFs) of C0. Following Craw-
ford et al. (2016), Eq. (12) was transformed into an equiva-
lent first-order Markov equation for the variable u = W

1
2 �x,

where W is the matrix such that �xT
W�x defines the phys-

ical energy per unit volume (hereafter referred to as the en-
ergy density) of �x. In this way, all of the state variables are
appropriately scaled and the trace of the lag-0 covariance ma-
trix e

C0 = E{u(ti)uT (ti)} yields the total energy density. This
choice of W was predicated on the fact that energy is a fun-
damental physical quantity that naturally links all elements
of the state vector.

The leading EOFs and eigenvalues of e
C0 were computed

using a Lanczos algorithm (Golub and van Loan, 1989) as de-
scribed by Crawford et al. (2016) which negates the need to
explicitly compute the matrix e

C0. The Lanczos algorithm is
iterative, and Fig. 2a shows the leading eigenvalue estimates
of e

C0 that result from 120 iterations. Figure 2b shows a for-
mal estimate of the error |eC0 i � �i i | in each estimated
eigenpair (�i , i). The leading 40 or so eigenpairs have very
small expected errors (< 10�10), and even for EOF 50 we
consider the errors to be acceptably small. Figure 2c shows
the cumulative percentage variance explained by the EOFs.
In the following analyses, the leading N = 50 EOFs were
used to compute estimates of Q and account for ⇠ 61 % of
the energy density of �xi . Spatial smoothing was used to sup-
press any spurious covariances that may result from a finite-
sized ensemble. If the �x values are spatially smoothed us-
ing five applications of a second-order Shapiro filter prior to
computation of e

C0, the variance explained by the leading 50
EOFs increases to ⇠ 75 % (Fig. 2c).

If 9 denotes the matrix of the leading N EOFs, then
�x(ti) ' W

� 1
2
9p(ti), where p(ti) is the vector of N prin-

cipal component time series for each EOF. Equation (12) can
then be recast in terms of p(ti) so that

p(ti+1) = Âp(ti) + ⇠̂ (ti), (14)
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Figure 2. (a) An estimate of the leading 120 eigenvalues � of e
C0

based on 120 iterations of the Lanczos algorithm using unsmoothed
(red curve) and smoothed (black) �xi . (b) Log10 of formal error
estimates of |eC0 j � � j | vs. EOF number j using unsmoothed
(red curve) and smoothed (black) �xi . (c) The cumulative percent
variance explained vs. the number of EOFs using unsmoothed (red
curve) and smoothed (black) �xi .

Figure 3. The autocorrelation vs. lag for the stochastic forcing as-
sociated with each principle component element of p in Eq. (14).

where Â and ⇠̂ are the system matrix and stochastic forcing
in the reduced dimensional space. Analogous to Eq. (13), Â

can be estimated according to

Â =818
�1
0 , (15)

where81 and80 are the lag-1 and lag-0 covariance matrices
for the principal component time series p(t).

Figure 3 shows the autocorrelation for each component
of ⇠̂ for N = 50 using unsmoothed �xi . In each case, the
stochastic forcing decorrelates very quickly in time and
within one time step, dt , as expected for a Wiener process.
We conclude therefore that Eq. (13) is an appropriate model
for �x. The model error covariance matrix is approximated
as Q = W

� 1
2
9Q̂9

T
W

� 1
2 , where Q̂ = E{⇠̂ ⇠̂T }/dt .

Because of the linear relationship between coastal up-
welling/downwelling and alongshore wind stress, the ap-

Figure 4. The standard deviation derived from Q̂ (computed using
unsmoothed �x) associated with the surface fields of (a) tempera-
ture (C per dt), (b) salinity (per dt), (c) current speed (ms�1 per
dt), and (d) sea surface height (m per dt). The black lines delineate
a central and northern CCS region used to compute several diagnos-
tics in Sect. 5.

proach used here to diagnose Q from f alone can only ef-
fectively isolate sources of model error near the coast. This
is demonstrated in Appendix A. The variance associated with
Q̂ in physical space is given by diag(W� 1

2
9Q̂9

T
W

� 1
2 ) and

is shown in Fig. 4 for the surface variables. The highest vari-
ance is confined to the coast, with largest values along the
coast of northern California, Oregon, and Washington, con-
sistent with the influence of model errors in the circulation in
these regions (as demonstrated in Appendix A), and known
errors in these regions discussed in Sect. 3. The vertical struc-
ture of the variance near the coast is shown in Fig. 5 for the
upper 250 m of the water column. The largest variances are
confined primarily to the upper 50 m except close to the coast
where the variance is large over the upper 100–250 m. When
the �xi values are smoothed prior to computing the EOFs, the
variance structure is similar to that shown in Figs. 4 and 5 al-
though the magnitude is approximately 25–30 % lower (not
shown).

The eigenspectrum estimate of Q̂ and the cumulative vari-
ance explained by each eigenvector is shown in Fig. 6 for
smoothed and unsmoothed �x. The surface structure of the
leading EOF of Q̂ is shown in Fig. 7, explains ⇠ 10 % of the
variance, and shares many features in common with the total
variance of Fig. 4.
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Figure 5. Vertical sections of the standard deviation derived from Q̂ along various longitudinal sections (computed using unsmoothed �x)
for (a) temperature (C per dt), (b) salinity (per dt), (c) zonal velocity (ms�1 per dt), and (d) meridional velocity (ms�1 per dt).

Figure 6. (a) The eigenspectrum of Q̂ derived from smooth (red)
and unsmoothed (black) �x. (b) The cumulative percentage vari-
ances explained by the EOFs of Q̂.

4.3 Bayesian hierarchical modeling of surface winds

The discussion in preceding sections has progressed based on
the assumption that the COAMPS surface forcing is error-
free and perfectly known. This is of course not the case,
even given the high degree of correspondence between the
COAMPS wind fields and independent observations (Doyle
et al., 2009). Therefore, before performing the twin model
experiments of Sect. 4.1, it is desirable to obtain an estimate
of the uncertainty in the COAMPS background surface forc-

ing. Based on these estimates of the uncertainty in the back-
ground forcing, the analysis surface forcing estimates from
4D-Var can then be assessed to determine if they are consis-
tent with the surface wind distribution of COAMPS. Specifi-
cally, consider the following cases:

– Case 1: if the analysis surface forcing estimates from
4D-Var are statistically indistinguishable from a sample
drawn from the surface wind distribution of COAMPS,
then we accept the analysis estimate as a legitimate rep-
resentation of the COAMPS state.

– Case 2: if the analysis surface forcing estimates from
4D-Var fall outside the COAMPS probability distri-
bution, then we would reject this as a likely state of
COAMPS and attribute the erroneous analysis forcing
to the influence of model error.

These comparisons can be performed at each model grid
point. In terms of the twin model run for x2, at grid points
that satisfy Case 1, we accept the background COAMPS
forcing as an good estimate of the true forcing, while at grid
points that satisfy Case 2, we replace the COAMPS forcing
with the 4D-Var analysis estimate of surface forcing. In this
way, x2(t) will be subject to the background COAMPS sur-
face just as in x1 except at locations where the COAMPS
surface wind distribution indicates that the 4D-Var posterior
surface forcing estimates are unduly influenced by model er-
ror. In theory, the same approach could be applied to the sig-
nature of model error in the initial conditions as well, and
as demonstrated in Appendix A, this would be an effective
method for recovering model error information over the en-
tire domain. However, as previously noted, estimates of the
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Figure 7. The structure of the leading EOF of Q̂ (computed using
unsmoothed �x) for surface (a) temperature, (b) salinity, (c) merid-
ional velocity, and (d) sea surface height.

distribution of the ocean circulation are not available, so in
practice there is no way to distinguish between legitimate
initial condition corrections to x(ti) during strong constraint
4D-Var and those associated with the signature of model er-
ror.

Therefore, as noted earlier, in this demonstration study we
will restrict our attention to the surface wind stress compo-
nents from COAMPS. The surface wind distribution for the
COAMPS 4D-Var background wind forcing was estimated
using a Bayesian hierarchical model (BHM). The BHM wind
model for the CCS is modified slightly from the implemen-
tation for the Mediterranean Sea as described in Milliff et al.
(2011) (see their Appendix for a complete model specifi-
cation). The important difference in the BHM design for
the CCS involves a change from the multi-resolution nested
wavelet bases used to enforce a k�2 slope for the surface
wind component of kinetic energy vs. spatial wave number,
at the highest resolved wave numbers. In the CCS implemen-
tation, the wavelet bases are replaced with Fourier modes.
Hyperprior amplitude specifications for a sequence of high-
wave-number two-dimensional Fourier modes enforce the
desired kinetic energy spectral behavior.

The surface wind BHM for the CCS ingests higher-spatial-
resolution data stage inputs as well. Surface pressure and sur-
face wind components (u,v) are taken from COAMPS anal-

yses at 0.1� resolution, at four canonical times each day, i.e.,
03:00, 09:00, 15:00, and 21:00 UTC. Surface vector wind ob-
servations are taken from in-swath retrievals in the Level 2B
data set for the QuikSCAT mission as provided by the
JPL PODAAC (http://podaac.jpl.nasa.gov/dataset/QSCAT_
LEVEL_2B_OWV_COMP_12). The QuikSCAT winds are
produced at 12.5 km resolution within the observation swath,
and QuikSCAT swaths cross the CCS domain twice each day
near 03:00 and 15:00 UTC. We assign the QuikSCAT data to
these times in the BHM.

Given the COAMPS and QuikSCAT input data stages, the
CCS surface wind BHM produces daily estimates of the pos-
terior mean surface wind vector as well as 10 realizations
from the posterior distribution at each grid location on a
25 km regular grid from 30 to 42� N and from 135� W to the
coast. Data stage inputs are weighted such that inputs ob-
tained closest to the output time of 12:00 UTC are twice as
influential as earlier and later inputs in the iterations leading
to the posterior distribution.

Figure 8 shows the QuikSCAT and COAMPS surface
vector wind inputs as assigned to 03:00, 09:00, 15:00, and
21:00 UTC in the CCS domain. The observations from 09:00
and 15:00 UTC are twice as important in the data stage distri-
bution as the observations from 03:00 or 21:00 UTC because
they are closer in time to the nominal forecast model output
time of 12:00 UTC for 19 January 2003.

The abundance of domain-filling and relatively precise ob-
servations from QuikSCAT have a marked effect on surface
wind uncertainty estimates. While snapshots of the surface
vector wind posterior mean and realizations represent mete-
orological variability at atmospheric mesoscale and synoptic
scales resolved on the 25 km grid, the estimates of the vari-
ance show data stage impacts as well, as shown in Fig. 9a
and b. Note the swath patterns in the surface vector wind
variance estimates in Fig. 9a and b.

The parameters of the pressure-gradient wind balance im-
posed in the process model part of the BHM (see Milliff
et al., 2011) are estimated as part of the posterior distribution.
Traces over the course of the Gibbs iterations (not shown)
demonstrate that the BHM has converged to the target poste-
rior distribution, and samples from this portion of the chains
are valid samples from the posterior distribution. For exam-
ple, the 10 realizations shown at each grid location in Fig. 9c
are selected after the BHM chains have converged. Impor-
tantly, to ensure that these are independent samples, each re-
alization is separated by 10 000 iterations starting after the
BHM has converged to the posterior distribution.

In the twin model experiments of Sect. 4.1, surface wind
stress derived from COAMPS was assumed to be error-free.
This assumption will be relaxed here using the CCS BHM
for surface winds. Our working hypothesis has been that
during strong constraint 4D-Var, corrections to the surface
forcing are a manifestation not only of uncertainties in the
model forcing but also of errors in the model in regions of
coastal upwelling and downwelling. Since the BHM pro-
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Figure 8. Data stage inputs for the surface wind BHM in the CCS. Analysis fields for surface wind (vectors) and sea-level pressure contours
(hPa) from COAMPS for (a) 03:00, (b) 09:00, (c) 15:00, and (d) 21:00 UTC. QuikSCAT surface vector wind retrievals from overflights
assigned to (e) 03:00 UTC and (f) 15:00 UTC. The domain shown, 128–124� W, 40–44� N, is a small subset of the larger CCS domain of
Fig. 1. Data stage inputs from COAMPS and QuikSCAT are for 19 January 2003.

Figure 9. CCS surface wind BHM posterior distribution summaries for 19 January 2003. Velocity component variances (m2 s�2) for (a) u

and (b) v as estimated in the BHM posterior distribution. Uncertainties, expressed as variances, arise from data stage coverage (swath patterns
are evident in a and b) and from process model misfits. The spread in velocity vector clusters (red) in (c) provides an intuitive sense of these
uncertainties as well. In (c), 10 surface wind realizations (red) have been randomly selected from the posterior distribution (e.g., see Milliff
et al., 2011) in the same subdomain used for Fig. 8. Posterior wind vectors from the 4D-Var are shown in black in panel (c). The strong-
constraint 4D-Var corrections have incrementally adjusted the surface wind forcing to unrealistic values outside the distribution obtained
from the BHM for this region (see text).
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vides an estimate of the posterior space–time wind distribu-
tion, we can use this information to make an informed de-
cision about where the 4D-Var corrected winds are unduly
influenced by model error. Specifically, in cases where the
4D-Var corrected winds fall within the BHM posterior dis-
tribution, the 4D-Var winds represent a physically realizable
state of the atmosphere, and the influence of model error is
assumed to be minimal. Conversely, if the 4D-Var corrected
winds fall outside the BHM distribution, this is taken to rep-
resent a situation where model error exerts a considerable
influence on the ocean circulation and where 4D-Var is push-
ing the winds into a state that is not realizable but necessary
in order to better fit ROMS to the observations and circula-
tion background estimate. Following this approach, a second
set of twin model experiments was performed spanning the
period 2003–2004. The first sequence was identical to xi de-
scribed in Sect. 4.1 in which the model was initialized with
the 4D-Var background circulation for each 8-day window of
N16 and integrated forward in time for 8 days subject to the
COAMPS background surface forcing. During the new sec-
ond sequence, the model was initialized with the same 4D-
Var background circulation for each 8-day window, but in
this case forced with surface wind fields that were a combi-
nation of the COAMPS background and the 4D-Var adjusted
winds, hereafter referred to as “mixed winds”. At model grid
points and times where the 4D-Var adjusted increments fall
within the BHM posterior distribution (within ±2 standard
deviations), COAMPS winds were used; otherwise, the 4D-
Var adjusted winds were used. For example, Fig. 9c shows
a comparison of the 4D-Var adjusted wind stress (black vec-
tors) with 10 realizations of surface stress (vector cluster in
red) derived from the surface wind BHM within the subdo-
main 128–124� W, 40–44� N. This is a region where the 4D-
Var corrections to the COAMPS background wind stress are
generally large and where model error is known to be im-
portant (see Fig. 10). The sequence of circulation estimates
derived from the mixed winds will be referred to as e

xi . The
surface heat and freshwater fluxes were constrained to be the
same during both sequences of runs.

Figure 10 shows the root mean square (rms) difference be-
tween the COAMPS background wind stress and the mixed
wind stress and reveals that the largest differences typically
occur close to the coast near to and equatorward of Cape
Blanco. As described in Sect. 4.2, the circulation differ-
ences �exi =e

xi �xi were represented by a first-order Markov
model (Eq. 12), and a new estimate of the model error covari-
ance matrix e

Q was computed. The eigenspectra of e
A and e

Q

are similar to those described in Sect. 4.2 (not shown).
It should be noted that the approach used here to compute

the mixed winds may potentially introduce discontinuities
in the surface wind field that could be manifest in the twin
experiment circulation differences as local wind stress curl-
induced circulations. Such discontinuities could be elimi-
nated by spatially smoothing the mixed wind fields; however,
this was not done here since smoothing may introduce other

Figure 10. The root mean square (rms) difference between the
COAMPS background surface wind stress and the “mixed wind”
stress for the period 2003–2004. The rms differences are shown as
vectors for more clarity.

artifacts into the ocean surface forcing. We instead preferred
to preserve the spatial distributions of the wind fields derived
from the BHM when present. This aspect of our approach,
however, probably deserves further attention.

5 Data assimilation results

The estimates of Q̂ and e
Q described in Sect. 4 were used

in a sequence of weak constraint 4D-Var data assimilation
experiments following the approach outlined in Sect. 2. Two
periods were considered corresponding to 2003 and 2005. As
noted in Sect. 4, twin model experiments and a wind BHM
spanning the period 2003–2004 were used to estimate Q̂ and
e
Q which means that weak constraint 4D-Var during any part
of this interval will not be independent of the observations
since they are used in the twin experiments. Therefore, 2005
represents an independent period, apart from the propagation
of information from the data assimilation cycles during 2003
and 2004 into 2005. The 4D-Var configuration is identical to
that of N16, only in this case the control vector is augmented
with ⌘(ti , tf ), which are the corrections added to the model
grid point values to account for model error. The background
model error covariance matrix used to compute ⌘ is given
by W

� 1
2
9Q̂9

T
W

� 1
2 or W

� 1
2
9

e
Q9

T
W

� 1
2 as described in

Sect. 4.
Four sequences of weak constraint 4D-Var circulation es-

timates were computed for 2003 and 2005:

1. Experiment NOBHM uses a Q̂ estimated from the twin
model runs alone, making no use of the posterior wind
distributions from the BHM.
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Figure 11. Time series of the observational component of the cost function, Jo, for observations within the two coastal regions shown in
Fig. 4 that delineate a region spanning the northern CCS and the central CCS to 100 km offshore during 2003 (a and b) and 2005 (c and d).
The regional Jo is shown for the strong constraint case (blue curve), and the weak constraint experiments BHM (red curve) and NOBHM
(green curve).

2. Experiment SNOBHM is the same as NOBHM except
that the �xi were spatially smoothed prior to computing
9 to account for the limited sample size.

3. Experiment BHM uses a e
Q estimated from the twin

model runs and the wind BHM as described in Sect. 4.3.

4. Experiment SBHM is the same as BHM except that the
�exi were spatially smoothed.

The strong constraint circulation estimates of N16 spanning
the same periods were used as a reference, and in all exper-
iments, the strong constraint circulation estimates on 4 Jan-
uary 2003 and 1 January 2005 were used as the background
circulation estimates xb on those dates for the first cycle of
each sequence of weak constraint 4D-Var calculations. In
subsequent data assimilation cycles, the analysis circulation
estimate from day 4 of the previous cycle was used as the
background estimate for the next cycle using the same 8-day
overlapping cycles as described in N16. During each cycle,
the corrections ⌘ were computed every 6 h, and the realiza-
tions of ⌘ were assumed to be uncorrelated in time. The ⌘
values were interpolated in time to estimate a value at every
model time step. While this introduces a correlation in time,
the 6 h interpolation interval is very short compared to the
4-day time step dt used to estimate Q. Since the results are

quantitatively similar for all four experiments, we will con-
centrate mainly on experiment BHM and highlight any im-
portant differences between experiments where appropriate.

Figure 11 shows time series of the second term on the
right-hand side of the cost function JNL in Eq. (2) given by
Jo = (y�H (za))T R

�1(y�H (za)), which is a measure of the
weighted difference between the observations and the anal-
ysis za . Since the 4D-Var corrections due to model error are
confined to the coast, Jo in Fig. 11 was computed only for
observations that fall within the two regions adjacent to the
coast shown in Fig. 4 that span the northern and central CCS
and extend 100 km offshore. Time series of these regional
Jo values are shown for the strong constraint case of N16
and the weak constraint experiments BHM and NOBHM for
both 2003 and 2005. The posterior fit of the model to the ob-
servations is similar in all cases, but is generally lowest dur-
ing experiment BHM indicating that accounting for model
error brings the circulation estimates closer to the observa-
tions. Much of this improvement is associated with a better
fit of the model to the satellite observations (not shown). The
change in the degree of fit of the model to the observations
is not expected to change dramatically between the strong
and weak constraint experiments since the strong constraint
system is already performing well (see N16). Nonetheless,
Fig. 11 also shows that experiment BHM is generally supe-
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Figure 12. The rms difference between analysis and background 4D-Var estimates of (a) zonal wind stress (Nm�2), (b) meridional wind
stress, (N m�2), and (c) surface heat flux (W m�2) from the strong constraint calculations of N16 for 2005. Panels (d)–(f) show the corre-
sponding differences for the weak constraint 4D-Var experiment BHM.

rior to the experiment NOBHM, indicating that the BHM is
providing useful information about the model error statistics.
The fit of the model to the observations during SBHM and
SNOBHM is generally inferior to that of the unsmoothed
cases, although still marginally superior to the strong con-
straint case (not shown).

As discussed in Sect. 4 and Appendix A, strong con-
straint 4D-Var is likely to compensate for model errors in
regions of upwelling and downwelling by making adjust-
ments to the surface forcing fields. When explicit allowance
is made for model error during weak constraint 4D-Var, we
expect the corrections to the surface forcing to be smaller
than those subject to the strong constraint. This is illustrated
in Fig. 12d–f, which show the rms differences between the
4D-Var background and analysis estimates of surface wind
stress and surface heat flux for the BHM weak constraint
4D-Var calculations during 2005. Also shown in Fig. 12a–c
are the corresponding rms differences from the strong con-
straint 4D-Var calculations of N16. Figure 12a–c indicate
that strong constraint 4D-Var makes sizable corrections to

the surface stress (⇠ 0.02–0.06 N m�2) and surface heat flux
(⇠ 150 W m�2). The surface freshwater fluxes change lit-
tle between the strong and weak constraint experiments and
are not shown here. In the case of meridional wind stress
(Fig. 12b), the 4D-Var corrections are largest near the coast
in the vicinity of Cape Mendocino and Cape Blanco. We
attribute much of this correction to the influence of model
error since COAMPS verifies well against independent ob-
servations (Doyle et al., 2009), and as discussed in Sect. 3,
ROMS CCS is known to possess errors in this region (Bro-
quet et al., 2009a). This is also the same region where the
wind BHM indicates that 4D-Var winds are inconsistent with
the COAMPS background estimates (cf Fig. 10). Figure 12d–
f reveal that surface forcing corrections during the weak con-
straint BHM experiment are substantially smaller (⇠ 50 %)
than those made during the N16 calculations, indicating that
4D-Var places more confidence in the background surface
forcing when explicit allowance is made for model errors in
the coastal regions. The results are quantitatively similar for
the SBHM, NOBHM, and SNOBHM experiments and for
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Figure 13. The mean weak minus strong constraint 4D-Var differences for (a) SST and (c) SSS for the experiment BHM estimates dur-
ing 2005. The standard deviation for the (b) SST and (d) SSS weak minus constraint differences are also shown.

2003, although in the case of SBHM the rms analysis and
background forcing differences are even smaller (not shown).
The similarity between the results of 2003 and 2005 indicates
that the Q derived from the period 2003–2004 is generally
also valid during other independent years.

The mean weak minus strong differences for 2005 based
on experiment BHM are shown in Fig. 13a and c for SST and
sea surface salinity (SSS). The mean differences are gener-
ally small over much of the model domain and relatively in-
coherent for SST. In contrast, the standard deviation of the
weak minus strong differences for SST and SSS are very co-
herent as shown in Fig. 13b and d, and reveal that the largest
variations occur near the coast, consistent with Fig. 4. Fur-
thermore, the standard deviations are a factor of ⇠ 2–6 larger
than the mean. The vertical structure of the weak minus
strong differences in temperature and salinity is illustrated
in Fig. 14 which shows the mean and standard deviation of
the differences in each case. In general, the mean differences
are relatively incoherent, indicating that the corrections made
to the circulation estimates mainly take the form of unbiased
errors rather than corrections to account for model bias. In
contrast, the patterns of standard deviations are spatially co-
herent in the upper water column and are generally largest in
the vicinity of the thermocline across much of the domain.
Therefore, while the corrections for model error are confined
mainly to the coastal regions, the impacts on the circulation
extend farther offshore.

Recall from Sect. 2 that during weak constraint 4D-Var,
corrections are made to account for model error in the time
tendency for every prognostic state-vector element at every
grid point which correspond to the elements ⌘j of the vector
⌘(t) = {⌘j (t)}. Figure 15 shows the rms of the corrections
⌘j per time step for the elements j that correspond to SST,
SSS, and surface velocity during experiment BHM in 2005.
The largest time tendency corrections correspond to the same

geographic locations as the largest standard deviations of Q

(cf Fig. 4). The vertical structure of ⌘ also mirrors that of
the standard deviation in Fig. 5, and the corrections ⌘ are
quantitatively similar for 2003 and for the other experiments
(not shown).

The variations of ⌘ from one cycle to the next indicate that
the model error corrections primarily take the form of unbi-
ased corrections. For example, Fig. 16 shows a time series
of the temperature component of ⌘, denoted ⌘T , averaged
over each 8-day assimilation cycle, over the entire water col-
umn, and over the northern CCS region shown in Fig. 4 dur-
ing 2003 during experiment BHM. The mean of ⌘T is close
to zero (5 ⇥ 10�5 �C per time step), while the standard de-
viation is significantly larger (1.9 ⇥ 10�4 �C per time step).
A nonzero mean would be indicative of corrections of a sys-
tematic error. In addition, there is no obvious seasonal depen-
dence in the amplitude of the model error corrections. Time
series of other components of ⌘ from 2003, 2005, the cen-
tral CCS, and the other experiments exhibit a similar behav-
ior (not shown). This is a further indication that the weak
constraint is correcting for unbiased model errors rather than
large systematic errors.

6 Conclusions

In this paper, we demonstrate how strong constraint data as-
similation and a twin model approach can be used in con-
junction with linear inverse modeling and a Bayesian hier-
archical model to estimate the covariance of model error in
a region of coastal upwelling and downwelling. The method
has been applied in a state-of-the-art ocean model of the Cal-
ifornia Current System that is also currently run in near-real
time (http://oceanmodeling.ucsc.edu). The CCS is a particu-
larly challenging test region because of the complex nature
of the circulation environment which is also characterized by
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Figure 14. Vertical sections of the mean weak minus strong constraint 4D-Var differences for (a) temperature and (c) salinity for the
experiment BHM estimates during 2005. The standard deviation for the (b) temperature and (d) salinity weak minus strong constraint
differences are also shown.

Figure 15. The rms corrections ⌘ made by weak constraint 4D-Var per time step during experiment BHM in 2005
for (a) SST, (b) SSS, (c) surface zonal velocity, and (d) surface meridional velocity.

a complex system of coastal currents and regions dominated
by energetic mesoscale eddies. The estimates of the model
error covariance matrix Q were implemented in a weak con-
straint 4D-Var data assimilation algorithm. Overall, the per-
formance of the weak constraint system is very encourag-
ing in that it indicates that the proposed methodology is able
to identify and correct for known deficiencies in the model
in the coastal upwelling regions. Furthermore, experiments
in which Q is informed by a BHM of surface wind forc-
ing demonstrate the most improvement, in that the fit of the
model to the observations is most improved in the coastal
regions when compared with strong constraint 4D-Var esti-
mates where the model is assumed to be error-free. Similarly,
during the weak constraint experiments, the corrections that
are made to the background estimates of surface forcing are
greatly reduced compared to those of the strong constraint
case, indicating that the data assimilation places more con-
fidence in the surface forcing fields when explicit allowance
is made for model errors. 4D-Var is based on the assumption
that errors in the observations, background, and analysis es-
timates of the control vector are unbiased and random. The

explicit corrections for model error ⌘ computed during the
weak constraint 4D-Var experiments presented here indicate
that these assumptions are generally valid for model error in
our experiments. Particularly encouraging is the finding that
the Q estimated from a specific time interval (2003–2004 in
the cases considered here) is also effective for correcting for
model error during other independent years.

There are, of course, a number of caveats and cautionary
notes that should be mentioned. Firstly, the proposed method
when applied to surface wind stress increments yields infor-
mation only about likely model errors in regions where the
circulation is tightly coupled to the wind stress, such as re-
gions of upwelling and downwelling. While the signature
of model errors on the initial condition increments is po-
tentially more useful for recovering model error information
over broader regions, there is currently no practical way to
isolate this information. Nonetheless, there are many regions
of the world ocean where wind-induced upwelling and down-
welling is important, and at the mesoscale the surface wind
stress curl and divergence are tightly coupled to the SST.
Therefore, the method proposed here could also prove use-
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.

Figure 16. Time series of the cycle-average temperature compo-
nents of ⌘ averaged over the entire water column and over the
northern CCS region indicated in Fig. 4 during 2003 for experiment
BHM. The units are �C per time step.

ful in some open ocean regions as well, such as the tropi-
cal Pacific. Secondly, the model error covariance estimates
computed here are predicated on the signature of model er-
ror in the 4D-Var analysis estimates of surface wind stress
and the distribution of the background surface wind forcing.
However, model errors will also exert undue influence on the
surface heat and freshwater fluxes, so an obvious extension
of the BHM to compute the posterior distribution of these
additional components of the ocean surface forcing is also
warranted. Thirdly, the model error estimates derived here
will depend on the prior constraints imposed on the data as-
similation system via the background error covariance B, the
observation error covariance R, and the distribution of the
observations. For example, in areas that are devoid of obser-
vations, the surface forcing corrections made by 4D-Var may
be small. This does not necessarily mean that model error is
absent in such regions, only that there is no direct informa-
tion about the presence (or lack thereof) of such errors. How-
ever, further analysis (not shown) indicates that the rms sur-
face flux differences between the 4D-Var analyses and back-
ground fields in Fig. 12 are not obviously related in any way
to the distribution of the observations during the same period.
Therefore, we feel confident that the 4D-Var surface forcing
corrections are not being overly influenced by the observa-
tion sampling in the present experiments. Finally, it is useful
to speculate on the factors that may be contributing to model
errors in coastal regions in the present study. A very obvi-
ous omission in the ROMS CCS configuration used here are
the sources of freshwater associated with the Columbia River
and the Juan de Fuca Strait. This may account in part for the
geographical distribution of the largest model error covari-
ances along the coast of Oregon and Washington (cf. Fig. 4)
and the freshening of coastal waters during weak constraint
4D-Var (cf. Fig. 13c). One could argue that this represents a
source of forcing error rather than model error. However, as
the results of this study indicate, the nature of the corrections
for model error are more consistent with that of an unbiased
error rather than of a correction for a bias such as one might
expect in the presence of a persistent error in the freshwater
flux. Another conspicuous omission in the current configura-

tion of the model is tidal forcing. Intensification of tidal cir-
culations can occur in the vicinity of coastal bathymetry and
topography along the US west coast (e.g., Osbourne et al.,
2014), and may represent another potential source of error
consistent with the localized nature of Q in Fig. 4. Other po-
tential sources of model error include bathymetry. The conti-
nental shelf along the US west coast is generally narrow and
not well resolved by the 10 km model grid used here. In ad-
dition, the required smoothing of the bathymetry in terrain-
coordinate-following models introduces further errors. There
are several bathymetric features, such as Heceta Bank, that
influence the circulation in the northern reaches of the CCS
which are poorly resolved in the present model and consis-
tent with the geographic structure of the variance of Q in
Fig. 4.

7 Data availability

The total volume of data processed in the experiments re-
ported here exceeds 15 TB, so it is not feasible to make
them available online. The strong constraint analysis of
N16 is, however, available at http://oceanmodeling.ucsc.edu/
reanalccs13. Subsets of the data may be requested by con-
tacting the corresponding author directly.
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Appendix A: Recovering model errors from strong

constraint 4D-Var forcing corrections

The underlying premise of the method used in Sect. 4 to re-
cover an estimate of Q is that estimates of additive model
errors can be obtained from the influence that such errors
have on ocean surface forcing fields in regions of coastal
upwelling and downwelling and for which estimates of the
probability distribution are available. The efficacy and limi-
tations of this premise are demonstrated here using two sets
of 4D-Var experiments in which artificial model errors were
added to ROMS. Following this approach, two sequences
of strong constraint 4D-Var experiments for 2003 using 8-
day cycles were performed comprising three sets of runs for
each using the same configuration as N16. During the first
sequence, denoted S1, 4D-Var was run adjusting the initial
conditions (x(ti)), surface wind stress (f ⌧ ), and surface heat
and freshwater fluxes (f Q). The second sequence, denoted
S2, was the same as S1 but included an additional artificial
source of model error ✏r (t) with known covariance imposed
on the model. The start days ti for each cycle were the same
in both experiments. The prior initial conditions xb(ti) var-
ied with ti but were the same in both experiments for a given
ti . During S1, the 4D-Var analyses are influenced by the ac-
tual model ✏t (t), which is unknown, while during S2 they are
influenced by both ✏t (t) and ✏r (t). Following the notation
introduced in Sects. 2 and 4, each member of the 4D-Var se-
quence S1 will be described by

dxS1

dt
= N (xS1) + ✏t (t), (A1)

while for S2,

dxS2

dt
= N (xS2) + ✏t (t) + ✏r (t). (A2)

Under the assumption of the strong constraint, ✏t (t) will have
an expression on x(ti), f ⌧ and f Q during S1 while during S2
there will be an additional contribution from ✏r (t). The dif-
ference between corresponding members of S1 and S2 will
be denoted 1x and will be associated primarily with the in-
fluence of only ✏r (t) on the elements of the control vector.
Therefore, by subtracting Eq. (A1) from Eq. (A2), the influ-
ence of the actual model error ✏t (t) can be temporarily elimi-
nated (assuming ✏t (t) and ✏r (t) are independent), and to first
order the differences 1x = xS2 � xS1 will be described by

d1x

dt
= N|

xS11x + ✏r (t), (A3)

where N|
xS1 denotes the tangent linear model linearized

about the analyses from sequence S1. Since the prior ini-
tial conditions are identical for corresponding cycles of each
4D-Var sequence, the tangent linear Eq. (A3) can be used
to cleanly separate the influence of each component of the
control vector (i.e., x(ti), f ⌧ and f Q) on the circulation es-
timates. For example, if we denote 1xi as the difference

between the analyses of S2 and S1 that are associated with
differences in x(ti) alone, we can use Eq. (A3) to explore
the time evolution of these differences. Similarly, we can use
Eq. (A3) to quantify the analysis differences 1x⌧ due to dif-
ferences in f ⌧ alone and 1xQh

due to f Q alone. The time
series of 1x averaged over each 8-day 4D-Var cycle were
then modeled as a first-order Markov process as described
in Sect. 4.2 (cf Eq. 12) to determine the degree to which the
covariance properties of ✏r (t) can be recovered from the dif-
ferences in different elements of the control vector arising
from strong constraint 4D-Var.

The experiment S2 was performed using time series of
✏r (t) drawn from the distribution N (0,Q). As noted in
Sect. 4.2, the background model error covariance matrix can
be expressed as Q = W

� 1
2
9

e
Q9W

� 1
2 , where 9 is the ma-

trix of EOFs of the �x and e
Q is the covariance matrix of

the stochastic forcing of the associated principal compo-
nents. Furthermore, e

Q can be written as E3E

T , where E is
the matrix of eigenvectors of e

Q and 3 is the diagonal ma-
trix of eigenvalues. The multivariate random vector ✏r (t) =
9E3

1
2
⇠ (t) represents a random draw from a Gaussian proba-

bility distribution with covariance Q, where ⇠ ⇠ N (0,I). Two
different representations of Q were considered here. In the
first case, Q = Q1 was based on the 9 identified in Sect. 4.3
and describes errors primarily in the coastal upwelling and
downwelling regions. In the second case, Q = Q2 was con-
structed from a random sample of 50 spatially smoothed
analysis increments from a randomly chosen year (2008) of
N16. From the sample of 50 increments, a new orthonormal
basis 9 was constructed using a Gram–Schmidt procedure.
For convenience, the eigenspectrum 3 of Q2 was chosen to
be proportional to that of Q1 and rescaled to give a similar
total variance for the two estimates of ✏r (t).

Figure A1 shows a summary of the results of the exper-
iments using Q1 in terms of the standard deviation �sst of
the artificial “model error” in SST added to ROMS. These
results are representative of other fields also. The expected
error associated with Q1 for SST is shown in Fig. A1a and
highlights the coastally trapped nature of ✏r (t). Figure A1b
shows an estimate of �sst derived from the first-order Markov
model of 1xi , the circulation associated with the initial con-
dition differences resulting from ✏r (t). Clearly the additional
artificial “model error” can be quite successfully recovered
from the signature of ✏r in x(ti), even given the relatively
small sample size used here (92 realizations of 1x). Fig-
ure A1c shows �sst derived from 1x⌧ , the circulation asso-
ciated with the surface wind stress differences resulting from
✏r (t). Clearly, the wind stress is also able to recover the pat-
tern of �sst quite well, although the amplitude is somewhat
lower than the expected value. Although when 1x only on
day 8 is used, the estimates of �sst are significantly larger (not
shown). The surface heat and freshwater fluxes contribute lit-
tle to the estimates of �sst and are not shown. Figure A1a–c
demonstrate the important point that there is a unique rela-
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Figure A1. The standard deviation of the additional artificial source of model error added to experiments S2: (a) the expected error based on
Q1, (b) derived from 1xi using Q1 during S2, and (c) derived from 1x⌧ using Q1 during S2. (d) The expected error based on Q2, (e) same
as (b) but using Q2 during S2, and (f) same as (c) but using Q2 during S2. The color bar on the left corresponds to panels (a), (b), (d),
and (e), while the color bar on the right is for (c) and (f).

tionship between the expression of the model error ✏r in the
upwelling circulation and the expression of model error in
the surface wind stress increments arising from strong con-
straint 4D-Var, the basic hypothesis on which the method
presented in Sect. 4 is based.

Figure A1d–f presents a summary of �sst for the exper-
iments using Q2. Figure A1d shows the expected artificial
model error variance for SST, which, in contrast to the previ-
ous case, spans the entire model domain. Figure A1e shows
�sst derived from 1xi , and as in the case of Q1, the total
variance in SST due to model error can be recovered fairly
well from the first-order Markov model for 1xi alone. Con-

versely, Fig. A1f derived from 1x⌧ shows that ✏r in the
deep ocean has little expression in f ⌧ . Only in the regions of
coastal upwelling and downwelling does ✏r have any appre-
ciable expression on f ⌧ , and the first-order Markov models
of 1x⌧ can only recover the coastal component of Q2. The
same is true for 1xQ associated f Q (not shown).

Figure A1 suggests that the model error covariance can be
reliably estimated everywhere from the expression of model
error in all elements of the control vector in combination, but
particularly from the initial conditions. However, an opera-
tional practical environment is quite different from the nature
of the experiments presented here, where we chose the prior
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initial conditions to be invariant for a given cycle start date.
In an operational environment, we will never be able to iden-
tify the component of x(ti) that is associated solely with the
model error. This would require an estimate of the probability
distribution of x(ti) based on which we could decide which
corrections to xb(ti) are legitimate corrections for errors in
the background initial conditions and which corrections are
most likely the result of model errors. For the wind stress
f ⌧ , however, an estimate of the probability distribution in the
form of a BHM is available as described in Sect. 4.3. Con-
struction of a BHM for the surface wind stress is tractable be-
cause of the relatively low dimension of the problem and the
availability of good observation coverage from scatterome-
ters. The same approach would be intractable for x(ti), how-
ever, because of the multivariate nature of the state vector and
the much larger dimension of the problem and because of the
lack of high density observations for the entire ocean state. If
the latter were available, we would probably not need ocean
data assimilation at all.

The experiments presented here explore how the signature
of model error is manifested in the surface wind stress over
an 8-day assimilation cycle. It seems reasonable to expect
that the influence of model error on the surface winds will
increase with the length of the assimilation window, so there
may be value in considering windows longer than 8 days
in order to better quantify model error. However, care must
be exercised using this approach since the tangent linear as-
sumption on which 4D-Var is predicated will be violated if
the assimilation window becomes too long.
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A B S T R A C T

Low frequency variability of the California Current System (CCS) is investigated using circulation estimates
based on a 31-year (1980–2010) sequence of historical analyses of the CCS calculated using the Regional Ocean
Modeling System (ROMS) 4-dimensional variational (4D-Var) data assimilation system. The leading 3-dimen-
sional multivariate empirical orthogonal functions (3D EOFs) of the CCS circulation were computed and provide
a detailed view of low-frequency circulation variability within the CCS. The 3D EOFs are used as basis functions
for a linear inverse model of the circulation, and several Principal Oscillation Patterns (POPs) of the circulation
are identified. The leading POPs have periods in the range ∼ −4 10 years, and shed light on the 3-dimensional
time evolving structure associated with low-frequency variability in the circulation. A particular focus here is
coastal upwelling. In particular, a POP with a period close to 10 years appears to be preferentially excited as a
resonant response to forcing associated with the regional expression of the Pacific Decadal Oscillation, the North
Pacific Gyre Oscillation and the El Niño Southern Oscillation.

1. Introduction

The California Current is one of four major eastern boundary cur-
rents in the global ocean characterized by a pronounced seasonal cycle
of coastal upwelling. Primary productivity in the California Current
System (CCS) supports an important and diverse complex of marine
ecosystems that are vulnerable to climate variability and climate
change. The CCS circulation is characterized by variability on space-
and time-scales ranging from the relatively short, sub-seasonal varia-
bility of the sub-mesoscale circulation, through to seasonal, inter-
annual, and decadal time-scales. The CCS is arguably one of the best
observed regions of the world ocean. Nevertheless, despite the plethora
of ocean observations along the U.S. west coast, the in situ observations
are fairly sparse in space and time, and large swaths of the ocean sur-
face are often obscured by an extensive layer of marine stratus, pre-
venting infrared sensors aboard earth orbiting satellites from observing
the surface temperature. Data assimilation is therefore an important
tool for blending discontinuous ocean observations with state-of-the-art
ocean models to yield reliable space-time estimates of the circulation.
Neveu et al. (2017) hereafter N16 describe in detail a sequence of ocean

circulation estimates for the CCS that span the last three decades, and
that are based on an advanced 4-dimensional variational (4D-Var) data
assimilation system. The circulation estimates described in N16 are
available as a community resource, and in this paper they are used to
quantify the variability in the CCS circulation associated with the Pa-
cific Decadal Oscillation (PDO), the North Pacific Gyre Oscillation
(NPGO), and, to a lesser degree, ENSO.

The NPGO is the oceanic complement of the atmospheric North
Pacific Oscillation and is characterized by a spin-up and spin-down of
the subtropical and subpolar gyre circulations on decadal time-scales
(Di Lorenzo et al., 2008). The NPGO index is defined as the Principal
Component (PC) time series of the second EOF of SSH in the North
Pacific (http://www.o3d.org/npgo). Since the CCS forms part of the
equatorward branch of the North Pacific subtropical gyre, the NPGO
can significantly influence the coastal circulation along the U.S. west
coast. The positive phase of the NPGO manifests itself physically as a
strengthening of the North Pacific Current characterized by an increase
in the meridional sea surface height (SSH) gradient, downwelling fa-
vorable conditions in the subtropical gyre and along the Alaskan coast,
and upwelling favorable conditions in the Alaskan gyre and in the CCS

http://dx.doi.org/10.1016/j.dsr2.2017.07.016

⁎ Corresponding author.
E-mail address: wjcrawfo@ucsc.edu (W.J. Crawford).

195



equatorward of °38 N (Di Lorenzo et al., 2008).
Within the CCS region, the NPGO has been shown to correlate with

variability in sea surface salinity (SSS), nutrients, chlorophyll-a, and
alongshore upwelling winds (Di Lorenzo et al., 2009; Chhak et al.,
2009a, 2009b). Combes et al. (2013) confirmed the connection between
the NPGO and upwelling winds by correlating the surface concentration
of a modeled passive tracer along the central and southern California
coast (following a sub-surface release) with the NPGO index. Ad-
ditionally, Chenillat et al. (2012) have shown that the phase of the
NPGO can affect the timing of the onset of the upwelling season (i.e. the
spring transition), with the positive (negative) phase initiating an ear-
lier (delayed) onset. The timing of the spring transition has been shown
to have significant ecological effects with an early onset of upwelling
typically leading to a more productive ecosystem (McClatchie et al.,
2009).

The PDO is another important basin-wide mode of variability, with
a structure similar to the El Niño Southern Oscillation (ENSO) in the
tropical central and eastern Pacific (Mantua et al., 1997). Similar to
ENSO, the PDO drives variability through adjustments to the atmo-
spheric pressure over the North Pacific and is defined as the first PC
time series of SST in the North Pacific between °20 N and 65°N (http://
jisao.washington.edu/pdo). During the positive phase of the PDO,
anomalously low pressure in the North Pacific is associated with cy-
clonic winds along the west coast of North America. Poleward along-
shore wind anomalies drive anomalous onshore transport of surface
water creating anomalously high sea surface temperature (SST) and
SSH. Schneider and Cornuelle (2005) have shown that the PDO can be
viewed as the combined response of ocean forcing by ENSO and the
Aleutian Low, and modulation of zonal advection by the Kuroshio-
Oyashio extension by oceanic Rossby waves, lending weight to the idea
that the PDO is not associated with a single dynamical mode of the
ocean-atmosphere system.

The influence of the low-frequency component of the PDO on the
CCS is commonly discussed in terms of regime shifts. A shift in phase
(or polarity) of the PDO often leads to a shift in the long-term average
(>10 years) of the ocean state that is generally accompanied by a shift
in ecological communities. Such a regime shift occurred in 1977 when
the PDO transitioned from a negative to positive phase accompanied by
anomalously low sea level pressure leading to weakened alongshore
winds, warm SST anomalies and anomalously high SSH in the CCS
(Miller et al., 1994; King, 2005). Bograd and Lynn (2003) document a
warming in the upper 200–400 m of the water column, an increase in
stratification, and shifts in the position of the dominant large-scale
currents in the CCS due to changes in the depth and slope of isopycnal
surfaces. The PDO has also been linked with the source depth of
coastally upwelled waters, with the positive phase leading to a reduc-
tion in source depth (Chhak and Di Lorenzo, 2007). This reduction in
the supply of deep, nutrient rich waters during the positive phase of the
PDO is coherent with changes in marine ecosystem communities during
the 1977 regime shift (McGowan et al., 2003; Chavez et al., 2003).

More recently, Johnstone and Mantua (2014) have explored the role
of the PDO in the context of the observed long term upward trend in
SST in the Northeast Pacific between 1900 and 2012 (Field et al., 2006)
and its connection to anthropogenic forcing. They found that even
though an upward trend is apparent in sea level pressure and SST, a
possible reversal of the trend has occurred since 1980.

The CCS response to ENSO is driven by two distinct mechanisms
often referred to as local and oceanic mechanisms. The local forcing of
ENSO on the CCS is through atmospheric teleconnections from the
tropics which drive changes in the local atmospheric circulation. The
oceanic forcing occurs via coastally trapped waves that propagate
poleward along the coastal wave guide from the equator. A frequently
used index of ENSO activity in the equatorial Pacific is the Multivariate
ENSO Index (MEI, http://www.esrl.noaa.gov/psd/enso/mei). The MEI
is defined as the principal component (PC) time series of the first EOF of
a combination of several measured oceanic and atmospheric variables

in the tropical Pacific that include sea-level pressure, SST, zonal and
meridional components of the surface wind, surface air temperature
and total cloudiness (Wolter and Timlin, 2011).

The PDO and NPGO are essentially statistical constructs and have
been identified from EOF analyses of surface fields alone. However, this
view of the oceanic and atmospheric circulation is far from complete
and may very well represent a very distorted view of the circulation
variability in regions such as the CCS. In this paper, we have adopted a
different approach to that commonly used, and explore variability in
CCS circulation estimates by considering covariability in the full 3-di-
mensional ocean circulation. The ocean circulation estimates used here
span the period 1980–2010 and were computed using the Regional
Ocean Modeling System (ROMS) and a 4D-Var data assimilation
system. The ROMS-CCS 4D-Var analysis system is briefly reviewed in
Section 2. In Section 3, multivariate 3-dimensional principal component
analysis is used to explore the dominant spatial modes of variability
captured by the 4D-Var analyses. In Section 4, the Principal Oscillation
Patterns (POPs) of the CCS circulation are computed using linear in-
verse modeling methods, and in Section 5 are used to explore the in-
trinsic low frequency variability of coastal upwelling. Specifically for-
cing of the leading POPs by the PDO, NPGO and ENSO is explored. A
summary of our findings and conclusions is presented in Section 6.

2. The CCS historical analyses

The CCS circulation estimates analyzed here were computed by
assimilating available observations for the period 1980–2010 into
ROMS using 4D-Var data assimilation. The configuration of the model
and ROMS 4D-Var data assimilation system are presented in detail in
N16, so only a brief description will be given here.

The ROMS CCS model domain and bathymetry are illustrated in
Fig. 1. The model was configured with °1/10 horizontal resolution and
42 terrian following σ-levels in the vertical that vary in thickness be-
tween 0.3 m and 8 m over the continental shelf and 7–100 m in the
deep ocean. The period 1980–2010 was divided into consecutive 8-day
overlapping windows, and all available ocean observations during each
window were assimilated into ROMS CCS. Observations assimilated

Fig. 1. The ROMS domain and bathymetry (m) used in WCRA31. Also shown is the
central California region referred to in the text, which extends offshore 200 km between
Cape Mendocino and Point Conception.
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include satellite SST (AVHRR, MODIS and AMSR-E), SSH (Aviso), and
in situ hydrographic profiles of temperature and salinity. During each
data assimilation cycle, the initial conditions, surface and open
boundary conditions were adjusted using the 4D-Var procedure. The
prior (or background) state for the initial conditions was taken to be the
posterior (or analysis) at the mid-point of the previous cycle. The prior
surface forcing was derived from a combination of sources which in-
clude atmospheric variables at standard height from the ECMWF 40-
year reanalysis (ERA40) (1980–2001; Källberg et al., 2004) and ERA
Interim products (2002–2010; Dee et al., 2011), and surface winds from
the Cross-Calibrated Multi-Platform (CCMP) ocean wind product of
Atlas et al. (2011). The prior open boundary conditions were taken
from the global Simple Ocean Data Assimilation product (SODA) of
Carton and Giese (2008). The resulting 4D-Var circulation analyses
spanning the 31-year period will be referred to in sequel as WCRA31.

3. Multivariate 3D EOF analysis

3.1. Computation of the EOFs

Since the majority of ocean observations take the form of satellite
measurements of SST and SSH, it is common to compute Empirical
Orthogonal Functions (EOFs) of surface data alone. The leading EOFs of
observed SST and SSH within the ROMS domain of Fig. 1 yield spatial
patterns of variance that share features in common with published EOFs
of SST and SSH for the entire North Pacific (not shown). Specifically,
the regional EOFs capture some of the features in SST and SSH asso-
ciated with the PDO, the NPGO and ENSO along the U.S. west coast.
The associated PC time series of the leading two EOFs of observed SST
and SSH correlate quite well with the generally accepted indicators of
the PDO, NPGO and ENSO (not shown). However, EOF calculations of
observed SST and SSH that are limited to the model domain are unable
to completely describe the regional expressions of the basin-wide EOFs
that define the PDO and NPGO.

The 4D-Var analyses, however, provide a complete space-time view
of the ocean circulation. Therefore, we are not restricted to exploring
only surface variability and, as we will demonstrate, restricting atten-
tion to the surface circulation alone may lead to a distorted view of the
circulation variability, since the surface conditions describe only a
small subset of the entire circulation conditions and account for a small
fraction of the ocean energy. A unique aspect of the current work is the
computation of multivariate 3-dimensional (3D) EOFs of the circulation
using all grid point values of the ROMS temperature, salinity, velocity

and sea surface displacement, which provide a much more complete
view of the CCS circulation variability than 2D EOFs of surface fields.

The 3D multivariate EOFs were computed for WCRA31 using
monthly averaged fields as described in Appendix A. Prior to computing
the EOFs, each 4D-Var analysis field was spatially smoothed using 20
applications of a 2nd-order Shapiro filter in order to suppress the in-
fluence of the mesoscale circulations on the covariance. In conjunction
with the monthly averaging this procedure approximates low-pass fil-
tering of the time series of 4D-Var analyses in the frequency-wave-
number domain, with the purpose of highlighting the low-frequency,
large-scale components of circulation variability that is the focus here.
The resulting 3D multivariate covariance matrix has a dimension∼ ×5.5 106 so standard matrix algorithms cannot be used to compute
the EOFs. Instead, the leading EOFs were computed using an iterative
Lanczos method (Golub and Van Loan, 1989), which is also described in
Appendix A.

3.2. Climate indicators and correlations

While the EOFs of the covariance matrix, C (cf Appendix A), re-
present the leading modes of variability in the model domain only, it is
of interest to quantify the extent to which these patterns of regional
circulation correlate with ENSO, the PDO and the NPGO. Time series of
the PDO index, the NPGO index and the MEI for the period spanned by
WCRA31 are shown in Fig. 2d–f for reference, where each time series
has been smoothed using a 12-month running mean.

We will focus primarily on the leading three EOFs, which are de-
noted r1, r2 and r3 following the notation of Appendix A. Correlations of
the PC time series of r1, r2 and r3 with each climate index are shown in
Table 1 along with the percentage of the energy density that is ex-
plained. PC1 is significantly correlated with all three climate indices,

Fig. 2. Principal component time series for the leading three 3D
EOFs of WCRA31 (a) r1, (b) r2, and (c) r3. Time series of (d) the
PDO index, (e) the NPGO index, and (f) the MEI. A 12-month
running mean has been applied to each time series.

Table 1
The percentage of variance explained by each of the leading three multivariate 3D EOFs
of WCRA31. Also shown are the correlation coefficients between the PC time series as-
sociated with each EOF and the PDO index, the NPGO index and the MEI. All significant
correlations are shown in bold face.

PC 1 2 3

% 18% 13% 9%
PDO 0.70 0.25 0.10
NPGO − 0.54 − 0.13 − 0.45
MEI 0.35 0.16 0.29
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and particularly with the PDO and NPGO. The correlation of PC2 with
each index is quite low, while PC3 captures some of the variance as-
sociated with the NPGO. The fraction of variance explained by the
leading 3D EOFs ranges between 18% and 9%, consistent with a 3D
EOF spectrum that is relatively flat (see Appendix A, Fig. A.2). This may
be partly due to the very large dimension of the model state. However,
subsampling the 4D-Var circulation fields at lower resolution (20 km,
30 km and 50 km were considered here) yields the same EOFs and the
same explained variance, despite the dramatic reduction in dimension
(not shown). Therefore the relatively flat EOF spectrum must be asso-
ciated with the wide range of 3D circulation structures that are present
in the 4D-Var analyses.

Table 1 indicates that the 3D circulation variability in the CCS is
considerably more complicated than the conventional view based on
the PDO and NPGO modes of variability identified based solely on
surface fields of SST and SSH (both of which account for a small fraction
of the total energy density - see Appendix A, Eq. (A.2)). The structure of
the leading three 3D EOFs will be considered next.

3.3. CCS EOFs

3.3.1. EOF 1 (r1)
The PC time series of the leading EOF r1 is shown in Fig. 2a and r1

explains 18% of the energy density. The most significant characteristic
of the first PC time series in Fig. 2a is the downward trend over the
length of the analysis time period. The SST and SSH structure of r1 are
shown in Fig. 3a. In combination, Fig. 2a and Fig. 3a indicate that prior
to 2000, the SST and SSH associated with r1 were mostly positive
throughout the domain, however the downward trend in the PC time
series corresponds to a surface cooling along the coast (∼ °0.3 C), and a
lowering of sea level (∼ 1 cm) during the most recent decade of
WCRA31 relative to the mean associated with r1.

Fig. 3d shows the sea surface salinity (SSS) and surface circulation
of r1, and in combination with Figs. 2a and Fig. 3a indicates cooler
(warmer) by ∼ °0.5 C than normal surface conditions along the coast
during the period 2000–2010 (1980–1999) associated with r1, accom-
panied by surface salinities that were higher (lower) by ∼ 0.1 psu than

the mean. At the same time, r1 acts to weaken the equatorward Cali-
fornia Current poleward of Cape Mendocino (Fig. 3d) during the most
recent decade and strengthens it prior to 2000.

The vertical structure of temperature and salinity associated with r1
over the upper 500 m of the water column is shown in Figs. 4a and d,
and reveals that the largest temperature and salinity anomalies are
found offshore at depths near the pycnocline. The downward trend in
temperature during the analysis period (∼ − °1 1.5 C in total above the
thermocline) associated with r1 (Fig. 2a) is coherent across the entire
domain, whereas salinity associated with r1 increased within ∼ 500 km
of the coast by ∼ 0.2 psu and decreased within the subtropical gyre by a
similar amount. The upward trending salinity anomalies near the coast
associated with r1 may be related to adjustments in the source depth
during ENSO events (Jacox et al., 2015) which act to force the PDO
(Newman et al., 2003; Schneider and Cornuelle, 2005).

3.3.2. EOF 2 (r2)
The PC time series for r2 is shown in Fig. 2b. There is a relatively

high correlation with the PC time series of r1 (0.74) at a lag of about 3
years which is quite evident by comparing Figs. 2b and a. As demon-
strated in Section 4, r1 and r2 are companion EOFs that describe the
variance associated with several oscillatory dynamical modes.

The SST, SSH and SSS associated with r2 are shown in Figs. 3b and e,
respectively. EOF r2 accounts for 13% of the energy density, and its
corresponding PC time series exhibits low frequency variability with
sign changes every 5–10 years, similar to r1 (Fig. 2b). During much of
the 1990s and the 2000s, the PC time series of r2 was positive (Fig. 2b),
corresponding to surface conditions associated with r2 that were
warmer and fresher than the mean over much of the domain with near
normal SST and SSS along the coast, and a stronger (weaker) California
Current equatorward (poleward) of Cape Mendocino (Fig. 3e). Con-
versely during the 1980s and early 2000s, the anomalous conditions
associated with r2 were reversed. Typical offshore SST and SSS
anomalies associated with r2 are ∼ °0.3 C and 0.07 psu. The vertical
structure of r2 is shown in Figs. 4b and e and reveals that surface
temperature anomalies extend well below the surface and change sign
around 100–200 m depth. Salinity variations are also broadly coherent

Fig. 3. The SST (color), SSH (contours), SSS (color) and surface circulation (streamlines) associated with the leading three EOFS of WCRA31: (a,d) r1, (b,e) r2, and (c,f) r3. The percentage
of explained variance of the energy density CTr( )1 is also indicated. The color bars are in units of degrees Celsius or psu, while the contour interval is × −5 10 m3 . Black (white) contours
indicate positive (negative) values of SSH. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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over the whole domain down to 200–300 m where there is a change in
sign. Typical r2 subsurface temperature and salinity anomalies are∼ °0.5 C and ∼ 0.1 psu.

3.3.3. EOF 3 (r3)
EOF r3 accounts for 9% of the energy density, and the SST, SSH and

SSS for r3 are shown in Figs. 3c and f. Like r1, SST is single signed across
the entire domain, and decreases in amplitude offshore, while SSS for r3
changes sign in the Southern California Bight (SCB). During the 1990s,
the PC time series associated with r3 was positive (Fig. 2c) and ac-
companied by warmer than normal conditions (∼ °0.4 C) along the
entire coast, more saline conditions poleward of Cape Mendocino (∼ 0.1
psu), near average SSS along the central California coast, and slightly
fresher conditions in the SCB (∼ 0.02 psu) associated with r3. The
component of the California Current associated with r3 (Fig. 3f) was
weaker than average along the entire coast. The temperature and sali-
nity anomalies associated with r3 exhibit quite complex vertical struc-
tures as shown in Figs. 4c and f. Temperature changes sign at around
200 m depth, except along the coast. However, over the upper 100 m or
so, temperature and salinity anomalies associated with r3 have the same
sign, suggesting that they influence the spiciness of the ocean (i.e.
density variations due to changes in temperature and salinity act to
cancel each other out) rather than density.

4. Linear inverse modeling of the ccs

While the 3D-EOFs shed light on the dominant patterns of variance
in the 3D-circulation, they do not, in general, provide direct informa-
tion about the spatial structure of inherent dynamical modes of the
system (e.g. Dommenget and Latif, 2002; Monahan and Fyfe, 2006;
Monahan et al., 2009). A powerful method for uncovering the dyna-
mical modes is linear inverse modeling which is an attempt to construct
a low-dimensional approximation of the full dynamical operators that
govern the evolution of the circulation in space and time. An excellent
review of linear inverse modeling can be found in von Storch et al.
(1995), and there are many notable applications in the atmospheric,
oceanic and climate sciences (e.g. Penland, 1989; Penland and
Magorian, 1993; Penland and Ghil, 1993; Penland and Sardeshmukh,
1995; Del Sole and Hou, 1999; Moore and Kleeman, 2001; Winkler
et al., 2001).

Following the notation in Appendix A, let x represent the time mean
ocean state, and = −δx x x denote departures of x from the mean. If
δx is in statistical equilibrium, the hypothesis set forth in linear inverse
modeling is that δx can be modeled as a stable, stochastically forced,
linear system (i.e. as a first-order autoregressive or Markov process), so
that:= + ξdδ δ dt dtx A x (1)

where A is the dynamical system matrix that describes the time rate of
change of δx, and ξdt is a white noise (in time) stochastic forcing. The
eigenvectors of A are the normal modes of the system, and are of
considerable interest because they represent the dynamical modes of
the circulation variability about the mean (Pedlosky, 1979). For large
dimensional systems like that considered here, direct computation of
the normal modes from (1) is very challenging. However, the normal
modes can be approximated using a linear inverse model (LIM) re-
presentation of the 4D-Var analyses time series. The procedure used
here is described in detail in Appendix B, and uses the leading 3D
multivariate EOFs and associated PC time series of Section 3 to compute
a reduced rank approximation ∼M of A. Specifically, if tu( ) denotes the
vector of PC time series of the leading 3D EOFs, then:= +∼ −t τ tM Φ Φ( ) ( ) 1 (2)

where = 〈 〉t t tΦ u u( ) ( ) ( )T and + = 〈 + 〉t τ t τ tΦ u u( ) ( ) ( )T represent the
zero-lag and time-lagged covariance matrices of tu( ) respectively, and τ
is the time lag. The eigenvectors of ∼M represent empirical approxima-
tions of the normal modes, and are referred to as Principal Oscillation
Patterns (POPs; Hasslemann, 1988). The underlying hypotheses behind
(1) can be tested (Penland and Sardeshmukh, 1995) as described in
Appendix C.

4.1. Principal oscillation patterns of the CCS

As described in Appendix C, the PC time series associated with the
leading 3D EOFs identified in Section 3 (cf Fig. 2) were used to compute
the leading POPs of the CCS circulation. The underlying hypotheses of
the linear inverse modeling approach were rigorously tested as de-
scribed in Appendix C, and were by-and-large found to be satisfied for
the LIMs considered here. Here we will focus on the results obtained
from a particular choice of parameters, but note that the results are

Fig. 4. Vertical zonal sections over the upper 500 m of the water column along every 2 degrees of latitude of temperature (T) and salinity (S) for the leading three EOFs of WCRA31: (a,d)
r1, (b,e) r2, and (c,f) r3.
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relatively insensitive to the parameters chosen (see Appendix C, Section
C.1). The POPs described here were computed after the linear trend was
removed from each PC time series. This was done to minimize any
aliasing or ambiguity that may arise in the period of the POPs asso-
ciated with the trends in the time series. In addition, each PC time series
was smoothed using a 12-month running mean. While this last step is
not essential (see Appendix C), it generally leads to a better separation
of eigenmodes within the POP spectrum, and eliminates non-oscillating
modes which are probably non-physical. For the POPs presented here,
we used a time-lag of =τ 6 months in (2), and the leading 10 3D EOFs
which account for 57% of the energy density (cf Appendix A).

The POPs are identified from the eigenvector equation =∼ λMe ei i i,
where in general the eigenvalues λi and eigenvectors ei are complex.
Each POP, ul, evolves in time according to =t eu e( )i λ t iil , where λi is the
complex frequency such that Re λ( )i is the POP decay rate and Im λ( )i is
the oscillatory frequency. Since∼M in (2) is derived from stationary time
series, then by necessity <Re λ( ) 0i for all POPs (Penland and
Sardeshmukh, 1995). Both λi and ei typically occur in complex con-
jugate pairs, and for N = 10, there will be five complex conjugate pairs
of POPs. Table 2 shows the period and e-folding decay time of the five
pairs of POPs in this case. The POPs have periods that range from 3.6
years to 40.6 years. Even though the original time series only span a
period of 31 years, it is still possible for the POPs to have a period that
exceeds the length of the time series (e.g. non-oscillating POPs have an
infinite period). The e-folding times range from 1.1 to 9.6 years. The
POP of particular interest here is mode 3 with a period of 9.7 years and
a long e-folding decay time of 9.6 years, since this POP can dominate
the stochastically forced response of the system (1), as demonstrated in
Section 4.2. Table 2 shows that POP 4 also has a period close to 10
years, but this mode decays very quickly, and is typically much less
important (and unreliable as demonstrated below).

The amplitude of each POP is given by =a t δ te x( ) ( ) ( )i i
H T† where ei

†

are the eigenvectors of ∼MT , and superscript H denotes the Hermitian
transpose. The amplitude coefficients ai(t) will, in general, be complex
and the real and imaginary components should mimic the properties of
true dynamical normal modes of the system. In particular, as discussed
by von Storch et al. (1995), the coherence and phase of Re a t( ( ))i and
Im a t( ( ))i can be used to decide whether a particular POP describes a
true physical mode. Figs. 5a–c show the cross-power spectra between
Re a t( ( ))i and Im a t( ( ))i for the leading three POPs, and reveals that in
each case it peaks at or very near the period of the mode based on λ, as
expected for a normal mode. Also shown in Figs. 5a–c is the squared
coherence between Re a t( ( ))i and Im a t( ( ))i which is also high over a
range of frequencies close to the POP period, a property also exhibited
by normal modes. In addition, Figs. 5d–f show the phase difference
between Re a t( ( ))i and Im a t( ( ))i which is close to− °90 in the vicinity of
the POP frequency, as required.1 Therefore, according to Fig. 5 the
amplitudes of POPs 1, 2 and 3 generally have properties that mimic
those of real dynamical modes. However, the coherence and/or phase
of POPs 4 and 5 do not, in general, display these same properties (not
shown) so should be treated with caution (von Storch et al., 1995).

Our focus here will be on low frequency variability of the circula-
tion in the central California region, which is controlled primarily by
POP 3. Fig. 6 shows the real and imaginary components of SST, SSH,
SSS and the surface circulation associated with POP 3. As POP 3 evolves
in time, the circulation is described by the sequence→ − → − → → → …Re Im Re Im Ree e e e e( ) ( ) ( ) ( ) ( )3 3 3 3 3 . Apart from an
arbitrary difference in sign, the real components of the SST and SSS of
POP 3 are similar to that of EOF r2 (Fig. 3) since POP 3 projects most on
this EOF (see Table 2). The imaginary components, however, are dis-
tinct and represent a superposition of several EOFs. Fig. 6 indicates that
as POP 3 evolves in time, a uniformly cool sea surface (Fig. 6a) gives

way to near normal conditions over much of the domain one quarter of
a period later (∼ 2.4 years) with warming near °132 W, °45 N (the ne-
gative of Fig. 6b). Warmer conditions spread primarily from the north
west and south east across the entire region during the next quarter
period (the negative of Fig. 6a) to be replaced by near normal SST
except near °45 N where the surface cools (Fig. 6b), after which the cycle
repeats itself. During the same cycle, higher than normal SSS (Fig. 6c)
over much of the domain becomes concentrated between Cape Blanco
and Cape Mendocino (the negative of Fig. 6d) then give way to less
saline conditions across the domain (the negative of Fig. 6c) before
becoming concentrated between Cape Blanco and Cape Mendocino
(Fig. 6d).

In Section 5 we will focus specifically on upwelling variability along
the central California coast. Therefore, we will focus here in detail on
the circulation variability in this same region. Fig. 7 shows the 3-di-
mensional temperature, salinity and velocity structure of the oscillatory
component of e3 (i.e. the decaying component has been suppressed)
during one complete period over the upper 200 m of the water column
in the region ° − °36 N 44 N, ° − °122 126 W spanning the central Cali-
fornia coast. Fig. 7 reveals that the progression of surface temperature
and salinity anomalies described in relation to Fig. 6 is coherent over
the upper water column, and undergo a sign change near the thermo-
cline. The subsurface anomalies evident in Fig. 7 are coherent across the
entire model domain (not shown). The relative phase between the
different components of the circulation is illustrated in Fig. 8 in the
form of Hovmoller diagrams along °38 N, spanning the entire model
domain, and for two cycles of e3, again with the decaying component of
the POP suppressed. The °38 N line is near the southern end of the re-
gion shown in Fig. 7, although the Hovmoller diagrams in Fig. 8 are
representative of the phase relations within the whole region. Varia-
tions in temperature (Fig. 8b) and salinity (Fig. 8c) are generally in
phase across the entire model domain, with cooler (warmer) conditions
associated with more (less) saline surface waters consistent with Figs. 6
and 7. SST also exhibits a slight eastward phase propagation (Fig. 8b).
In Fig. 8a variations in the depth of the = −σ 26kgm 3 isopycnal surface
are used as a proxy for changes in the depth of the main thermocline,
and west of °127 W are out of phase with SST and SSS by about 1/4
cycle. East of °127 W Fig. 8a shows that anomalies in thermocline depth
display an westward phase propagation, and are more in phase with
variations in SST and SSS near the coast. The progression of tempera-
ture and salinity anomalies east of °127 W associated with e3 through
one cycle in Fig. 7 are therefore accompanied by a low frequency
“sloshing” of the thermocline. While Figs. 7b and c show that cold
temperature anomalies progressively give way to warm anomalies in
the upper 100 m east of °127 W, Fig. 8a shows that the thermocline
generally remains shallower than normal away from the coast (con-
sistent with cold temperature anomalies below 100 m). These warm
anomalies (and the associated salinity anomalies) appear to propagate
in to the region from the north west and south east as described in
relation to Figs. 6a and b. During this time Figs. 7b and c indicate that
the California Current appears to weaken, first at the surface, and then
at depth also. Fig. 8d suggests that movements of the thermocline near
the coast are preceded by approximately one quarter of a period by
changes in vertical velocity adjacent to the coast. The largest variations

Table 2
Period and e-folding decay time (years) for the five POPs (ordered according to increasing
period) for the case =τ 6, N = 10. Also shown is the projection of each POP on the
leading three 3D EOFs.

POP Period (yrs) Decay time (yrs) r1 r2 r3

1 3.6 2.2 0.65 0.13 0.49
2 5.2 2.7 0.59 0.55 0.23
3 9.7 9.6 0.53 0.62 0.33
4 9.9 1.1 0.63 0.37 0.45
5 40.6 3.9 0.23 0.28 0.76

1 The real and imaginary components of a normal mode represent the quadrature
phases of the mode.
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Fig. 5. The cross-power spectral density between the
real and imaginary components of the mode ampli-
tudes (red curves) and the squared coherence (black
curves) for POPs 1, 2 and 3 are shown in (a), (b) and
(c) versus period. The phase difference (degrees)
between the real and imaginary components of the
POP amplitudes are shown in (d), (e) and (f). The
black dashed line indicates the period of the POPe
and the red dashed line denotes a − °90 phase dif-
ference. (For interpretation of the references to color
in this figure legend, the reader is referred to the web
version of this article.)

Fig. 6. The structure of the SST (color), SSH (contours), SSS (color) and surface circulation (streamlines) for the real and imaginary components of POP 3. The contour interval for SSH is× −5 10 m3 , and black (white) contours indicate positive (negative) values. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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in vertical velocity are confined to the coast (Fig. 8d) where upwelling
(downwelling) anomalies are associated with cooler (warmer) SST and
more (less) saline surface waters. The periods of anomalous upwelling
and downwelling near the coast are also evident in the vertical sections
of Fig. 7 near °36 N. Fig. 7d shows the structure of the upper ocean
anomalies in temperature, salinity and velocity during peak surface
warming and freshening. At this time the thermocline is deeper than
normal (cf Fig. 8a), and as the warm/fresh anomalies subside, the
thermocline shallows and the equatorward California Current gains
strength (Figs. 7e and f), and coastal upwelling is intensified (Fig. 8d).

4.2. Stochastic forcing of the POPs

According to the hypothesis underlying (1), the POPs are stochas-
tically forced by the noise ξdt . As noted in Appendix C, the stochastic
forcing can be estimated from − ∼du Au. Fig. 9 shows the surface var-
iance of the stochastic forcing of δx mapped back into physical space (cf
(1)). It is important to realize that even though the hypothesis behind
(1) calls for forcing that is white in time, this does not preclude the
stochastic forcing having spatial structure, which is apparent in Fig. 9.
The forcing variance in SST is generally largest offshore and close to the
coast with maximum values ∼ × − −C1.5 10 day3 1. SSS forcing is most
pronounced along the coast of northern California, Oregon and Wa-
shington (∼ × − −5 10 psu day4 1). Interestingly the surface velocity for-
cing has largest amplitude in a region offshore and downstream of Cape
Mendocino where eddy kinetic energy is generally elevated in altimeter
and drifter observations (Kelly et al., 1998) and in the 4D-Var analyses
(N16). There is also a narrow band of elevated surface velocity forcing
variance spanning the CCS poleward of Cape Mendocino. The variance
patterns in SST, SSS and velocity are coherent over the upper−200 300m of the water column (not shown), while SSH forcing is
relatively incoherent (Fig. 9a).

By definition, white noise forcing contains equal energy at all fre-
quencies, although in this case the highest frequency possible will be−πmonths 1. It is therefore of interest to quantify the expected response
of the system to forcing at different frequencies. With this in mind,
consider the reduced rank approximation of (1) given by Eq. (B.5):

= +∼ ξd dt dtu Au .͠ (3)

Suppose that the stochastic forcing ξ dt͠ in (3) is replaced by a harmonic
forcing of the form e dth iωt , where ω is the forcing frequency and Rh
(where R is the matrix of 3D EOFs) describes the 3D structure of the
forcing, which for now is assumed to be arbitrary. Since all of the POPs
of ∼M decay exponentially in time, then after a sufficiently long time
interval the solution of (3) is given by = − ∼ −t e iωu I A h( ) ( )iωt 1 . The ratio
of the system response to the forcing is given by∥ ∥ ∥ ∥ ≤ ∥ ∥t e ωu h( ) / ( )iωt R where ∥ ∥· denotes the L2-norm which is
equivalent to the energy density norm for the EOF basis functions used
here, and = − ∼ −ω iωI A( ) ( ) 1R is the resolvent matrix. The L2-norm of
the resolvent ∥ ∥ω( )R is given by the largest singular value of− ∼ −iωI A( ) 1. Furthermore, the resolvent norm ∥ ∥ ∝ω Λ ω( ) 1/dist( , )R ,
where Λ ωdist( , ) is the distance function, and represents the shortest
distance (in the complex plane) between the eigenspectrum of ∼A de-
noted Λ, and the forcing frequency iω. Fig. 10 shows∥ ∥ω( )R vs ω, and
indicates that the maximum response occurs at a forcing frequency
centered on 9.7 years corresponding to the period of POP 3 (see
Table 2). This is consistent with the distance function since the eigen-
frequency λ3 of POP 3 is much closer to the forcing frequency iω than
that of POP 4, which recall has a similar period but is damped very
quickly.

In contrast, Fig. 10 also shows the resolvent norm of a LIM con-
structed from a non-data assimilative run of the model using the same
prior forcing and open boundary conditions, and computed in exactly
the same way as the LIM derived from the 4D-Var analyses. In this case
the resonant peak near 10 years is absent, indicating that POP 3 is
present only in the LIM derived from the 4D-Var analyses, and that the
POPs are not merely mirroring the low frequency response of the model
to surface forcing.

Based on Fig. 10, we expect a priori that the response of the CCS
circulation to white noise forcing will be dominated by the decadal
variability associated with POP 3. With this in mind, Fig. 11 shows the
amplitude a3 of POP 3 over the period 1981–2010. Recall that the
natural tendency for POP 3 will be to decay in time. However, the
decadal component of the stochastic forcing continually excites POP 3,
so the variations in amplitude of e3 in Fig. 11 over time are controlled
by the time variations of the stochastic forcing. This can be further

Fig. 7. A 3-dimensional view of the upper ocean structure of POP 3 off the central California coast. Temperature anomalies are shown in color, salinity anomalies as contours (negative
values are dashed, and the contour interval is 0.02), and the 3-dimensional velocity anomalies as arrows. The size of the arrow is indicative of the relative magnitude of the velocity, and
the vertical velocity component is scaled by 105 for ease of viewing. Panels (a) to (f) show the time evolution of the oscillatory component of POP 3 separated by intervals of 1/6 of a
period (∼ 1.6 years). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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illustrated by considering the projection of POP 3 onto the 3D EOFs.
Table 2 indicates that EOFs r1 and r2 project considerably onto each
POP, particularly POP 3. Fig. 12a shows a phase plot of the amplitude of
r1 and r2 during two cycles of POP 3. The red ellipse represents the
oscillatory component of POP 3 alone (as described by Im λ( )3 ), and
illustrates the relative contribution of these two EOFs to POP 3 over
time. The time required to complete one orbit around the ellipse is 9.7
years. The blue curve shows how the decay in POP 3 over time is
mirrored by the amplitudes of EOFs r1 and r2. The influence of the
stochastic forcing in the −r r1 2 phase plane of POP 3 is shown in
Fig. 12b. While the variations in EOF amplitudes are somewhat
random, the tendency of the system response to follow the red ellipse in
Fig. 12b that describes the oscillatory component of POP 3 is quite
obvious. The circulation associated with the stochastically forced fluc-
tuations in the amplitude of POP 3 are illustrated in Fig. 13 at °38 N.
Comparing Fig. 13 with Fig. 8 shows how the oscillation described by
POP 3 is continually excited and modulated by the stochastic forcing.

Obvious candidates for the forcing of POP 3 are ENSO, the NPGO
and the PDO which are all known to influence the CCS circulation, as
discussed in Section 1. Fig. 14 shows wavelet power spectra of the MEI,
NPGO index and PDO index during the period 1980–2010. The width of
the peak in Fig. 10 indicates that forcing with a period in the range∼ −8 12 years will be effective at exciting e3. Fig. 14 shows that both
the NPGO and PDO have significant power in this frequency band,
particularly during the period 1990–2005 when the amplitude of e3 is
relatively high (cf Figs. 11 and 13). Even though the PDO index does

not display a peak in power in the 8–12 year band like the NPGO index,
it is important to realize that any power in this range can be amplified
by POP 3 as shown in Fig. 10. ENSO, on the other hand, has a broad
band of power between 3- and 5-year periods (Fig. 14a) that will be
quite effective at exciting e1 and e2 which, recall have periods of 3.6 and
5.2 years respectively (Table 2), although these modes are damped
within a couple of years, which explains the absence of a peak at these
frequencies in Fig. 10.

To quantify the relative contribution of the PDO, NPGO and ENSO
in exciting POP 3, a regression analysis was performed between each
climate mode index in Section 3.2 and the amplitude of the component
of stochastic forcing = − ∼f de u A( ) ( )H

3 3
† that projects directly onto POP

3. To isolate the low frequency components, the time series of f3 and
each climate index were smoothed using a 5-year running mean prior to
the regression analysis. For example, Fig. 15a shows the amplitude of
the forcing of POP 3 in SST associated with a one standard deviation
change in the amplitude of the PDO index. Also shown in Fig. 15a is the
fraction of variance in POP 3 SST forcing that is directly explained by
the PDO index. The POP forcing takes the form of a 3-dimensional,
multivariate, time evolving field so references here to forcing by the
PDO are interpreted as the projection of the regional expression of the
basin-wide circulation anomalies associated with the PDO onto the POP
forcing fields. With this in mind, Fig. 15a indicates that the positive
phase of the PDO is associated with a positive forcing of SST, and up to−35 40% of the POP 3 SST forcing can be explained by the PDO.
Fig. 15b shows the same analysis for the NPGO. In general, the pattern

Fig. 8. Hovmoller diagrams of anomalies in (a) thermocline depth, (b) SST, (c) SSS and (d) w at 40 m at °38 N for POP 3 over a 20 year period. The decaying component of the POP has
been suppressed so as to highlight the oscillatory component. Positive (negative) thermocline depth anomalies correspond to a shallower (deeper) thermocline.
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of SST forcing associated with NPGO is similar to that of the PDO, but in
this case the positive phase of the NPGO is associated with a negative
forcing of the POP 3 SST. Therefore, the opposite phases of the PDO and
NPGO tend to reinforce the POP 3 circulation anomalies, although

Fig. 15b shows that the amplitude and fraction of the e3 forcing ac-
counted for by the NPGO is significantly lower than that of the PDO.
The pattern of POP 3 SST forcing associated with the MEI is positive and
similar to that of the PDO (not shown), since the correlation between
the MEI and the PDO index is 0.6. However, the amplitude and fraction

Fig. 9. Standard deviation of the stochastic forcing for (a) SSH, (b) SST, (c) SSS, (d) surface u and v combined.

Fig. 10. The L2-norm of the resolvent = − ∼ −ω iωI A( ) ( ) 1R vs the period π ω2 / of the
forcing for a LIM computed from the 4D-Var analyses (solid line) and from a non-as-
similative run of the model (dashed line).

Fig. 11. Time series of the real (solid line) and imaginary (dashed line) components of the
amplitude of POP 3.
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of variance explained by the MEI POP 3 forcing is similar to that of the
NPGO. These same relationships between each climate index and the
forcing of POP 3 apply to other state variables also, and extend well
below the surface. For example, Fig. 15c shows the amplitude of POP 3
temperature forcing associated with the PDO along a vertical section at°38 N. The forcing changes sign at the depth of the thermocline, and the
variance explained remains high throughout the water column. Even
though Fig. 14 indicates that the NPGO has more power at decadal
periods than the PDO and MEI, the spatial structure of the forcing is

also very important (Farrell and Ioannou, 1996; Chhak et al., 2009a,
2009b). This can be quantified in terms of the stochastic optimals of (1)
(Kleeman and Moore, 1997), but this is beyond the scope of the present
paper.

Fig. 15d shows power spectra of the amplitude of the POP 3 forcing
showing that it is elevated at frequencies close to those where the PDO
and NPGO index have elevated power (Fig. 14). Hence, the POP 3 can
very effectively resonate in response to circulation anomalies induced
by the PDO, NPGO and to some degree by ENSO, even though the

Fig. 12. (a) A phase diagram of the ampli-
tude of EOFs r1 and r2 for two cycles of POP
e3. The red curve shows the oscillatory
component of e3 and the blue curve includes
the decaying component. The black circle
indicates the starting point, and progression
around the ellipse is clockwise. (b) A phase
diagram of the amplitude of EOFs r1 and r2
based on the amplitude of e3 during the
period 1981–2010 (blue curve). The red
curve is the same as that in (a). (For inter-
pretation of the references to color in this
figure legend, the reader is referred to the
web version of this article.)

Fig. 13. Hovmoller diagrams of anomalies (a) thermocline depth, (b) SST, (c) SSS and (d) w at 40 m at °38 N associated with the time varying amplitude of e3 during the period
1981–2010. Positive (negative) thermocline depth anomalies correspond to a shallower (deeper) thermocline.
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power at decadal periods in the MEI is relatively low (Fig. 14a).

5. Decadal variability in coastal upwelling

Using the same 4D-Var analyses, Jacox et al. (2014) hereafter J14
have documented low frequency variability in coastal upwelling along
the central and northern California coast that is apparently correlated
with ENSO, PDO and NPGO. Fig. 16 shows a time series of w averaged
over the central California region indicated in Fig. 1 that is associated
with the leading EOF of w at 40 m depth and the PC time series com-
puted by J14. The PC reported by J14 also has an upward linear trend
over the same period. However, to be consistent with the LIM (which
recall is constructed from detrended PC time series), the linear trend
was been removed from the time series shown in Fig. 16. When the time
series is positive (negative), upwelling is enhanced (suppressed) along
the entire central California coast extending 50 km off-shore, while
between 50 and 200 km, upwelling is suppressed (enhanced).

Much of the variability in coastal upwelling documented by J14 is
captured by a combination of POPs e1, e2 and e3 as indicated in Fig. 16
which also shows w associated with the superposition of these three
modes averaged over the same region shown in Fig. 1. The correlation
between the time series in Fig. 16 is 0.84. However, much of the
variability in this region captured by the leading EOF of w computed by
J14 can be explained by e3, and the correlation between the time series
of w due to e3 alone with w from J14 is 0.6 (not shown). The influence
of POP 3 on coastal upwelling is illustrated in Fig. 17 which shows the
phase of w associated with POP 3 and indicated that w varies coherently
along the coast poleward of Point Conception (notice the phase at∼ °40 N changes from near + °180 to − °180 which are equivalent).

J14 note that the largest anomalies in coastal upwelling typically
occur when the PDO and NPGO are out of phase, in agreement with the
relative influence of the PDO and NPGO on POP 3 (Section 4.2). For
example, during 1991–95, Fig. 16 indicates that total upwelling was
suppressed in the central California region. Fig. 18 shows the

circulation anomalies in w, SST, SSS and thermocline depth during this
period that are associated with the superposition of e1, e2 and e3. The
pattern of upwelling anomalies (Fig. 18a) is similar to that reported in
J14. At the same time surface waters are warmer (Fig. 18c) and fresher
(Fig. 18d) than normal over the whole domain, and the thermocline is
deeper than normal (Fig. 18b). The vertical sections of temperature and
salinity in Figs. 18e and f reveal that the surface anomalies are coherent
over the upper 100–200 m.

Conversely, during the 1998–2002 time period total upwelling is
weaker than normal along the northern California, Oregon and
Washington coasts with generally colder, more saline surface waters
across the entire region and a shallower than normal thermocline.
Essentially, the reverse of that shown in Fig. 18.

Much of the variability in upwelling in Fig. 16 is associated with e3
(r = 0.6). The relationship between w and other components of the
circulation in the central California coastal region of Fig. 1 associated
with e3 is shown in Fig. 19 which demonstrates the phase relationship
between different aspects of the coastal response. The phase of SST and
w is consistent with upwelling induced cooling. SSS and thermocline
depth on the other hand generally lag behind w by ∼ −1 2 years.

The coastal upwelling changes documented by J14 therefore appear
to be part of CCS-wide changes in the circulation that are captured in
detail by the POPs. Much of this variability is captured by mode e3
alone which, as shown in Section 4.2, is preferentially excited by the
decadal components of the stochastic forcing acting on the system as-
sociated with the PDO, NPGO and ENSO. During the period 1990–2010,
the PDO and NPGO were generally out of phase which had the effect of
increasing the amplitude of the POP 3 circulation anomalies, which is
very evident in Fig. 13. This also agrees with the analysis of Macias
et al. (2012) who found that low-frequency variability in coastal up-
welling along the central California coast is negatively (positively)
correlated with the PDO (NPGO).

The general solution of the stochastic differential Eq. (1) is given in
Appendix B by Eq. (B.2). The second term on the right hand side of
(B.2) shows that the circulation at any time depends on the time history
of the stochastic forcing and the stochastically integrated response of
the POPs. Therefore, the response observed at any particular time will
depend on forcing by the PDO and NPGO (and ENSO) over a range of
times in the past. This can obscure the interpretation of the observed
circulation, frustrating simple correlation analyses. For example, Eq.
(B.2) shows that the response of the system due to stochastic forcing of
e3 is given by the integrated time history of the integrand′ = ′− ′∼

ξk t e t( ) ( )t tA( )
3 , where ξ3 is the component of stochastic forcing that

projects onto e3. Fig. 20 shows times series of the contribution of ′k t( ) to
w for all times ′t prior to Jan 1999 (Fig. 20a), the time of onset of
suppressed upwelling, and Jan 2005 (Fig. 20b), the peak of a period of
suppressed upwelling. Fig. 20 reveals that there are sizable contribu-
tions associated with the stochastic excitation of e3 during the ∼ 5
years preceding the circulation anomalies observed in Jan. 1999 and
2005, consistent with the long damping time of this mode (Table 2).

6. Summary and conclusions

Multivariate 3D EOFs were used to quantify the circulation varia-
bility captured by 4D-Var estimates of the CCS on various time scales
over the period 1980–2010. The 3D EOFs uncover a far richer and more
complex circulation environment than is revealed by more conven-
tional 2D EOF analyses of surface fields alone. No single multivariate
3D EOF mode is able to isolate a single documented mode of climate
variability, although variations in the amplitude of the leading EOF
appear to correlate well with the observed downward trend in the PDO
during the three decades considered.

Although many aspects of the 3D EOFs correlate well with ENSO,
the NPGO and the PDO (which largely characterize climate variability
in the North Pacific), a high level of correlation with the PDO and

Fig. 14. Wavelet analyses of the MEI, NPGO index and PDO index for the period
1980–2010. In each case a Paul wavelet was used to provide good resolution in time. The
regions enclosed by bold contours are significant at the 95% level. While each index time
series spans a longer period than the 4D-Var analyses, only the portion of the wavelet
spectra for the period 1980–2010 is shown here. The power averaged over time at each
frequency is also shown to the left of each wavelet plot, and is an average over the full
duration of each time series.
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NPGO is not necessarily to be expected since they are both defined in
terms of EOFs of surface fields alone, with no recourse to subsurface
information or ocean currents. To unravel the nature of the circulation
variability in more detail, we computed the POPs of a LIM based on the
PC time series of the leading 3D EOFs of the 4D-Var analyses.

The POPs reveal that the low frequency circulation anomalies can
be described by three distinct modes of variability with periods ranging
from ∼ −3.5 10 years. In addition, POP 3 which has the lowest

frequency can be resonantly excited with relative ease by virtue of its
slow decay rate, and essentially any forcing in the system with a period
of ∼ −8 12 years can be amplified by two orders of magnitude. Obvious
potential sources of forcing in this frequency range are the regional
expressions of the basin wide climate modes identified with the PDO,
NPGO and ENSO, all of which possess power in the ∼ −8 12 years
range. The POP 3 forcing identified here, by necessity, takes the form of

Fig. 15. Forcing of SST based on a linear regression between low-pass filtered forcing amplitude of POP3 and (a) the PDO index, (b) the NPGO index. The forcing shown results from a
positive standard deviation change in the climate index. White contours indicate 100 times the coefficient of determination ( × r100 2 values) and represent the percentage of variance of
SST forcing of POP 3 explained by each index. (c) Same as (a) but showing a vertical section along °38 N of temperature forcing by the PDO. (d) Power spectra of the real (red) and
imaginary (blue) components of the POP 3 forcing amplitude. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 16. The vertical velocity based on the first principal component time series and EOF
w at 40 m depth over the region indicated in Fig. 1 from Jacox et al. (2014) after the
linear trend has been removed (solid line). Time series of w associated with the super-
position of e1, e2, and e3 averaged over the same region (dashed line).

Fig. 17. The phase (degrees) of vertical velocity at 40 m associated with POP 3. The phase
is given by − Im w Re wtan ( ( )/ ( ))1 . The phase in deep offshore regions where w is very small
is not plotted.
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3-dimensional, time-dependent fields. Therefore, when we refer to
forcing by the PDO and NPGO we are referring to the regional com-
ponents of basin scale 3D-circulation anomalies associated with the
PDO and NPGO circulation changes, which in turn are associated with
changes in the large-scale atmospheric circulation and ocean surface
forcing as discussed in Section 1. Interestingly, the PDO and NPGO

Fig. 18. Circulation anomalies associated with the
superposition of e1, e2, and e3 averaged over the
period 1991–95 when upwelling is suppressed along
the California coast (a) w at 40 m, (b) SST, (c) SSS
and (d) thermocline depth. Also shown are vertical
sections of (e) temperature and (f) salinity over the
upper 500 m every °2 of latitude.

Fig. 19. Time series of anomalies in SST, thermocline depth, SSS and w at 40 m associated
with e3 averaged over the region shown in Fig. 1. Positive (negative) thermocline depth
anomalies correspond to a shallower (deeper) thermocline.

Fig. 20. Time series of the contribution to w from ′k t( ) of the stochastic forcing associated
with e3 through time to the response in w observed in (a) Jan 1999 and (b) Jan 2005.
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forcing of POP 3 reinforce each other when the PDO and NPGO are out
of phase, leading to extended periods of enhance or suppressed up-
welling anomalies along the coast of central California, Oregon and
Washington. This in turn is accompanied by low frequency anomalies in
temperature, salinity and thermocline depth in line with those docu-
mented previously by J14.

The idea that much of the low frequency variability of the CCS is
described by a resonantly forced mode of variability represents a new
paradigm linking the basin scale climate modes and the coastal circu-
lation, and suggests that in the CCS much of the circulation variability
arises from an inherent, perhaps coastally trapped, mode of coastal
variability that is resonantly forced by the regional expression of the
basin scale climate modes. Therefore, while there have been several
notable attempts to relate changes in the CCS circulation to the basin
scale variability associated with the PDO and NPGO, the stochastically
forced nature of the CCS variability will frustrate traditional attempts to
understand the circulation using correlation analysis.

The true nature of the POPs identified here is not fully understood.
It is possible that the POPs we have identified are simply inherent
modes of oscillation of the particular model configuration used here
(analogous to traditional basin modes of a bounded basin, Pedlosky
(1979). However, this seems unlikely since a LIM derived from a non-
data assimilative model run does not reproduce the same POPs (cf
Fig. 10). The role played by the observations during data assimilation in
controlling the POP amplitudes has been further explored by Moore
et al. (2017) who have investigated the impact of the observing system

on various aspects of the circulation estimates used in the present
analysis. Both satellite SST and SSH observations were found to play the
largest role in capturing POP 3, although in situ measurements at∼ 100 m depth were also found to be potentially important, since they
are the only observations to provide information about the thermocline
depth and upper ocean heat content. Nonetheless, since the mean cir-
culation and bathymetry of the region is complex, further work is
needed to identify the detailed nature of the POPs.

POPs 1, 2 and 3 are robust across a wide range of parameters which
adds confidence to the findings of this study. While we have con-
centrated here primarily on the decadal POP, the POPs 1 and 2 with
periods of 3.6 and 5.2 years are also of interest since they appear to
capture CCS variability associated with ENSO (not shown). This will be
the topic of a future study.

Finally we note that the memory imparted on the CCS circulation
anomalies by the low frequency POPs identified here suggests that there
may be potential to use the LIM to make seasonal predictions of the low
frequency CCS circulation anomalies. C.3 (Fig. C.3) suggests that the
LIM is able to hindcast the circulation anomalies for lead times up to 12
months, significantly beating persistence.

Acknowledgements

This research was supported by a grant from the National Science
Foundation (OCE 1061434).

Appendix A

Computation of 3D multivariate EOFs

Following the notation used in N16, the ROMS state-vector is denoted by = T S u v ζx ( , , , , )T and comprises all grid point values of temperature T,
salinity S, the two horizontal components of velocity (u,v), and the sea surface displacement, ζ. Here, we compute the EOFs of the multivariate
covariance matrix:∑ ∑= − −= =n
C w w w w1 ( )( )

i j
i j j i j j T

1

31

1

12

, ,
(A.1)

where =w W xi j i j,
1
2 , and xi j, is the monthly mean state-vector for month j, year i for the 31-year period 1980–2010 which yields a sample size n =

372; = ∑ =w w /31j i i j1
31

, is the monthly mean climatology for month j computed from the 31-year sequence of analyses; and W
1
2 is the diagonal matrix

of weights applied to each state-vector element. Since the elements of x have different physical dimensions, the primary purpose of W
1
2 is to

transform x into the vector w in which all elements are appropriately rescaled to be dimensionless or to have the same units. By definition, the 3D
multivariate EOFs are the eigenvectors of C such that = νCs sk k k. The EOFs sk can be transformed back to familiar physical units according to= −r W sk k

1
2 , and the EOFs rk are orthonormal with respect to W so that = δr Wri

T
j i j, .

A.1. The Choice of W

Several choices for the weight matrix W were considered. In the first case, denoted W1, the weight matrix W implicit in (A.1) was chosen so that
the trace of the covariance matrix yields the perturbation energy per unit volume (hereafter referred to as the energy density) given by:∫ ∫ ∫ ∫ ∫= − − = + + + +−ρ g

V
ζ a ϕ dλdϕ ρ

V
u v α T β S g N a ϕ dλdϕdzx x W x x( ) ( )
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(A.2)

where T∆ i j, , S∆ i j, , u∆ i j, , v∆ i j, and ζ∆ i j, are respectively the temperature, salinity, zonal velocity, meridional velocity, and free surface height component
of −x x( )i j j, ; λ λ( , )w e and ϕ ϕ( , )s n define the west-east longitudinal and south-north latitudinal extent of the model domain; H λ ϕ( , ) is the ocean depth;
α is the thermal expansion coefficient; β is the salinity contraction coefficient; N2 is the squared Brunt-Väisälä frequency; V is the ocean volume of the
domain; and all other symbols have their usual meaning. In the case of W1, representative values of α, β and N2 were chosen corresponding to= × − −α 1.6 10 K4 1, = × −β 7.6 10 4 and = − −N 10 s2 5 2. From (A.2), = ∑ ∑= =nCTr( ) 1/ i j i j1 1

31
1

12
,E which is the total variance measured in terms of the

energy density. Using this definition of W1, allowance is made for the difference in physical units of each state variable, and following North et al.
(1982), each state variable is appropriately weighted by the volume of each model grid cell. The perturbation energy density i j,E defined by (A.2) is
considered to be an appropriate norm because of the obvious significance and fundamental importance of energy for describing the ocean circu-
lation. A time series of = − −E x x W x x( ) ( )i j j T i j j1 , 1 , is shown in Fig. A.1 and illustrates how the monthly mean energy density varies in time during
WCRA31.

The second choice of W, denoted W2, was also based on the energy norm (A.2) except in this case the spatially varying time mean values of α, β
and N2 were used. A time series of = − −E x x W x x( ) ( )i j j T i j j2 , 2 , is also shown in Fig. A.1. While the amplitude of E2 is smaller than E1, the two time
series are highly correlated (r = 0.88). The two additional choices of W considered were based on non-dimensionalizing the elements of x using
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−σ dV V/x
1 where σx is the standard deviation of each state-vector variable, and dV V/ is the fractional volume of each grid cell. In the case of W3

1
2 , a

single value of σx based on the standard deviation computed from all grid points was used, while for W4

1
2 the σx were the standard deviations

computed at each model grid point. Time series of = − −E x x W x x( ) ( )i j j T i j j3 , 3 , and = − −E x x W x x( ) ( )i j j T i j j4 , 4 , are shown in Fig. A.1. The correlation
between E3 and E4 is 0.84 indicating that the variability captured by either choice of W3 and W4 is similar. The correlations between the energy-based
time series E1 and E2 and the standard deviation-based time series E3 and E4 are ∼ 0.5. These correlations increase to ∼ −0.7 0.8 if a 12-month
running mean is applied to each time series, which indicates that each norm is capturing similar low frequency variability.

The 3D multivariate EOFs are by definition the eigenvectors of C such that = νCs sk k k. In the case of C1 and C2, all of the elements of sk have the

units of −(Jm )3
1
2 , while in the case of C3 and C4 the sk are dimensionless.

By and large, the leading EOFs that emerge are relatively insensitive to the choice of W. The first two EOFs, r1 and r2, occupy the same position
within the spectrum in each case, while the higher order EOFs some times trade positions. In the POP analysis of Section 4, we consider the leading
10 EOFs. The fraction of CTr( ) accounted for by the leading 10 EOFs is highest in the case of W1 (57%) (compared to 50% for W2, 46% for W3 and
39% for W4), so this is the case that we focus on here.

A.2. The Lanczos algorithm

The eigenvectors of the covariance matrix C defined by (A.1) were computed iteratively using the Lanczos algorithm (Golub and Van Loan,
1989). The basis of the Lanczos algorithm is a reduced rank factorization of C so that:≃C V T Vm m m

T (A.3)

where m refers to the number of iterations; Vm is a matrix where each of the m columns is a Lanczos vector v ; and Tm is an m × m tridiagonal matrix.
The Lanczos vectors are orthonormal so that =V V Im

T
m m, and satisfy the Lanczos recursion relation:= + ++ − −γ δ γCv v v vi i i i i i i1 1 1 (A.4)

where =δ v Cvi i
T

i are the elements of the leading diagonal of Tm and =γ a a( )i i
T

i
1
2 are the off-diagonal elements where = − − − −δ γa Cv v vi i i i i i1 1. Each

iterate of the Lanzcos algorithm yields an additional Lanczos vector according to the Lanczos recursion relation (A.4). The algorithm is initialized by
choosing v1 to be a random vector, and in the calculations presented here, the Lanczos vectors were reorthogonalized at the end of every iteration
following Fisher (1997, pers. comm.).

The eigen pairs of the reduced rank approximation of C in (A.3) are given by =ψ ψµV T Vm m m
T

k k k, and →ψµ ν s( , ) ( , )k k k k , the true eigen pairs of C,
as m approaches the dimension of C. The problem of identifying the eigen pairs of (A.3) reduces to finding the eigenvalues and eigenvectors of the
much smaller m×m matrix Tm since C and Tm have the same eigenvalues in the limit as m approaches the dimension of C. Specifically, = µT y ym k k k,
and the approximate eigenvectors of C are given by =ψ V yk m k. As the number of iterations m increases, the eigen pairs ψµ( , )k k become progressively
better approximations of the true eigen pairs ν s( , )k k . The error in μk and ψk can be formally quantified according to = ∥ ∥+ ψγ µv eϵ ( ) /k k m m

T
k1 1 which

follows directly from (A.4), where em is the unit vector with all zero elements except the mth element, and μ1 is the largest eigenvalue of Tm.
To illustrate, Fig. A.2a shows estimates of the leading eigenvalues of C1 based on W1 computed using m = 60 iterations. The formal error

estimates ϵk are shown in Fig. A.2b and indicate that < −ϵ 10k 10 for the leading 20 eigenvectors, which lends confidence to the reliability of the EOFs
presented in Section 3. Figs A.2a and b also show the leading eigenvalues and error estimates for the case m = 120 to illustrate how the estimates of
μk are refined by further Lanczos iterates. The leading 30 or so eigenvalues and eigenvectors (not shown) change very little (Fig. A.2a) while the
accuracy of the eigen spectrum improves substantially in the range = −k 20 50 (Fig. A.2b).

Fig. A.2c shows the cumulative percent variance ∑ = µ C100 /Tr( )i
M

i1 1 (i.e. perturbation energy density) versus M explained by the leading= …M 1, , 60 eigenvectors, which as expected slowly asymptotes toward a value of 100%. As the number of iterations increases, the accuracy of the
trailing eigenvalues increases, and the cumulative variance explained moves closer to 100% as illustrated in Fig. A.2c which also shows the cu-
mulative variance for the case where m = 120.

Fig. A.1. Times series of E1 (solid black curve), E2 (red curve), E3 (dashed black curve) and E4 (blue curve).
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Appendix B

Linear inverse model computation

Following the notation introduced in Appendix A, let x represent the time mean state vector, and = −δx x x denote departures of x from the
mean. If δx is in statistical equilibrium, the hypothesis set forth in linear inverse modeling is that δx can be modeled as a stable, stochastically forced,
linear system (i.e. as a first-order autoregressive or Markov process), so that:= + ξdδ δ dt dtx A x (B.1)

where A is the dynamical system matrix that describes the time rate of change of δx, and ξdt is a white noise (in time) stochastic forcing. If A is time
invariant, the solution of (B.1) is given by:∫+ = + ′ ′+ − ′ ξδ t τ e δ t e t dtx x( ) ( ) ( ) .τ

t

t τ t tA A( )
(B.2)

The eigenvectors of A (or equivalently e τA ) are often referred to as normal modes. The leading normal modes can be computed iteratively in
ROMS using the tangent linear model linearized about an appropriate basic state circulation (Moore et al., 2004). However, for large dimensional
systems, like that considered here, such calculations are computationally and technically very challenging. Instead, the leading normal modes can be
approximated using a linear inverse model (LIM). Following von Storch et al. (1995), consider the expected value of (B.2) after both sides are right
multiplied by δ tW x ( )T (where W is the weight matrix in (A.1)) so that:∫〈 + 〉 = 〈 〉 + 〈 ′ ′ 〉+ − ′ ξδ t τ δ t e δ t δ t e t dt δ tx W x x W x W x( ) ( ) ( ) ( ) ( ) ( ) .T τ T

t

t τ t t TA A( )
(B.3)

Since δ tx( ) is statistically independent of the stochastic forcing ξ for ′ ≥t t (ı.e. δx is a non-anticipating function), then for white noise the last
term in (B.3) is identically zero (see Gardiner, 1985, p90, Section 4.2.6(e)) which leads to:= = + −e t τ tM C C( ) ( )τA 1 (B.4)

where = 〈 〉t δ t δ tC x W x( ) ( ) ( )T is the zero-lag covariance matrix, and + = 〈 + 〉t τ δ t τ δ tC x W x( ) ( ) ( )T . Eq. (B.4) shows that the normal modes can be
approximated as the eigenvectors of M computed from the covariance matrix tC( ) and +t τC( ). However, (B.4) can still be difficult to use in practice
since −tC( ) 1 will be difficult to evaluate for a large dimensional system. Following von Storch et al. (1995) and Penland and Sardeshmukh (1995), the
dimension of the problem can be greatly reduced by recasting (B.1) in terms of the EOFs of tC( ). Following Appendix A, the departures of the state
vector from the mean can be expressed as =δ t tx Ru( ) ( ) where R is the matrix of 3D EOFs ri and =t u tu( ) ( ( ))i is the vector of principal component
time series. In this case (B.1) becomes:= +∼ ξd dt dtu Au ͠ (B.5)

where =∼ −A R W W AW W R( )T
1
2

1
2

1
2

1
2 which has the same eigenvalues as A. The normal modes of (B.5) can be approximated as before in terms of the

zero-lag covariance matrix as the eigenvectors of:= +∼ −t τ tM Φ Φ( ) ( ) 1 (B.6)

where = 〈 〉t t tΦ u u( ) ( ) ( )T and + = 〈 + 〉t τ t τ tΦ u u( ) ( ) ( )T . By virtue of the orthogonality of the PC time series, −tΦ( ) 1 reduces to a diagonal matrix
and the dimension of the problem can be greatly reduced by retaining only the leading 3D EOFs of tC( ).

Fig. A.2. (a) Estimates of the leading eigenvalues of C1 computed using the Lanczos algorithm for m= 60 iterates (solid curve) and m= 120 iterates (dashed curve). (b) Formal estimates
of the error ϵ associated with each eigen pair for m = 60 (solid curve) and m = 120 (dashed curve). (c) The fraction of variance CTr( )1 explained by the first M eigenvalues versus M for
the case m = 60 (solid curve) and m = 120 (dashed curve).
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Appendix C

Tests of the linear inverse model (LIM) assumptions

As discussed by Penland and Sardeshmukh (1995), there are a number of fairly stringent tests that can be performed in order to test the
hypothesis underlying (B.1), namely that the circulation anomalies δx can be modeled as a linear, stochastically forced system. This is equivalent to
assuming that the circulation is described by an order one Markov process, often also referred to as a lag-1 autoregressive process (AR(1)). This
appendix documents the results of various tests that were performed to test the validity of this hypothesis. In all of the calculations presented here, a
linear trend was removed from each PC time series tu( ).

C.1. Sensitivity of POP frequencies to time-lag τ and number of EOFs

We will first consider the sensitivity of the eigenvalues λ of the LIM to the choice of time-lag, τ, and the number EOFs retained, N. Fig. C.1a shows
the spectrum of the eigenvalues of∼M in (B.6), i.e. the POP frequencies, for a LIM using N= 14 EOFs. The lag-time τ varies between 6 and 20 months,
and the eigen frequencies for each τ are shown in different colors, changing gradually from red for =τ 6 to blue for =τ 20. Three distinct branches of
eigen frequencies are apparent that are labeled POP 2, POP 3 and POP 5 corresponding to the POPs identified in Table 2. Fig. C.1a indicates that the
period ( π Im λ2 / ( )) of POPs 2 and 3 is relatively insensitive to τ, while the decay time ( Re λ1/ ( )) increases with τ (i.e. the POPs become increasing more
stable). Both the period and decay time of POP 5 are sensitive to τ, and this mode is not reliable until its period approaches ∼ 25 years. Fig. C.1b
shows the same information for the LIM configuration used in Sections 4 and 5 where the PC time series were smoothed using a 12 month running
mean prior to constructing the LIM. In this case, N= 10 and four distinct branches of solutions emerge corresponding to POPs 1, 2, 3 and 5 identified
in Table 2 for the case =τ 6.

The sensitivity of the POP 3 period and decay time to the number of EOFs, N, used in the LIM is shown in Fig. C.1c for the case using unsmoothed
PC time series and =τ 12, Both the period and decay rate are relatively insensitive to the choice of N. The decay rate of POP 3 is more sensitive to N
when the PC time series are smoothed using a 12 month running mean as shown in Fig. C.1d. The dependence of the period and decay time on the
averaging period tf used in the running mean applied to the PC time series is shown in Fig. C.1e for the case N = 10, =τ 6. For ≥t 12f months the
period of POP 3 is relatively insensitive to further increases in tf, while the decay time continues to increase (i.e. POP 3 becomes increasingly less
damped). In Sections 4 and 5 N = 10, =τ 6 and tf = 12 was used.

C.2. Sensitivity of resolvent norm to the POP decay rates

As shown in Section 4.2, the resolvent norm∥ ∥=∥ − ∥−ω iωI A( ) ( ) 1R provides a measure of the response of the system (B.1) to stochastic forcing
with a frequency ω. The resonant norm of the system to forcing depends on the decay rate of each POP. As shown in Fig. C.1, the POP decay rates are
sensitive to the choice of the number of EOFs used, the lag-time τ and whether or not the PC time series are smoothed prior to constructing the LIM.
To further illustrate this important point, Fig. C.2 shows the resolvent norm for two additional cases based on LIMs that used unsmoothed PC time
series, =τ 20 months and N = 14 or 24 EOFs. In the case N = 14, =τ 20 the resonant response of POP 3 is reduced compared to the case considered
in Sections 4 and 5 (also shown in Fig. C.2 for reference). Conversely, increasing the number of EOFs N to 24 enhances the resonant response of not

Fig. C.1. POP spectra for LIMs using (a) unsmoothed
PC time series and N = 14, and (b) PC time series
smoothed using a 12 month running mean and N =
10. POP frequencies are shown for τ ranging from 6
to 20 months. The color of the symbol changes gra-
dually from red to blue over this interval. The
branches labeled 1–5 correspond to the POP numbers
identified in the main text. The period (solid line)
and decay time (dashed line) for POP 3 versus the
number of EOFs N used in the LIM are shown in (c)
for the case using unsmoothed PC time series and=τ 12, and (d) for the case using a 12 month running
mean of the PC time series and =τ 6. The period
(blue) and decay time (green) of POP 3 for N = 10,=τ 6 versus the running mean averaging period tf
(months) is shown in (e).
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only POP 3, but also POPs 1 and 2. An additional resonance peak appears in this case associated with POP 5 which now has a period of 23 years. For
this choice of parameters POP 5 is reliable based on the coherence and phase properties of its amplitude time series (see Section 4). POP 5 appears
robust for some range of parameters and deserves further investigation since Fig. 14 suggests that it could also resonate in response to the NPGO.
However, POP 5 does not contribute much to the coastal upwelling variability discussed in Section 5.

C.3. Predictive skill of the LIM

An important test of any LIM is the ability of∼M to predict the PC time series (Penland and Sardeshmukh, 1995; Winkler et al., 2001). Using N =
14, which accounts for 62% of the energy density, LIMs were constructed using =τ 3, =τ 6 and =τ 12 months, denoted ∼M(3), ∼M(6) and ∼M(12)
respectively. The skill of predictions (hindcasts) made by each LIM was then assessed. To ensure that each ∼M is independent of the data being
predicted, the data during the hindcast period were withheld during the calculation of each∼M. Fig. C.3a shows the root mean square (rms) error in
each component of u (i.e. the amplitude of each EOF r) for the case of 12-month hindcasts using ∼M(12). The LIM is able to beat the skill of a
persistence forecast for the amplitude of each EOF. It is also possible to make a 12-month forecast via two consecutive applications of∼M(6) twice (i.e.
using∼M(6)2) or four consecutive applications of∼M(3) four times (i.e. using∼M(3)4). The skill of hindcasts made in this way is also shown in Fig. C.3a
which shows that the forecast skill is similar to that obtained using ∼M(12). This demonstrates that the properties of the LIM are insensitive to the
time-lag chosen. Fig. C.3b shows the rms errors for 6-month forecasts based on ∼M(6) and ∼M(3)2, while Fig. C.3c shows the rms error of 3-month
forecasts based on∼M(3). In all cases, the LIM is able to beat the skill of persistence, although for 3-month forecasts persistence is almost as good. Fig.
C.3b also confirms that the LIM is insensitive to the time-lag, τ.

Fig. C.2. The L2-norm of the resolvent vs the forcing period for three different LIMs computed from the 4D-Var analyses for the case N= 10, =τ 6 and smoothed PC time series (black), N
= 14, =τ 20 and unsmoothed PC time series (blue), N= 24, =τ 20 and unsmoothed PC time series (red). Also shown is the case for a LIM computed from a long run of the model without
data assimilation (black dashed).

Fig. C.3. The rms error in the predicted
amplitude of each EOF r for forecast lead
times of (a) 12 months, (b) 6 months, and
(c) 3 months for the case N = 14. In the case
of (a) and (b) the skill of using LIMs derived
from different time-lags are also shown. The
skill of persistence hindcasts are shown in
black. (d) The total forecast error variance
vs forecast lead time computed from〈 〉ϵϵTr{ }T (circles) and − ∼ ∼t tΦ MΦ MTr{ ( ) ( ) }T

(dashed curve).
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The forecast errors are given by = −ϵ t t tu u( ) ( ) ( )f t where uf and ut are the forecast and true values of u respectively. If the u are consistent with
(B.5), then the forecast error covariance matrix is given by 〈 〉 = − ∼ ∼ϵ ϵt t t t t tΦ M Φ M( ) ( ) ( ) ( ) ( ) ( )T T (Penland, 1989). Fig. C.3d shows the total forecast
error variance (ı.e. the trace) computed from the left and right hand side of this expression as a function of the forecast interval. By and large the
actual LIM forecast error variance agrees well with that expected, although it is generally under estimated, while the discrepancy between the actual
and expected error variance is modest and increases with the forecast interval.

C.4. Decorrelation time of the stochastic forcing

According to (B.5), the PC time series u can be described as a stochastically forced linear system, where the stochastic forcing is white noise in
time. White noise will decorrelate over a time interval of one time step, which for the time series considered here is one month. The stochastic forcing
can be estimated by rearranging (B.5) so that = −ξ dt du Au͠ l where Al is the estimate of A based on∼M in (B.6), and u is the actual vector of PC time
series. Fig. C.4 shows the time-lagged auto-correlation versus lag time of the stochastic forcing for each component of u for the case =τ 12 months
and N = 14. In most cases the lag-1 correlation decreases rapidly, indicating that the assumption of white noise forcing in time is reasonable for this
system.

C.5. Stochastic forcing covariance

The covariance matrix of the stochastic forcing ξ in (B.1) obeys the Lyapunov equation:+ + =t tAC C A Q( ) ( ) 0T (C.1)

where = 〈 〉ξξ dtQ T (Antoulas, 2005). Eq. (C.2) is also referred to as the fluctuation-dissipation relation by Penland and Sardeshmukh (1995) fol-
lowing Gardiner (1985). Using (B.6), the covariance matrix of the stochastic forcing can be estimated according to:= − +∼ t tQ AΦ Φ A( ( ) ( ) ).Tl l (C.2)

Another indicator of the veracity of the LIM is the eigenspectrum ∼Q which should be a positive-definite matrix. For example, for the test case
considered here with =τ 12 months and N = 14, ∼Q has two negative eigenvalues. The presence of negative eigenvalues does not negate the
hypotheses of the LIM, but rather is an indicator of the influence of various approximations and uncertainties, such as unreliable higher order EOFs,
or where (B.1) is only approximately valid (see Penland and Sardeshmukh, 1995 and Del Sole and Hou, 1999 for further discussion). When properties
of the stochastic forcing are sought using ∼Q, it is usual to disgard the eigenvectors of∼Q with negative eigenvalues. In the cases presented in Sections 4
and 5, we use =τ 6 months and N = 10 and the PC time series were detrended and smoothed in time using a 12-month running mean. In this case,
all of the eigenvalues of ∼Q are positive. Fig. C.5 shows the percentage variance explained by the eigenvectors (EOFs) of ∼Q computed from (C.2) and

Fig. C.4. Lagged auto-correlation functions of the stochastic forcing for each principal component versus lag for the case =τ 12 months, N = 14.

Fig. C.5. Percentage variance explained by the eigenvectors of Qe (solid line) and ∼Q (dashed line).
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Qe, the covariance matrix of the actual stochastic forcing computed from −du Aul . The eigenspectra of ∼Q and Qe are clearly very similar, lending
further weight to the underlying hypotheses of (B.1). In addition, the leading EOFs of ∼Q and Qe are very similar (not shown), although∼ ∼Q QTr( ) 0.2 Tr( )e indicating that (C.2) tends to significantly over estimate the total variance of the stochastic forcing.
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chovies to Sardines and Back: Multidecadal Change in the Pacific Ocean.
Science, 299, 217-221.

Checkley D. and J. Barth: 2009, Patterns and process in the California Cur-
rent system, Prog. Oceanogr., 83, 49-64.
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