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ABSTRACT

The three-dimensional structure of random error growth in the National Meteorological Center’s Medium-
Range Forecast Model is investigated in an effort to identify the sources of error growth. The random error
growth is partitioned into two types: external error growth, which is due to model deficiencies, and internal error
growth, which is the self-growth of errors in the initial conditions. Forecasts from winter 1987, summer 1990,
and winter 1992 are compared to assess seasonal variations in regional error growth as well as forecast model
improvement. The following is found:

e In the tropics, large external error growth at the 200-mb level is closely associated with deep convection.
There is evidence of significant model improvements in the tropics at the 850-mb level between 1987 and 1992.

e The spatial structure of the external error growth in the midlatitudes suggests that the representation of
orography in the model, especially over Antarctica and the Rockies, is a significant source of errors.

e Internal error growth in the midlatitudes is greater over the Atlantic and European regions than over the
Pacific region and appears to be associated with blocking phenomena, especially over the North Atlantic and
Europe. The Northern Hemisphere exhibits a seasonal cycle in the magnitude of error growth, but the Southern
Hemisphere does not.

The results for the external and internal error growth rates were obtained using a parameterization of the cor-
relation between forecasts and the verifying analyses. The parameterization is based on the assumption that linear
random error growth is caused primarily by model deficiencies, and the validity of this assumption is examined.
The results suggest that, in the tropics, significant increases in forecast skill may be obtainable through both
model and analysis improvement. In the midlatitudes, however, there is less potential for increases in forecast
skill through model improvement, and decreasing the analysis error becomes more important. The parameter-
ization yields results that are physically meaningful and in agreement with previous predictability studies, and
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that provide quantitative estimates of the spatial and temporal distribution of the sources of forecast errors.

1. Introduction

Random error growth in the National Meteorological
Center’s (NMC) Medium-Range Forecast Model
(MREF) is studied in an effort to estimate the limits of
predictability as well as what skill might be obtainable
through model improvements or from better observa-
tions on a regional basis. This is done by parameter-
izing the random error growth as a function of two
sources: internal and external. The internal error source
represents the self-growth of errors in the initial con-
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ditions. For example, internal error growth may be
large in regions of high baroclinic instability or in con-
vergence regions of advected errors. The external error
source represents the random error growth due to
model deficiencies. Large external error growth will
indicate where the model is most deficient in simulating
the real atmosphere. An understanding of the spatial
structure of this type of error should aid in determining
the mechanisms responsible for the error and ultimately
lead to their reduction and to model improvement.

" a. Internal errors

It is expected that a significant part of the internal
error growth will be due to instabilities in the atmo-
sphere. As Lorenz (1965) pointed out, the self-growth
of small-scale errors will eventually contaminate larger
scales, and this, in turn, results in an upper bound on
predictability. Many studies have been done using tur-
bulence theory as well as simple and complex models
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in an effort to estimate limits of predictability (Leith
1971; Leith and Kraichnan 1972; Shukla 1985).

Lorenz (1982) used random forecast error growth
rates and random forecast difference growth rates (i.e.,
differences between forecast runs) to estimate the cur-
rent, as well as the upper bound on, predictability. He
found that if model predictability is the same as at-
 mospheric predictability (an admittedly overoptimistic
assumption ), then model improvements could result in
10-day forecasts as good as the then present 7-day fore-
casts. This skill could be extended by 2 days by halving
the 1-day forecast error. He also pointed out that as the
model improves the actual forecast skill will increase,
but the approximation of the upper bound on predict-
ability will decrease. These results are consistent with
the results of a more recent study (Chen 1989) that
estimated that the 1986 NMC MRF had skill for the
first week of forecast time and a limit of dynamic pre-
dictability of about two weeks.

Obtaining a single value for the error doubling time
or growth rate for the entire globe or for a hemisphere
may be misleading. The limit of predictability is a func-
tion not only of the error growth rate but also of the
error saturation value, whose magnitude is roughly
double that of the variance of the field (Miyakoda et
al. 1972). Both the variance and the error growth rates
have been shown to be functions of latitude (Shukla
1985; Kalnay et al. 1988), season (Shukla 1985), and
scale (Lorenz 1969; Smagorinsky 1969; Dalcher and
Kalnay 1987). Palmer (1988) and Chen (1990) have
found relationships between forecast skill and the phase
of the Pacific—North America pattern (Horel and Wal-
lace 1981). Ferranti et al. (1990) document links be-
tween the strength of the intraseasonal oscillation and
medium-range forecast skill.

Schubert and Suarez (1989) investigated the spatial
distribution of error growth in a two-level GCM. An
eigenvector analysis of the error correlation matrix sug-
gested that the fastest large-scale error growth is due
to large-scale—small-scale interaction found over the
Atlantic. By examining the root-mean-square error ten-
dencies, they found preferential error growth over the
eastern oceans, which they suggest is due to large-
scale—small-scale interactions associated with the ma-
ture and decaying phases of baroclinic waves. Consis-
tent with their eigenvector analyses, the error growth
rates over the North Atlantic are larger than those over
the North Pacific for the first 10 days, although growth
rates over the North Pacific become larger than those
over the North Atlantic later in the integration.

b. Model deficiencies

Model deficiencies can cause both systematic errors
(i.e., the climate drift of the model) and random errors
that do not result in a time mean signal. Since it is not
possible to determine the exact errors in the initial con-
‘ditions of a forecast, it is difficult to separate the ran-
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dom error growth caused by model deficiencies (dif-
ferences between the model and the atmosphere ) from
the unstable self-growth of the initial conditions errors,
except by estimation and parameterization. Leith
(1978) approached this problem by assuming that the
exponential part of the error growth is due to the self-
growth of errors, while the linear portion of the random
error growth results from model deficiencies. Sources
of model deficiencies such as inadequate cumulus pa-
rameterization and orographic forcing have since been
shown to result in linear error growth (Wergen 1984,
Wallace et al. 1983), supporting Leith’s hypothesis.

Dalcher and Kalnay (1987) modified Leith’s ap-
proach by including the effects of error saturation in
their parameterization. They found that model deficien-
cies dominated error growth in the zonal tropical belt,
while the self-growth of errors was the dominating pro-
cess in the midlatitudes. In this study, we modify the
approach of Dalcher and Kalnay by using the correla-
tion between forecasts and analyses instead of random
mean-square error growth, and apply the analyses to
smoothed spatial fields. We also perform the same pa-
rameterization on correlations between forecasts
started 1 day apart to evaluate the validity of the as-
sumption that linear error growth is due primarily to
model deficiencies.

Arpe et al. (1985) compared model forecasts run
from different analyses and used an error budget equa-
tion to separate the contributions to the forecast error
arising from model error and analysis error. They found
that analysis error dominates error growth for the first
2 days and after day 5, while model error dominates
error growth between days 2 and 5. They also found
that while, initially, forecast errors increased linearly,
forecast differences increased exponentiaily, support-
ing Leith’s (1978) hypothesis that external error
growth is linear in nature.

The method employed to investigate the nature and
structure of random forecast error growth, along with
the forecast datasets used, will be described in the next
section. In section 3 the results of the parameterization
of the random error growth for the zonally averaged
fields are presented. Section 4 contains the results of
the error parameterization for the full spatial fields. The
results of the application of the parameterization to the
random differences between forecasts are presented in
section 5 in order to assess the validity of some of the
underlying assumptions that the parameterization is
based on. The results of this study are summarized and
conclusions are made in section 6.

2. Experimental design

a. Data

All analyses and forecasts used are output from
NMC’s MRF. For two winter seasons and one summer
season, January through March of 1987 and 1992
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(JFM87 and JFM92), and June through August of
1990 (JJA90), 90 consecutive daily analyses and fore-
casts are analyzed. The first two periods are part of the
Dynamic Extended-Range Forecasting ( DERF) project
being conducted at the National Meteorological Center,
described by Tracton and Kistler (1988).

The DERFII dataset (Schubert et al. 1988) is a series
of 30-day forecasts made during the winter of 1986/87
using the then operational MRF (MRF86), which had
a horizontal resolution of rhomboidal 40 (R40) and 18
layers in the vertical. A detailed description of the
DERFII dataset and its characteristics, as well as the
1986 version of the MRF, are given by Tracton et al.
(1988). Moisture is considered explicitly in the lowest
12 layers, or approximately up to 300 mb.

The DERF90 experiment took place in the summer
and fall of 1990, while a window of opportunity existed
on NMC’s then new Cray computer (Saha et al. 1990).
Many important changes had taken place in the model
formulation between 1987 and 1990 including the in-
troduction of gravity-wave drag, increased model res-
olution from R40 to triangular 80 (T80), and the ex-
tension of moisture into the upper layers of the model
(Alpert et al. 1988; Caplan and White 1989; Kalnay et
al. 1990). The DERF90 dataset is a series of consec-
utive 90-day forecasts running from May to October
1990. The model used was similar to the operational
T80 model described above except for the reduced
(T40) horizontal truncation, and the relaxation of cer-
tain surface fields toward climatology to account for
the increased length of the forecasts.

Although it is useful to compare the differences be-
tween the results for a winter and a summer period, a
second winter period is needed to assess the improve-
ments made in the model between 1987 and the present.
The last forecast set used is the operational 10-day out-
put of the MRF for the winter of 1992. Between 1990
and 1992, the horizontal resolution of the model was
increased from T80 to T126, mean orography replaced
enhanced orography, a new marine stratus parameter-
ization was introduced, the horizontal diffusion in the
medium scales was reduced, and an improved SST
analysis was implemented (Kanamitsu et al. 1991).

A major change to the global forecasting system at
NMC was the introduction of the spectral statistical in-
terpolation (SSI) analysis scheme in June 1991 (Der-
ber et al. 1991; Parrish and Derber 1992) that replaced
the previously operational optimal interpolation (OI)
scheme. The new SSI produces a smoother correction
to the 6-h first-guess forecast, while the root-mean-
square fit to the observations remains as good or better
than for the previous Ol analysis scheme. Thus, the new
analyses are more consistent with the MRF climatol-
ogy, especially in the tropics.

In addition to the recent changes to the model, the
last forecast set is produced from a model run at a sig-
nificantly higher resolution than the first two datasets.
The statistical analyses were preformed on 3° latitude
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X 5° longitude gridded fields transformed from reduced
(T21) versions of the DERF datasets and the full T126
resolution for the operational output.

b. Development of the random error
parameterization

We consider the works of Leith (1978) and Dalcher
and Kalnay (1987) in developing a method to deter-
mine if random error growth is caused by the internal
growth of errors in initial conditions or by model de-
ficiencies. Leith (1978) proposed representing random
error growth as a function of both internal and external
sources such that

E
6—1(;—= aRE + z, (1)

where a would represent the internal (exponential ) ran-
dom error growth. External (linear) random error
growth due to model deficiencies is represented by z.
Random error (RE) is represented by error variance
rather than root-mean-square error because of the use-
ful additive property of squared quantities (Leith
1978). The total mean-square error (TE) is equal to
the sum of systematic mean-square error (SE) and ran-
dom mean-square error (RE):

X —X)* = (X - X) + (X;-X2)?, (2)

where the overbar represents a time mean and the prime
represents a deviation from that mean. The subscript f
refers to the forecast value and the subscript a refers to
the value from the verifying analysis. These quantities
are calculated in gridpoint space for the zonal wind
field U and the geopotential height field Z at the 850-,
500-, and 200-mb levels. Random difference (RD) is
calculated in the same manner as RE except it involves
the differences between two model forecasts started 1
day apart verifying on the same day as opposed to the
differences between the forecasts and the verifying
analyses.

A parameterization of the temporal correlation be-
tween forecasts and verifying analyses is developed
based closely on the parameterizations of Dalcher and
Kalnay (1987) and Kalnay et al. (1988). The decay of
the temporal correlation C, calculated as a function of
forecast lead time ¢, between the forecast and the ver-
ifying analysis is parameterized as

6C
E=—[a(1—C)+z]C (3)
and has the solution
1+ za™!
Cc(t) = (4)

1+ za'exp[(a+2)t]

Here, as in (1), a represents the exponential loss of
correlation due to the internal growth of initial errors,
and z represents the linear loss of correlation due to
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model deficiencies (external errors). The validity of
the assumption that linear error growth is due to model
deficiencies is investigated by comparing results for
forecast—analyses correlations with forecast—forecast
correlations and is discussed in section 5.

The temporal correlation between the forecasts and
the analyses, to which the above parameterization is fit,
is computed as

clry - =KX K)
[~ X7 (X, ~ )71

where the overbar represents a time mean average over
the length of the dataset (90 days); C(¢) is calculated
at each grid point for all forecast lead times.

There are a few reasons for choosing the temporal
correlation between forecasts and analyses instead of
the random mean-square error as the representation of
forecast skill. The RE growth rates are a function of
RE,,,, the saturation value of RE, which is often poorly
defined, and would have to be estimated for the 10-day
operational forecast dataset from 1992. Also, the inclu-
sion of the extra parameter (RE,,) does not result in a
better fit of the data. _

Use of the correlation also accounts for the decrease
in variance of the model with forecast time. Figure 1a
shows the RE and RD curves for the JFM87 200-mb
U field for the 10° latitude band centered on 5°N. The
RE saturation value is approximately 85 m* s 2 and the
RD saturation value is less than 60 m? s 2, owing to
the large decrease in model variance with forecast time.
Figure 1b shows the correlations between forecasts and
verifying analysis (CE) and correlations between fore-
casts starting 1 day apart (CD) as a function of forecast
time, also computed for the zonally averaged latitude
band centered on 5°N for the JFM87 200-mb U field.
When the correlation has been calculated using a high-
pass filter to remove the positive signal left by the sea-
sonal cycle, all correlation curves should approach zero
asymptotically. Thus, it is not necessary to have fore-
casts long enough so that the saturation value can be
determined empirically. Therefore, the correlation
curves are especially convenient to use when one has
forecasts of lengths of only 5 or 10 days with which to
work.

(%)

3. Parameterization results: Zonal averages

In previous studies, random error growth has been -

shown to vary significantly with latitude (Dalcher and
Kalnay 1987; Kalnay et al. 1988). The results for zon-
ally averaged fields are a convenient way to compare
the differences in error growth between tropical and
extratropical regimes.

a. Comparison of the tropics and the extratropics

Visual inspection of the shape of the correlation
curve can yield qualitative information about whether
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Fic. 1. (a) Random mean-square error (m* s ~2, curve A) and ran-
2, curve B) as a function of fore-
cast time for the 10° latitude band centered on 5°N for the JFM87
200-mb U field. (b) Correlation error (curve A) and correlation dif-
ference (curve B) as a function of forecast time for the 10° latitude
band centered on 5°N for the JFM87 200-mb U field.

model deficiencies or unstable internal errors are dom-
inating the random error growth. Inspection of (3) in-
dicates that the slope of the correlation curve when the
correlation is close to 1 is approximately —z. There-
fore, correlation curves that have the largest initial de-
creases have the largest values of z, indicating the dom-
inance of model deficiencies in the random error
growth. From the second derivative of (3), the time at
which the correlation curve has an inflection point #nq
is given by

fq = alz) (6)

a-+z

From this equation, it is clear that larger values of z
+ a will result in inflection points closer to ¢ = 0. If z
> a, and model deficiencies are more significant than
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the internal growth of initial errors, then #,; becomes
negative, and the correlation curve is concave-up, in-
stead of ‘S’’-shaped (initially concave-down).

Figure 2 shows the 10-day correlation error (CE)
and correlation difference (CD) curves for both the 0°—
10°N band (curves A and B) and the 40°-50°N band
(curves C and D) for the JFM87 200-mb height field.
In the tropics, the CE (curve A) drops off rapidly ini-
tially, resulting in a concave-up curve, illustrating how
quickly tropical forecasts diverge from the verifying
analyses and how model deficiencies are dominating
the random error growth. The CD (curve B) decreases
very slowly and in fact increases slightly for the first
few days, representing an initial forecast convergence.
Although this increase appears slight for the zonal av-
erages for this field, there are regions of the tropics—
for instance, the western Pacific—where the CE in-
creases from 0.65 to 0.8 during the first few days. Chen
(1989) noticed a decrease in the root-mean-square dif-
ference in the tropical height field. The use of the cor-
relations here shows that this convergence of forecasts
is due to other factors besides the severe decrease in
variance that the model undergoes during the first few
forecast days.

In the tropics, even though the systematic error, or
the climate drift, is removed, the random parts of the
model forecasts not associated with this systematic er-
ror behave in a very different manner from the atmo-
sphere, and correlations between the forecasts and the
verifying analyses decrease quickly. However, fore-
casts started 1 day apart become more alike for the first
few days; that is, the correlation between them in-
creases. Forecasts become more uniform, more like the
model climatology, during the initial ‘‘spindown’’
phase. After the first few days, the forecasts diverge as
expected. Thus, it appears that while the model pro-
duces poor forecasts in the tropics, the model tropics
themselves are relatively predictable. Unfortunately, as
the large difference between the CE and CD in the trop-
ics illustrates (Lorenz 1982), the model is most unlike
the real atmosphere in this region, and the increase in
CD for the first few days is a by-product of the large
inconsistencies between the tropical analyses and
model climatology.

In the extratropics, the CE (curve C) and CD (curve
D) both decrease in a similar fashion, resulting in con-
cave-down curves, with an inflection point around day
6 for the CE, indicating small model deficiencies. The
smaller differences between these two curves as com-
pared to the differences between curves A and B also
illustrate that model deficiencies are less severe in the
midlatitudes than in the tropics. We would expect these
aspects to be reflected in the results of our parameter-
ization.

The initial correlation for the extratropical curve
(corresponding to a 1-day forecast) is greater than 0.95,
while the initial correlation for the tropical curve is only
approximately 0.8. This is most probably due in part to
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FiG. 2. JFM87 200-mb height field correlation error and correlation
difference for the 10° latitude bands centered on 5°N (curves A and
B, respectively) and 45°N (curves C and D, respectively).

the large difference in variance between the different
regions, so that the same absolute error would be a
much higher percent of the saturation error (and like-
wise a smaller CE) in the region with low variance.
However, this large day-1 error in the tropics may also
be due to analysis errors. The uneven distribution of
observations over the globe results in varying degrees
of uncertainty in the analysis errors, which may effect
initial error growth as well as the validity of what we
consider as verification. The large inconsistencies be-
tween the tropical analyses and model climatology
mentioned above result in the severe initial spindown
and negative difference growth rates discussed above,
while the large uncertainties in analyses inhibit the ac-
curacy of estimated error growth rates. The degree of
uncertainty in knowing the true atmospheric state,
which is particularly large in the tropical and polar
regions, should be kept in mind when examining results
for which analyses are used as truth.

b. External error results

We now consider the results of the parameterization
fit to the correlation error for the first five forecasts days
for zonally averaged bands of 10° width, for both the
U and geopotential height fields at three atmospheric
levels. The period of five forecast days is chosen be-
cause of its applicability to operational forecasts. The
sensitivity of the results to the number of forecast days
included is discussed at the end of this section. We first
present the results for the parameter z from (3), which
represents error growth due to model deficiencies. For
all the figures in this section, curves A, B, and C rep-
resent the 850-, 500-, and 200-mb levels, respectively.
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FiG. 3. External error parameter z (day ') for zonally averaged
correlation errors for the height field for (a) JFM87, (b) JFM92, and
(c) JJA90 at 850 mb (curve A), 500 mb (curve B), and 200 mb
(curve C).

Figure 3 shows the values of z derived for the
JFMB87, JFM92, and JJA90 periods for the height fields.
The most conspicuous feature for all three cases is the
large values of z in the tropics. For the JFM87 case, z
reaches maximum correlation decay rates of 35%
day ™' at the 850-mb level. The decay rates at the 200-
and 500-mb levels are almost 25% day ' and 15%
day 7!, respectively.

The results for JFM92 show decreases in the value
of z in the tropics, especially at the 850-mb level where
z drops to 15% day ~! from 35% day ™' for the JFM87
period. The improvements suggested by these results
are most probably due to the implementation of the new
analysis scheme in the MRF, which results in analyses
more consistent with the model climatology and sig-
nificantly reduces the spindown effect. The impact of
changes made to the model in 1988 in the vertical dif-
fusion and surface flux schemes (Caplan and White
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1989) may also be important, as well as the fact that
the JFM92 simulations were performed at a much
higher resolution than the JFM87 simulations. In the
midlatitudes, the values of z for the two winter periods
are similar and are very consistent among all three lev-
els of the atmosphere. The decay rates for the Southern
Hemisphere midlatitudes are approximately 5% day ™
and are slightly lower for the Northern Hemisphere. It
is curious to note that for the JJA90 case the 200-mb
level has very low values of z (about 10% day ') in
the tropics. However, because of the change in season,
it is not possible to determine if this decrease is due to
model changes or changes in the location and intensity
of the convection.

The values for z for the U field, shown in Fig. 4, are
qualitatively similar to those of the height field, with a
few significant differences. The maximum in z in the
tropics is still obvious but another equally conspicuous
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FiG. 4. External error parameter z (day ') for zonally averaged
correlation errors for the U field for (a) JFM87, (b) JFM92, and (c)
JJA90 at 850 mb (curve A), 500 mb (curve B), and 200 mb
(curve C).






