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ABSTRACT
Numerical experiments are used to assess the potential benefit of the assimilation of tropospheric and stratospheric

observations on mesospheric prediction. A simulated atmosphere, taken as truth, is created using the Canadian Middle
Atmosphere Model (CMAM). The truth is sampled at the locations of the measurements from the actual observing
system to produce observations, which are then assimilated with the CMAM-DAS (Data Assimilation System). Obtained

forecasts are compared with the truth, and error statistics are calculated. An assessment based on predictability shows
that upward propagation of information resulting from the assimilation of tropospheric and stratospheric observations
improves the mesosphere in the largest scales (with horizontal wavenumbers less than approximately 10). At the same

time, the principal inability of the system to predict mesospheric small scales is demonstrated.

1. Introduction

The departure of the middle atmosphere from radiative equi-
librium is mainly due to dynamic forcing by waves that prop-
agate up from the troposphere (Andrews et al., 1987). Because
waves (and thus information) propagate upwards, tropospheric
and stratospheric observations contain information about the
mesosphere and mesospheric forecasts should be able to benefit
from their assimilation. On the other hand, assimilation gener-
ates noise or spurious waves that grow to large amplitudes in
the mesosphere (Sankey et al., 2007). As a result, mesospheric
analyses and forecasts strongly depend on the ability of an assim-
ilation system to control the growth of spurious waves. In Sankey
et al. (2007), the sensitivity of mesospheric analyses to a filter-
ing procedure applied to suppress the spurious waves generated
in the troposphere and stratosphere was analysed. It was shown
that basic features of the mesospheric flow such as tides may
be easily lost by ‘over-filtering’ or ‘under-filtering’. The present
work quantifies the effect of tropospheric and stratospheric ob-
servations on the mesosphere with the Canadian Middle At-
mosphere Model-Data Assimilation System (CMAM-DAS).
Observations derived from a simulated atmosphere taken as
truth are assimilated and the resulting analyses and forecasts
are evaluated against this same truth. The resulting differences
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are compared with predictability errors (defined below) obtained
without observational information to demonstrate the benefit of
tropospheric and stratospheric observations in propagating in-
formation to the mesosphere through the numerical prediction
model. This comparison shows that the positive impact in cor-
rectly resolving features of the mesosphere is scale-dependent.
The scales over which this impact is achieved are identified.

2. Short description of the data assimilation
system

We use the CMAM model at a T47 resolution and with a lid
at about 95 km. The CMAM is a complex General Circula-
tion Model with interactive chemistry, radiation and dynamics
(Beagley et al., 1997; de Grandpré et al., 2000). McLandress
et al. (1997), Manson et al. (2002) and Sica et al. (2007) have
shown that the CMAM has a realistic amount of mesospheric
variability, by comparing against mesospheric observations.

An Incremental Analysis Updating scheme (IAU), as first
proposed in Bloom et al. (1996), is used to suppress the growth
of spurious waves. The benefit of this filter and its comparison
with the other existing filtering schemes was investigated in
Sankey et al. (2007) in the context of mesospheric dynamics.

A 3-D variational assimilation scheme is used to assimilate
observations from surface stations, radiosondes, aircrafts, cloud-
drift winds and AMSU-A brightness temperatures for chan-
nels 5-13 from NOAA-15 and NOAA-16 satellites (Polavarapu
et al., 2005). An assimilation cycle proceeds as follows.
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Observations from a 6-h window are assimilated and an esti-
mation of the atmospheric state (called an ‘analysis’) is pro-
duced. Then, the model integration starting from the analysis
is performed to produce a prediction for the next synoptic time
(called the 6-h forecast) when the next set of observations will be
assimilated. Currently, we do not assimilate observations higher
than 1 hPa (about 50 km), and there are no vertical correlations
propagating information above this level, so, analysis increments
are negligible in that region. Thus observations can only influ-
ence the mesosphere through the model integration during 6-h
forecasts and not during the analysis step.

3. Description of the experiments

First, a free model run (without data assimilation) is started from
an analysis to generate a reference simulation, which is taken as
the truth. ‘Perfect’ observations are created by sampling the truth
at the locations of the measurements from the actual observation
data set described in the previous section. The observation sim-
ulations are performed using the observation forward models
of the assimilation system. The simulated observation data set
is produced by replacing the values of the actual observations
with those of the background state in observation space. This
is done during a 3D-Var cycle for the reference simulation in
which observations were read in but were not assimilated. The
saved simulated observations are then perfectly consistent with
the reference model simulation, and they reflect actual observed
variables, such as brightness temperatures.! The resultant data
set is consistent with the density and types of measurements
of the actual observation network. Although our system uses
fewer measurements than an operational system, the type and
distribution of measurements is representative of operational
systems. Random errors may be added to the ‘perfect’ obser-
vations to simulate observational errors. These errors satisfy a
Gaussian distribution with zero mean and covariances given by
the specified observation error covariance matrix. Thus created,
perfect and perturbed observation sets are then separately assim-
ilated in two data assimilation (DA) cycles. The 6-h forecast and
analysis errors calculated in model grid space are differences
between the 6-h forecasts and analyses taken from the assim-
ilation cycles and the ‘truth’ generated by the reference simu-
lation. These errors are sampled every 6 h, over a one-month
period.

The global 6-h forecast (and analysis) error standard devia-
tions grow during the first two weeks until they reach nearly
stationary values. Therefore, only the last 10 d of the month are
used to estimate the latitudinally varying stationary part of fore-
cast error levels (It was verified that the statistical results do not

IBecause 3D-Var was used, the background state is valid at the anal-
ysis time; so, observations are simulated exactly at the analysis time.
The analysis and forecast errors therefore do not include errors due to
temporal displacement of observations and the background state.
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change when a longer period of 20 d is used. Periods longer than
one month are not desirable because of seasonal effects). An
ensemble set of 10d provides 40 error samples per grid point
in the calculation of error variances. With the additional zonal
averaging of error variances, the number of error samples is
multiplied by the number of longitudes and is thus 40 x 96.

Although analysis errors in observation space are smaller than
forecast errors, at locations of model gridpoints, they are found
to be nearly the same. The explanation of this is different for dif-
ferent regions. In the mesosphere the analysis exactly coincides
with background since there are no observations and analysis in-
crements are forced to zero. A significant part of the troposphere
is data sparse (e.g. the oceans) and is not affected by the majority
of highly accurate radiosonde observations. In the stratosphere,
where observations are mainly of radiances, which are related
to column integrals of temperature, the errors are significantly
increased when they are projected onto model space and the dif-
ference between analysis and forecast error becomes negligible.
Thus, the results provided below, referring to 6-h forecast error
levels on the model grid, can be taken as also representative of
analysis error levels.

By using the same model in producing the simulated observa-
tions and the forecasts used in assimilation, we implicitly assume
that the model is ‘perfect’ (i.e. the model is consistent with the
reality reflected by observations).

3.1. Best case scenario

In the ‘best case’ scenario, perfect observations are assimilated
and the assimilation starts from perfect initial conditions (i.e.
taken from the truth). Therefore, one might expect that the er-
rors would have been zero in this experiment. However, this
is not the case as seen in Fig. 1a, where the standard devia-
tions of 6-h forecast errors for January temperatures are shown
for the ‘best case’ scenario. Figure 1a shows that the error lev-
els are relatively small in the troposphere (with a maximum in
the tropics) but increase with height, attaining values of 20K
in the mesosphere, with values being almost 2!/? larger than
the standard deviation of climatological variability computed as
monthly mean standard deviation of the atmosphere from its
monthly average over 20 yr (not shown). This size difference
with climatological variability is discussed later.

During the very first analysis step, numerical precision errors
result in small analysis increments. These are initially local-
ized in the vicinity of observations, that is, in the troposphere
and stratosphere. The small analysis errors are gradually am-
plified and spread by the forecast model, ultimately reaching
regions far from the observations, including the mesosphere.
Over successive analyses, the observations restrain the forecast
errors but errors grow again during the subsequent forecast.
Forecast error levels saturate within two weeks at the values
shown in Figure 1a, which then become stationary. It would ap-
pear that resultant error levels in the mesosphere are dictated by
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Fig. 1. Zonally averaged January temperature error standard deviations in Kelvin for 6-h forecast errors for (a) the ‘best case’ scenario (with
assimilation of perfect observations) and (b) the case with perturbed observations and perturbed initial conditions. (c) The CMAM predictability

errors (with no assimilation).

climatological variability, whereas in data dense regions, the
error growth is controlled by the observations and is actually
halted at levels far below the climatological variability.

Clearly, in an assimilation cycle with real (not simulated)
measurements, the errors of 6-h forecasts can only be larger.
Therefore, Fig. 1a shows the minimum error level that appears
in a system with perfect observations and a perfect model. This
minimum error level demonstrates the ability of an assimilation
system to control the growth of instabilities that are present in
the forecasts.

3.2. More realistic scenario

For a more realistic scenario, random errors are added to the
originally noise-free observations. As well, error is imposed
on the initial conditions by taking a state from the truth for
the same synoptic time but valid 3d later. The errors of the
initial conditions are rather large (with overall sizes close to
the standard deviations of climatological variability) but not
so large as to result in a model failure during the assimilation
cycle.

The initially large 6-h forecast error levels rapidly decrease
and saturate to stationary values at the levels shown in Fig. 1b
after about two weeks. As seen by comparing with Fig. 1a, the
minimum 6-h forecast error levels are roughly doubled in the
troposphere, but are almost unaffected in the mesosphere (most
certainly, because it is already close to the maximum dictated
by climatological variability).

3.3. Scenario without data assimilation

Since the variances of 6-h forecast errors in the mesosphere are
almost twice those from climatological variability, it might seem

that there is ultimately no geophysically meaningful information
propagated upwards to the mesosphere during an assimilation
cycle. A 1-month simulation without data assimilation was con-
ducted to determine whether or not this is in fact the case. It
is used for comparison in the spectral analyses of Sections 4
and 5. For this simulation, the model forecast errors relative
to our ‘truth’ result only from errors (differences) in the initial
conditions. The first analysis obtained from the ideal scenario
case (valid 6 h after the simulation start) was applied as initial
state. Error standard deviations are calculated from the differ-
ences taken at 6-h intervals between this 1-month simulation
and the truth. These standard deviations increase with time dur-
ing the first two weeks after which they become stationary, as
did the standard deviations of 6-h forecast errors from the assim-
ilation cycles. This stationary level does not depend on initial
conditions chosen in the simulation but is defined by the model
climatological variability. These error levels are shown in Fig. 1c
and reflect the sensitivity of the CMAM forecasts to errors in
initial conditions. This sensitivity is often called the predictabil-
ity error (Lorenz, 1965; Daley, 1991). This error is related to
the non-linearity of the model and becomes rather significant in
the mesosphere. The differences taken at 6-h intervals between
this 1-month simulation and the truth are therefore referred to as
predictability errors in this paper.

A comparison with Fig. 1a reveals that assimilation signifi-
cantly reduces the predictability error levels in the troposphere
(which is what we expect when assimilating observations in this
region), whereas in the mesosphere, the 6-h forecast error levels
from the DA cycle are nearly the same as the predictability error
levels (without DA). As such, only comparing error standard de-
viations does not reveal any significant difference between these
cases in terms of impact from upward propagation of informa-
tion on the mesosphere.
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, averaged vertically and in time. The solid lines present the 6-h forecast errors from the

CMAM-DAS with perfect observations (black) and with perturbed observations (grey). Dotted lines refer to the predictability errors of the CMAM.
Dashed lines are from the full states of the CMAM (computed from a reference simulation). The vertical averages are taken over the following
vertical ranges: stratosphere, 110—1 hPa (~15-50 km); mesosphere, 1-0.001 hPa (~50-95 km). Time averaging is done over 10d.

4. Error spectra

The forecast errors in Fig. 1 involve contributions from all spa-
tial scales. In this section, we examine the energy distribution
of the forecast errors as a function of horizontal wavenumber.
The kinetic energy spectra are calculated using an expansion
in a series of spherical harmonics as in Boer (1983). Figure 2
shows kinetic energy spectra in total horizontal wavenumbers
averaged over the mesospheric (1-0.001 hPa) and stratospheric
layers (110-1 hPa). The spectra were also averaged over 10d
(40 samples). The solid black lines depict the 6-h forecast error
spectra for the ‘best case’ scenario.

As seen in Fig. 2a, the energy of the 6-h forecast errors grows
with increasing wavenumber in the mesosphere. In fact, there
is more than double the energy at small scales than at large
scales. Therefore, the largest errors in the mesosphere are at
small scales. For comparison, the spectra of the full field (not of
the errors) are shown in the figure by the dashed lines. At large
scales, the energy of forecast errors is smaller than that of the
full field, whereas at small scales, the energy of forecast errors is
twice as large as that of the field itself. This is possible if small-
scale waves (in the assimilation cycle and in the reference model
run) are statistically independent, so as to give variances of
their differences that are twice the variances of either state. This
also explains the differences in mesospheric standard deviations
between forecast errors and climatological variability noted in
the discussion of Fig. 1. It is useful to compare the 6-h forecast
error energy spectrum with the energy spectrum for the longer-
term predictability error (dotted curve), as it provides a lower
limit on forecast quality. The energy from predictability errors
(dotted curve) is larger than that for the full state for small scales
but is smaller for large scales. In the mesosphere, the energy
of 6-h forecast errors for large scales is still much smaller than
that of predictability errors, whereas they are the same for small
scales.
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At the point where the solid and dashed curves intersect
(n~10), the energy of the errors equals the energy of the state
itself. Thus, only large-scale mesospheric features character-
ized by wavenumbers smaller than about 10 can be resolved
from observation information assimilated at lower levels and
propagated upwards by the model. So, wavenumber 10 approx-
imately separates predictable and unpredictable mesospheric
scales, when only observations from below the mesosphere are
assimilated.

Note that at wavenumber 10, the divergent and rotational
components of Kinetic energy in the mesosphere become com-
parable and for larger wavenumbers the flow is mostly unbal-
anced (Koshyk et al., 1999). For large scales (n < 10), the meso-
spheric flow is balanced and is controlled by the tropospheric
and stratospheric dynamics. Therefore, it is reasonable to expect
that these waves will be predictable with only tropospheric and
stratospheric observations. Mesospheric small-scale waves can
also originate locally, and their forecast, in such case, cannot be
improved without mesospheric observations.

A solid grey line depicts the 6-h forecast error energy spectra
for the assimilation with ‘perturbed’ observations. In this case,
the 6-h forecast error energy is higher than in the case with
perfect observations. Thus, the mesospheric forecasts benefit
from the accuracy of tropospheric and stratospheric observa-
tions. Moreover, mesospheric large scales are still predictable
with observations that are not perfect.

In the stratosphere, the balanced flow is limited by wavenum-
bers around 20 (Koshyk et al., 1999), and correspondingly, the
range of predictable scales in Fig. 2b is wider than in Fig. 2a.
Even unbalanced (smaller) scales (up to n ~ 30) are predictable
in the stratosphere with an assimilation of perfect observations.
The predictability of small stratospheric scales is still limited
since these scales are not well observed. With perturbed observa-
tions, predictable stratospheric scales are restricted to wavenum-
bers within about 20 (Fig. 2b). However, in the stratosphere, the
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a) assimilation day 0

d) assimilation day 31

b) truth, day O

e) truth, day 31

c) free run, day O

f) free run, day 31

Fig. 3. Temperature fields truncated at wavenumber 10 at 0.125 hPa (~65 km). The first row of panels represents the initial states for 1 January
2002, 00 UT for (a) the assimilation, (b) the reference or truth and (c) the second free model run without assimilation. The bottom row of panels
shows temperature forecasts of large scales for 31 January 2002, 00 UT from (d) the assimilation, (e) the truth and (f) the second free model run.

relative power of the errors at small scales is much less than in
the mesosphere, so, their ‘predictability’ is less important.

In the lower troposphere, all the scales (at least to T47) are
predictable (not shown).

In summary, results in this section indicate that large scales,
associated with balanced flow, are resolvable in general through
data assimilation. This applies even when information from ob-
servations only originates from other regions, as is the case for
the mesosphere. On the other hand, small scales, associated with
unbalanced flow, are not as easily or likely resolvable even with
in situ observations.

5. Prediction of mesospheric polar temperatures

The benefit of using tropospheric and stratospheric observa-
tions on mesospheric forecasts may be illustrated by comparing
forecasts and true fields. Figure 3 shows temperature fields at
0.125 hPa (about 65 km) truncated at wavenumber 10. The as-
similation started on 1 January 1 2002, 00 UTC from an initial
state of the atmosphere that is notably different from the truth
(Figs. 3a and b). Perturbed observations were assimilated in this
experiment to simulate a real assimilation process. The initial
condition for the assimilation was taken from the truth for the
same synoptic time but 2 d later (on 3 January 2002, 00 UTC).
However, after a month of assimilation, the forecast of large
scales is quite close to the truth (Figs. 3d and e). The free model
run (without DA) started from the same initial condition as the

assimilation cycle but results in a completely different structure
(Figs. 3c and g).

This example illustrates that upward propagation of informa-
tion from tropospheric and stratospheric measurements results
in correctly resolved large-scale mesospheric features.

6. Summary

‘We have quantified the impact of tropospheric and stratospheric
observations on mesospheric forecasts and showed that, in spite
of the inevitable noise accompanying the data assimilation pro-
cess, information from below still reaches the mesosphere and
makes large mesospheric scales predictable. The results im-
ply that DA systems with models that incorporate most or
all of the mesosphere but do not assimilate mesospheric data,
may still result in improved mesospheric analyses on large
scales (wavenumbers smaller than 10). Moreover, comparison of
mesospheric analyses from such systems against measurements
should be restricted to large scales.

The CMAM model used in our simulations allows more vari-
ability than many other models (Koshyk, 1999), which makes it
more difficult to control the error growth in a data assimilation
cycle. Nevertheless, the applied assimilation method is shown
to be capable of controlling large scales with this model.

One can expect that the ability to control large mesospheric
scales will also be possible with other models, since the prop-
agation of information at large scales from the troposphere, up
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to the mesosphere is described by the same physics in other
models.

On the other hand, we showed the inability of the CMAM-
DAS (even with a perfect model) to predict small-scale events
in the mesosphere and the upper stratosphere. This sets scale-
dependent limits on mesospheric predictability from assimila-
tion with the current operational observation network.

Ultimately, one hope of using data assimilation with a climate
model is to use measurements to constrain aspects of model
dynamics such as the parameters used in gravity wave drag
schemes. Here, we show that mesospheric analyses may be use-
ful for such studies, at least on the largest scales. Furthermore,
only the largest scales in mesospheric observations may be re-
lated to parameters used to define gravity wave sources (since
the sources are in the troposphere). The remaining scales might
only contribute to noise in retrieved parameters.
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