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ABSTRACT
For driving soil-vegetation—transfer models or hydrological models, high-resolution atmospheric forcing data is needed.
For most applications the resolution of atmospheric model output is too coarse. To avoid biases due to the non-linear
processes, a downscaling system should predict the unresolved variability of the atmospheric forcing. For this purpose
we derived a disaggregation system consisting of three steps: (1) a bi-quadratic spline-interpolation of the low-resolution
data, (2) a so-called ‘deterministic’ part, based on statistical rules between high-resolution surface variables and the
desired atmospheric near-surface variables and (3) an autoregressive noise-generation step. The disaggregation system
has been developed and tested based on high-resolution model output (400 m horizontal grid spacing). A novel automatic
search-algorithm has been developed for deriving the deterministic downscaling rules of step 2. When applied to the
atmospheric variables of the lowest layer of the atmospheric COSMO-model, the disaggregation is able to adequately
reconstruct the reference fields. Applying downscaling step 1 and 2, root mean square errors are decreased. Step 3
finally leads to a close match of the subgrid variability and temporal autocorrelation with the reference fields. The
scheme can be applied to the output of atmospheric models, both for stand-alone offline simulations, and a fully coupled

model system.

1. Introduction

The Earth’s surface is characterized by heterogeneity extend-
ing from microscopic to global scales. Heterogeneity is found
in land use, orography, soil texture and additionally caused by
spatial variability in atmospheric forcing, such as different mi-
croclimates or precipitation patterns. Most processes in the soil
and at the interface between soil and atmosphere are highly
non-linear. Examples are threshold-dependent processes such as
runoff production, snow melt and stomata control; or the tur-
bulent exchange coefficients, which are non-linear functions of
the near-surface atmospheric stability. For these reasons mod-
elling of the exchange processes either needs to be performed at
high resolutions, or has to account for this subgrid heterogeneity
in some other way. The use of averaged state variables or pa-
rameters instead leads to systematic errors (e.g. Schliinzen and
Katzfey, 2003).

An increasing number of atmospheric models comprise al-
ready some kind of subgrid scale surface heterogeneity re-
presentation. A common concept is the so-called mosaic or
explicit subgrid approach by Avissar and Pielke (1989). The
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soil-vegetation—atmosphere transfer (SVAT) module is run on
a higher horizontal resolution than the respective atmospheric
model, which is feasible because current soil modules are con-
siderably less computationally expensive than their atmospheric
counterpart. The high-resolution turbulent fluxes at the interface
are averaged to the coarser (atmospheric) scale before passing
them over to the atmospheric model. Usually a constant atmos-
pheric forcing for all subpixels belonging to one atmospheric
column is assumed to drive the SVAT model. However, espe-
cially over heterogeneous land surfaces also the lower part of the
atmospheric boundary layer is heterogeneous. Furthermore, this
atmospheric heterogeneity to some degree induces (or reduces)
surface heterogeneity. Thus, a spatially distributed atmospheric
forcing is advisable.

An explicit distribution of atmospheric forcing in combina-
tion with the mosaic approach was first tested by Seth and Giorgi
(1994). The authors disaggregated temperature, humidity, con-
vective precipitation and clouds to the high surface resolution.
Temperature and humidity were downscaled proportional to ei-
ther soil temperature and soil moisture anomalies, or, in a sec-
ond comparison, orographic height anomalies. The method was
tested for a stand-alone version of the biosphere—atmosphere
transfer scheme (BATS, Dickinson et al., 1993) and evaluated
with respect to surface fluxes and hydrology (soil moisture and
runoff). The horizontal resolution in their study was still rather
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coarse (3.0° atmospheric resolution with 0.5° mosaic resolution),
and simulations were carried over a time period of 20 yr. The
authors found that due to the downscaling of atmospheric vari-
ables the heat fluxes changed by up to 15% and the runoff up to
33%. Arola (1999) extended this technique by applying stability
corrected logarithmic profiles to compute the local wind speed,
temperature and humidity at the reference level for the flux cal-
culations, which lead to further improvements in the modelling
of the sensible heat flux.

Giorgi et al. (2003) adopted this idea by employing a mo-
saic in a regional climate model with 60 km grid spacing over
the alpine region, where the heterogeneity is particularly large.
They employed a disaggregation based on topographic height;
the temperature was downscaled using a moist adiabatic lapse
rate multiplied with the elevation anomaly. Humidity was dis-
aggregated accordingly, keeping the relative humidity constant
for all subpixels, thus adjusting the specific humidity accord-
ing to the temperature adjustment. Convective precipitation was
distributed over one (randomly chosen) third of the subpixels.
Grid scale precipitation, radiation fluxes and wind speed were
not disaggregated. Using this system in simulations running
11 months led to an improved small-scale structure and an
overall better simulation of the near-surface temperature over
complex terrain. This produced a more realistic snow cover and
(via feedback processes) also a better simulation of the water
and energy cycle, especially during winter and in spring during
and after snow melt.

The cited studies show that considerable improvements can
be achieved by taking variable atmospheric forcing into account
for driving small-scale soil models. All studies addressed, how-
ever, only scales of the order of 100km (i.e. the climate scale).
Moreover, small-scale variability was introduced to a subset of
the atmospheric forcing variables only.

Hydrological models usually operate at even higher reso-
lutions than SVAT models, because water flow must be sim-
ulated down to the scales of individual creeks for runoff
prediction. Thus downscaling of atmospheric driving fields be-
comes even more important (see e.g. Seuffert et al., 2002). A
good review of effects, which can result from neglected rain-
fall variability, is given by Singh (1997). In a study by Naden
(1992) spatial variability was introduced implicitly into a hy-
drograph for estimating flood risks by applying weights to the
network-width function, which describes the spatial distribu-
tion of channels in a catchment. A more physical approach,
based on a disaggregation of all forcing variables, is presented
by a study by Boé et al. (2007). They forced a hydrologi-
cal model with differently downscaled atmospheric data and
compared the resulting river discharges. Downscaling was per-
formed dynamically including a bias correction and statistically
based on weather typing and conditional resampling using large-
scale variables as predictors. They found the statistical approach
being more efficient in reproducing the temporal and spatial
autocorrelations.
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Our approach addresses the scale gap between high-resolution
surface models and atmospheric models running on a coarser
grid. It has been developed and tested on much smaller scales
than the aforementioned studies. The novelty of our approach is
the explicit reconstruction of the small-scale statistics, that is, the
subgrid scale variance. The reproduction of the correct variance
is especially important if the downscaled variables are used as
input data to model non-linear processes. Venema et al. (2009),
for example, demonstrate this for non-linear radiative transfer
through clouds. We follow a statistical approach guided by phy-
sical considerations. High-resolution (400 m) coupled model
simulations are used to generate a data set, from which the
downscaling rules are derived.

The COnsortium for
(COSMO), for which we developed our scheme, is a mesoscale
weather-forecast model and regional climate model (see Sec-
tion 2 for a brief model description and the chosen setup). The
atmospheric disaggregation introduced here represents a further

Small-scale Modelling model

advancement of the work by Ament and Simmer (2006), who
implemented and tested the mosaic approach in the COSMO
model. Our concept can, however, be easily adapted to generate
input for other SVAT or hydrological models that need high-
resolution atmospheric forcing input.

Our downscaling system for atmospheric variables comprises
three steps. In a first step we apply a bi-quadratic spline in-
terpolation, which conserves the coarse pixel value as a mean
(see Section 3.1). In the second step high-resolution surface in-
formation is used to exploit relationships between surface and
atmospheric near-surface variables (Section 3.2). A novel auto-
matic rule-search algorithm has been set up, to find relationships,
which might act only under certain atmospheric conditions. In
the final step autoregressive noise is added in order to replenish
the variance in the high-resolution runs (Section 3.3). The appli-
cation of this disaggregation system to the different variables is
shown in Section 4, a summary and final conclusions are given
in Section 5.

2. Model and data

2.1. Setup of high-resolution model runs

The training and validation of the disaggregation system is based
on model output of COSMO model runs with 400 m horizontal
grid spacing and by comparing this high-resolution model output
to averaged 2.8km values. We carried out simulations for a
number of cases on a small model domain (168 x 168 km?).
For operational applications, longer model runs, or larger model
domains, such a high resolution is still too expensive to compute.

The COSMO-model is a limited-area non-hydrostatic mod-
elling system (Steppeler et al., 2003), which is employed as op-
erational weather prediction model by several European weather
services on different resolutions. The model can also be run as
a regional climate model (Bohm et al., 2006; Bachner et al.,
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2008). The model configuration used for this work is based on
the so-called COSMO-DE model version (Baldauf et al., 2009),
which is operated on a 2.8 km horizontal grid by the German
Meteorological Service (Deutscher Wetterdienst, DWD) on a
model domain centred over Germany. Hence, with our disag-
gregation approach, it is possible to run the COSMO-model on
2.8 km atmospheric grid spacing and the soil module on 400 m,
with the downscaling scheme as interface between these two
scales. In this setup the model has 50 vertical layers, with de-
creasing thickness from top to bottom, with the lowest layer
above the surface having a thickness of 20 m. Subgrid scale pro-
cesses are calculated as functions of the model variables using
parametrization schemes, they are described in detail in Doms
et al. (2007).

The 400 m resolution runs require an appropriate setup and
the preparation of a set of external parameters.

Our model domain is centred over the catchments of the two
small rivers Rur and Erft, which is the main investigation area of
the Transregional Collaborative Research Centre 32, in which
framework this work has been carried out. The timestep was re-
duced from 25 s in the standard 2.8 km resolution model runs to
simulations, to obey
Friedrich-Levy (CFL) stability criterion for the dynamic pro-

4s in our 400m the Courant—
cesses. Radiation computations are carried out for every col-
umn at a temporal resolution of 3 minutes, in order to keep
track of the clouds. Turbulence is parametrized by a sim-
ple Prandtl/Kolmogorov approach. This approach is based on
a first-order closure assumption, where the coefficients are
parametrized based on stability functions (Smagorinsky, 1963)
and a length scale, which is a function of the grid spacing to take
the numerical resolution into account. The gradients in three-
dimensional space are considered; the horizontal turbulent ex-
change coefficients are, however, simply obtained by scaling the
vertical coefficients to the horizontal grid spacing. This scheme
has been developed specifically for very high resolutions of the
magnitude of 100 m.

The lower boundary condition of the atmospheric model is
specified by the multilayer soil and vegetation model TERRA
(Doms et al., 2007). Coupling of soil and atmosphere takes place
via precipitation and formation of dew and rime as sources of
water, and evaporation, transpiration and runoff as sinks. The
heat exchange is given by the net radiation budget, the ground
heat flux and the turbulent heat flux.

The information on the state of the Earth’s surface is contained
in an external parameter set. Orographic height information is
taken from the Shuttle Radar Topography Mission (SRTM, Farr
etal., 2007) data, whereas the CORINE data set (EEA, 2000) has
been used for land use characteristics. Each pixel is attributed
to one of 44 land use classes. Vegetation characteristics such
as plant cover and leaf area index are then determined from
these classes by means of look-up-tables. The merging of data
sets from North Rhine-Westphalia (IS BK50) and Rhineland-
Palatinate (BUK200) was necessary to determine the soil texture

distribution of the region. Different soiltype classes in the two
data sets were mapped onto the eight soil-categories used in
the COSMO-model. For the western parts of the model domain,
covering parts of the Netherlands, Belgium and Luxembourg,
no small-scale soil information was available, thus here we had
to adopt the coarse information of the FAO/UNESCO Soil Map
of the World from 1974 with a resolution of 5 arcmin, which
is operationally used by DWD. All thermal and hydraulic soil
parameters are derived from soil texture classes by look-up-
tables, which contain values for the different parameters for
each of the eight soil classes. These values have been compiled
from literature.

COSMO-DE analyses with 2.8 km horizontal grid spacing are
used for initialization and boundary forcing. This implies a fac-
tor of seven in resolution for the driving model with respect to the
nested model, which is at the upper limit for nesting, thus a broad
relaxation zone at the lateral boundaries of 20 km (50 grid boxes)
has been chosen. Except for soil moisture, the relatively smooth
initialization state, which results from an interpolation of the
2.8 km analysis, becomes heterogeneous by grid-scale variabil-
ity after a few time steps. For soil moisture histogram matching
according to the soil type has been implemented as an intermedi-
ate step to create more realistic variability: soil moisture values
belonging to a certain soiltype from the coarse soiltype field are
matched to the new, small-scale soiltype distribution.

2.2. Data

2.2.1. Training data. Eight high-resolution coupled model runs
for different weather situations have been carried out for our
high-resolution database (Table 1) at the basis of which the
downscaling scheme is developed. The first two hours of each
model run were discarded in order to remove spin-up effects.
Days with calm, clear-sky weather, as well as days with unstable
convective situations and also days with strong synoptic forcing
were chosen to cover a wide range of weather situations. Cases
with homogeneous stratiform cloud cover are included, as well
as cases with fast moving clouds under stormy conditions.
2.2.2. Validation data: case studies. The downscaling scheme
has been validated on three days with very different weather
types (see also Table 1): May 12, 2008 was characterized by very
calm weather conditions. Central Europe was under the influence
of a stable high-pressure system for several days. Precipitation
was absent and only very sparse cloud cover was observed.
During May 15, 2008, Central Europe was under the influence
of several low-pressure systems situated over the Atlantic Ocean
and northern Europe. The high-pressure system was weakening
and moved to southeastern Europe. Under these rather unstable
conditions the model domain was almost completely covered by
convective clouds during the whole day, including showers and
thunderstorms. On July 16, 2008 a low-pressure system over the
Northern Atlantic influenced the weather conditions in Central
Europe, with a cold front crossing northern Germany during the
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Table 1. Overview of simulated days including prevailing weather situation
Date Weather situation
Training

27 August, 2007

14/15 October, 2007

3 March, 2008

1/2 May, 2008

9/10 May, 2008

8 June, 2008

21 July, 2008

28 August, 2008
Validation

12 May, 2008

15 May, 2008

16 July, 2008

Changing cloud cover, no precipitation

Clear sky

Strong winds, variable clouds and precipitation
Convective clouds and precipitation

Clear sky

Convective clouds and precipitation
Synoptically driven stratiform rainfall

Cloudy, some rain

Calm, only sparse cloud cover
Convective clouds, showers and thunderstorms
Stratiform rain

day. The strong synoptical forcing lead to stratiform rainfall and
homogeneous cloud cover over the model domain.

3. The downscaling approach

The downscaling scheme is designed to recover as good as pos-
sible from the averaged coarse field (2.8 km grid spacing, for an
example temperature field see Fig. 1, left-hand panel) the orig-
inal fine-scale field (400 m grid spacing, Fig. 1, middle panel).
This is equivalent to predicting the anomalies (Fig. 1, right-hand
panel) based on the coarse atmosphere resolution and the high-
resolution land surface information. Downscaling is necessary
for those atmospheric variables which are needed as input for a

8

SVAT model or a hydrological model (see Table 2). These are
the variables of the lowest atmospheric model layer, which has
a thickness of 20 m in the case of the COSMO model. Hence the
variables are either assumed to be representative for 10 m above
ground (the middle of the layer) or directly at the surface.

Our disaggregation system consists of three steps, which can
be applied either individually or subsequently one after the other,
depending on the variable and the application under considera-
tion. The first step interpolates the coarse resolution to the fine
resolution by bi-quadratic splines in x- and y-direction, while
conserving mean and gradients of the coarse field. The second
step exploits empirical relationships between atmospheric vari-
ables and surface variables using the available high-resolution

98 1
| 96 0.5
£ | 2o 0
1
g! 92 0.5
| lagg 4

Fig. 1. Temperature at the lowest atmospheric model level on May 9, 2008 at 12:00 UTC in Kelvin at 2.8 km resolution (left-hand panel), 400 m
resolution (middle panel) and the anomalies, i.e. the differences between both (right-hand panel).
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Table 2. Downscaled variables

Variable Abbreviation
Temperature at lowest model layer T

Specific humidity at lowest model layer  QV

Wind speed at lowest model layer FF

Short-wave net radiation flux at surface Shet
Long-wave net radiation flux at surface Let
PREC
Surface pressure PS

Precipitation (rain, snow, graupel)

surface information (‘deterministic’ downscaling rules). The
third step adds the still missing high-resolution variability by
adding noise. Thus downscaling steps 1 and 2 reconstruct the
high-resolution fields as accurately as possible, and step 3 re-
plenishes the mostly too low small-scale variability up to the
variability of the high-resolution simulations. Since step 3 will
usually increase again the error, a decision between low errors
(apply only downscaling step 1 and 2) or a realistic small-scale
variance (apply also step 3) has to be made first. The three steps
are explained in detail in the following.

3.1. Step 1: Spline interpolation

The average-conserving bi-quadratic spline equation used in the
first step

f(x,y)zal+a2x+a3y+a4x2+a5y2 (€))

requires five unknown coefficients for every coarse pixel. Thus
five constraints have to be formulated. Four constraints are pro-
vided by the derivatives of eq. (1) at the edges between the coarse
pixels, which are set to be equal to the derivative of the coarse
field perpendicular to the edges. The conservation of the mean
value serves as the fifth constraint.

3.2. Step 2: Deterministic downscaling rules

The second step tries to recover the difference between the spline
interpolated field and the original high-resolution field with de-
terministic rules. For these rules the high-resolution surface in-
formation is used as predictor based on linear regression.

Some variables can be downscaled by directly exploiting
known physical relationships. By this means the surface pressure
anomaly can be downscaled by using the relief height anomaly
Az in the hydrostatic equation

Ap = —pgAz. 2

The assumption of a homogeneous constant air density of
1.19 kg m~* gives the best results.
The shortwave net radiation at the surface can be split up into

Snet = Sair 4 +Saie 4 —Sair 1 3)

Correlation [ ]

0 6 12 18 24 6 12 18 24

Time [UTC]
€ 0.04 T T T T - - - .
2
= 002} 1
Q
g of j
7
+ -0.02 —

0 6 12 18 24 6 12 18 24
Time [UTC]
Fig. 2. Top panel: correlations between temperature anomalies in
10 m and orographic anomalies with respect to the coarse pixel scale of
2.8 km for 9 May 2008, a clear sky radiation day. Bottom panel: mean
coarse scale vertical temperature gradient of the lowest four model
layers.

with Sg;; | the incoming direct radiation from the sun, Sq; | the
diffuse downwelling radiation and Sg 1 the reflected diffuse
upwelling radiation. The downscaled diffuse upwelling radiation
can be obtained from the high-resolution surface albedo for
direct and diffuse light, ag;; and og;¢, via

Sait T =dirSair 4 +0tair Sair | - (€]

The downwelling direct and diffuse radiation are not correlated
with any surface variables. Both have little subgrid heterogeneity
in cloud free cases (the average subgrid scale standard deviation
is 2 W m™2), while in cloudy situations their subgrid scale vari-
ability relates to cloud cover variability on the subgrid scale (the
average subgrid scale standard deviation is 39 W m~2). Thus
in rather homogeneous cloudfree conditions the short-wave net
radiation can be disaggregated with near perfect correlation be-
cause all subgrid variability is associated with surface (albedo)
variability. Under cloudy conditions the variability has to be
induced by stochastical methods (in step 3).

For the remaining five variables the situation is less intu-
itive because no direct relationship to surface characteristics
exists. Thus, the high-resolution database was statistically eval-
uated for possible correlations between atmospheric and surface
variables. Usually such correlations depend on the prevailing
weather conditions. Figure 2 depicts the spatially averaged cor-
relation between the temperature anomalies of the lowest atmo-
spheric model layer and the topographic height anomalies (both
with respect to the 2.8 km scale) for a clear sky day. Correla-
tions are close to minus one during the day, as one would expect
for a well-mixed boundary layer. The stratification leads to a
simple decrease of temperature with topographic height, which
can be exploited for the disaggregation of the high-resolution

atmospheric near-surface temperature anomalies. During
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Fig. 3. Scatterplot of temperature anomalies versus orographic height
anomalies with respect to the coarse pixel scale of 2.8 km. Top panel:
all cases and bottom panel: only where the coarse temperature gradient
of the lowest 105 m is lower than a threshold of 0.0057 Km™!, with a
linear fit.

clear-sky nights, however, when outgoing long-wave radiation
leads to strong cooling of the ground, no or only a slightly
positive correlation between temperature and elevation exists.
Nighttime inversions and complex valley circulations destroy
any usable statistical predictions. Thus prior to the use of the
orographic high-resolution surface information as predictor for
near surface temperatures, the temperature gradient of the lower
atmosphere is computed and a decision made, based on its close-
ness to adiabatic stratification (see Fig. 2, bottom panel). For
illustration the correlations without and with application of the
temperature gradient as indicator are shown as scatter-plots in
Figure 3. The statistical correlation between temperature and
relief anomalies is very low for the complete database (Fig. 3,
top panel); using the coarse-resolution temperature gradient as
pre-selection criterion, however, a strong negative correlation
exists (Fig. 3, bottom panel).

To find the most suitable predictors, indicators and thresholds,
an automatic rule detection system has been developed. In this
system the correlations between all possible predictors and the
desired downscaled variables are calculated, based on indica-
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tors, which might allow or disallow the rule. The corresponding
indicator thresholds are varied between the minimum and max-
imum value found in the database for each possible indicator
variable in 30 steps. For 5 predictants, 16 possible predictors,
24 possible indicators, (see Table Al in the Appendix for a list
of all provided predictors and indicators), 30 indicator-range in-
tervals, and the whole procedure performed two times (testing
for situations where the indicator is larger or smaller than the
threshold, respectively), a total of 5 x 16 x 24 x 30 x 2 =
115200 correlations were computed. Only those rules are se-
lected, which led to correlation coefficients above 0.7, that is, an
explained variance of at least 50%. The final selection of a rule
requires in addition, that the rule is applicable to at least 10% of
the data.

Table A2 in the Appendix contains all rules detected by this
automatic search system. If several indicators were found de-
scribing very similar situations, only the indicator applicable to
the larger part of the data set is chosen. If more than one predic-
tor is found for the desired variable, we tested its usefulness by
a stepwise regression. As a final step for each of the downscaled
variables the coefficients needed for a linear regression between
downscaling variable and predictors have been computed.

For the near surface temperature several rules have been
found, indicating that this variable is closely related to relief
height or temperature gradient multiplied with relief height,
with the coarse temperature gradient as indicator. In the end
only the rule using orographic information in situations indi-
cated by the temperature gradient of the lowest 105 m was taken
as a rule, because it covered the largest part of the database
(64%); using other predictors did not give substantial additional
skill.

For specific humidity and wind speed no useful correlations
with surface quantities have been found. Setting the desired
correlation in the automatic search system to a lower value, that
is, 0.5 (instead of 0.7 as before), we found correlations between
near surface humidity QV and surface humidity QVS of 0.51
for 12% of the cases, detectable by the humidity gradient of the
lowest two atmospheric layers. We discarded this rule for the
current setup due to the low correlation.

With the same criterion also a relationship between wind
speed FF and sensible heat flux was found; this relationship was
discarded, however, because of the dependency of the sensible
heat flux on wind speed. Also averaging the near surface and the
surface quantities over an hour did not lead to usable correlations
for wind speed or specific humidity. The fields of QV and FF at
the lowest atmospheric layer contain many transient small-scale
organized wave-like structures (not shown), indicating that these
two variables are strongly dynamically driven, and thus deter-
mined by very small-scale dynamical processes. Thus, simple
statistical relationship rules with surface variables are not able
to reconstruct this variability. A small cross-correlation between
wind speed and specific humidity of 0.27 exists, indicating that
both are partly driven by the same dynamical circulations.
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Table 3. Deterministic rules with the respective regression coefficients, correlations achieved and

amount of data covered

Downscaling ~ Predictor ~ Constraint Regression coefficient ~ Correlation ~ Data
variable coverage
T H Tgr105 < 0.0058  —0.0084 Km™! 0.74 64%
Liet T, Lpe < —82.5 —3.878Wm2K™! 0.74 36%

PS H None —11.694Pam™! 1.0 100%

The net long-wave radiation L, can be split up, into down-
ward L and upward fluxes L1 according to

Lig=L|~Lt=L] ~(ewLl | +(1—a)oT) (5

with ar the infrared albedo, o the Stefan—Boltzmann constant
and 7, the temperature of the emitting surface. We found that
the ground temperature can be used to disaggregate the long-
wave net radiation when the cloud cover is below 43% or the
long-wave net radiation L, is less than —82.5 W m~2. Both
indicators cover about the same situations. In cloudy cases the
long-wave downwelling radiation anomalies are mainly deter-
mined by clouds and less by the emitted radiation from the
surface, while in cloud-free situations the long-wave emission
from the surface is the only source of heterogeneity.

As expected no rules have been found for precipitation. In
Table 3 the regression coefficients, correlation achieved and data
coverage for the rules found by the automatic rule detection
system are listed. The regression coefficients are based on the
same database as was used for the rule detection system (see
Table 1).

3.3. Step 3: Noise generation

Except for surface pressure the downscaling steps 1 and 2 alone
do not reproduce all small-scale variability contained in the
simulated high-resolution fields. The full variance is, however,
important when modelling the non-linear processes at the sur-
face based on the downscaled variables. Lower variabilities can
lead to biases in the computed fluxes when averaged over larger
spatial and temporal scales. To avoid these biases, the yet unre-
solved variance is added as noise, at the expense of a higher error
at the smallest scale. This third step is applied after carrying out
the first two downscaling steps, or, for the variables for which
no deterministic relationship can be found, directly after step 1.

3.3.1. Estimating the small-scale variance. We first assess the
magnitude of the missing small-scale variability. To this end, a
stepwise multiple linear regression system has been developed,
which estimates the small-scale standard deviation based on the
coarse-scale standard deviation of the surrounding 3 x 3 coarse
pixels and other atmospheric variables, which serve as a mea-
sure for the atmospheric conditions. For each variable variance
different predictors have been chosen by stepwise regression

Table 4. Predictors for estimating the standard deviation
(SD) at the small scale

Downscaling variable  Predictors

T Tgr25,3 x 3 coarse SD, PS

Qv 3 x 3 coarse SD

FF 3 x 3 coarse SD, PS

Shet 3 x 3 coarse SD

Lpet 3 x 3 coarse SD, subgrid SD of QVS

(Table 4). The exact regression equations are given in the ap-
pendix.

For variables for which downscaling step 2 has been applied,
the variance generated by step 2 is subtracted from the estimated
value from the regression to add only the still missing variance.
If this difference is less than zero, no noise is added.

3.3.2. Algorithm for noise generation. The noise is modelled
based on an autoregressive process, to account for its temporally
correlated nature

Xnew = d)xold + €, (6)

where € is a Gaussian noise term. The correlated noise has a
zero mean value, because we reconstruct only the anomalies.
To compute the intermediary autoregression noise term Xpey
with a standard deviation of unity, the standard deviation of € is
computed according to

oo =+/1— ¢ ©)

The autoregression coefficient ¢ is obtained by carrying out
one or several model runs with high-resolution temporal out-
put, and computing the autocorrelation for the desired variable
and time lag. The coarse model at 2.8 km grid spacing (for the
atmosphere) has a time step of 25 s, and the respective lag-1
autocorrelations ¢ were found to lie between 0.92 for the short-
wave radiation and 0.97 for the specific humidity. The final noise
field, which is added to the coarse field, is then obtained by

Xnoise = OmissXnew » 3

where o ;s 1S the missing standard deviation estimated before.
Spatial correlations are ignored in this step, in contrast to the
first two steps. Addition of noise including the correct spatial
correlations is planned for a future extension of the scheme.
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For all the downscaling steps the coarse mean of the grid cell
is conserved by subtracting the difference between the coarse
value and the mean of the downscaled values, ensuring the con-
servation of energy and mass. In very rare cases negative values
of wind speed, short-wave radiation or precipitation result from
the statistical downscaling which should not be used to force a
soil model or a hydrological model. Thus negative values are set
to zero. The mean value of the coarse pixel is then conserved
by multiplying the subgrid-pixel values by the fraction of the
coarse means before and after setting these pixels to zero.

3.3.3. Special case: Precipitation. The downscaling of pre-
cipitation is treated as a special case, because additive noise
would lead to many negative precipitation values and because
Gaussian noise does not model the distribution of the anomalies
well. The precipitation noise-generation algorithm consists of
three steps. First, autoregressive Gaussian noise g is generated,
similar to the other parameters. This noise is then transformed
into the following distribution, setting values below a threshold
to zero and transforming the other values by a power law

t = e[u*(g-*—b)]. 9)

The noise values ¢ are subsequently multiplied by the coarse
mean precipitation. The constants, that is, the threshold, the
fitting parameter a and b and the autoregressive constant, are
optimized to fit with the distribution and the autocorrelation
function of two model runs with high temporal resolution output
that produced precipitation. The different precipitation classes
rain, snow and graupel are summed up and downscaled together
as one precipitation class. After the downscaling they are again
split up according to their original fractions.

3.3.4. Cross correlations. The automatic rule search algo-
rithm described in Section 3.2 has also been applied to search for
possible cross correlations between the atmospheric downscaled
variables. We found, for example, an overall cross correlation
between wind speed and specific humidity of —0.27 (taking the
whole database into account). Short- and long-wave radiation
net fluxes are correlated by —0.52 in cloudy conditions, that is,
if CLC > 0. These cross-correlations have been emulated in the

noise-generating process

61,/, =V (1 - |0'cross|)€w + V/Ocross€cross>

where €, is the noise term for a variable v in (6) and o ¢oss is

(10)

the respective cross correlation between two variables.

4. Results

In this section examples and statistics of the three steps of the
downscaling approach are shown and discussed. The scheme has
been tested for three case studies described in Section 2.2.2, that
is, a calm sunny day, a convective showery day and a stratiform
rainy day.

4.1. Case studies

The first downscaling step reduces already considerably the root
mean square errors of the downscaled field for all variables, when
compared to the coarse resolution field with the high-resolution
model output as reference. A standard bi-linear interpolation
algorithm using the four surrounding values, which has been
tested for comparison only, does not lead to such a strong er-
ror reduction; here the errors are reduced only slightly, that is,
the bi-quadratic spline interpolation leads to better results, see
Table 5 (top). Moreover, a linear interpolation does not allow
to conserve the coarse average to the same degree as the bi-
quadratic interpolation (Table 5, bottom).

In Fig. 4 the results of the individual downscaling steps and
the final results for a temperature field of the lowest atmospheric
layer are shown. The coarse field (Fig. 4a) is smoothed by the
average conserving splines (step 1, Fig. 4b). After calculating the
temperature anomalies, using relief height as predictor (step 2,
Fig. 4f) and adding these to the result from the first step
(Fig. 4c¢), the still missing variance is estimated and added as
spatially uncorrelated noise in step 3 (Fig. 4g). These three steps
together add up to the final field (Fig. 4d), which resembles
closely the original fine scale field (Fig. 4h). In this example
the deterministic downscaling yields very good results, hence

Table 5. Root mean square errors of the coarse field, a high-resolution field obtained by the bi-quadratic spline interpolation

(downscaling step 1) and for comparison a high-resolution field generated by a standard bi-linear interpolation spatially and
temporally averaged for May 15, 2008. Top: RMSE for the small scale, bottom: RMSE for coarse scale.

Field T (K) FF(ms™') QV(kgkg™") PS(Pa) Spu(Wm™2) Lp(Wm2) PREC (kgm~?)
400 m scale
Coarse 0.26 0.42 1.62¢-04 282 20.2 4.36 2.10e-04
Bi-linear 0.24 0.40 1.47e-04 260 19.5 4.15 1.98¢-04
Bi-quadratic  0.23 0.38 1.33e-04 236 183 3.91 1.75¢-04
2.8 km scale
Coarse 0 0 0 0 0 0 0
Bi-linear 0.10 0.13 6.2e-05 109 6.75 1.40 8.8e-05
Bi-quadratic ~ 6.2e-04  9.4e-04 4.2¢-07 0.75 0.05 0.01 6.2¢-07
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the true anomalies (Fig. 4e) are well reproduced in downscaling
step 2 (Fig. 4f). In contrast, in Fig. 5 a case is shown where the
deterministic downscaling has less skill. During a clear cloudfree
night, the air temperature does not decrease adiabatically with
height, therefore the deterministic downscaling rule can only be
applied to a very small part of the model domain (Fig. 5a). Thus
the main part of the subgrid scale variability is generated by the
noise step (Fig. 5b). Since the spatial subgrid scale correlations
are not modelled, the spatial characteristics of the true anomalies
(Fig. 5¢) are not well reconstructed. In the original field cold air
gathers in some of the valleys, which cannot be recovered by a
simple statistical method.
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Fig. 4. Downscaling approach applied to a
temperature field (in Kelvin) of the lowest

204 atmospheric model layer, 10:00 UTC, May
12, 2008. (a) Coarse field; Field after

293 application of (b) step 1 (spline
interpolated); (c) step 1 + 2; (d) step 1 + 2

292 + 3 (final field, i.e. sum of all three

downscaling steps); (e) true anomalies; (f)
deterministic anomalies; (g) generated noise;
(h) original fine scale field (reference).

Figure 6 shows an example for the downscaling of long-wave
net radiation at the surface. We start again from the coarse field
(Fig. 6a), apply the spline interpolation (Fig. 6b), and add the
deterministic anomaly proportional to the surface temperature
anomalies, which leads to the intermediate field Fig. 6¢. The ad-
dition of noise (step 3) finally leads to Figure 6d. In the original
field (Fig. 6e and h) a small region in the northeastern part shows
particular large small-scale variability. This large scatter is not
reconstructed in step 2 (see Fig. 6f), because this variability is
not caused by surface heterogeneity but by some sparse clouds.
The missing variance is satisfactorily replenished by step 3
(Fig. 6g).

Tellus 62B (2010), 4
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Deterministic anomaly

0.5

&

K Te

Fig. 5. Temperature anomalies (in Kelvin) constructed in downscaling
step 2 (a) and downscaling step 3 (b) and reference anomalies for a
clear-sky nighttime situation, 1:00 UTC, May 12, 2008.

The time series of the root mean square errors (RMSE) pro-
duced by the individual downscaling steps is shown in Fig. 7 for
acase study of May 12, 2008. The first step (spline interpolation)
leads for all variables to a small error reduction compared to the
coarse fields (here the error of the coarse field at the small scale
is computed by assuming homogeneous forcing for all subpix-
els). Where applicable, that is, for temperature, pressure and the
radiation fluxes, the deterministic downscaling leads to a con-
siderable error reduction. The error reduction for temperature
(Fig. 7a) during the clear sky night is less distinctive than dur-
ing the day. These problems do not exist during overcast nights

Tellus 62B (2010), 4

(not shown). Adding random noise in the third step naturally
increases the RMSE error again for most variables (temperature
at night, humidity, wind speed and the radiation fluxes in the
evening, in this case); sometimes the RMSE even exceeds the
RMSE caused by the homogeneous field.

As mentioned above, the correct subgrid scale variability is
decisive to avoid biases for applications involving non-linear
processes. The first downscaling step introduces some variance
(see Fig. 8) compared to the coarse values, which have no sub-
grid scale variance at all. The second step leads to a another
large increase of the high-resolution standard deviation. Even
more subgrid variability is generated by step 3, in which the
still missing variance is estimated and added. The subgrid het-
erogeneity is well parametrized, but temporary deviations from
the reference do occur. For pressure the third step is not applied
because the variability generated in the second downscaling step
is already sufficient (see Fig. 8d).

For comparison the root mean square errors and subgrid scale
standard deviations for May 15, 2008, a convective showery day,
are depicted in Fig. 9. Results are shown only for those vari-
ables which exhibit a different behaviour compared to the calm,
sunny day in the previous example. Here for the radiation fluxes
almost no improvements can be achieved by the second down-
scaling step, because the subgrid scale variability is dominated
by the heterogeneous cloud cover. The subgrid scale standard
deviation of the precipitation is reproduced well for this day
(Fig. 9d).

The errors and subgrid scale variabilities are averaged spa-
tially and temporally for the three case studies and listed in
Tables 6 and 7. According to these results the errors are re-
duced slightly by the first downscaling step and strongly by the
second downscaling step. The overall improvement gained for
the radiation fluxes is less than for the single fair weather day
shown in Fig. 7, because for the two other cloudy days the de-
terministic downscaling step has much less skill. Only under
clear sky conditions the RMSE is reduced considerably by the
second downscaling step, otherwise the subgrid scale variability
is not due to surface heterogeneity but to variable cloud cover.
The subgrid scale variability is enhanced slightly by downscal-
ing step 1 and more by step 2 (where applicable) and step 3
(Tab. 7). For all variables the subgrid standard deviation is on
the average slightly too large after the last step, but only the devi-
ations for wind speed, pressure and long-wave net radiation are
statistically significant. Obviously the mean statistics of these
three days do not match the mean statistics of the training data
set.

The temporal autocorrelations of the coarse fields are larger
than the reference values from the high-resolution fields (see
Fig. 10), this difference prevails after step 1 and 2. Step 3 leads
to a strong decrease of the autocorrelations with increasing time
lags; for most variables the reference autocorrelations are now
matched more closely. For precipitation the correlations are,
however, too low after the third step.
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5. Discussion and conclusions

A downscaling system for atmospheric near-surface variables
has been developed. Possible applications are the generation of
high-resolution input for SVAT models and hydrological models,
based on low-resolution atmospheric model output. The scheme
can be employed for stand-alone applications or in a fully cou-
pled (climate) model system.

The downscaling approach consists of three steps. In a first
step, an average-conserving bi-quadratic spline interpolation is
carried out, in a second step physical relationships with surface
properties are exploited by linear regression wherever possi-
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Fig. 6. Same as Fig. 4, but for the long-wave
surface net radiation in Wm™—2.

ble. Automatically derived rules indicate whether a regression
with a surface quantity as predictor is applicable, because not
all relationships found are usable under all atmospheric condi-
tions. Useful correlations with surface variables were found for
temperature, pressure and the radiation fluxes, but not for spe-
cific humidity, wind speed and precipitation. In the third step
the missing small-scale variability is estimated and added as
autoregressive noise.

The approach has been tested by applying it to the variables of
the lowest model layer of the COSMO model for three case stud-
ies with different weather situations. Using the high-resolution
COSMO-model output as reference, we found that the first two
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Fig. 9. Top panel: root mean square errors for short- and long-wave radiation fluxes and precipitation for May 15, 2008. Bottom panel: the

respective subgrid scale variances.

Table 6. Root mean square errors for the different variables for the downscaling steps averaged over the three case studies

Disaggregation T (K) FF(ms™!) QV(kgkg™!) PS(Pa) Spq(Wm™2) Lyg(Wm™2)  PREC (kgm~?)
No disagg 0.31 0.56 1.54e-04 285 14.73 5.09 7.75e-05

Step 1 0.27 0.52 1.34e-04 238 13.52 4.70 6.49¢-05

Step 142 0.21 - - 6.2 12.18 4.15 -

Step 14243 0.31 0.82 1.94e-04 - 17.97 6.26 9.92e-05

Table 7. Subgrid standard deviations for the different variables for downscaling steps averaged over the three case studies

Disaggregation T (K) FF(ms™') QV(kgkg™) PSPa) Spx(Wm2) Ly «(Wm™2) PREC (kgm?)
Step 1 0.10 0.13 5.19e-05 105 3.52 1.23 1.16e-05

Step 142 0.17 - - 225 6.03 1.94 -

Step 14243 0.28 0.61 1.36e-04 - 13.37 472 2.50e-05
Reference 0.27 0.52 1.35e-04 222 11.57 4.25 2.53e-05
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Fig. 10. Temporal autocorrelations for the downscaling variables for 17:00 UTC, May 15, 2008. Here one time step is 24 s.

downscaling steps considerably reduce the errors compared to
the homogeneous coarse scale values. All steps increase the sub-
grid scale variance towards the reference small-scale variability.
The first step leads to a small error reduction and a small increase
of the subgrid scale variability. The second step, wherever appli-
cable, largely reduced the errors and adds some variability. Since
step 2 is weather dependent also the performance of the disag-
gregation is dependent on the atmospheric conditions. The third
step achieves a good reproduction of the subgrid scale variability,
however, at the expense of an increased root mean square error.
This was also the case in a study by Venema et al. (2009), who
developed a downscaling scheme for 3-D-cloud fields, which
increased the root mean square errors of liquid water content
on the small scale. They showed, however, that the errors in
radiation fluxes based on radiative transfer calculations made
with the downscaled fields as input led to a considerable error
decrease. This outcome results from the non-linear processes
in radiative transfer, where the correct simulation of subgrid
scale statistics is of crucial importance. Thus, when employing
the downscaling system, it should be decided first whether the
lowest possible errors or arealistic small-scale variability is more
important.

The question remains whether the weak correlations of near
surface wind speed and specific humidity with surface variables
is a model-specific behaviour, or whether this is also valid for
other models and for measurements. Bertoldi et al. (2008) for
example coupled a large-eddy simulation (LES) model to a sur-
face energy balance scheme and found strong correlations of the
near-surface atmospheric properties with surface variables. In
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their study near-surface atmospheric temperature was strongly
correlated with the sensible heat flux, specific humidity with
the latent heat flux, and the wind speed with surface roughness.
They looked at scales of L = 10' to 10* m, which are similar
to the scales considered in this study. They found the strongest
correlations between surface and atmospheric quantities to be
one pixel downwind the respective surface pixel. Spatial lags
have not yet been considered in this study. Another difference is
the vertical resolution, the lowest atmospheric model level in the
LES used by Bertoldi et al. (2008) is in 2.5 m height, compared
to 10 m in our case. The different correlations found may also
be due to different transfer parametrizations for the turbulent
exchange fluxes in their coupling and in the COSMO model.

In this study, we have developed and tested a downscaling
system for atmospheric variables based on 400 m grid spac-
ing as the smaller scale and 2.8 km as the larger scale. First
tests of the system for a downscaling from 14 km data down to
2.8 km have been conducted in order to see whether the sys-
tem can also be used for regional climate simulations with the
COSMO model on a 14 km grid, with surface information on
a 2.8km mosaic. Although the downscaling steps have been
trained for smaller scales, the results obtained by the downscal-
ing are very encouraging in terms of root mean square error
reduction and subgrid scale variance reconstruction. These re-
sults indicate that the approach could also be employed in the
field of climate modelling. Using a mosaic approach for the soil
and surface processes with the downscaling system presented
in this paper as coupling between the two scales could lead to
a better, less biased simulation of the energy and water budget
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of the lower atmospheric boundary and thus to better climate
simulations.

In the future we will try to conserve also spatial correlations
in downscaling step 3, that is, to generate red noise instead of
white noise. This would be important for distributed hydrologi-
cal models in contrast to most SVAT models, which are usually
one-dimensional single-column-models and do not simulate lat-
eral exchange.

The downscaling system is applicable whenever a mosaic ap-
proach is used in an atmospheric model. In the so-called tile
approach (see for example Avissar and Pielke, 1989; Avissar,
1991; Heinemann and Kerschgens, 2005; Ament and Simmer,
2006) the soil processes are modelled separately for different
land use classes, available at the subgrid scale, and the result-
ing fluxes are averaged according to the fractional coverage of
these land use classes. Hence, in the tile approach only one

Table Al. Possible predictors (available on high resolution) and indicators (coarse resolution) for the deterministic downscaling.

The predictors gradients x orography are computed by using the coarse temperature gradient information (because fine scale
information is usually not available) and the fine scale surface information on the relief height

Possible predictors

Possible indicators

T Ground temperature (K)

H Orography (m)

LAI Leaf area index (1)

20 Roughness length (m)

In(z/z0) Logarithmic roughness ratio between

height of lowest model layer and
roughness length (1)
Qvs Specific humidity at surface (kgkg™")
Tgr25x H Temperature gradient of lowest two layers
(25 m) x orography (K)

Tgr60 x H Temperature gradient of lowest three layers
(60 m) x orography (K)

Tgr105 x H Temperature gradient of lowest four layers
(105 m) x orography (K)

QVgr25x H Specific humidity gradient of lowest two layers
(25 m) x orography (1)

QVgr60d x H Specific humidity gradient of lowest three
layers (60 m) x orography (1)

QVgrl05 x H  Specific humidity gradient of lowest four layers
(105 m) x orography (1)

SHFL Sensible heat flux (W m~2)

LHFL Latent heat flux (W m~2)

FRyana Fraction of land (1)

Wso Soil moisture of top soil layer (m H,O)

Tgr25 Temperature gradient of lowest two
layers (25 m) [Km~']

Tgr60 Temperature gradient of lowest three layers
(60 m) [Km™!]

Tgr105 Temperature gradient of lowest four layers
(105 m) [Km™1]

QVgr2s Specific humidity gradient of lowest two layers
(25 m) [m™']

QVgré0 Specific humidity gradient of lowest three
layers (60 m) [m~!]

QVgrl05  Specific humidity gradient of lowest four
layers (105 m) [m™ 1

0 Cosine of solar zenith angle [1]

LWP Liquid water path [kg m~—2]

LWPyy LWP variance of 3 x 3 coarse pixels
[kg? m™]

OROyyr Orography variance of 3 x 3 coarse pixels
[m?]

FF Wind speed [ms™!]

DD Wind direction (°)

U Near-surface u-wind component (ms~")

\4 Near-surface v-wind component (ms~)

CLC Cloud cover (%)

CLCyyy Cloud cover variance of 3 x 3 coarse
neighbouring pixels (%)

Qv Near-surface specific humidity (1)

RH Near-surface relative humidity (1)

OVSyar Variance of 3 x 3 neighbouring pixels of
surface specific humidity (1)

Shet Short-wave net radiation at surface
(Wm™)

Lpet Long-wave net radiation at surface
(Wm™2)

PS Surface pressure (Pa)

PREC Precipitation [kgm=2s7!]

FRyana Fraction of land (1)
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source of subgrid heterogeneity is accounted for; this is usu-
ally the land use, while topographic or soil texture variabil-
ity is not considered. The approach presented here can not be
applied without modifications to such a tiled surface, because
high-resolution surface information of different surface proper-
ties is necessary, for example of topographic height, albedo and
surface temperature, which usually is available in a consistent
way only in the explicit subgrid mosaic approach.

In an upcoming paper the downscaling system will be imple-
mented into the COSMO-model and the impact on the simulation
of the turbulent heat fluxes and the overall model performance
will be evaluated.
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7. Appendix: details of the downscaling system

Table A1 contains all predictors and indicators provided to the
automatic rule search system described in Section 3.2, the rules
that were found are given in Table A2. The complete regression
equations for the subgrid scale standard deviations are

or = 4.3255 x Tgr25 +0.5026 x 0>
—1.5497 x 1073 x PS + 1.6125
orr = 0.7762 x 623 — 4.2692 x 107 x P S + 4.5029
ooy = 0.7076 x 033 +1.2202 x 1073
05, = 0.8882 x 033 +4.2606

— 3x3
O = 0.7 X 077 + 0gys.

Table A2. Deterministic downscaling rules found by the automatic rule search algorithm. Shown are relationships

between the downscaling variables, i.e. the predictands, and possible predictors for indicators above or below a certain
threshold of the indicator value. At least a correlation above 0.7 between predictor and predictand was necessary, and at
least 10% of all cases of the data set needs to be covered by this rule. For abbreviations of the variables see Tables 2 and

Al
Predictand Predictor Indicator with threshold Correlation Data coverage (%)
T Tgrl05xH T gr105 < 0.0022 0.74 59
T gr60 < 0.0037 0.75 58
T gr25 > 0.0065 0.75 56
FF>5.1 0.71 12
LWP > 0.095 0.71 10
U=>32 0.71 17
Shet > 204 0.81 29
Tgr60 xH Tgr105 < 0.0022 0.71 59
T gr60 < 0.0037 0.74 58
T gr25 < 0.0065 0.76 56
U >37 0.78 13
Snet > 204 0.81 29
Tgr25«xH Tgr105 < —0.0048 0.82 47
T gr60 < —0.00155 0.78 52
T gr25 < 0.0065 0.72 56
Snet > 204 0.78 29
H T gr105 < 0.0058 —0.74 64
T gr60 < 0.0090 —0.73 64
Tgr25 > 0.0161 -0.72 63
0 > 0.82 -0.7 17
FF >40 —0.76 23
LWP > 0.095 —0.78 10
U=>32 —0.78 17
Snet > 179 —0.72 31
Lyey > —15.224 -0.7 17
Lyet T, cle <43 —0.72 38
Lyt < —82.5 —0.74 36
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o33 is the standard deviation of the respective variable of the
3 x 3 surrounding grid boxes, and o4 is the subgrid scale
standard deviation of surface specific humidity.
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