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Past studies of the Oregon and Washington coast have shown a rapid change in the

coastal ocean conditions with the onset of upwelling in spring. This process, called

the spring transition marks the change from winter to summer conditions along the

west coast of Unites States. To examine the interannual and interdecadal variability

of the spring transition, a state-space statistical model is applied to records of

adjusted sea level (ASL) and the Coastal Upwelling Index (CUI) for the years 1971-

1998. The same model is applied to the single Crescent City sea level from 1953 to

1998 to extend the analysis to the longest period possible. The state-space model

estimates nonlinear, step-like changes in the first Empirical Orthogonal Function

time series of these two variables along the northern California, Oregon and

Washington coast. The spring transition dates are obtained using both variables

between 1971-1998. In general the spring transition dates and strengths do not show

a systematic change in the mid-1970's, when other changes have been noted in the

North Pacific ocean and atmosphere. Although the dates after 1977 appear more



variable. The spring transitions are consistently strong for the periods 1972-1975

and 1995-1998; during 1984-1994, the transitions are more often weak and variable.

Using composite maps of sea level pressure (SLP) and wind stress for years with

weak and strong transitions, we present characteristic fields of surface forcing,

before, during and after the transition. We conclude that: before strong transitions,

there is a strong Aleutian Low, centered in the middle of the Gulf of Alaska,

inducing strong downwelling winds from _40°-50° N; during the strong transitions

there is a rapid expansion of the North Pacifica High and weakening and splitting of

the Aleutian Low; after strong transitions the North Pacific High creates upwelling

favorable winds from 50° N to Baja California. Before weak transitions the Aleutian

low is centered northeastward, inducing weaker downwelling winds along the coast

north of 40° N; the North Pacific High is relative weak and an extends to -40° N;

during weak transition the North Pacific High expands northwestward to -45° N and

the Aleutian Low remains strong; after weak transitions, downwelling-favorable

winds continue north of 45° N.
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INTERANNUAL AND INTERDECADAL VARIABILITY IN THE TIMING
AND STRENGTH OF THE SPRING TRANSITIONS ALONG THE UNITED

STATES WEST COAST

CHAPTER 1: INTRODUCTION

Every year the west coast of the United States undergoes major seasonal

changes in circulation and water properties (Huyer et al., 1979; Lentz, 1987; Strub et

al., 1987a, b; Strub et al., 1990; Strub et al., 1991). In the coastal ocean, winter

conditions are characterized by high sea level (downwelling), predominantly

poleward winds north of 38° N (Halliwell and Allen 1983) and northward currents

north of Point Conception, with little vertical shear associated with small cross-shore

density gradients (Huyer, 1979). During summer the coastal ocean is characterized

by low sea level (upwelling) and a strong equatorward current with a strong vertical

shear associated with a horizontal density gradient. The transition between the two

seasons is primarily a consequence of changes in the large-scale pressure fields that

influence this zone. In particular, during spring, the Aleutian Low pressure system

weakens and migrates northwestward, as the North Pacific High pressure cell

strengthens and expands. This results in strong, persistent southward winds along

the west coast of North America during spring and summer. Along the northern

California, Oregon and Washington coasts, the response to this change in winds is

very rapid and is called the "spring transition" (Huyer et al., 1975), representing the

start of the upwelling season (Huyer, 1979, Strub, 1987a). During the transition

coastal sea level drops, currents reverse from poleward to equatorward within a
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period of several days, and isopycnals slope upward toward the coast (Huyer, 1975).

Within the Southern California Bight (from Point Conception to San Diego), the

response to the transition is weaker than in the north or sometime is not present at all.

The alongshore scale of the sea level response is typically -1000 km, although there

is interannual variability in timing and length of the upwelling season. In general the

strength and timing of these changes varies from year to year due principally changes

in the coastal wind field (Strub and James, 1988; Ebbesmeyer et al., 1996).

The interannual variability of the spring transitions in the coastal ocean are

thought to influence the ocean productivity (Roemmich and McGowan, 1995; Ware

and Thomsom, 1991, 1996). In the coastal oceans, the link between physical and

biological factors is very strong, and the year-to-year changes in timing of the spring

transition and the intensity and duration of the upwelling season are expected to have

special importance in ocean productivity (Ware and Thomsom, 1991; Robinson,

1994). Changes in the currents and water properties are known to influence the early

life cycles of certain species of fish (Thomson and Ware, 1996; McFarlane, 1996).

In particular, the timing of the spring transition and the duration of the upwelling

season are though to affect the survival of juvenile salmon species as they enter the

ocean (Pearcy, 1992; Anderson and Hinrichsen, 1996).

Decadal variability is another important factor that affects the coastal

ecosystems (Mantua, 1997; Francis et al. 1997; McGowan et. al., 1998). It is widely

recognized that changes in the North Pacific climate took place in the late 1970s

(Namias, 1978; Trenberth, 1990; Trenberth and Horel, 1994; Ebbesmeyer, 1991;

Graham, 1994) and that this is part of an interdecadal variation of the climate in the
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Pacific basin (Miller, 1995; Hare and Francis, 1995; Latif and Barnett, 1994,1996;

Zhang et al. 1997). The shift is associated with the variation of 40 environmental

variables (Ebbesmeyer et al., 1991). One important effect of the 1976 climate shift is

the winter intensification and eastward expansion of the Aleutian low pressure

system (Schwing, 1998) together with southward displacement of the Pacific storm

tracks (Lagerloef, 1995).

Strub et. al, (1987b) used coastal time series to describe the spatial and

temporal variability associated with the spring transition in the coastal ocean and its

large scale structure during 1981 and 1982. Strub and James (1988) describe the

large scale atmospheric behavior around the time of the spring and fall transitions.

Using records of adjusted sea level, coastal wind stress, sea surface pressure and

500-mbar heights for the 9 years 1971-1975 and 1980-1983, Strub and James, 1988,

describe the mean temporal and spatial structure of these two changes. They do not

address interannual variability, which is the main topic here.

Some of the questions related to the spring transition that remain unanswered

include the following:

1. What is the level of interannual variability in the timing of the spring transition?

2. Is the spring transition always a very rapid response to the wind change?

3. If there are differences in the year-to-year strength of the transition, how is this

related to differences in the atmosphere?

4. Is there any pattern in changes in the spring transition that reflect the interdecadal

variability of the North Pacific?
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To accomplish these goals we use coastal time series of sea level height, the

"Coastal Upwelling Index" (a proxy for local winds), and 2-D fields of sea level

pressure and winds. The long time records available for these variables, especially

the sea level, allow us to look at interannual variability and (with sea level at a few

locations) interdecadal variability. Sea level serves as an approximate indicator for

changes in coastal currents (Huyer, 1979). The Coastal Upwelling Index (CUI) was

developed by Bakun (1973, 1975) to serve as an indication of coastal upwelling

based on the alongshore component of wind stress, providing a measure of the cross-

shore surface transport. This variable together with the sea level are used to pick the

timing and strength of the spring transition using a statistical model called state-

space modeling. The 2-D fields of atmospheric sea level pressure and surface winds

allow as to examine the surface structure of the atmosphere in the large-scale basin

around the time of the spring transition.
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CHAPTER 2: DATA

The main goal of the present study is estimate the interannual variability of

the dates of the spring transition, together with its strength and its relation to the

atmospheric forcing (CUI). The data used to accomplish this task consist of sea

level, Coastal Upwelling Index, fields of atmospheric sea level pressure (SLP) and

surface wind stress. Table 2.1 presents the locations of the tide gauge stations,

together with the length of the records. The hourly sea level data (Table 2.1) was

obtained from the National Ocean Service (http://www.opsd.nos.noaa.gov). Hourly

sea level data were low pass filtered ( w< 0.5 cpd) and then were adjusted, to

remove the inverse barometer effect, by adding the sea level (in centimeters) to the

atmospheric pressure. The result is called the adjusted sea level (ASL). Finally the

ASL was detrended and the mean was removed at all the stations (Figure 2.1).

The CUI was obtained from the Pacific Fisheries Environmental Laboratory

(PFEL) from NOAA (http://www.pfel.noaa.gov ). The PFEL coastal upwelling

index are calculated based on the theory of Ekman mass transport due to wind

stress. The frictional stress of the equatorward wind on the oceans surface, together

with the earth's rotation, causes a surface layer to move away from the continent in

the eastern boundaries of the ocean. This offshore movement of water is replaced by

deeper water, usually cooler, saltier and rich in nutrients. The coastal upwelling

index gives an estimated of the variability of this process. The index is computed

every 3° of latitude along the U.S. west coast from six-hourly fields of sea surface

pressure on a global 1° mesh grid from the U.S. Fleet Numeral Meteorological and
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Oceanographic Center (FNMOC). For our investigation, a daily CUI was used from

1967 to 1998 at 30°, 33°, 36°, 39°, 42°, 45° and 48° N (Figure 2.la, red triangles).

The daily fields of sea surface pressure and sea surface winds were obtained

from the National Center for Environmental prediction (NCEP) and the National

Center for Atmospheric Research (NCAR). The NCEP/NCAR reanalysis

(http://www.cdc.noaa.gov) has program produced new atmospheric analyses using

historical data from 1957-1998. The spatial coverage is 2.5 degree in latitude and 2.5

degree in longitude. Figure 2.2 presents the grid used in the pressure and wind stress

analysis.

Identification Location Latitude ° N Data Period
Hourly Data

NBA Neah Bay WA. 48.4 1971- 1998
SBC South Beach OR 44.6 1971- 1998
CHR Charleston OR 43.3 1971- 1998
CCY Crescent City CA 41.8 1953- 1998
SFO San Francisco CA 37.8 1971- 1998
MRY Monterey CA 36.6 1971- 1998
PSL Port San Luis CA 35.2 1971- 1998
LOS Los Angeles CA 33.7 1971- 1998
SDO San Diego CA 32.8 1971- 1998

Table 2.1 Location and Period of the Adjusted Sea Level
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CHAPTER 3 METHODS: TIMES SERIES ANALYSIS AND STATE-SPACE
MODELS.

This chapter presents a brief description of state-space models that are used

in this investigation. State-Space models are used to "model" time series by

assuming that the original time series is composed of a true signal (the "state" of

some variable such as sea level) and signal noise. The state-spate "model" attempts

to estimate the true state at each time step, based on the assumed model. These

techniques were originally developed in control engineering for purposes such as

tracking rockets. In recent years, their utility in geophysical applications has become

more widely recognized. Most time series models can be expressed as a Markovian

process, in which the present value of the variable (state) depends only on the

immediately previous value. When the dependence is linear, the algorithm used to

predict the state is called the Kalman filter. Time series with strong non-linearities,

such as abrupt changes in the mean, can also be modeled using state space models,

including the "extended Kalman Filter" and "non-Gaussian models". The details of

these methods are reviewed in this chapter, with examples. For more details see

Gelb, (1974), Shumway, (1988), Harvey, (1993), Gerwal and Andrews, (1993),

Kitawaga and Gersch, (1996), and Welch and Bishop, (1997).

Although state-space modeling techniques have been used for some time in

economics and control theory, their application to geophysical problems is more

recent. For data assimilation purposes, the general objective is to create the best

analysis of the state of the system by combining incomplete an inaccurate data with
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an output from and imperfect model (Cane et. al., 1996). State-space methods such

as the Kalman Filter have been applied to atmospheric and oceanic data assimilation

models for two decades (Ghil et. al. 1981; Ghil, 1989; Miller and Cane, 1989;

Bennett, 1992; Miller, 1996). Their application to time series analysis is more recent

(Young et. al., 1991; Rajagopalan and Lall, 1995). Schwing and Mendelsshon (1997)

use the state-space model technique to extract tends (smooth changes in the mean)

and seasonal cycles from time series of winds, sea surface temperature (SST) and sea

level along the U.S. west coast. In our application, we are looking for sudden

changes in the mean for adjusted sea level and the coastal upwelling index, a

strongly nonlinear signal.

This chapter draws material from Gelb (1974), Gerwal and Andrews (1993)

and Kitawaga and Gersch (1996). Section 3.1 presents a short introduction to

estimation methods, discussing the idea of least squares and its evolution. It discuses

the similarities and differences with optimal linear filtering. After a short

presentation on least squares estimation, it presents the Kalman filter, its derivation

and its relation to time series. In Section 3.2, non-linear problems are discussed and

the non-Gaussian method is presented. This is followed by a discussion in section 3.3

regarding the identification of the "best" model for a particular time series. In Section

3.4 some examples are presented. Section 3.5 presents a brief description of the

Empirical Orthogonal Analysis.
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3.1 On Estimations Methods

3.1.1 Introduction

The method of least squares (discovery attributed to Carl Gauss in 1794) is

used to form an optimal estimator of a parameter from noisy data. This was the

original optimal estimation method. It also provided an important connection

between the experimental and theoretical sciences (Gerwal et. al., 1993).

The introduction of probability theory to the scientific community led to the

rapid development and application of probabilistic models for the physical world.

Starting around 1925, Kolmogorov re-established the foundations of probability

theory on measurement theory and (along with Norbet Wiener) founded much of the

theory of predicting, smoothing and filtering of Markovian processes. A Markovian

process is defined as a random process that has a future state distribution that

depends only on the conditioned knowledge of its present state - predictions of its

future states is not improved by knowledge of states prior to the present state. This

was the first theory of optimal estimation for systems involving random process.

In the 1940's, Wiener derived the solution for the least-mean-squared

prediction error in terms of the autocorrelation functions of the signal noise. He

represented the probabilistic nature of random phenomena in terms of power spectral

densities. This was called the Wiener filter. Kalman (1960) introduced the idea of the

state-space model to the Wiener filtering problem by using differential (or

difference) equations to represent both deterministic and random phenomena. With

this, he derived the Wiener filter, which we now call the Kalman filter. Although it
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was originally derived for a linear problem, it is also applied to non-linear problems

by using partial derivatives as linear approximations of non-linear relations

(Schmidt, 1981). This is called the Extended Kalman Filter (EKF). When the system

has significant nonlinear characteristic, e.i. when the mean jumps in addition to a

smooth and gradual change, the recursive filter algorithm based on the linear

approximation (EKF) does not necessary work well. Kitawaga (1987) presented

filtering and smoothing formulas for non-Gaussian state space that can be realized by

using numerical methods.

3.1.2 Linear Estimation

3.1.2.1 Least Squares Estimation

An intuitive way to understand optimal linear filtering is to first review the

least square methodology of polynomial curve fitting. Consider a parameter, y,

which is known to be related to another parameter x by an (n-1) Th degree polynomial

in x. That is:

y = B1 + B2x + B3X2 Bnxn-1 (3.1)

Where B,, B2,.....Bn are unknown coefficients. If y and x are measured in times, with

each measurement corrupted by some unknown additive disturbance, v, , the

relationship:

y1 = BI + B2X1 + B3X12 +......Bnxn-1 +
V1 (3.2)

holds for each i=1,2......m. In general, no single polynomial can describe all of the

data exactly because of the measurement error. The process of approximating the
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data by a polynomial can be formally stated as follows: Find the coefficients

B1, B2 Bn so that the quantity yi computed from:

y, = B1 + BZx; + B3x2 ...... + Bnx, -1 (3.3)

for i=1,2.... m, "best" approximates the measurement data, y,. An intuitive way of

accomplishing this is to minimize the sum of squares of the differences between the

actual data point, y, , and the predicted point y,. Algebraically, then, the estimated

coefficients B1, B2 ... Bn are such that the scalar

m m / n 12i YJ yi - jBkxi _1
Y = E(yi

- yi
)2 .. k

(3.4)

i=1 i=11 k=1

is a minimum. Note that this formalism is not limited to curve fitting using a

polynomial. Each xn-1 could be replaced by a,k , which can be arbitrary independent

variables or functions. The minimization of the resulting expression

m

4 = yi -
n

I Bkaik
i=1 k=1 )

2 (3.5)

would proceed in the same manner as for the polynomial curve fitting.

The coefficients are found where 4 is minimum, that is where all its

derivatives with respect to B; are zero.

M is

yi -
Z

d EBka,.k = 0
dBi i=1 k=1

(3.6.1)

(3.6.2)

i=11 k=1
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Now if we write A = air

yiaii =Ea9YaikBk
i=1 i=1 k=1

(3.6.3)

Y = IY1 Y2 Y3 Ym]T B = A t2 ... B) equation 3.6.3

can be written using matrix-vector notation.

ATy = ATAA (3.7)

This is called the normal equation or normal form for the linear least square

problem. It has precisely as many equivalents scalar equations as unknowns. The

normal equation has the solution

t = (ATA)-' AT y (3.8)

provided that the matrix (AT A) is nonsingular (i.e., invertible). Its determinant

characterizes whether or not the column vectors of A are linearly independent. If its

determinant is zero, the column of A are linearly dependent, and t cannot be

determined uniquely. If its determinant is nonzero, the solution B is uniquely

determined.

In an actual problem, it may be known a priori that certain data points are not

as reliable as others. To take this into account, each term in equation (3.5) could be

multiplied by an appropriate positive weighting factor wi. The method of

minimizing the resulting expression is analogous to that in (3.6) and the estimate

becomes

t = (ATWA)-' ATWy (3.9)

where
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W=

W, 0 0

0 W2 0

0 0 wm J

The weighting numbers w,, w2, w3, wm should be smaller for "bad" data and

relatively large for data that are known to be reliable. In practice a good choice for W

is the reciprocal of the variance of the noise v; .

Now we can define the function to be minimized as :

m m

`1'=11(y, -y,)w;(y; -Y,)
i=1 j=1

or

(3.10.1)

(D =(Y-A )TW (Y- A) (3.10.2)

and the optimal estimation for t is given by (3.10).

Clearly (3.8) is a special case of (3.10) if W=1. Although the weighting

matrix is arbitrary, a practical choice is the inverse of the covariance matrix of the

noise in (3.2). The Gauss-Markov Theorem establishes that the minimum variance

unbiased estimate of B is;

B = (ATR-1A)-1ATR-1y (3.11)

where R = E(vvT) . This result is identical in form to (3.10), thus establishing the

justification for the use of the inverse of the covariance matrix as a weighting in a

least square estimate.
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3.1.2.2 The Kalman Filter

Theoretically, the Kalman filter, is an estimator of what is called the linear-

quadratic-Gaussian problem, the problem of estimating the instantaneous "state" of a

linear system perturbed by Gaussian white noise. It uses measurements that are

linearly related to the state, but corrupted by Gaussian white noise. The resulting

estimator is statistically optimal with respect to any quadratic function of estimator

error.

Practically, its application has been for the control of complex dynamic

systems such as continuous manufacturing processes or the trajectories of aircraft,

ships, and spacecraft. Also provides a means for inferring the missing information

from incomplete and noisy measurements. The Kalman filter is also used for

predicting the likely future courses of dynamic systems that people are not likely to

control, such as river flows during flood, the trajectories of celestial bodies, or the

price of traded commodities.

The Kalman filter is an estimator. The use of the word "filter" may be

somewhat misleading, since the method does not work in the frequency domain. In

estimating the value of a parameter based on noisy measurements (and a noisy

predictor model), it does act to separate the "signal" from the "noise" and so acts like

a filter. It is also, however, the solution of an inverse problem, in which one assumes

a functional relation between a variable of interest and one or more measured

variable, then inverts this functional relationship to estimate the independent variable
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as an inverse function of the dependent variable (Gerwal et. al., 1993; Kitawaga and

Gersch, 1996).

The difference between the Kalman Filter and the least squares estimation is

that the result of the least squares calculation, equation (3.11), has no direct

probabilistic interpretation; it was derived using only deterministic arguments. In the

Kalman filter we have to assume the probability density function for the state and the

measurement errors and then project these probabilities in a prediction and filtering

scheme.

The contribution of Kalman (1960) was the use of state-space notation to

solve the Weneir filter problem. Its use in modeling time series is more recent. The

important point is that essentially every type of stationary and nonstationary linear

and nonlinear time series model can be cast in state-space form. Because of the

recursive computational nature associated with Markovian state processes, the

"likelihood" of a time series model can be computed and can be optimized looking

for the "best" likelihood of the time series model.

The early work in estimation theory involved system description and analysis

in the frequency domain. The state-space formulation uses analysis in the time

domain. The state of a system is a summary of the past behavior of the system. The

present state, in combination with the future system inputs, determine all future

states and system outputs. Thus, the state of a system is a perpetually renewing

sequence of initial conditions for that system.

A general state-space model is defined by two equations: 1) a measurement

or observational equation, which relates the observed series ()) to a k-dimensional
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vector of unobservable (x,,) states and 2) a state or evolution equation which defines

the Markov transition process. That is,

xn = f (xn_,) + wn (state or evolution equation) (3.12)

yn = h(xn) + vn (observational equation)

Wheref and h denote arbitrary single value functions, w is the system noise and v is

the observational noise.

A linear state model can be expresses as:

xn = Fnxn_1 + wn (state equation) (3.13)

yn = Hnxn + vn (observational equation)

Where the state at time n is xn and is the set of all possible values of x,,. F is the

transition matrix at time n, that relates the predicted state with the prior state. yn is

the observation data vector, H is the observation matrix, which linearly related the

state to the observations. If the system and observational noise (wn and vn) are

uncorrelated and normally distributed, the Kalman filter of the state-space model

gives the optimal estimator of the state.

One intuitively way to understand and derive the Kalman filter is the use of

the concept of a "recursive filter". By definition, a recursive filter (Gelb, 1974) is one

that does not need to store information prior to the present estimated state in order to

update the prediction of the next state with new information. This is better

understood with an example: Consider the problem of estimating a nonrandom scalar

constant, x, based on k noise-corrupted measurements, z, , where

z, = x + v, (i =1,2,3, k) . Here v, represents the measurement noise, which is
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assumed to be white noise. An unbiased minimum variance estimate Zk results from

averaging the measurements.

1 k

Xk - - kk i=1

When an additional measurement becomes available, a new estimate will be

1 k+1

Xk+l - I Zik+1 i=1

This expression can be manipulated to show the prior estimate as

k 1k 1 k 1
xk+1

- k + 1 k Z` + k + l zk+1 - k + 1 xk
+

+ 1
Zk+1

(3.14)

(3.15)

(3.16)

By employing (3.16) rather that (3.15) to compute xk+1, the need to store past

measurements is eliminated, all previous information is in the prior estimate. This is

a recursive, linear estimator. The equation (3.16) can also be written in an alternative

way:

I
Ik+1 + k + 1

(Zk+l - xk )
(3.17)

in which the new estimate is given by the prior estimate plus an appropriate weighted

difference between the new measurement and its expected value, given by the prior

estimate. The quantity (zk+1- xk) is called measurement residual.

Applying the above ideas to a linear state-space-model equations 3.12,

assume that we have prior estimate of the state at time t , denoted acn_1.We seek an

updated estimate zIn based on the use of a measurement, y . Hereafter n I n -1 and

n ( n are used to denoted the estimates immediately before (prior) and immediately
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after (posterior) using a new measurement at step n. In order to avoid growing

memory, the updated estimate can be expressed in a linear, recursive form:

x,, = Knznn_I + Kn yn (3.18)

this is called the a posteriori estimator, where Kn and Kn are time varying

matrices. KR and & are time varying weights for the a priori estimate and for the

observation. The goal is to find an expression for these matrices.

In the derivation of the Kalman filter, the objective is to find an estimate of

the state vector (xn), represented by a linear function of the measurements that

minimizes the weighted mean-square error E[xn - xn JW [xn - xn ].

There are three general types of estimators for this problem:

a) Predictors: use observations only from times prior to the time that the state of the

system is to be estimated. lobs < test.

b) Filters: use observations from times up to and including the time that the state of

the system is to be estimated. tobs <test.

c) Smoothers: use observations beyond the time that the state of the system is to be

estimated. tubs > test.

It is possible to derive the Kalman filter by optimizing the assumed form of

the linear estimator, equation (3.18). An equation for the estimation error after

incorporation of the measurements can be obtained for (3.18) through substitution of

the measurement equation (3.13) and the defining relations:



20

Xnfr, = Xn + enIn

Xn-1 = xn +
enH-1

where the e's denotes estimation error after and before the use of the new

observation.

The result is:

= [KR + KnHn - I
n + Knen1n_, +end

(3.19)

(3.20)

This estimator of the error will be unbiased if E[enn ] = 0 for any given state vector.

Assuming that vn and e
non-1

are normally distributed with zero means, the expected

values of the second and third terms will be zero. The expected value for the first

term will be zero only if the term in the square bracket is zero. This require that:

KR = I - KnHn and the estimator takes the form:

XnIn _ (1- KnHn )Xnln-1 + Kn Yn (3.21)

or
Xnln = xnln-I + Kn [yn - Hnxnn-1 ]

K. [y, - HnXnn_, ] is called the measurement innovation or residual and reflects the

discrepancy between the predicted measurement HnznIn_, and the actual

observation yn . A residual of zero means that they are in complete agreement.

Having defined K'- , the next step is to define Kn This can be done using the

error covariance matrix. There are two estimates of the error covariance matrix:

Vnl =
E[en1nen'

] is the a posterior estimate and Vno_, = E[enin-1enIn-1` ] the a priori

estimate. Note that R = E[vnvn ] is the covariance matrix of the observed errors. As

Kn
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a result of measurement errors being uncorrelated, the a posteriori error covariance

matrix can be expressed as

VVN = (I - K.H. )V._1(I - K,,H,, )T + KnRnKn (3.22)

The criterion for choosing K is to minimize the weighted scalar sum of the diagonal

elements of the error covariance matrix. Vn,. . Solving for K we get

K. = VVI.-IH,T [HnV.,.-,HT + Rn ]-1 (3.23)

This is the Kalman gain matrix. From this equation we see that as R,, , the covariance

matrix of the observer errors, approaches zero, the observation is trusted more and

the gain weights the residual more heavily. On the other hand, as the a priori estimate

error covariance Vnln_, decreases, the gain weights the residual less heavily.

Using the Kalman gain we can show that

Vn1n =(I - K.H. )VV0-1 (3.24)

Now we have all the components of the well known Kalman filter formulas.

Prediction (Time-update at time t,, using observations up to and including time ti_1):

X(nIn-1) =F. x(,-,,,-I)

i'
V(nln-1) = Fn Y (n-Ian-1)

FnT

+ Qn

where Qn = E[wnw,T, ]

Filter (update measurements using the observation at time tn):

K. = V(fl _j)H T
n [HfV(fl 1)H

T
n + R,,

]-1

X(n0) - X(nln-1) + Kn (yn - Hnx(nln-I) )

V(nH) = (I - KnHn )V(nI.-1)

(3.25)

(3.26)
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The final step is "smoothing". Smoothing is a non-real-time data processing

scheme that uses all the measurements between 0 and N to estimate the state at a

certain time tn, where 0:5 n<_ N. We are going to denote the smoothed estimate of x at

time to based in all measurement as z(n I N). This filter can thought as a

combination of two optimal filters. One, called the forward filter, operates on all the

data before time t and produce an estimate of the state at time tn. The other, called

backward filter, operate all data after time to and produces the smoothed estimation

of the state. Together these two filters utilize all available information and the

formulas for smoothing are:

An
"(nln)FnT+lv(n-lln)

x(nIN) = x(n) + An (x(n+lW) - x(n+ltn) )

T
V(nIN) = V(nn) +A. (V(n+IIN) - V(n+lln) )An

3.2 Nonlinear Problems

(3.27)

For linear systems, the K. F. provides the optimal solution for maintaining a

consistent estimate of the first two moments of the state distribution: the mean and

the variance. This exploits the fact that a) given only the mean and variance of a

distribution, the most conservative assumption that can be made about the

probability distribution is that it is Gaussian, and b) that fact that the application of

linear operators to a Gaussian distribution always yields another Gaussian

distribution. Given a) and b) it is straightforward to show that the KF will give the
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best possible estimator of the mean and variance of the state. When the processes or

state models are not linear, the above linear Gaussian modeling becomes inadequate.

In general, time series with abrupt changes in the mean and outliers are no longer

well modeled by the linear KF. Several approaches have been used to solve this

problem. The extended Kalman filter (EKF) was developed in order to apply the

mechanics of the KF to non-linear problems (Maybeck, 1979). The EKF uses a local

approach to approximate non-linear processes with linear ones by replacing every

non-linear transformation with a linearized approximation . This is something like a

Taylor series, where the estimation is linearized around the current estimate using

partial derivatives of the process and observation functions to compute the estimate

of the non-linear relationships (Maybeck, 1979).

Another approach, called the global density approach, is a direct

approximation of the probability densities functions of the state at time to by

approximation of the integrals in the recursive formulae given bellow (Kitawaga,

1987, 1991; Kitawaga and Gersch, 1996). If the system is non-linear, the state and

observational probability density functions are non-Gaussian and it is not possible to

know how to describe a probability density function by its mean and variance.

Instead, one needs to approximate each probability density function by numerical

integration. Kitawaga (1987) developed a non-Gaussian, nonlinear state-space model

approach to model time series that are non-linear in the sense of having jumps in the

trend (mean), in addition to smooth and gradual changes. He also presents evidence

that neither the KF, nor the recursive algorithms based on linear approximation

(EKF) works well with this type of time series.
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Consider the system described by the following non-linear state-space model:

xn = f (x"-1) + wn (3.28)

yn = h(xn) + v (3.29)

where again yn and x are the observational and state vectors respectively, wn and

vn are white noise sequences with probability densities q(w) and r(v) respectively,

which are independent of the past history of xn and y.. The initial state vector is

assumed to be distributed according to p(xo). The objective is to estimate the

conditional probability density function p(xn 1k)' the distribution of xn , the state,

given the observations Yk where Yk = (y1 I ...... Yk ) and the initial conditions. Three

values of k are considered, k=n-1 (predicting), k=n (filtering), k=N (smoothing). The

idea is to find recursive formulas for the probability density functions for predicting,

p(xn IYn-1), filtering p(xn IYn) and smoothing p(xn IYN ).

Equations 3.28 and 3.29 can be expressed in general form as:

xn - P(xn Ixn-1) (3.30)

yn - P(ynIxn) (3.31)

for which the conditional probability densities, p(xn Ixn-1) and p(yn Ixn) are given

by P(xn Ixn-1 )= q(xn - f (xn-1)) and P(yn (xn )= r(yn - h(xn )), whereq and r are the

state (system) and observational noise distributions respectively. Using only the

definition of conditional probability, the concept of marginal probability and Bayes

law, the recursive formulas for obtaining the predictor, filter and smoother are as

follows (Kitawaga, 1987, 1988, 1991; Kitawaga and Gersch, 1996):
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One step state prediction (time update),

P(xn lYn-1 )= f P(xn , xn-1 l Yn-1 )dxn-1

P(xn l Yn-1)= f p(xn IX'-') P(xn-l lYn-1 )dxn-1

P(xn (Yn-1 )= f q(xn Ixn-1) P(xn-1 IYn-, )dxn-1

Filtering,

P(xn lYn) = P(xn IYn,Yn-1)

(3.32)

P(xn I Yn) =
P(xn I Yn ,Yn-1)P(xn I Y.-I) (3.33)

P(Yn I Y,,-1)

Yn) -"
r(x I YYn-1)p(x. I Yn-1)

P(xn l

P(Yn I Yn-1)

Smoothing,

P(xn I YN) = f P(xn a xn+1 I YN )dxn+1

P(xn I YN) = f P(xn+1 I YN )P(xn I xn+1 I YN )dxn+1

P(xn I YN) = f P(xn+1 I YN)P(xn Ixn+1,Yn)dxn+1

P(xn+1 I YN )P(xn+1 I xn , L N) (3.34)
P(xn I

v
l N) = P(xn I

Y
j n) f dxn+l

P(xn+1 I Y.n )
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I Y-)P(x I YN) = P(xn

P(xn+1 I Yn )
n+1

These formulas 3.32, 3.33, 3.34 show a recursive relation between the state

probability densities. Intuitively, they might be interpreted as follow, the predictor is

given by the (nonlinear) convolution between the two probability densities. The filter

is proportional to the product of the densities of the state and observation noise. And

the smoother is much more complicated but has a similar interpretation.

For linear Gaussian systems, the conditional densities are characterized by

the mean and variance and hence 3.29, 3.30, 3.31 are equivalent to the KF and fixed

interval smoothing algorithms. For the nonlinear case, due to the nonlinear

transformation of the state variables, the conditional densities p(xn I Yk) becomes

non-Gaussian even when both yr and w,l are Gaussian. They cannot be specified by

using the first two moments. The integrals are numerically evaluated, as described

later in this chapter.

3.3 Identification of the Model

Linear and nonlinear state-space time series models have several unknown

parameters, in particular the state and observational noise, along with the true

probability density function of the state and observations. Its is possible to model the

same time series with different parameters and assumptions about the state and

observer probability distribution functions. Thus, a method is needed to compare

goodness of fit between models and select the "best" parameters.

f P(xn+l I YN )q(xn+1 I
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Kitawaga and Gersch, 1996, present an approach in which the goodness of fit

of a model is evaluated by the Kullback-Leibler information number. Consider a

probability density function, g(y), and a probability density function, f(y), which is an

approximation of g(y). The Kullback-Leibler (K-L) information number, I(g;f), is

defined as follow:

I(g;f)=Ey log g(Y)
f(Y)

I(g;f)= f g(y)logg(y)dy- f g(y)logf(y)dy
(3.35)

The first term of 3.42 is a constant, only the second term, the expected log-likelihood

of the model probability density functionf(y) with respect of g(y), is used to compare

models. In actual modeling the situation, the true density is not available, and we

have to estimate the expected log-likelihood. Two important properties of the K-L

number are:

1.I(g;f):O

2. I (g; f) = 0 if and only if g (y) = f (y) almost everywhere

From these properties and 3.42, one seeks a minimum K-L, i.e., to maximize

f g(y) log f (y)dy . Let f,, and fb be two contending models of the true density

g(y), then we say that f,, is closer to g(y) than fb if I(g; fa) < I(g; fb). By 3.35 the

best model is the one with the greatest expected log likelihood ( f g(y) log f (y)dy ).
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From the law of large numbers, the expected value of the log-likelihood can be

estimated by:

N

f g(Y)logf(Y)dY=
N jlogfm(Yn Iem)

n-1

(3.36)

Where 8m is the parameter vector of the probability density function fm. In practice,

they are unlikely to be known, so they must be estimated from the data and the

assumed model. It is natural to use the maximum likelihood estimate 6m that

maximizes 3.36.

An important point in methods based on state-space analysis is that are very

efficient for calculating likelihood functions of discrete process. In the linear case,

for a scalar time series, the likelihood can be expressed as:

L(8) = f (Y1 ..., YN 10)

N (3.37)L(6)=fl f(Yn IYn-1)
n=1

and f (Yn I YN-1) is give by:

1

f (Yn I YN-1) = exp
(Yn - Hn

xnn-1
)z-

27trn rn

(3.38)

with rn = HnVn Hn + Rn . Therefore, the log-likelihood of the model is given by

flog1(6) = log L(6) = - N log 27t + rn +
N

Y" -
Hnrxnn-1 )2 (3.39)

n=1 n=1 .
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The maximum likelihood of the parameter, 6 ,is obtained by maximizing 3.39 with

respect to those parameters.

For the non-linear case the maximum likelihood can be obtained by

maximizing the log-likelihood defined by:

l(9)=logP(Y1...,YN)

N (3.40)
l(6)=Elogp(yn IYN-1)

n=1

The quantity p(yn I YN-1) is a product in the nonlinear filtering process equation

(3.33) and can be evaluated in the filter process.

3.4 Examples of Linear and Nonlinear Estimation

In this chapter we have described the methods that are used in this

investigation. To illustrated the effect of the Kalman and non-Gaussian filters we

present some examples.

The main goal of this investigation is to is to determinate the day of the

spring transition (Chapter 1). To do this we have chosen two variables (adjusted sea

level and Coastal Upwelling Index) that can be used as a proxy of the event.

For the state-space statistical model we assume that each observation is the

sum of an unobserved time-dependent mean value (trend) and a observational error

or noise. The observational model of such time series is given as:

y(t)=T(t)+v(t) t=1,...,N (3.41)
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where T(t), represents the nonstationary mean value (trend) function of the time

series and is the function to be estimated, v(t) represents the observable noise

component.

The trend can be considered as a unknown function of time and modeled in the

form:

VkT(t) = w(t) (3.42)

where V k is the k-th difference and w(t) is the system noise. The advantage of this

trend characterization is that it allows nonstationarity into the model and the time

series can be characterized by a variable mean value. The nature of the variability

will depend on the model chosen, for instance a model with k=1 , also called

random walk, is useful for describing small scale, less smooth variation in the trend

(Kitawaga and Gersch, 1984; Young et. al. 1991). In this study we consider the

following first-order trend model, which is the simplest form of a state-space model:

tn = tn_I + Wn

yn = to + Vn (3.43)

where wn and v,, are not necessarily normally distributed. The state space model takes

a particularly simple form where the state, the transition matrix and the observation

matrix (equation 3.12) arex = to and F = H =1.

If we assume that w and v are normally distributed with:

w -N(0,62T)
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vn -N(0,a2v) (3.44)

The Kalman filter can be applied for the optimal estimation of the state, trend in our

case, and the parameters of the model (6T , 6v) using equations (3.24, 3.25 and 3.26).

Let t(nlm) and V(n,) denote the mean and variance at to , given the

observations up to time m. The initial distribution is assumed to be Gaussian, with

t(110) = y and V(,p) = V , the mean and the variance of the original data, in our case

adjusted sea level and Coastal Upwelling Index. The prediction, filter and fixed-

interval smoother are:

Prediction and Filter

These equations are iterated for n=1,N

t(nin-1) = t(n-Ian-1)

i' 2
V(nn-I) = v (n-lIn-i) + 6T

2(V -1
Kn = Y

i'(n1rs-1)
(" (non-1) + 6v

t(nln) = t(nfn_l) + Kn (yn - t(nln-1)

V(nln) = (1 - K. )V(no_1)

Fixed-Internal Smoother

The smoother equations are iterated for n=N-1:0

A. = V(nln)V(n-lin)

t(nWN) = t(n1n) + A. (t(n+1IN) - t(n+lfr) )

(3.45)

(3.46)
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(njN) = V(no) + An ( (n+1IN) -V(n+1frt) )A,V T

In the above process the system and observation noise variance are assumed

to be known. In fact they are unknown and have to be determined. Because of the

conditional distribution of yn given, the observations up to n-1 Gaussian with mean

t(nln_1) and variance rn = Vnln_1 + 6Y the equation 3.46 can be expressed as:

N

nrn) +
(Yn - t(nn_t) )Z (3.47)

2rt_1 rn

where 8 = (6T, 6v) . The maximum likelihood estimate of 0 can be obtained

maximizing this function.

The complete algorithm then consist of:

1) Choose initial values for t(110) , V(110) and 6 .

2) calculate the Kalman filter and smoother for those parameters.

3) Calculate the log-likelihood.

4) Iterate until you find a maximum.

Table 3.1 presents the numerical results of the of the linear model with

include the values of the estimated system and observational variances together with

the log-likelihood (LL)
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Variable System (aT) Observation

(av)
LL

Adjusted Sea Level 0.790x104 0.873 -283.77

Coastal Upwelling Index 0.854x104 1.298 -396.89

Table 3.1 Numerical results of the linear model for the 1st EOF time series of
Adjusted Sea Level and Coastal Upwelling Index. System and Observational
Variance and Log-likelihood

If the time series that we are modeling contains abrupt changes in the varying

mean level, like those that characterize the spring transition, a more general state-

space model is needed, with non-Gaussian system and/or observation noise

processes.

The easiest way to deal with this problem, which we use in this investigation,

is to assume, again, that t( )
and V( ) denote the mean and variance of to , given

the observations up to time in, and that the initial distribution of the state is Gaussian,

with tap> = y and V(,p) = V , the mean and the variance of the original data. In this

way we can still work with the simple first-order trend model (equation 3.42). The

differences are the assumption of the distribution of the system and observational

noise. For this case we have to use the non-Gaussian algorithm described in previous

sections. The prediction filter and smoother algorithms are:

Prediction

P(tn I Yn-,) = f q(tn - tn-1)P(tn-1 I Yn_, )dtn-i
(3.48)

Filtering,
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r(yn
P(tn I Y.

- to Wt" I Y"-1

P(yn IYn-1)

Smoothing,

P(tn I YN) = P(tn I Yn) f q(tn+1 - to )P(tn+1 I YN )dtn+1

P(tn+1 I Yn )

(3.49)

(3.50)

Where q is the pdf of the system noise and r the pdf of the observational noise.

Following Kitawaga and Gersch (1996), the simplest way to deal a with time series

with a quick change in its time varying mean value is to assume:

wn - Q(b,62r) and vn - N(0, 62v) (3.51)

Where Q is the Pearson probability density.

To realize these recursive formulas it is necessary to develop numerical

methods for the nonlinear transformation of the state, the convolution of densities,

Bayes theorem and normalization (Kitawaga, 1991). The input to the model are time

series, type of distribution of the system noise (Pearson distribution), type of

distribution of the observational noise( Gaussian), type of the initial distribution

p,p ,also assumed Gaussian. Using recursive formulas for the predicted, filtered and

smoothed densities presented by Kitawaga (1991) we were able to model the abrupt

changes in the mean in the adjusted sea level and CUI.

The log-likelihood is determined using the following equation:

N (3.52)
l(8)=IlogP(yn 1Y-1)

n=1

here each p(yn I YN-1) appears in 3.48 and is a product of the model.
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Variable System (6;.) Observation
((Yv)

LL

Adjusted Sea Level 1x10 2.675 -1783.77
Coastal Upwelling Index 1x10 10.45 -1896.89

Table 3.2 Numerical results of the non-Gaussian model for the 1st EOF time series
of Adjusted Sea Level and Coastal Upwelling Index. System and Observational
variance and Log-likelihood

Fig 3.1 shows the superposition of three time series, each representing one

process in our methodology. In both plots, the blue line represents the time series

(t.s.) amplitude of the first Empirical Orthogonal function (EOF) of the sea level of

the four most northern stations in our area of study (see chapter 2). The green line

represents the Kalman filter output of the EOF t.s., and the red line is the output of

the nonlinear, non-Gaussian filter.

Figure 3.1 a) shows the result for 1975, where an abrupt drop of the sea level

occurs at the end of March. The first EOF time series includes high frequency

variability. The output of the Kalman Filter of this series is smoother, demonstrating

its ability to filter the high frequency "noise". However, it still attempts to follow the

variability too closely and does not model the step( drop) of the original time series

as well as non-Gaussian model. The non-Gaussian filter is capable of modeling

abrupt changes of the non-stationary time series, modeling rapid changes of the

mean. It is clear that the non-Gaussian filter reduce the variability and only retains

the low frequency step in the time series. Figure 3.1 b) presents similar results for

1988. It points out how the non-Gaussian filter can distinguish several abrupt

changes in the mean, one in the middle of February and another at the end of March.
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Figure 3.2 presents similar time series for the first EOF of the coastal upwelling

index, for 39°, 42°, 45° and 48° N. Again the blue is the EOF t.s., green is the

Kalman filter output and red is the non-Gaussian filter for 1975 a) and 1988 b). The

CUI contains more high frequency variability in the original EOF time series. The

Kalman Filter smoothly follows the mean, the non-Gaussian filter estimates jumps in

a constant mean, as it is formulated to do. These step-like changes appear to map out

credible changes in a local mean value that is required to persist for periods of -10

days or longer.
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3.5 Empirical Orthogonal Function (EOF) Analysis

In most cases, the time series analyzed in this project are those related to the

first EOF of time series from a collection of tide gauges or CUI points. The idea of

the EOF is to redistribute the variability of a large set of variables, to a much smaller

set of components that contains: a) most of the original variability and b) can be

interpretable in terms of physical variability. For example in this study we are

analyzing the variability of the ASL and CUI for locations along the U.S. west coast,

looking at the seasonal cycle (Figure 2.1). At each location, ASL and CUI have

unique temporal histories due to physical processes of different scales plus some

amount of measurement error. A way to describe the variability is to estimate the

strength of these processes at each location, in our case emphasizing the seasonal

cycle. This can be presented as a spatial map showing the range and strength of the

seasonal cycle at each location plus a time series that presents the overall strength as

a function of time. EOF analysis decomposes a function of space and time into a sum

of products of spatial and temporal variability. Where spatial variability is

represented by en (x) (physical process maps) and the temporal variability

represented by z, (t') , where n is the mode number. The use of this technique in

climatological research has been routine since the 1970's. Richman (1986) present

various examples of the use of EOF in meteorology and Davis (1976) introduced this

to the oceanographic community.

The basic idea in forming the EOF is to extract the eigenvalues and

eigenvectors of a square covariance or correlation matrix formed from the input data
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(Preisendorfer, 1988). Consider a input data matrix X of dimension N x n, with

i=1,N representing time and j=1,n representing location, the mean of each time

series is removed. In our case each columns represents the anomaly time series of

ASL or CUI for each location or grid point.

The EOF gives a new set of variables Z, formed as linear combinations of the

original variables weighted by a matrix E. The idea is that most of the variance of the

n original variables will be concentrated in a much smaller number of transformed

variables. The transformed variables can be expressed as:

r

z,; =Yx;memi i=1,...,N;j=1...,r:5n
m=1

in matrix notation

(3.53)

Z(t) = X(i,t)E(1) (3.54)

The E matrix contains the eigenvectors of the square covariance or correlation

matrix C, also referred as "modes" or simple EOF's and Z the matrix of the

amplitude time series. In this arrangement a single column of Z is one amplitude

time series and a single row of E is its associate eigenvector or mode. The original

data can be reconstructed as:

X (x",t) = Z(t)E(z)T (3.55)

The eigenvectors are chosen so as to maximize each corresponding amplitude time

series with the restriction that these amplitudes are uncorrected with each other. The

first EOF will account for the greatest amount of total variance, and each
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subsequence amplitude time series account for the maximum possible of the

remaining variance. The sum of the square of the modes is constrained to unity, it is

the relative magnitude of the eigenvector that is of interest. The EOF's are also

uncorrelated with each other and ET E = I holds.

The variance/covariance matrix C is given by:

1
(3 56)C= XTX

.

N-1

The eigenvalue decomposition of this matrix is:

C = EAET (3.57)

where A is an nxn diagonal matrix whose entries are the eigenvalues of C. E

contains the linearly independent eigenvectors. The technique used to extract the

eigenvalues and eigenvectors is the singular value decomposition (SVD) (Golub and

Van Loan, 1996). There will be as many eigenvalues as original time series (spatial

grid points). However, many of these will not be significantly different from zero,

given a reduction of variables. The total variance of the data set is equal to the total

variance of the time series amplitude, which is the sum of the eigenvalues.

x2 =trace of C=Jzk =trace of A=>Ak
j=1 k=1 k=1

(3.58)

The amount of variance explained for each time series amplitude/EOF mode is

calculated by dividing the corresponding eigenvalues by the trace of the eigenvalue

matrix. In practice the number of new variables is usually much less than the original

number. The EOFs are generally plotted as contours or vector maps, from which one

can view which region are closely related, inversely related or unrelated etc. The
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amplitude time series quantifies the strength of the associated EOF pattern over time.

The relative relationship between points on the grid (the EOFs) remain the same, but

the absolute magnitude of the pattern changes with time. The relative importance of

each pair amplitude/EOF is determined by its associated eigenvalue (Equation 3.58)

In data consisting of one or more strong signals, or physical processes, most of the

variance is captured by the first few modes.

In our case we use the EOF analysis in its simplest form to characterize the

large scale variability in forcing (CUI) and response (ASL). The first EOF depicts

how the entire set of point covaries in phase. The second EOF usually divides the set

into 2 groups, covarying out of phase. Since the seasonal cycle contains the greatest

amount of variance, the first EOF will show how all locations covary on seasonal

time scales, which is the signal of interest.
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CHAPTER 4: RESULTS

The primary objective of this study is to investigate the interannual variability

in several aspects of the upwelling season along the U.S. West Coast: the timing,

speed and strength of the onset, and the length of the upwelling season. This chapter

presents the basic results of the investigation, which are analyzed further and

discussed in the next chapter. Section 4.1 looks briefly at the seasonal cycles of the

adjusted sea level and upwelling index. Section 4.2 presents an Empirical Orthogonal

Function analysis of the time series. Section 4.3 uses the non-Gaussian filter applied

to the EOF time series to determine the dates of the spring transition for each year,

along with other properties of the transition and the length of time between spring

and fall transitions. Section 4.4 classifies the transition on each year as "weak" or

"strong".

4.1 Seasonal Cycles of Adjusted Sea Level and Coastal Unwelling Index alone
the West Coast of United States.

As described previously, the influence of the Pacific subtropical high,

together with the thermal low which develops over the U.S. southwest during late

spring and summer, combine to produce steady equatorward winds over the U.S.

West Coast. Coastal sea levels drop as upwelling begins and in some years both

show a rapid transition to persistent upwelling conditions. This motivates us to use

the signals in both wind speed and adjusted sea level (ASL) from a number of

locations to define the date of the transition. Lacking long records of consistently
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collected winds along the coast, we use the Coastal Upwelling Index (CUI), as

described previously.

Before analyzing the daily signals during each year, it is instructive to look

first at smoother monthly seasonal cycles of the time series from different locations

along the west coast. Monthly means of ASL and CUI are formed from the daily

values and averages for each calendar month are found from the complete time series

(Table 2.1).

Figure 4.1 presents the annual cycle of the upwelling index, representing

alongshore surface forcing. Positive values indicate offshore Ekman transport.

Figure 4.1a presents the CUI cycles from the southern part of the study area, 30°-

36°N and Figure 4.1b presents cycles from the northern part, 39°- 48° N. The

seasonal cycle from 39° N represents a transition zone between south and north.

zones. The south is primarily an area of positive mean values indicating upwelling

conditions on the average throughout the year, with a the maximum in June, at the

beginning of the summer. In northern region the maximum is in July. This maximum

decreases with latitude north of 39°N.

Other studies of the area (Dorman 1995) suggest that there are three distinct

wind regimes along the U.S. West Coast - the Southern California Bight to Point

Conception; the California coast to Cape Mendocino; and the Oregon-Washington
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coast. The first region is sheltered from vigorous wind forcing, but the sheltering is

confined to the coast. The second is the site of the strongest and most persistent

summer wind forcing, with a maximum near Cape Mendocino. Off the coast of

Oregon and Washington, the weather is dominated by traveling synoptic storm

systems and strong winds especially in winter. Although strong northward winds are

associated with each of these systems on time scales of several days, monthly

averaged winds are weaker than south of Cape Mendocino (Halliwell and Allen,

1987, Dorman 1995). It is important is to note that the CUI calculation creates a

southward shift in the region of maximum forcing that is not in agreement with the

measured winds. Bakun (1973) describes two sources of spatial distortions in the

distribution of the CUI.One effect is attributed to the use of mean data in

conjunction with the non-linear stress law. The second involves a discontinuity of the

onshore-offshore sea level pressure gradient caused by the coastal mountain range.

During the summer the thermal low that develops in the interior of southern

California forms a strong pressure gradient with the high pressure field over the

ocean. The presence of the coastal mountain range, however, causes a discontinuity

of the pressure gradient that is not taken into account with the 3-degree grid that is

use to compute the geostrophic wind, resulting in an overestimate of the geostrophics

winds stress in this zone.

Figures 4.2a and 4.2b present the annual cycles for adjusted sea level. The

means have been removed from each time series, leaving only the range and timing

of the cycles. Figure 4.2a shows the annual cycles of stations from San Diego (32.8°
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)°N to Point Reyes (38° N). Figure 4.2b shows the annual cycle for Crescent City

(41.8° N) to Neah Bay (48.4° N). The 6 southern stations have well-defined

seasonal cycles with common sea level minima in April and maxima in September.

There is also a latitudinal difference in behavior after September, however. The two

most southern stations, San Diego and Los Angeles, decrease in height between

December and January, continuing their winter decline. The middle stations at Port

San Luis and Monterey stay approximately at their December values until February.

The two more northern stations, San Francisco and Point Reyes, display another

peak in January and February, similar in magnitude to their September peak, before

continuing to drop.

The peak in January and Febbruary reflects the influence of downwelling-

favorable (northward) winds during winter storms in the north. This effect becomes

the determining factor for the four most northern stations in Figure 4.2b, which have

absolute peaks in January or February. The seasonal minimum sea levels at these

stations occurs progressively later in the year, from May at Crescent City to July for

Neah Bay. Note that Crescent City, the most southern of the northern group, has a

secondary maximum in September, when the more southern stations have their

primary maximum. Regarding the minima, Point Reyes (the most northern of the

southern group) stays low longer after April than the other southern stations. Thus

there are fairly continuous gradients in the timing of the spring/summer minima and

in the relative magnitudes of the September and January/February maxima.

These seasonal cycles reflect the net effects of two competing processes, each

with seasonal and latitudinal variability. The first is the annual cycle of heating. The
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second is the cooling and the annual migration and intensity change of the

semipermanent high and low pressure systems off of North America, which induces

the poleward propagation of the annual cycle in the wind stress. The steric effect of

heating and cooling on ASL are more intense in the southern stations, with a clear

seasonal cycle creating a peak at the end of the summer, in September. In the

northern regions the seasonal variation of the wind stress is the most important

component in determining ASL, creating a minimum in May-July due to the

upwelling off-shore transport and upwelling; and a peak on January-February due to

onshore Ekman transport and downwelling.

4.2 Empirical Orthogonal Function (EOF) Analysis of Adiusted Sea Level and
the Coastal Upwellin2 Index.

4.2.1 Adjusted Sea Level

Strub and James (1988) used sea level from one station (Crescent City) to

choose the date of the spring transition during each of the 9 years they examined. At

any given station, changes in sea level can be caused by a mix of local and distant

forces. To extract the large-scale signal in ASL (and CUI), Empirical Orthogonal

Function (EOF) analysis is used to find the primary modes of variability. These show

the spatial patterns (strength of the signal at each location) of simultaneous temporal

variability at all stations for each mode, as well as the time series associated with the

spatial EOF functions. They do not include information about phase differences

between stations. Extended or complex EOF's could be used to display phase
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information. Since we are attempting to pick a single date characterizing the large-

scale transition, the use of scalar EOF's is appropriate.

The main characteristic of the ASL seasonal cycles can be seen in the time

series of the first EOF for all tide gauge stations, presented in Figure 4.3. The rise in

fall-winter and the drop in spring-summer are present each year, with variability

between the years. In some years the sharp drop of the spring transition is clear

(1973) while in other years it appears more gradual (1978) or non-existent (1988-89).

Figure 4.3c present the monthly seasonal cycles of the first EOF time series and of

the ASL for Port San Luis and South Beach. Figure 4.3d is the daily seasonal

average for the same time series. From these plots we can see that the timing and

magnitude of the first EOF time series of seasonal variability is lies between the

northern and southern locations. However the daily cycle is more like the northern

stations.

The first EOF eigenvector accounts for 67% of the variance and describes the

rise and fall of sea level over the entire domain, with an amplitude that changes in

space as described by the spatial function shown in Figure 4.4. There is a maximum

strength of response at the northern stations (SBC and NBA), where the strength of

this mode is approximately 3 times greater than the response in the southern part of

the domain. This corresponds well with the seasonal analysis of ASL in section 4.1,

where the winter maximum of sea level of the northern stations is approximately

three times greater than the maximum for the southern stations (responding to winter

storms).
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The second ASL mode accounts for 23% of the variance (Figure 4.4d).

Together with the first mode, these account for 90% of the total variance and clearly

show the time lag between the southern and northern parts of the domain. The sea

level is lower when in the south at the end of the winter (March-May), when the sea

level is high in the north. It also creates the high in the south in August-October,

when the north is low. Note that Crescent City is near the center of this second mode

pattern. This coincides, again, with the monthly average analysis, where this station

has characteristics of both domains and supports the idea of two different regimes in

the north and south.

4.2.2 Coastal Upwelling Index

The first two EOF's are found for the CUI using all stations (Figure 2.1).

Again the seasonal cycle is clearly seen in the rise and fall of the amplitude of the

first EOF time series. Positive values (offshore Ekman transport) are present in the

spring-summer period and negative values (downwelling) in the fall-winter periods,

with a noisier pattern in winter (Figure 4.5). Figure 4.5 c) and d) presents the

monthly mean seasonal cycles and the daily mean seasonal cycles for the first EOF

time series and for the CUI at 33° and 45° N. The behavior of the first EOF time

series lies between the time series from both latitudes. The spatial strengths of the

EOF's are plotted for the first and second mode in Figure 4.6. The first mode

explains 62% of the variance and, together with the second (29%), represents 93% of

the total variance. There is a maximum in the first mode at 39° N, indicating strong
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upwelling at that latitude, and generally strong upwelling between 33°-42°N. This is

roughly consistent with previous studies that find maximum upwelling near Cape

Mendocino (41° N) (Halliwell and Allen, 1987; Strub et al., 1987; Dorman, 1995).

The second mode, again, indicates a lag in time between the southern and northern

stations, meaning that the summer upwelling peak arrives later with increasing

latitude.

4.2.3 Division into Northern and Southern Groups

Based on the above results, we proceed by grouping the stations into two sets

that are representative of the south and north of the study area. The sea level from

San Diego, Los Angeles, Port San Luis, Monterey and San Francisco are used to

represent the south, while Crescent City, Charleston, South Beach and Neah Bay

represent the north. The CUI time series were divided into 30°, 33°, 36° for the south

and 39° N 43°, 45°, 48° N for the north.

Figure 4.7 presents the first (top) and second (bottom) EOF mode of the

south (left panels) and north (right panels) ASL stations. The first mode in the south

explains 83% of the variance. Its strength is relatively equal at all locations (slightly

greater in the north), indicating that sea level rises and falls the same amount

everywhere. The second accounts for 12% of the variance, so together they account

for 95% of the variance in the system. In the northern domain, the strength of the

first mode is stronger at the northern two stations, suggesting that this mode has a
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strong contribution from the winter storms. This mode accounts for most of the total

variance (89%) and together with the second accounts for 96% of the variance.

Figure 4.8 shows the amplitude time series of the first mode, for the northern

stations, while Figure 4.9 presents the amplitude time series of the first mode of the

southern stations. Note the difference in scale The northern domain contains more

temporal variability than the southern domain, as shown by these time series. This is

especially true in the fall and winter, when storms affect the north more than the

south, but it is also true in spring and summer. In the south, some of the clearest

transitions occurs following El Nifo winters (1973, 1977, 1987, 1998), due to higher

sea levels in winter during these events. The northern domain usually shows the

spring transition more strongly, for instance during 1974 and 1982. For this reason

we use this northern time series to determine the time of the spring transition.

However, the variability in the north acts as noise in the search for a persistent

change in sea level (and CUI). This leads to the need for a statistical test for a change

in mean value in the presence of noise. Figure 4.10 presents the first (top) and second

(bottom) mode of the southern (left panels) and northern (right panels) CUI stations.

The first mode for the north explains 90% of the variance. Its strength is slightly

higher in the southern part of this area (39° and 42° N) indicating the strong

upwelling in this area. The difference, however, is small compared to the overall

magnitude (0.9-1.1). The first mode of the southern area (86 % of the variance)

presents similar characteristics to the north, with relative equal strength for the three

locations (0.9-1.2). Although there is a maximum at 33° N this is likely to be the

product of the spatial distortion in the CUI, explained in Section 4.1. Both second
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modes, Figure 4.10 bottom left (north) and bottom right (south) are very similar.

Figure 4.11 and 4.12 presents the first mode time series for the north and south

respectively. The southern area presents, on average, upwelling all the year. The

northern region shows an alternation of downwelling-upwelling conditions through

the year. The transition between winter to spring conditions is clearer in the north.

This is the reason that this time series, together with the northern ASL are used to

determine the date of the spring transition.
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4.3 Date of the Spring Transition using Adjusted Sea Level and Coastal
Upwelling Index

One of the objectives of this study is to determine the date of the spring

transition and to classify weak and strong events (Chapter 1). To accomplish this, we

model the behavior of the fast EOF time series for northern ASL and CUI, using a

non-Gaussian state-space model that is capable of detecting quick changes in the

mean (Chapter 3). The model is applied to each complete northern EOF time series,

1971-1998, then the model time series and EOF time series are examined together

for each individual year, eventually combining the results from the ASL and CUI. In

some years, all of the time series agree and the date is easy to pick, using a derivative

of the time series to pinpoint the date of fastest change. On other years, the signals

do not point to a single transition and some judgement must be made. Thus, although

the use of EOF's and the model aid in the selection of the date, they do not form a

completely objective and automated system for choosing the date.

Figure 4.13a presents sea level and the output of the model for 1975. This

figure demonstrates how well the filter is capable of modeling rapid jumps in the

time series, while filtering high variability, especially the winter storms at the

beginning of the year. Two major features in these time series are found in the quick

changes of sign in sea level (from positive to negative) and CUI (negative to postive)

in late March, with a reversal of each at the beginning of October. The first change

in late March is the most impressive characteristic of the sea level time series during

the entire year and is one of the signals which led to the identification
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of the spring transition off Oregon in records from 1973 and 1975. Originally, this

was identified in data from individual tide gauges, current meters and wind records,

but the EOF time series is more robust. The reversal in early October is called the

fall transition (Huyer et. al. 1979; Strub and James, 1988). The period between these

two events is used here to define the length of the upwelling season for each year, in

this case (1975) over 6 months. The EOF and model time series for the CUI during

this year (Figure 4.13b) shows more variability than those of the sea level, but the

shifts at the time of the transitions are almost as impressive. The two EOF time series

are highly correlated and 180° out of phase (Chapter 2). Figure 4.14a combines the

same EOF time series for both variables and Figure 4.14b does the same for the non-

Gaussian model outputs. These show how the two EOF time series make an

envelope, separating almost completely in late-March, then completely in early-May.

The time series return to partial separation in late-August and reverse in early-

October. The model outputs separate and recombine more cleanly during the late-

March and early-October reversals. Exact dates for the transitions were selected

using the maximum of the time derivative of the model output, in this case March 23

and October 3, respectively, for spring and fall transitions.

Such a clear picture is not always produced by the method. Figure 4.15

presents similar results for 1988, when the sea level (Figure 4.15 a) was high only in

early January before falling and rising through a number of oscillations until mid-

June. It then stayed low for at least 5 months. The model in this case, judges the
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mean to have changed in January. There is a somewhat similar behavior in the CUI

time series in Figure 4.15b (180° out of phase), where there are two steps toward

positive values in January and February. The CUI time series then oscillates until

mid-June, when it jumps again. This is the first time that the model indicates a

change to a strong positive mean value. Combining the two time series as before, it is

obvious in Figure 4.16a that the two times series separate completely from mid-June

to mid-October, but the situation is more confused before and after. Facing a choice

of January or June, we choose June 5 as the date, using again the derivative of the

model time series. Other possible choices using sea level only, would be mid-

February, early and late March Figures 4.11 and 4.16 indicates that 1988 was an

anomalous year, in terms of the lack of storms in winter.

Table 4.1 presents the dates for the onset of the spring and fall transitions, the

jump in sea level height during the spring transition and the time taken for sea level

to make that jump, for each year. For each year we calculate the step, in centimeters,

of the drop in sea level around the date of the spring transition and the time that this

drop took from the highest to the lowest point again around that date. This was done

using the first difference of the non-Gaussian model of the ASL. This time series is

charterizated by step changes during the transition. There is always a relative sharp

drop in the smooth time series. Before and after the transition the first derivative is a

very small constant. At the start of the transition there is a quick change of the first
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YEAR S.T. Date F. T. Date Step (cm) Time (days)
1971 April 15 November 5 10 8
1972 April 14 November 1 15 6
1973 March 22 November 5 25 7
1974 April 10 November 9 18 7
1975 March 23 October 3 21 5
1976 April 13 September 26 5 10
1977 March 15 August 11 16 15
1978 April 28 August 23 8 8

1979 Ma y5 September 29 16 10
1980 March 18 November 26 30 16
1981 March 25 October 5 12 9
1982 April 16 October 19 20 6
1983 April 2 November 9 17 6
1984 March 23 October 31 7 12
1985 February 14 October 15 5 10
1986 March 29 November 13 25 15
1987 March 23 November 12 20 14
1988 June 5 November 2 5 9
1989 April 2 November 12 7 12
1990 March 21 October 30 7 12
1991 April 7 November 14 10 9
1992 April 21 October 14 5 8
1993 June 10 December 3 12 10
1994 March 29 October 25 6 10
1995 March 24 November 10 25 6
1996 March 13 November 15 19 6
1997 March 18 November 8 25 7
1998 March 25 -------------- 20 8

Table 4.1 Dates of spring (S.T.) and fall (F.T.) transition, Step (cm) and time of the
transition.



73

derivative and another when the transition ends. The step of the transition is taken as

the change in height between the two points. The time of the transition is taken as

time, in days between these two points.

In Figure 4.17, we present the dates of the spring and fall transitions from

1971 to 1996. The blue line is the mean and light green lines are one standard

deviation about the average. The spring transition mean day is April 8 and most of

the dates lie within the last 20 days of March (15 years). We do not see a clear

pattern in the variability of the dates, although there appears to be more outliers in

the second part of the record, after 1984. The extra variability after 1984 is due to

two years: 1985,1988 and 1993. If these outliers are eliminated, one might say that

the spring transitions occurred slightly later before 1980 (more April dates). The fall

transition dates present more variability and do not follow a specific pattern,

although the first 4-5 five years (1971 to 1975) present very consistent dates for both

transitions.

Figure 4.18 presents the length in time of the upwelling season for each year,

determined simply from the difference between fall and spring transitions dates. This

is the length of time that the coastal ocean experiences the enrichment associated

with upwelling (here determined by the time that the sea level was low and

upwelling index was positive). No obvious pattern stands out, except for a shorter

upwelling period during the late 1970's.
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4.4 Strong and Weak Transitions

Another goal of the present work is to examine the interannual variability of

the strength of the spring transition. To accomplish this we define two general

categories, one where the rate of change of the sea level around the spring transition

date is "fast", and a second where this rate of change is "slow". To achieve a number

for the rate of change we define two quantities (Section 4.3), one is the step in sea

level, the second quantity is the time taken for the sea level to drop. Figure 4.19a

shows the step in sea level for each year. There is high variability, without any clear

pattern, although we note the four years of large drops in sea level at the beginning

of the record in 1972-1975 and the four years with large drops at the end of the

record in 1995-98. Figure 4.19b presents the time taken for the sea level to drop

during the transition. There is again no clear pattern, except to note that the same

four years in 1972-75 and five years in 1995-98 have relatively rapid transitions.

The occurrence of at least six years with large steps and rapid transitions, led

to a criteria for classification of a given year as strong or weak. This is based on the

rate of change of the sea level with respect time, simply the height step divided by

the time taken for the step to occur. Figure 4.20 presents the rate of change of the sea

level during the spring transition for each year. The bold line is the mean (1.86

cm/day) plus and minus a standard deviation.

Here we adopt a somewhat arbitrary criteria. Those year with rates of change

equal or greater than the mean are called "strong" transitions; those with rates of

change less than the mean are called "weak". It is clear that there are some years
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where the value of the rate of change is very near the criteria and thus difficult to

assign a weak or strong category. Table 4.2 present a summary of the analysis; from

here we can distinguish 1972, 1973, 1974, 1975, 1979, 1980, 1982,1995,1996, 1997,

1998 as strong years, and 1971, 1976, 1977, 1978,1981, 1984, 1985, 1986, 1987,

1988, 1989, 1990, 1991,1992, 1993 and 1994 as weak years. the strong El Nino

winter in 1983 produced unusual conditions and 1983 is excluded. In the early years,

we recognize a packet of four very strong year, 1972, 1973, 1974 and 1975. After

that there is a variable period of strong and weak years, ending with five very weak

years, 1988, 1989, 1990, 1992, 1994. Finally , there is a period of another four very

strong years (1995,1996, 1997 and 1998). The strongest are 1975 and 1995 and the

weakest are 1976 and 1990. The period 1984-1994 produce a decade of relatively

weak and slow transitions.
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Year Step (cm) Time (days) Rate of Change
(cm/day)

Category

1971 10 8 1.25 Weak
1972 16 6 2.66 Strong
1973 20 7 2.85 Strong
1974 15 5 3.00 Strong
1975 21 5 4.20 Strong
1976 5 10 0.50 Weak
1977 20 15 1.33 Weak
1978 8 8 1.00 Weak
1979 16 7 2.28 Strong
1980 30 16 1.87 Strong*
1981 12 9 1.33 Weak
1982 20 6 3.33 Strong
1983 17 6 2.83 Strong
1984 7 12 0.58 Weak
1985 5 10 0.50 Weak
1986 25 15 1.66 Weak*
1987 20 14 1.43 Weak*
1988 5 9 0.55 Weak
1989 10 12 0.83 Weak
1990 7 12 0.58 Weak
1991 10 9 1.11 Weak
1992 5 8 0.62 Weak
1993 12 10 1.20 Weak
1994 6 10 0.60 Weak
1995 25 6 4.16 Strong
1996 19 6 3.16 Strong
1997 25 7 3.57 Strong
1998 20 8 2.50 Strong

Table 4.2 Year, Step (cm), time of the transition (days), rate of change (cm/days) and
category of each transition. The criteria for the categories were one cm/day. Years
with * are very near the criteria.
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Chapter 5: DISCUSSION

This chapter presents the analysis and discussion of the results form the

previous chapter. Section 5.1 discusses the composite of adjusted sea level and

coastal upwelling index for strong and weak years. Section 5.2 then presents the

analysis of the composite maps for NCEP sea level pressure (SLP) and wind stress

fields, before, on the day and after the transition. Section 5.3 shows the integrated

coastal upwelling index for different periods from the day of the transition. Section

5.4 presents the analysis of the longer sea level record from Crescent City.

5.1 Composite Adjusted Sea Level and Coastal Upwellin2 Index.

In the previous chapter we have separated the interannual variability of the

spring transition into two broad categories, strong and weak. In general, strong

transitions were those years when a sudden onset of the spring/summer upwelling

regime occurs, expressed as a large drop in the coastal sea level in a rather short

period of time, along with a rapid change ( towards positive values) of the coastal

upwelling index. Weak transition years were those where the onset of the upwelling

season were more gradual, i.e., the coastal sea level drop was not so large and this

was in a period of time longer than two weeks. (Table 4.1 and Figure 4.20).

Figure 5.1 presents the ensemble average for strong and weak years of the

first EOF time series of ASL and CUT. To produce these composites, the date of the

transition is defined as day 0 for each year. The daily average is formed for all strong
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(or weak) years for days -90 to + 90, relative to the transition These composites

capture the nature of the two categories, eliminating interannual variability in timing.

Figure 5.1 a) present the composite of 12 strongest transition years (1972,

1973, 1974, 1975, 1977, 1980, 1982, 1986, 1987, 1995 1996 and 1997) of the first

EOF amplitude for adjusted sea level for the four northern locations (Crescent City,

Charleston, South Beach and Neah Bay). The date of the transition is defined to be

day 0. During strong transitions there is a large change, for each year, in sea level

from steady positive values before the transition to negative ones afterwards. Strub

and James (1988) present a similar picture of the transition for year 1971, 1972,

1973, 1974, 1975, 1980, 1981, 1982 and 1983. We note that six of the years

considered by Strub and James are classified as strong in the present analysis. Figure

5.2 b) present the ensemble average for the same strong years for the first EOF

amplitude of the coastal upwelling index at the four northern stations (39°, 42°, 45°

and 48° N). Again, this is the mean behavior of the CUI during strong year. Before

the transition the negative values indicate onshore transport, inducing high sea levels

next to the coast. During the transition (day 0) there is a quick jump from

downwelling to upwelling conditions.

Figures 5.1 a) and b) show the conceptual picture developed, using data from

the early 1970s by Huyer et al. (1979) and extended to include data from the early

1980s by Strub and James (1988), a rapid onset of the upwelling season along the

west coast of U.S. These studies did not consider interannual variability. In

retrospective, it is clear that most of the years examined in the studies which defined

the spring transition were moderate to very strong transitions years. Figure 5.1 c)
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presents a composite of the first EOF time series for adjusted sea level at the same

stations for 9 weak transitions years (1976, 1978, 1984, 1985, 1988, 1989, 1990 1991

and 1994). The mean picture for weak transitions years consists of a steady drop of

sea level before the transition. During the transition the drop in sea level is not as

large or as rapid as in the strong years. Figure 5.1 d) shows the composite of the

coastal upwelling index for the weak years. This figure is in agreement with 5.1 c) -

a more gradual movement towards upwelling conditions, before the transition,

following by a small rapid change producing the onset of the upwelling season.

Figure 5.1 as a whole suggest that the difference between years with strong

and weak transitions is related to the downwelling forcing prior the transition. This

implies differences in the low and high pressure fields in the North East Pacific,

during the winters of these years.

5.2 Composite NCEP Sea Level Pressure (SLP) and Winds Stress Fields

The general relation between the spring transition and the behavior of the

SLP field is well documented by Strub and James (1988). They find a rapid

expansion of the high-pressure system in the North East Pacific at the time of the

transition, concentrated in the region 20°-50° N and 120°-160° W . Just prior to the

transition the Aleutian low strengthens with the passage of a cyclonic system over

the northern part of the California Current. This is followed by a rapid expansion of

the high-pressure system over the NE Pacific. We note again that six of the nine

years used by Strub and James (1988) are included in our strong years and the other
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three are intermediate ( none of those three are included in our weak years). After the

transition, in spring, the subtropical high strengthens and moves northwards,

displacing the Aleutian low (Reid et al. , 1958). At the same time the low over

southwestern North America strengthens. The interaction of this low with the

subtropical high results in strong, persistent southeastward winds along the coast of

most of U.S. west coast (Lentz, 1987).

Figure 5.2 present composite events in the atmosphere for the day of the

transition (day 0). Figure 5.2 a) shows the ensemble average of SLP (from the NCEP

reanalysis) for the strong years. The Aleutian Low is split into two centers, one

centered near 55° N, 175° W (over the Bering Sea) and other near 58° N, 145° (in

the Gulf Of Alaska). The low in the Gulf of Alaska is weaker than the low over the

Bering sea. The subtropical high pressure is centered around 33° N - 145° W and

extends to 50° N, covering most of the US West coast. Figure 5.2 b) illustrates the

ensemble average of SLP during the weak years at the day of the transition. A single

Aleutian Low is centered around 55°N - 145° W, further south and stronger than

during the strong years. The subtropical high is centered slightly to the southeast of

the position that it takes in the strong years and now extends only to approximately

45° N. The Thermal low over the California is also farther south during weak years.

The mains differences between years with strong and weak transitions are:

the positions and strengths of the Aleutian Low and the North pacific High. In the

strong years there is a split low, weaker in the Gulf of Alaska. In the weak years the

low is stronger and extends farther south. Neah Bay, the northern station of this

study, is still under the influence of the low pressure field during weak transitions.
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Another difference is the position of the high pressure system in relation to the coast

line. During strong transitions there is a strong pressure gradient between the sea and

land, driving winds equatoward along the entire west coast, inducing offshore

transport and the consequent drop in sea level. During weak transitions the high

pressure field crosses the coast line, reducing the strength of the pressure gradient

along the coast, southward winds, and the offshore Ekman transport.

Figure 5.3 presents the NCEP surface wind stress for the day of the transition,

for the strong (a) and weak (b) years. It reveals a similar pattern as Figure 5.2 but a

more direct look at surface wind stress. Wind stress generated by the SLP gradient in

Figure 5.2a, during strong transitions, affects the entire west coast of U.S., although

weak along the Washington coast, and increases its intensity towards the south. It

reaches a maximum along central California, decreasing farther south. Note that the

surface winds are not purely geostrophic, including the frictional effects of the

boundary layer. North of our region of interest, along the British Columbia coast,

there is a transition zone, with relatively weak wind stress and then downwelling

favorable wind stress or wind stress directly towards the coast. Figure 5.3b presents

the composite winds for the day of weak transitions. Most of the area of interest, in

the northern California current, is a transition area with weak wind stress that is

downwelling favorable north of Cape Blanco (43° N). The wind stress is southward

south of Cape Blanco, reaching a maximum again off central California.

Figure 5.4 shows the 5-day average of sea level pressure for the period before

the transition during strong and weak years. Prior to strong transitions a very strong

low pressure system covers most of the Gulf of Alaskan, centered around 56° N -
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142° W, and extending its influence to southern Oregon. Thus the northern part of

the California Current is affected by a low pressure system prior to strong transitions,

which could be the signal of a final winter storm passing through that area. The

subtropical high pressure is somewhat confined between 30°- 40° N next to the coast

affecting only California, south of 40° N. Prior to weak transitions the Aleutian low

is located further south and to the west, centered around 55° N - 150° W. The

subtropical high is confined to approximately the same area next to the coast as in

the strong case, but extends over the continent to the north-east. The thermal low

over the western U.S. is displaced to the east and south prior to the weak transitions.

Figure 5.5 presents 5-day averages of wind stress for the period before the

transition. Prior to strong transition, Figure 5.5 a) demonstrates that the ocean next to

the northern part of the U.S. west coast (from 40° to 50°) is forced by poleward wind

stress, creating downwelling conditions with high sea levels. The wind patterns

indicate that this zone is under the influence of the low pressure field in the Gulf of

Alaska. South of this region, the stress is weakly equatoward, representing the

presence of the subtropical high pressure in this area. The transition between the two

regions is near 40° N. The presence of the low pressure over the north coast of the

US is related to the passage of strong cyclonic systems from the northwest. Those

last winter storms help to pile water against the coast, inducing a pressure gradient

along it.

Figure 5.5 b) presents the five days average of sea level pressure, for weak

years, before the transition. Again the northern part of US is affected by the Aleutian
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low, but the intensity of the wind is weaker. The transition latitude between the low

and high systems is again around 40° N. North of this, the stress is weakly poleward.

To the south, of 40° N, the stress is equatorward, and stronger than prior to strong

transitions. In summary, the poleward winds north of 40° N are more intense prior to

strong transitions while the equatorward winds, south of 40° N, are more intense in

the weak transition situation.

A similar composite analysis is also used to analyze the post transition

conditions. Figure 5.6 presents: a) a five day average of SLP after the strong spring

transitions and b) a five day average after the weak transitions. After strong

transitions the Aleutian Low is centered around 55° N -162° W, i.e., southwest of its

position before the transition. The subtropical high pressure now is expanded

northeastward, showing its presence from British Columbia to Southern California.

The low pressure over southwestern California is clearly present. The interaction of

this low with the subtropical high results in strong, persistent southeastward winds

along most of the US west coast. (Lentz ,1987). Figure 5.6 b) presents five-day mean

SLP following the weak transitions. The Aleutian low is centered at 55° N -160° W

and extends slightly father east than following strong transitions The high pressure,

again is extended towards the northeast, with a center around 35° N - 135° W. The

presence of Southwest low is again well defined. The SLP conditions after strong

and weak transitions appear very similar, with a expansion of the high pressure to the

northeast, the movement of the Aleutian low westward, and the presence of the

continental low in the southeast.
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The composite of wind stress during the five days following the transitions

show mores differences between strong and weak transitions than the SLP fields

(Figure 5.7). The Aleutian Low appears split following the strong transitions, with a

weaker gyre in the Gulf of Alaska than following weak transitions. The influence of

the North Pacific High extends much farther north following strong transitions,

creating equatoward winds from Washington to Southern California. Following

weak spring transitions, winds remain weak or poleward north of 40° N and

equatorward winds south of 40° N are weaker than after strong transitions.

In summary the spring transition in coastal sea level is a large-scale

phenomenon, driven by the larger scale atmospheric pressure and wind-system

(Strub et. al. 1987b, Lentz 1987, Strub and James 1988). The differences between

strong and weak cases are related to differences in the behavior of these pressure and

wind fields in the North Pacific (Figures 5.2 to 5.7).

During years with weak transitions, winter storms and downwelling appear to

be weak (Figure 5.1) and upwelling begins more gradually. Over the southern part

of the California Current, upwelling is stronger prior to weak transitions than prior

strong transitions (Figures 5.4 and 5.5). Over the northern part of the California

Current, winter storms and downwelling conditions are stronger prior to the

transition (Figure 5.1), with stronger downwelling in the 5 days prior to the transition

than prior to weak transitions (Figures 5.2 and 5.3). At the time of the strong

transitions the Aleutian Low retreats farther west and the North Pacific High expands

farther north than at the time of the weak transition.
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Immediately after the strong transitions, winds around the North Pacific High

continue to expand northward and blow equatorward over the entire California

Current. After weak transitions, equatorward winds remain confined to the region

south of the 40° N and are weaker there than following a strong transitions (Figure

5.7). The greatest change in wind forcing occurs in the Pacific Northwest during

strong transitions.

Are dates of the transitions related to their strength? Is there a systematic

change in the dates with an interdecadal pattern? A considerable amount of work has

been devoted to discuss changes in the Pacific Ocean and in the climatic conditions

in the middle 1970's (Namias 1978, Ebbesmeyer et. al. ,1989, Trenberth 1990,

Ebbesmeyer et. al. 1991, Graham 1994, Trenberth and Hurrel, 1994, Miller et al.

1994, Francis and Hare 1994, Graham 1994, Trenberth and Hurrel, 1994, Miller et

al. 1994, Latif and Barnett, 1994, 1996, Zhang et al. 1997). Figure 5.8 shows the

spring transition dates for (circles) strong years and (triangles) weak years. There is

not a clear simple relation between timing and intensity of the transitions. Most

transitions, even the intermediate ones (Figure 4.17), occurs between mid-March and

mid-April. The only statement relating strength to timing is that all strong years

occur in this time period, while some weak years occur outside this period. The

greater variability in the timing of the weak transition may reflect the greater

difficulty in choosing the exact day for weak transitions. We return later to the

question of whether the conditions changed on the mid-1970's.
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5.3 Integrated Coastal UQwelling Index (CUI)

Changes in the circulation and water properties after the spring transition

have a great influence on biological processes in the coastal oceans (Ware and

Thomson, 1991; Ware, 1995 McFarlane et. al., 1996). In general, the amplitude and

phase of the seasonal cycle in the coastal ocean are not fixed and may vary from year

to year due principally to changes in the forcing mechanisms (Thomson and Ware,

1996). This interannual to decadal variability in the seasonal cycle is thought to have

an effect in ocean productivity (Mantua et .al., 1997), especially in coastal regimes

where the onset time and the "intensity" of the spring and summer are important to

biological processes. (Ware and Thomson, 1991, Thomson and Ware, 1996).

One way to measure this variability, of the "intensity" -or "persistence" of the

upwelling season on a year-to-year basis, is to integrate the CUI from the day of the

spring transition to several periods later. Figure 5.9 presents the integrated CUI for

several periods: a) the CUI integrated form the day of the transition to one week

after, b) the CUI integrated from the day of the transition to fifteen days after, c) the

CUE integrated from the day of the transition to one month after and d) the CUI

integrated from the day of the transition to the day of the fall transition. During the

first four years, 1967 to 1970, the day of the spring transition was obtained using

only the non-gaussian filter output of the CUT. Figures 5.9 a) and b) do not show a

consistent pattern and indicate large variability in the amount of water that is moving

offshore. Figure 5.9 c) presents a different behavior. Before 1978 the
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upwelling was more consistently "intense", in the sense that in the first month of the

upwelling season there was a more intense offshore transport of the wind-forced

surface layer. After 1981 there is sharp drop of the accumulated offshore transport in

the first month, showing great variability. it is interesting is to note that the result of

integrating the CUI from the date of the spring transition to the date of the fall

transition (Figure 5.9 d), reduces the variability and the difference before and after

1978 is not clear. This indicates that the same amount of offshore Ekman transport

occurs on most years, independent of the date of the spring transition.

Looking further into the interannual variability of the CUI without reference

to the date of the spring transition, Figure 5.10 presents the integrated CUI values for

three periods, a) from December 15 to May 15, b) from January 15 to May 15 and

finally c) from February 15 to May 15 using years from 1967 to 1998. These

integrals include the competition of two process: downwelling and upwelling

conditions. In Figure 5.10 a) the downwelling conditions due principally to the

winter storms prevail. Before 1978 the downwelling is somewhat compensated by

the upwelling. Although periods with very strong transitions (1972 -1975) are years

with very strong downwelling during the first part of the year, the quick and strong

transition compensated these effects. In Figure 5.10 b) downwelling and upwelling

effects are compensated especially in the first part of the record. Finally in Figure

5.10 c) the upwelling dominates, in 1967-1977 with a more mixed pattern after

1978. The patterns starting the integration from December 15 or January (including

winter downwelling) indicate a change of behavior around 1978.
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The pattern starting February 15 (emphasizing spring upwelling) indicate a

change a change in behavior in 1982. Overall, the Figure 5.10a and b indicates less

winter downwelling before 1978 and/or more upwelling in early spring prior 1982.

This is consistent with the southward shift in the storm track in winter after 1977.

5.4 Crescent City Sea Level

In an attempt to reconstruct the variability of the spring transition date over a

longer period, sea level from Crescent City is used. The sea level record from this

station has been used by Strub et. al (1987a) and Strub and James (1988), as a

primary indicator of the spring transition date and the summer upwelling season on

the west coast of the U.S., along with other variables. Strub et. al. (1987a)

characterize the day of the transition to be "the time that sea level drops rapidly,

over a several-day period, and stays low at 41.8° N" (Crescent City),the location

where this event was clearly seen, in sea level, in most of the years used in their

study.

In this study we use a different approach (Chapter 3 and Section 4.3) to select

the day of the transition. The same state space model used with the EOF time series

(non-Gaussian filter) is applied to the unadjusted sea level record of Crescent City

form 1953 to 1998. The CUI is only available from 1967 to the present and so is not

used with the long time series. The SLP needed for the inverse barometer adjustment

is also not available over the entire time series . The day of the transition is selected
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by using the output of the state-space model, specifically where the rate of change of

the output is maximum.

Figure 5.11 presents the day of the spring transition, selected by using the

unadjusted sea level at 41.8° N (Crescent City). In general the dates are similar to our

previous analysis, where the transition day was estimated using ASL and CUI. There

are some large discrepancies in the late 80's and late 90's, especially 1988, 1990,

1997 and 1998 where Crescent City data alone produce a tendency for early

transitions, determined by an early drop in sea level. The important point is that both

data sets produce similar variable. The dates of the transitions are quite variability

and do not show a simple and consistent pattern of interdecadal variability from 1953

to 1998. In order to have a better view of the longer period the transition dates were

smoothed using a moving average of 3 years. Figure 5.12 presents a) the smooth

version of the dates and b) the 3-year standard deviations centered in each year. In

general there is no clear pattern in the dates of the transition with scales of 10 years

or more. Looking at the standard deviation of the dates, one might divide the record

into three periods, one in the 1950's with higher variability, a low variability period

form 1962 to 1976, followed by another period of increasing variability.
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CHAPTER 6: SUMMARY AND CONCLUSIONS

6.1 The Date of the Spring Transition

The timing of spring transition dates obtained from 1971-1998 using northern

ASL and CUI EOF time series do not show a long term pattern of interdecadal shift

in the mid-1970's, although years after 1977 do appear to be somewhat more variable

in the date of the spring transition (Figure 4.17). When the sea level at Crescent City

is used alone to determine the date, the period form 1962 to 1976 appears less

variable than the years before and after (Figure 5.12b). But the dates derived from

Crescent City alone are more variable than those obtained using the EOFs of ASL

and CUI. The dates of the strong spring transitions are mostly between mid-March

and mid April, while the weak transitions are more variable (Figure 5.8). In general,

the dates of the transition presented here, from almost 30 years of data present more

variability than found in prior studies using less than 10 years.

6.2 The Strength of the Spring Transition

The strength of the spring transition is consistently strong for the periods

1972 to 1975 and 1995 to 1998. Most of the years during the period of 1976 to 1994

are weak transitions, except for the years 1979-1980 and 1982-1983. There is a long

period of weak transitions between 1984-1994. The years (1973 and 1975) originally

used to define the spring transition were strong and 1975 was the "strongest" (Figure

4.20). Most of the years used previously to examine characteristics of the spring
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transition are years of strong transitions. The nine years used by Strub and James,

(1988) have drops in the sea level greater than 10 cm and 7 have drops greater than

15cm..

6.3 Interannual and Interdecadal Variability of Uuwellina Forcing

Integrating the CUI from the entire upwelling season gives similar amounts

of upwelling for most of the years. When the CUI is integrated over the first month

after the spring transition, the largest values occur in 1968-1978 (10 years), 1982 and

1993 (Figure 5.9d). This includes the years (1973-1975) where the spring transition

was originally defined (Huyer et. al, 1979) and 5 of the 9 years used by Strub and

James (1988). Looking further into the interannual variability of downwelling and

upwelling in winter and spring without reference to the transition date, the CUI was

integrated for several periods (Figure 5.10).This suggest that winter downwelling is

weaker and spring upwelling was stronger during the years 1970-1977. The seasonal

behavior appears to have changed between 1977 to 1982.

6.4 Composites of the SLP and Wind Stress

In composites pictures of SLP and wind stress during 5-days prior to the

transition for strong transition years the Aleutian low pressure extends further south.

Downwelling winds are present north of 40° N. During this same 5-day period prior

to strong transitions, the inland Thermal low is well developed and extends to 40°N.

The North Pacific High pressure is strong in the interior ocean ( -150-160°) but does
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not extend too far inland. The composite of the years for weak transitions during the

5-days prior the transition depicts a larger Aleutian Low, but with a weaker effect on

the coast between 40-50° N. The North Pacific high pressure stays south of 40°N but

extends more over California prior to weak transitions and the thermal low is weak

stays south of 35°N. The upwelling winds are stronger south of 40°N than before

strong years.

The composite fields during the day of strong transition present a North

Pacific high pressure that extends to 50°N, with upwelling winds south of 50°N. The

Aleutian Low splits in two and the thermal low remains east of the North Pacific

High south of 42°N. During the day of the weak transitions, the expanded North

Pacific High pressure is smaller, with downwelling winds north of -42°N. The

Aleutian Low remains strong and extends to 42-45°N, continuing downwelling-

favorable winds, and the thermal low stays south of 35°N.

The composite fields for 5-days after the transitions show a North Pacific

High pressure that continues to be strong and extends northward to 50°N, inducing

strong upwelling winds from 50° N to the south. The Aleutian Low pressure system

moves further west, with a center -50°N-165°W, resulting in a more northeastward

wind direction into the Gulf of Alaska. After years of weak transitions the Aleutian

Low is stronger and is centered more to the east, in the Gulf of Alaska, inducing

downwelling winds for 45°N to the north.

In summary, fields during the strong transitions years are similar to those

presented by Strub and James (1988), with a strong North Pacific High pressure but

with a low pressure system affecting the region 40°-50°N just prior the event. During
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the transition there is a rapid expansion of the North Pacific High, while the Aleutian

Low splits and retreats to the west. During weak transitions years the North Pacific

high is weaker and further south. The Aleutian Low is strong and extends far

eastward into the Gulf of Alaska. There are weak downwelling winds between 45-

50° N, that remains nearly constant. The upwelling winds increase south of -43°N.
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