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Abstract. A new methodology is presented that allows the
upscaling of land surface parameters of a Soil-Vegetation-
Atmosphere-Transfer (SVAT) Model. Focus is set on the
proper representation of latent and sensible heat fluxes on
grid scale at underlying subgrid-scale heterogeneity. The ob-
jective is to derive effective land surface parameters in the
sense that they are able to yield the same heat fluxes on the
grid scale as the averaged heat fluxes on the subgrid-scale. A
combination of inverse modelling and Second-Order-First-
Moment (SOFM) propagation is applied for the derivation
of effective parameters. The derived upscaling laws relate
mean and variance (first and second moment) of subgrid-
scale heterogeneity to a corresponding effective parameter
at grid-scale. Explicit upscaling relations are exemplary de-
rived for a) roughness length, b) wilting point soil moisture,
and c) minimal stomata resistance. It is demonstrated that
the SOFM-Method yields congruent results to corresponding
Monte Carlo simulations. Effective parameters were found to
be independent of driving meteorology and initial conditions.

1 Introduction

Mesoscale distributed hydrological models as well as
process-based regional climate models often use grid reso-
lutions that are not able to account for detailed land surface
heterogeneity (e.g. soil, vegetation and land surface proper-
ties). The impact of this subgrid-scale heterogeneity usually
is not accounted for. Land surface information, however, of-
ten is available in higher spatial resolution than the specific
model resolution (e.g. via satellite data) and the coarse model
resolution is only due to limited CPU resources. If subgrid-
scale effects shall be accounted for on grid-scale, aggregation
techniques have to be applied that allow the derivation of ef-
fective model parameters.
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The upscaling of land surface parameters in this study re-
lates to the physical description of energy and water bal-
ance at the land surface according to the equations of the
Soil-Vegetation-Atmosphere-Transfer (SVAT) model of the
Oregon State University (OSU-LSM) (Ek and Mahrt, 1991;
Chen and Dudhia, 2001). The OSU-LSM provides the lower
boundary condition of the non-hydrostatic mesoscale mete-
orological model MM5 (Grell et al., 1994). MM5 usually
is applied in horizontal resolutions of 10×10–50×50 km2.
This resolution in most cases is too coarse to account for vari-
ability in surface parameters like albedo, emissivity, rough-
ness length or vegetation parameters like stomatal resis-
tances. SVAT-models, both in stand-alone versions and those
coupled to regional climate models, provide tabulated values
for land surface parameters dependent on soil and vegetation
type, however, independent of scale (i.e. horizontal model
resolution). The question arises, how these land surface pa-
rameters must be chosen dependent on the scale (i.e. the hor-
izontal model resolution) such that modelled heat fluxes at
grid scale equal aggregated heat fluxes at subgrid scale.

Explicit scaling laws for central land surface parameters
are derived that relate mean (1st moment) and standard devi-
ation (2nd moment) of subgrid scale parameter distribution to
a corresponding effective parameter value at grid scale. Ef-
fective parameters are derived by a combination of first mo-
ment propagation and inverse modelling. It is in particular
shown that the Monte Carlo based approach (as introduced
by Intsiful, 2004) and the direct first moment propagation
approach (based on a Taylor-Series expansion) of this work
yields identical results.

2 The SVAT model – brief overview

The SVAT model applied in this study closely follows the ap-
proach of Ek and Mahrt (1991) and Chen and Dudhia (2001).
It solves the energy balance

Rn = G + λE + H (1)
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with Rn: net radiation [Wm−2], G: ground heat flux
[Wm−2], λE: latent heat flux [Wm−2], H : sensible heat flux
[Wm−2].

Net radiation is obtained by

Rn = (1 − α)SWin + LWin − ε · σ · t4
sfc (2)

with α: albedo [.], ε: emissivity [.], SWin: incom-
ing shortwave radiation [Wm−2], LW in: incoming long-
wave radiation [Wm−2], σ : Stefan-Boltzmann constant
[5.67 10−8 Wm−2 K−4], tsfc: temperature of land surface
[K].

The model has the prognostic variables soil temperature,
volumetric soil water content, canopy water content and the
diagnostic variables sensible heat flux, latent heat flux (from
canopy, stomata and bare soil), ground heat flux, infiltration
excess. The soil is discretized in four layers with vertical res-
olutions 10 cm, 30 cm, 60 cm, and 100 cm. Soil thermody-
namics is accounted for by solving the heat flux equation, in
which volumetric heat capacity depends on actual volumet-
ric soil content. Soil moisture dynamics in the unsaturated
zone is described by solving the diffusive form of Richard’s
equation. Soil hydraulic conductivity, hydraulic conductiv-
ity and matric potential nonlinearly depend on the Clapp-
Hornberger parameterb (a curve fitting parameter dependent
on soil type). Canopy transpiration is calculated dependent
on vegetation fraction, canopy resistance, canopy water con-
tent and potential evaporation. Canopy resistance nonlin-
early depends on leaf area index (LAI), minimum (Rcmin)

and maximum stomatal resistance, solar insolation, vapour
pressure, atmospheric temperature and soil moisture content.
When the soil moisture exceeds the field capacityθref, tran-
spiration is not regulated by soil moisture deficit. When the
soil moisture is less than wilting point soil moistureθwilt ,
soil water deficit prevents transpiration. Aerodynamic rough-
ness length (z0 m) determines the zero-wind level in the verti-
cal logarithmic wind profile of the planetary boundary layer
(PBL); as it non-linearly impacts canopy resistance it is very
sensitive to latent heat flux.

The SVAT-model is programmed in Mathematica (Wol-
fram, 2004) and applied and validated using forcing and
observation data from Meyers/NOAA measurement site in
Champaign, Illinois. The measurement site is located at
88.37◦ W and 40.01◦ N. Data are available for the scientific
community and can be retrieved viaftp://ftp.ncep.noaa.gov.
The site is characterised by soil type “silty loam” and veg-
etation type “groundcover only”. This study focuses on Ju-
lian days 195–200 in 1998. A comparison between mod-
elled and observed sensible and latent heat fluxes are given
in Figs. 1a, and b. The SVAT model in general reproduces
well observed daily variation of heat fluxes. Time resolution
1t was 15 min.

3 Upscaling methodology

Figure 2 illustrates the general methodology applied for de-
riving effective parameters. In a square ofn gridpoints at

subgrid scale, every grid pointi is characterised by a dif-
ferent land surface parameterpi (i=1,. . . , n). In our case,
p can for example represent albedo, emissivity, roughness
length or any other land surface parameter of interest. The
SVAT model calculates the energy and water balance at the
land surface and provides modelled values for heat fluxesF

for every time step1t . In the following it is assumed that the
n parameters are normally distributed:

p = N(µp, σp) (3)

The mean (i.e. spatially averaged) total heat fluxesF (F can
indicate either sensible heat fluxH , latent heat fluxλE or
ground heat fluxG) within a given time interval [t0, tmax],
i.e. the first moment ofF , is obtained by

F̂ (µp, σp) ≈
1

n

n∑
i=1

Fi(pi) (4)

where

Fi =

t=tmax∑
t=t0

Fi(t) (5)

indicate the temporal aggregated heat flux at every grid point
i over total time interval [t0, tmax].

Alternatively to the Monte Carlo approach of (3) and the
aggregation according to (4), direct propagation of the first
moment ofF can be performed. This is achieved by

F̂ (µp, σp) =

∞∫
−∞

F(µp)pdf (p)dp

≈

∞∫
−∞

[F(µp) +
∂F

∂p

∣∣
p=µp (p − µp) +

∂2F

∂p2

∣∣
p=µp (p − µp)

2
]pdf (p)dp

= F(µp) +
1

2

∂2F

∂p2

∣∣
p=µp σ 2

p (6)

(e.g. Papoulis, 1991), wherepdf (p) is the probability den-
sity function ofp (in this case it is the normal distribution

N(µp, σp)), and ∂F
∂p

∣∣
p=µp and ∂2F

∂p2

∣∣
p=µp are first and sec-

ond derivatives ofF with respect to the land surface param-
eterp. As the first moment is approximated in second order
accuracy, the approach is referred to as Second-Order-First-
Moment propagation (SOFM).

The sensitivities are obtained analytically, as the SVAT-
model is programmed in Mathematica, which allows alge-
braic computation of derivatives, even for complex equations
as it is in case of the numerical solution of the surface energy
equations and all equations hereafter.

The effective parameterpeff is based on the solution of

F(µp) +
1

2

∂2F

∂p2

∣∣
p=µp σ 2

p

!
= F(peff) (7)

which requires determining the root of

F(µp) +
1

2

∂2F

∂p2

∣∣
p=µp σ 2

p − F(peff) = 0 (8)

ftp://ftp.ncep.noaa.gov
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Figure 1: Validation of SVAT-model: comparison between modelled and simulated sensible heat 

fluxes (a, left) and latent heat fluxes (b, right) 

Fig. 1. Validation of SVAT-model: comparison between modelled and simulated sensible heat fluxes (a, left) and latent heat fluxes (b, right).
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Figure 2: Schematic presentation of definition of effective parameter peff and aggregation of heat 

fluxes (adapted from Intsiful, 2004). 

Subgrid scale Grid scale

Land surface parameters pi (i=1,..,n) Effective parameter, peff 

Upscaling 

Time (Minutes)

0 20 40 60 80

Se
ns

ib
le

 H
ea

t F
lu

x 
(w

m
-2

)

0

100

200

300

400

500

H-2
H-1

H-3

Time (minutes)

0 20 40 60 80

Se
ns

ib
le

 H
ea

t F
lu

x 
(W

m
-2

)

0

100

200

300

400

500

Effective H 

Fig. 2. Schematic presentation of definition of effective parameterpeff and aggregation of heat fluxes (adapted from Intsiful, 2004).

This is easily achieved by standard packages within Mathe-
matica.

For every given set of meanµp and standard deviation
σp at subgrid scale, the solution of the root finding problem
(8) has to be solved. The effective parameter then finally is

mapped as a function ofµp andσp:

peff = f (µp, σp) (9)
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Figure 3: Upscaling relations for roughness length mz0  (SOFM method) 
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Figure 4: Upscaling relations for roughness length mz0  (Monte Carlo method, 25 realizations) 

 

Fig. 3. Upscaling relations for roughness lengthz0 m (SOFM
method).

4 Results

The proposed new approach for upscaling of land surface
parameters is demonstrated for the parameters a) roughness
length, b) wilting point soil moisture, and c) minimal stom-
ata resistance. For the objective function to be met at grid
scale,λE (latent heat flux) was chosen forF in (4) till (8).
The upscaling relations are visualised by plotting the nor-
malised effective parameter (i.e.peff/µp) against the coeffi-
cient of variation (i.e.σp/µp) for different mean parameter
valuesµp. Figure 3 shows the derived upscaling relation for
roughness lengthz0 m. It is seen that with increasing subgrid
scale heterogeneity (i.e. coefficient of variation) the effective
roughness length is decreasing. Figure 4 shows the results
of a corresponding Monte Carlo simulation. In fact the two
approaches yield comparable results. Only in case of larger
coefficients of variation, the Monte Carlo simulation differs.

Effective parameters must be independent of the driving
meteorology. The central question is: what is the minimum
duration (episode) such that the derived value for the effec-
tive parameter converges and becomes independent as time
proceeds. Figure 5 shows the dependency of the derived ef-
fective roughness length in dependence of simulation time.
After around 80 h the derived effective value converges. It is
therefore concluded that 120 h simulation time is sufficient
for deriving effective land surface parameters in this study.
It must be noted, however, that the effective parameters may
still depend on regional climatology and the season of the
year. A further investigation in this direction, however, is out
of the scope of this study.

Figure 6 shows the upscaling relations in case of wilting
point soil moistureθwilt . Contrary to the case of roughness
length, effective values increase with increasing coefficient
of variation.

Figure 7 shows the upscaling relations for the vegetation
type dependent minimum stomatal resistanceRcmin. The
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Fig. 4. Upscaling relations for roughness lengthz0 m (Monte Carlo
method, 25 realizations)
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Figure 5: Dependency of derived effective parameter on simulation time in case of roughness 

length mz0 : convergence after 60-80 h. 
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Figure 6: Upscaling relations for wilting point soil moisture wiltθ  (SOFM method) 

 
 

Fig. 5. Dependency of derived effective parameter on simulation
time in case of roughness lengthz0 m : convergence after 60–80 h.

general shape of the scaling laws is similar to the case of
roughness length.

5 Summary and conclusion

A new approach for the derivation of effective land surface
parameters was presented. It was shown that the methodol-
ogy yields results that are in excellent agreement with corre-
sponding Monte Carlo results. The SOFM approach, how-
ever, is much less computational demanding than the Monte
Carlo approach. This is also due to the fact that the pro-
gramming environment (Mathematica) chosen for this study
allows the computationally efficient algebraic calculation of
derivatives.
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Figure 5: Dependency of derived effective parameter on simulation time in case of roughness 
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Fig. 6. Upscaling relations for wilting point soil moistureθwilt
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Figure 7: Upscaling relations for minimum stomatal resistance Rcmin (SOFM method) 
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Fig. 7. Upscaling relations for minimum stomatal resistanceRcmin
(SOFM method).

Compared to other upscaling methods (e.g. Hu et al.,
1999), the proposed methodology is independent of driving
meteorology. It is concluded that the methodology proposed
can also be advantageously applied in other areas, such as
hydrogeology for example.
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