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ABSTRACT

Using the model twin formulation, the predictability of the zonal index, an inherently low-
frequency feature of the circulation, is studied in a two-layer, global, zonally homogeneous
model. While typical periods for variability in the zonal index are on the order of 100 days, the
index is predictable with useful skill only out to 23 days. The predictability of the zonal index
shares some behavior with the predictability of time averages. A simple model of the growth of
forecast error in the zonal index is constructed. The model demonstrates that the combination
of a long timescale with relatively poor predictability is consistent with the behavior of a feature
that acts as a dynamical filter of synoptic scale noise.

1. Introduction

In the atmosphere, low-frequency variability
arises from slow changes in boundary conditions
and from the nonlinearity of the internal dynamics.
While the relative importance of internal dynamics
and external forcing in determining low-frequency
behavior is unknown, there is growing evidence
that internal dynamics can, by itself, generate
robust low-frequency variability (Cai and van den
Dool, 1991; Cai and Mak, 1990; Mo et al., 1991;
Qin and Robinson, 1992; Robinson, 1991a, b).
Long-range forecasting, therefore, depends on
knowing the present state and being able to predict
the future state of the lower boundary (e.g., sea-
surface temperatures), but also on the ability to
predict the evolution of slow variations generated
by internal dynamics.

In the present paper we examine the predict-
ability of one of the dominant modes of low-
frequency variability in a simple nonlinear model
of the atmosphere. This feature, the zonal index
(Z1I), is of interest for several reasons. First, it is an
inherently low-frequency phenomenon; no tem-
poral filtering is required to reveal its low-
frequency behavior. Secondly, the zonal index is
the dominant mode determining the character of
middle-latitude “weather” in our model. And
thirdly, the zonal index in our model is very similar
to important zonally symmetric modes of
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variability that have recently been found in general
circulation models (Branstator, 1990), and in
observations (Kidson, 1985; 1986; 1988; Karoly,
1990). The predictability of the zonal index, and
consequently of stationary middle-latitude
planetary waves, was investigated by Tung and
Rosenthal (1986) in the context of a quasi-
geostrophic channel model. Their results will be
compared with those from the present study in the
final section of this paper.

The model and the calculation of the zonal index
are described by Robinson (1991b). Briefly, the
model is a two-layer, global, primitive equation
model, with zonally homogeneous boundary con-
ditions. It is a spectral model, run at rhomboidal
15 spherical harmonic truncation, with thermal

- forcing appropriate to the Northern Hemisphere

winter.

The zonal index is the leading empirical
orthogonal function of the Northern Hemisphere
zonally and vertically averaged angular momen-
tum. A high value of ZI corresponds to a
northward displacement of the subtropical jet
from its mean latitude, and visa versa. In this
respect ZI is similar to traditional measures of the
zonal index. The spectrum of the zonal index is
very red for periods less than 100 days. Fig. 1
shows the logarithmic spectrum (Zangvil, 1981)
of the zonal index determined from the final
5120 days of a 6000 day run of the model. The
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Fig. 1. Logarithmic spectrum of the variability of the
zonal index in a 6000 day run of the two-layer model.

spectrum is calculated by dividing the record into
20 segments of 256 days. Each segment is Hanning
windowed, and the spectrum is determined by a
fast fourier transform. The spectrum displayed is
the average of the 20 spectra. It has a sharp peak
around a period of 100 days, and there is very little
power at periods shorter than 50 days.

The approach taken to determine the predict-
ability of ZI employs the “model twin” formula-
tion (Tribbia and Baumhefner, 1988). The design
of these experiments and their results are discussed
in Section 2. Section 3 describes a simple analytic
model for the loss of predictability in ZI, and the
final section is a summary of the results with a
discussion of their implications.
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2. Predictability experiments

The predictability of Z/ in our two-layer model
is determined from 60 twin experiments: 36 of
60 days duration and 24 of 100 days duration.
Each pair of twins includes a control run and a
perturbed run. The initial condition for each
control is selected at random from the first 3000
days of the 6000-day model run. The initial condi-
tion for each perturbed run is identical to that of its
twin except that a small perturbation is added to
the model field. This perturbation is obtained by
taking the 10-day high-pass filtered fields from
another randomly chosen day and multiplying
them by a small number, 0.01. The 10-day high
pass fields are in turn calculated by subtracting the
10-day low-pass filtered data (Blackmon, 1976)
from the full model output.

The results for the 60 twins are shown in Fig. 2
in terms of root mean square (rms) forecast error
and the anomaly correlation. The former quantity
is given by,

521"“8([) = <(Zlcomrol(t) _ ZIpcrturbcd(t))z >1/2,

(2.1)
and the anomaly correlation is given by,
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Fig. 2. (a) Normalized rms forecast errors from 60 model twin experiments for the zonal index (solid curve), and the
500 mb streamfunction (thick shaded curve). (b) Anomaly correlations between ZI in the forecast and control model
twins (heavy solid curve), anomaly correlations between ZI in the control and its value at day 0 (thin solid curve),
and anomaly correlations between forecast and control 500 mb streamfunction fields (thick shaded curve). The curves
for the model twin and persistence forecasts of ZI break at day 60. At earlier times they are based on 60 experiments,
while after day 60 they are based -on only 24 experiments.
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where the brackets indicate an ensemble average,

1 60
»=—213 x, :
X=X (23)
and the anomaly in ZI, AZ], is given by,
AZI=ZI-7I, (2.4)

where ZI is the climatological mean of ZJ
calculated from the final 5980 days of the 6000
model run. For both quantities the corresponding
curves are also shown for the barotropic compo-
nent (500 mb value) of the Northern Hemisphere
streamfunction. The rms errors are normalized by
their mean values over the final 15 days of the
experiments, and the anomaly correlations for the
500 mb streamfunction are the average of the
pattern correlations between the deviations from
climatology of the streamfunction in the perturbed
and control runs.

Both panels in Fig. 2 suggest that the zonal
index is significantly more predictable in our
model than the overall barotropic flow. What is
perhaps surprising, however, is that ZI becomes
unpredictable by the twin forecasts in such a short
time. If an anomaly correlation of 0.5 is used to
define the limit of useful forecasting, then Z7 is
predictable for about 23 days. Furthermore, it is
seen that the predictability of ZI lasts for only a
week beyond that of the 500 mb flow, and that ZI
loses predictability on a much shorter timescale
than its typical periods, which, according to its
spectrum, are close to 100 days.

Our estimate of 16 days for the predictability
of the 500mb streamfunction is generous
compared with that of other studies. Tribbia and
Baumbhefner, for example, found that anomaly
correlations at 500 mb dropped below 0.5 in
10 days. Part of this difference may be explained by
the small initial errors used in this study, an
initial rms error at 500 mb of 0.7m compared
with the 1.5 m initial errors used by Tribbia and
Baumhefner. It takes 2.5 days for errors in the
present model to reach 1.5m, so even after
correcting for the smaller initial perturbation, our
model loses predictability at 500 mb significantly
more slowly than the model they used, the
Community Climate Model (CCM). A possible
explanation for this discrepancy is that initial
errors for the present model are taken from its
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synoptic timescale variability, and are, therefore,
not truly random. Also, there is no convection in
our model, and convection may contribute to the
more rapid growth of errors in the CCM.

The long timescales present in the variability of
ZI suggest that persistence may be a useful forecast
at some ranges. Fig. 2 also shows anomaly correla-
tions for persistence forecasts. Simple persistence,
i.e., the day O value of ZI, is an as good or better
forecast than the model twin for all ranges greater
than 25 days. At ranges of greater than 50 days the
anomaly correlations of the twin forecasts fluc-
tuate about zero, while anomaly correlations for
persistence level off at a value between 0.1 and 0.2.
While it is unlikely that such low anomaly correla-
tions could be of any practical use, it is not clear
why this persistence is lost in the twins.

A similar result is found in forecasts for the
monthly averages of ZI (Table 1). For the average
of ZI over the first 30 days, the model twin
provides the best forecast, though persistence
would explain about half of the variance in the 60
runs. For the average of ZI over the second month,
the best forecast is the average of the twin forecast
over the first month, followed by persistence from
day 0, and the worst forecast is the average of the
model twin forecast over the second month.

The importance of persistence can be seen in the
forecasts for the daily values of ZI, as well as in the
monthly means. Fig. 3 shows the day of the twin
run that has the largest anomaly correlation with
ZI in the control, across the 60 pairs of runs. Also
shown is the value of that “best” anomaly correla-
tion. The model twins provide useful forecast infor-
mation only for the first two weeks. At later times
the best forecast is to assume persistence from the
day 14 or 15 twin forecast. Using this strategy,
the maximum range for useful forecasts of
ZI (anomaly correlations greater than 0.5) is

Table 1. Anomaly correlations for the monthly
mean zonal index; correlations are with the monthly
means of the first and second months of the twins
and with a persistence forecast

Forecast Type Month 1 Month 2
twin (month 1) 0.89 0.41
twin (month 2) 0.41 0.16
persistence (day 0) 0.71 0.30
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Fig. 3. Highest anomaly correlation between ZJ and the
model twins at all forecast days and the forecast day that
gives this highest correlation.

extended to 35 days. This result, that all the useful
information for forecasting ZI at the extended
range comes from early in the model integration, is
similar to Roads’ (1987a,b) result for time
averaged forecasts. A possible inference from this
similarity is that ZT acts like a temporal average of
the behavior of the two-layer model. We return to
this point in the next section.

The growth of forecast errors in ZI can be
diagnosed using the equation for the evolution
of the index. Following Robinson (1991b), this
equation is,

d(5z1)

TR OIMF — C4 0ZI + 6Res,

(2.5)

where for any quantity, X, its forecast error, 4X, is
given by,

5X= Xperturhed _ Xcomrol (26)

The terms on the r.h.s. of (2.5) are the forcing of the
index by the transient flux of momentum, the effect
of surface drag, and a residual that includes the
effects of diffusive dissipation on the index and
whatever errors are introduced in the calculation
of the other terms. An equation for the growth of
error variance, over the ensemble of experiments,
is obtained by multiplying (2.5) by 6ZI for each
pair of twins and taking the ensemble average;

2
d—«fi-f—>= 2{SMF 6ZI> —2C{(6Z?)
+2(3Res 8ZI>. (2.7)
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Fig. 4. Terms in the equation for the evolution of the
variance of the forecast error for ZI.

Fig. 4 shows the evolution of the three terms on the
r.hs. of (2.7) that contribute to the evolution of
the error variance of ZI. The growth in error in the
forecast of ZI is driven by errors in forecasting
the eddy momentum fluxes. Once the errors in ZI
are sufficiently large, around day 25, drag limits
further growth, and the tendency of the error
variance fluctuates about zero. The contribution
from Res is small, and, because it includes the
effect of diffusion, it tends to be negative.

3. A simple model for the growth of
forecast errors

The simplest possible model of the growth in
errors in model twin forecasts of ZI is to assume
a one-way interaction with essentially random
forcing by the eddies through their momentum
fluxes. In this case the error in the forecast of ZI
would obey a simple equation of the form,

d(éZI)
d:

=&—C48ZI, (3.1)

where ¢ is some randomly varying function of time
that represents the forcing of error growth by
errors in the eddies. The variance of ¢ would be
expected to grow from initially small values to
some saturation value on a timescale similar to
that of the overall growth of errors in the model. It
remains to be seen whether such a simple model is
consistent with the behavior of the two-layer
model. After the initial period of transient error
growth the twins should be uncorrelated, and the
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statistics of 6Z7 should become identical to those
of AZI Eq.(3.1) predicts that the logarithmic
spectrum of 8ZI will have a maximum at a
frequency, f,..x, given by,

Cy

fmax=5' (32)

For C4=0.1days ™", f,... =0.016 days !, which is
somewhat greater than the frequency at the peak
in Fig. 1.

Equation (3.1) can be made more general by
including a positive feedback between the zonal
index and its forcing by the momentum flux, i.e.,

SMF=¢+ o 8ZI. (3.3)

The strong positive correlations between the zonal
index and its forcing by synoptic eddies found by
Robinson (1991b) suggests that such a feedback
may be present in the two-layer model. Adding a
positive feedback to (3.1) it becomes,

d(6ZI)
ds

In order to determine the predictability of index
errors obeying eq. (3.4), some assumptions must
be made regarding the temporal behavior of the
random forcing, &. We assume that ¢ is piecewise
constant in time, but at a random value with a
variance that increases from zero initially to a
saturation value, i.e.,

=e—(Cy—a)8ZI. (3.4)

e(t)=4;R;,
i=0,1,2,..,

t<t<(i+ )7,
(3.5)

where R; is a random number with unit variance,
and A; represents the increase in error variance
with time,

1 i 2
Z|:1——cos(%>], it T .

1, w>T

A=
(3.6)

The solution of (3.4), if the initial error is zero, is
t

§ZI(t) = j o) e~Pe=1) dy, (.7)
1]
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where = C,4 — o. Substituting from (3.5) yields,

e P (1—eF) ¢ 4
_% Z A,-R,-e’ﬂ’.
i=1

The error variance at time ¢ = jr, is then given by,

OZI(jr)= (3.8)

J
OZI(jo)?y mrle V0 Y A2e%Fr,

i=1

(3.9)

for Bt < 1. The error variance in the momentum
flux is given by,
(OMF?y =o?(8ZI*y + A} (3.10)
At long times, ¢ — o0, these quantities take on the
values,
T
8ZI*)y = —,
< > 26
(3.11)

2,
Fy=1+4+=
(OMF? =145

For values of the parameters that are relevant to
ZI in the two-layer model, a*t/28< 1, and the
ratio of the variance of the errors in ZI to those in
MF, as t > o0, is approximately given by,

R ICTALD T
TLCOMF |, L, 28

In order to match the saturation error variances of
MF and ZI in the two level model, R can be
estimated from the model results, and o and t must
satisfy,

(3.12)

1=2R(C4q—). (3.13)
From the final 30 days of the 24, 100-day twins, an
average value for R is 12.7 days®. Our model for
error growth, (3.9), can then generate a family of
curves for the growth of rms errors or the decay in
forecast anomaly correlations, for different values
of the feedback parameter, a. (The anomaly
correlations are simply the square of the rms errors
subtracted from 1.) For each value of o, the
associated value for the forcing timescale, 7, is
given by (3.13). These curves are shown in Fig. 5,
with the appropriate results from the model twins
shown for comparison. The curves in Fig. 5 are



336

1.0
a /%E
0.8 N
. /4
g 0.6
w
2 o4
o [e'=0., .02, .04, .05, .06,.07]
0.2
0.0
0 15 30 45 60

Day

W. A. ROBINSON AND J. QIN

1.0
b

s " [o =0, 02, .04, 05, 06, 07
g 06 LS
TN
£
< 02 \\\W

0.0 g

0 15 30 45 60
Day

Fig. 5. Rms error in ZI from the 60 model twins compared with the error growth in the simple model. The simple
model uses a time 7' =20 days for the growth of random errors, and curves are shown for different values of the feed-
back parameter, «. Starting from the top, a =0, 0.02, 0.04, 0.05, 0.06, 0.07. (b) As in (a), except for the Z/ anomaly

correlation.

generated assuming a 20 day turn-on time, 7, for
the amplitude of the random errors.

As is clear from Fig. 5, the simple model does
not do especially well in simulating the detailed
temporal growth of forcast errors in Z7 in the
model twins. The simple’ model is successful,
however, in showing how an atmospheric feature
that acts as a dynamical filter of synoptic “noise”
can exhibit both a red spectrum and a rapid loss
of predictability. From Fig.5 it appears that
0.05days~! is a reasonable value for a (r=
1.3 days). For this value the anomaly correlation
falls below 0.5 in 25 days, but the spectrum of 6Z7
peaks at a frequency of 0.008 days~! (a period of
126 days).
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Fig. 6. Predictability, defined as the time at which the
anomaly correlation drops to 0.5, and the characteristic
period of variations, in the simple model, as a function of
the feedback parameter, a.

The mismatch between the characteristic time-
scale of variations in ZI and its predictability is
insensitive to the strength of the positive feedback.
Fig. 6 shows the predictability (the time at which
the anomaly correlation decays to 0.5) and the
period of the spectral peak for ZTI as a function of
the feedback parameter, a. As the feedback cancels
more and more of the effect of dissipation, the
periods and predictability increase, but the period
remains about a factor of 10 longer than the
predictability. As « increases, however, the amount
of variability in ZI to be forecast increases
according to (3.11).

4. Summary and discussion

Our principal finding is that an inherently low-
frequency feature of the dynamical variability in a
nonlinear model can be effectively forecast over
times that are much shorter than the characteristic
period of the variability. The zonal index, ZI, in
our two-layer model has its strongest variability at
periods close to 100 days, but it can be forecast by
model twins with useful skill only about 25 days in
advance.

The predictability of ZI is reminiscent of the
predictability of time-averages, studied by Roads
(1987a, b), suggesting that variability in ZI
represents dynamically filtered variability in the
synoptic eddies. In particular, a forecaster living
in our model would derive no benefit, in terms
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of forecasting ZI, from running a numerical
forecasting model for more than two weeks.

Comparing the results with those from a simple
model of the error growth suggests that both the
long timescales present in timeseries of Z7 and its
predictability are in part due to the existence of a
positive feedback between the zonal index and its
forcing by eddy momentum fluxes. The greater the
strength of such a feedback, the longer will be the
characteristic periods of fluctuations in ZI, and
the greater will be its predictability. A value of
about 0.05days™' for the feedback parameter
appears to produce the best match between the
simple model and our forecasting experiments. At
this value the feedback cancels half of the dissipative
effect of surface drag.

The physical mechanism of the positive feed-
back remains, however, somewhat uncertain. The
strongest candidate involves the modulation by
the zonal index of the generation of eddy activity
by baroclinic instability. First, Robinson (1991b)
noted that the baroclinic component of the jet
followed the meridional displacements in its
barotropic component that are associated with
variations in ZI. Secondly, baroclinic instability
calculations, conducted with basic states with a
range of values of ZI, show that the most unstable
wave, wavenumber 7, has maxima in its amplitude
at two latitudes: in the subtropics and in higher
latitudes. The high-latitude maximum is stronger
for basic states with larger ZI. Hence, the average
latitude at which eddy activity is generated follows
the meridional excursions of the jet under varia-
tions in ZI, at least to the extent that the linear
most unstable modes are relevant to the nonlinear
model. If the effect of the eddies over a baroclinic
lifecycle is to converge momentum into the region
of initial generation, then the meridional shift in
the baroclinically unstable waves with changes in
ZI will lead to a positive feedback.

Such a mechanism might also explain some of
the marked differences between the behaviors of
the two-layer model and the simple model. In
particular, a positive feedback that depends on the
behavior of eddies over an entire baroclinic life
cycle could be most effective in amplifying (or
opposing the dissipation of) variations in ZI
on longer timescales. Replacing our frequency
independent feedback with one that worked
preferentially for low frequencies could correct the
principal deficiency of our simple model, that it
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overestimates the growth of forecast errors at
times greater than a month. Statistical techniques
exist that would permit the construction of a
model for the feedback that would be optimal in
terms of reproducing the behavior of the model
twins. It is not clear, however, that this approach
would contribute significantly to our under-
standing.

A final point is how the present results relate to
those of Tung and Rosenthal (1986), who con-
sidered the predictability of the zonal index in a
quasi-geostrophic channel model with orography.
A detailed comparison is difficult, because there is
no orography in our model, and because they
treated as fixed the sole quantity responsible
for the loss of predictability in our model, the
zonally averaged momentum fluxes by transient
eddies. Nothing in the present results, however,
contradicts their finding that the zonal index is
predictable for at least 10 days.

A key finding of Tung and Rosenthal was that
orographic form drag is unlikely to be an impor-
tant mechanism for the growth of forecast errors,
for reasonable settings of the parameters. While
the model discussed above cannot address the
issue of orographic forcing, we have also run our
model with orography, an isolated mountain
centered at 40°N. The orography is included as
described by Hendon (1986). As in the present
case, the model with orography has a dominant
mode of zonally symmetric variability that is used
to define the zonal index, and the spectrum of its
variability is very similar to that in the zonally
homogeneous model. The index EOF has a node
at the same latitude as the center of the mountain.
This prevents orographic form drag from having a
significant influence on the evolution of the index.
The index does, however, influence the orographic
stationary waves. These waves are substantially
different in high and low index states, and the
stationary eddy field is most persistent where
the orographic eddies are most affected by the
difference between high and low index zonal flows.

The results of our experiments with an isolated
mountain are, therefore, consistent with those of
Tung and Rosenthal in two respects. First, varia-
tions in the zonal index, through their interaction
with the orography, are an important source of
the variations in the low-frequency eddies, and
secondly, the orographic form drag does not
contribute significantly to the evolution of the



338

index. The strong feedback between the stationary
waves and the zonal flow, by way of the mountain
torque, that is required for form drag instability, is
not present, and, therefore, form-drag instability
cannot contribute significantly to the growth
of forecast errors. It is possible that given a
different orography, a meridionally elongated
ridge for example, the orographic form drag might
interact with the zonal flow in such a way as the
enhance the predictability of the index beyond that
found in the present work, thereby improving the
predictability of the orographic stationary waves
(K. K. Tung, personal communication). We plan

W. A. ROBINSON AND J. QIN

to carry out experiments with a Rockies-like
orography in the near future.
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