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a b s t r a c t

The German Remote Sensing Data Center operates the Biosphere Energy Transfer

Hydrology Model, a process model that estimates the net primary productivity of agricul-

tural areas. The model is driven by remote sensing data and meteorological data. Remotely

sensed datasets including a time series of the leaf area index, which describes vegetation

condition, and a land cover classification, which provides information about land use, are

needed. Currently leaf area indices and land cover data derived from the sensor vegetation

are used. Both datasets have spatial resolutions of about 1 km � 1 km and are freely

available for the area of investigation (Germany and Austria). The meteorological input

parameters are air temperature (at 2 m height), precipitation, cloud cover, wind speed (at

10 m height) and soil water content (in the four uppermost soil layers); these are obtained

from the European Centre for Medium-Range Weather Forecasts, with a spatial resolution

of about 0.25� � 0.25� and a temporal resolution up to four times daily. The output of the

model, the gross primary productivity, is calculated at daily resolution. By subtracting the

cumulative plant maintenance and growth respiration, the net primary productivity is

then determined. In order to validate the modelled net primary productivity, crop yield

estimates derived from the national statistics of Germany and Austria are used. After

estimating above-ground biomass using plant-specific above- to below-ground ratios,

conversion factors (corn-to-straw and leaf-to-beet relations) are applied to estimate total

biomass. Finally the carbon content of dry matter is estimated. To correlate model results

with these statistical data, the modelled data are aggregated to net primary productivity

per administrative district. The results show that a process model using remote sensing

data as input can deliver reliable estimates of agricultural biomass potential which are

highly correlated with statistically derived estimates of actual biomass produced.

ª 2011 Elsevier Ltd. All rights reserved.

1. Introduction

In one of the earliest forays into computational prediction of

agricultural yield [1] developed the Crop Environmental

Resource Synthesis (CERES) model for simulating the daily

growth and development processes of wheat andmaize. Later

this model was expanded to sorghum, millet, rice and barley.

Many factors including environment, nitrogen availability,

water stress, pests, genetics and management are considered

in CERES to model growth and development. The develop-

ment processes are differentiated in two stages: the vegetative

stage with germination, emergence, end of juvenile and leaf

numbers, and the reproductive stage with floral induction,

flowering, begin of grain filling and maturity. Stress compo-

nents, such as water stress, act in different ways depending

on the development stage.

The daily growth of plants ismodelled inCERES according to

the Radiation Use Efficiency (RUE) approach, which is based on
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the concepts of [2] and [3]. In this approach, the potential

maximumdrymatter production is linearly correlatedwith the

absorbed light. As inmostmechanisticmodels, RUE also varies

with temperature, nitrogen and water availability, CO2 level

and fertilization. The allocation of assimilated carbon to

particular plant components ismodelled,with daily time steps.

Phenology, the timing of biological processes, is driven by

temperature, expressed as either thermal temperature or

growing-degree-days. In order to calibrate the CERES model,

field data are needed, especially the number of plants planted

per unit area and the timing of phenological events such as

tilling, stem elongation, and maturation. Grain yield metrics

are also mandatory.

The CERES model is now integrated in the Crop Simulation

Model (CSM) of the Decision Support System for Agro-

technology Transfer (DSSAT) distributed by the International

Consortium for Agricultural SystemsApplications in Honolulu

[4]. In its earliest form the DSSAT model was developed to

simulate maize growth and development, but in the DSSAT-

CSM, 27 different cropping system models are combined. At

a minimum, it needs input data regarding incoming solar

radiation, minimum and maximum temperatures, and rain-

fall. It can additionally utilize several soil-related metrics,

such as bulk density, carbon content, and pH, as well as

management-related metrics such as planting density, fertil-

ization rates and irrigation data.

Another important crop growth model is the DeNitrifica-

tion and DeComposition (DNDC) model, originally developed

by [5]. In DNDC, crop growth is parameterized by generalized

crop growth curves together with a crop-specific potential

maximum grain yield. The actual grain yield is determined by

the availability of nitrogen in the soil. Nitrogen uptake by the

plants is controlled by the soil temperature profile and soil

moisture. With this approach, the effects of differences in

tilling, fertilizer use and irrigation can be taken into account

by DNDC, because all of these management practices modify

the soil regime and thus affect plant growth. DNDC also

integrates crop growth processes with biogeochemical

processes by including important nitrogen- and carbon-

related processes like mineralization, ammonia volatiliza-

tion, denitrification and nitrification, nitrogen uptake and

leaching. The DNDC model, presently implemented with

a daily time step, has been validated and used for many sub-

national and national case studies (e.g.: [6e8]).

The Environment Policy Integrated Climate (EPIC) model is

a further Monteith type parametric model which is driven by

the International Institute for Applied System Analysis. EPIC

was originally designed to quantify the effects of erosion on

soil productivity [9], but has since been expanded into

a complex agro-ecosystemmodel that simulates the growth of

crops under complex rotation management operations, such

as irrigation, fertilization and tillage [10]. EPIC’s main inputs

are meteorological data, provided by the European Center for

Medium-Range Weather Forecasts (ECMWF), soil type infor-

mation from the Food and Agriculture Organisation (FAO) of

the United Nations, and field management data.

A further example is the DAYCENT (Daily Century) model,

developed by [11] and by [12,13].

These examples show a broad scientific and practical

acceptance of themechanisticmodelling approach, particularly

when coupled with analysis of management practices, in order

to forecast agricultural outputs. However, in contrast to these

mechanistic growth and development models, other

approaches are typically used to account for the interaction

between plants, atmosphere and soil. These so-called dynamic

models calculate the uptake of atmospheric CO2 by plants and

the release of CO2 by plants and soil in a physically consistent

way that respects the conservation of energy and momentum.

In the literature one can find descriptions of established

dynamicvegetationmodels foruseat scales fromglobal to local.

Examples are (LPJ), developed by [14] and modified by [15],

ORCHIDEE, developed by [16], and BIOME3, developed by [17].

These models are driven by meteorological input data and

parameterized for all land cover/landuse classes, suchas forest,

grassland, shrubland and agricultural areas. The spatial reso-

lution for most dynamic models ranges from a few degrees

(global usage, e.g. [15] and [17]), to kilometres (regional usage,

e.g. [18]). Their main outputs are Gross Primary Productivity

(GPP), Net Primary Productivity (NPP), Net Ecosystem Exchange

(NEE), Total Ecosystem Respiration (TER), and evapotranspira-

tion. Plant development using plant-specific allocation rules is

modelled mainly for global climate change analysis or historic

plant development. Yield information of agricultural crops is

not an output of these dynamic vegetation models.

We here discuss the Biosphere Energy Transfer Hydrology

(BETHY/DLR) model, operated by the German Remote Sensing

Data Center (DFD). BETHY/DLR is based on the formulation of

[19] and modified by [18]; a description of the model can also

be found in [20]. Besides meteorological input data, BETHY/

DLR also requires land cover/land use maps and Leaf Area

Index (LAI) time series as input. These observational data are

obtained from satellite images. Thus the LAI time series of

a pixel (typically 1 km2) represents the mean phenology of the

vegetation of that pixel. It is assumed that management

practices as well as plant development are reflected and

observed by the LAI time series.

The primary objective of this study is to investigate a new

approach to the validation of modelled NPP from BETHY/DLR,

at 1 km2 spatial resolution, using statistical yield data for

major crops. The crops used in validation are the major crops

at level 3 of the “Nomenclature des Unités Territoriales Sta-

tistiques” (NUTS), a system of hierarchically organised terri-

torial units intended for statistical purposes. For this

validation approach, plant-specific yield data and modelled

NPP are both downscaled to NPP per NUTS unit, providing

a common basis for comparison. The presented validation

results were cross-checkedwith the results of a validated EPIC

run for a selected area (Marchfeld) in Austria [21]. Germany

and Austria were selected as test areas due to the availability

of detailed statistical data for validation and availability of the

EPIC results. Computing time and hard disk storage issues

restricted our modelling to the years 2000 and 2001.

2. Model and input data

2.1. Model

BETHY/DLR models photosynthesis using the combined

approach of [22] and [23], which parameterizes the enzyme
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kinetics of photosynthesis at the leaf level. In this context, so-

called C3 and C4 plants are distinguished because significant

differences exist between the carbon fixation strategies of the

two classes of plants (C3 and C4). In particular, C4 plants

(including corn and sugar cane) can fix more atmospheric

carbon dioxide at high temperatures than C3 plants (such as

wheat and barley). In either case, in the next step the rate of

photosynthesis is extrapolated from leaf to canopy level,

taking into account the construction of the canopy as well as

interactions between soil, atmosphere and vegetation. Radi-

ation absorption in the canopy is approximated using the two-

flux scheme of [24] with three canopy layers.

Stomatal conductance, evapotranspiration and soil water

balance are also included for calculating NPP on an annual

basis. The water supply available to plants is considered by

calculating the demand for evapotranspiration using the

approach of [3] against the criteria of [25], which assumes that

evapotranspiration cannot be greater than the possible soil

water supply to the roots.Water deficit (orwater stress) is thus

considered to occur at a soil water content at or below the

permanent wilting point (PWP).

Autotrophic respiration is modelled in BETHY/DLR as the

sumof themaintenance and growth respiration.Maintenance

respiration is mainly determined by the plant-specific dark

respiration, while growth respiration is assumed to be

proportional to the difference between GPP and maintenance

respiration.

The output of BETHY/DLR is a time series, in daily steps, of

NPP at the spatial resolution and projection of the land cover

classification (1 km2, latitude e longitude projection with

WGS84 (World Geodetic System 1984) datum). A schematic

overview of the currently used input data and the internal

model processes is presented in Fig. 1.

2.2. Input data e meteorology

BETHY/DLR uses remote sensing data andmeteorological data

to model the photosynthesis of plants, depending on weather

and phenological conditions. The meteorological data (see

Table 1) are derived from the operational processing chain of

the ECMWF with temporal resolution up to four times daily

and a spatial resolution of 0.25� � 0.25�. The meteorological

data used are model analysis of the temperature (at 2 m

height), wind speed (at 10 m height), soil water content (in the

four uppermost soil layers), and cloud cover. Daily precipita-

tion values are also derived from the ECMWF re-analysis

project (ERA-Interim). From this dataset, the daily mean,

minimumandmaximum temperatures are calculated, as well

as the daily mean cloud cover in three strata (high, medium

and low) and the water vapour pressure. Daily temperatures

are scaled by the difference of ECMWF reference height and

global ETOP05 5-minute gridded elevation data and the

temperature gradient of the U.S. Standard Atmosphere, which

is �0.65 K/100 m:

T0 ¼ TECMWF � 0:0065
K
m

� ðhECMWF � hETOPÞ (1)

TECMWF represents the reference temperature given by the

ECMWF, hECMWF for the ECMWF reference height (geo-

potential) and hETOP for the height given by ETOP05 (which has

a spatial resolution of about 9 km2).

The daily average photosynthetic active radiation (PAR) is

a function of global irradiation, calculated following [26] from

the geographical coordinates, the day and year, and the

atmospheric transmission, which depends on the degree of

cloudiness. The daily average degree of cloudiness is calcu-

lated as a weighted sum of the cloud strata. The advantage of

this approach, in contrast to the direct use of ECMWF radia-

tion data, is the use of analysis data of cloud coverage which

leads to more exact results than the direct use of radiation

forecast data, as shown by [18]. The global irradiation is

calculated for each location for each 1-h time step. The volu-

metric soil water content was needed to calculate the soil

water budged of the model.

2.3. Input data e remote sensing

In addition to the meteorological data, the BETHY/DLR model

is driven by two satellite remote sensing datasets, time series

of the LAI, and detailed and homogeneous land cover/land use

information. Phenology of the vegetation is indicated by the

LAI time series, which is based on CYCLOPES 10-day compo-

sitae datasets downloaded from the POSTEL (Pole d’Observa-

tion des Surfaces continentales par Teledetection) databank

(http://postel.mediasfrance.org).

For each pixel, analysis of the LAI time series is conducted

to fill data gaps and eliminate outliers, using harmonic anal-

ysis (HA). HA decomposes a time series into a linear combi-

nation of suitable trigonometric functions, i.e. sine and cosine

oscillations of particular periodicities. The HA technique

corresponds to an approximate deconvolution of the power

spectrum by iteratively finding and subtracting the highest

peak of the time series power spectrum. This method was

adapted for the correction of LAI time series data.

CYCLOPES provides land cover and land use information in

their GLC2000 dataset. For the derivation of the GLC2000 land

cover classes the “Land Cover Classification System (LCCS)” of

the FAO was used [27,28]. In the GLC2000 dataset a classifica-

tion with 22 different land cover classes is available repre-

sentative for the year 2000. The global LAI and GLC2000 data

are available in tiles of 10� by 10� as maps in rectangular

projection annotated with latitude, longitude, and WGS84

date, with complete coverage of the study area (Germany and

Austria). The CYCLOPES dataset was chosen because it is

thought to be the most accurate dataset for agricultural areas

[29].

In order to use the GLC2000 land use/land cover classifi-

cation for NPP modelling with BETHY/DLR, the GLC2000

vegetation classes were translated to one of the 33 inherent

BETHY/DLR vegetation classes (Table 2) which can be regarded

as vegetation types. The translation will be discussed in the

following section.

2.4. Plant parameters

In BETHY/DLR each vegetation type is linkedwith biochemical

parameters such as the maximum carboxylation rate, the

maximum electron transport rate, and other plant-specific

photosynthesis related parameters. As can be seen in Table 3,
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it is possible to describe one GLC2000 class using a weighted

averageof twoBETHY/DLRvegetation types.For this studyonly

the two GLC2000 classes which are directly linked with crops

are used. The weighting factors are set to 1.0 for the GLC2000

class “cultivated and managed area” (GLC-16). This is done

under the assumption that this class describes a homoge-

nously crop-covered area. The class “Mosaic: cropland/shrub

cover or grass cover” (GLC-18) of GLC2000 was split between

arable crops and grass cover using a weighting factor of 0.5 for

each. This is done under the assumption that the area is

completely vegetated, but only half with crops.

2.5. Validation data

To validate the modelled NPP of agricultural crops, empirical

estimates of corn yields from the Federal Statistical Office of

Germany and from Statistics Austria were used. In both

countries farm structure surveys are conducted yearly. The

agricultural surveys contain information about arable land,

vineyards, horticultural farms, field vegetable farms and

commercial fruit plantations, with associated yields. The

“NUTS” hierarchical spatial classification starts with the

member states of the European Community (EU) (NUTS-0),

followed by regions of the EU (NUTS-1), separated to basic

administrative units (NUTS-2) and ends with subdivisions of

those basic administrative units (NUTS-3). As an example,

Austria has been divided into three units, Eastern, Southern

and Western Austria (NUTS-1). Each NUTS-1 level comprises

the federal provinces (NUTS-2) such as the “Burgenland”. The

NUTS-2 level is split into several NUTS-3 levels; in this case,

the “Nordburgenland”, “Mittelburgenland” and “Südburgen-

land”. Besides these NUTS levels, a further subdivision is

established in the empirical data indicating towns with

charters, political districts and judicial districts.

For Germany and Austria the empirical data are given in

NUTS-3 resolution. For Austria yields for summer rapeseed

and grain maize are included, which are not present in the

Germany statistics; otherwise the datasets provide the same

information. As the German dataset contains gaps, necessi-

tating a criterion to fill such gaps; we assumed that gaps for

a given crop may be filled using the mean yield of the given

crop from the German NUTS-3 units.

Before validating themodelled results, the 1 km2 resolution

NPP model output must be transferred to a Geographical

Information System, taking into account the equi-rectangular

map projection (latitude-longitude projection with WGS84

datum). Finally, the model results are aggregated to higher

NUTS levels for comparison with the statistical data.

2.6. Validation strategy

The yield given by the empirical data does not represent the

available biomass or the biomass potential and thus cannot be

compared directly with the modelled yearly NPP sum, which

Fig. 1 e Model schematic for BETHY/DLR, left: input data, middle: internal model processes, right: output data.

Table 1 e Summary of meteorological input data
(including short names and code numbers) derived from
ECMWF.

Parameter Short name Code number

Volumetric soil water layer 1 SWVL1/(SWL1) 039

Volumetric soil water layer 2 SWVL2/(SWL2) 040

Volumetric soil water layer 3 SWVL3/(SWL3) 041

Volumetric soil water layer 4 SWVL4/(SWL4) 042

Geopotential Z 129

Large scale precipitation LSP 142

Convective precipitation CP 143

10 m U-velocity 10U 165

10 m V-velocity 10V 166

2 m temperature 2T 167

Low cloud cover LCC 186

Medium cloud cover MCC 187

High cloud cover HCC 188
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represents the accumulated carbon of pixel over one year. In

order tomake a comparison possible, the yield data were used

to estimate the above- and below-ground biomass, using

simple growth allocation schemes. As a first step, it is neces-

sary to calculate the total above-ground biomass, its dry

matter and its carbon content. The literature gives a wide

selection of so-called conversion factors, which give esti-

mated corn-to-straw or leaf-to-beet ratios (Table 4) [31e34].

For this study we used values from [31], since they repre-

sent the latest available values, and also describe the greatest

diversity of plant species. These relations suggest that, for

example, a grain yield of 10 t of winter wheat will correspond

to 11 t of straw. To calculate the dry matter for both the straw

and yield fractions, standard estimates of water and carbon

content were used, also from [31]. In this way, the carbon

content of the dry matter of straw and yield can be estimated

using formulae 2 and 3:

NPPyi ¼ yi� �
1�H2Oyi

�� Cyi (2)

NPPstw ¼ ðyi� sstwÞ � ð1�H2OstwÞ � Cstw (3)

where yi represents the yield of a particular plant species.

H2Oyi and H2Ostw represents the water content, and Cyi and

Cstw the carbon content, of the yield and straw fractions,

respectively, for that plant species. sstw represents the plant-

specific conversion factor of yield-to-straw or leaf-to-beet

(Table 4).

To calculate the total amount of above-groundNPP, NPPagb,

one has to aggregate the NPP for the straw and yield fractions

for each crop according to formula 4:

NPPagb ¼ NPPyi þNPPstw (4)

This above-ground NPP is still not comparable with the

modelled NPP, however. Because BETHY/DLR gives no infor-

mation about where the accumulated carbon is stored, it is

also necessary to calculate the below-ground NPP, NPPbgb,

from the empirical yield data. Simple so-called “shoot-to-root”

ratios can be found in, for example, [30] or [33]. We used those

of [30] (Table 4), assuming that these estimates, found for

crops in Canada, are also representative of Germany and

Austria. With these ratios one can estimate NPPbgb:

NPPbgb ¼ NPPabg � sagb (5)

sagb represents the shoot-to-root conversion factor for

a specific crop (Table 4). The totalNPP cannowbe expressedas:

NPP ¼ NPPagb þNPPbgb (6)

To calculate the total carbon stored in a NUTS area, this

total NPP is integrated over the total cultivation area for each

NUTS area and summed over all crops:

Table 2 eVegetation types of the BETHY/DLRmodel with type number and vegetation parameters after [19]. VM:maximum
carboxylation rate at 25�; JM: maximum electron transport rate at 25�; height; rooting depth.

No. Vegetation types of BETHY/DLR VM [mmol m�2 s�1] CO2 JM [mmol m�2 s�1] CO2 Height [m] Rooting depth [m]

1 Trop. BL evergreen trees 62 118 30.0 6.9

2 Trop. BL deciduous trees 90 179 15.0 3.7

3 Temp. BL evergreen trees 41 82 15.0 3.0

4 Temp. BL deciduous trees 35 70 15.0 3.0

5 Evergreen coniferous trees 29 52 15.0 3.9

6 Deciduous coniferous trees 53 95 15.0 1.5

7 Evergreen shrubs 52 102 1.0 3.5

8 Deciduous shrubs 160 266 1.0 3.5

9 C3 short grasses 42 80 0.3 1.8

10 C3 long grasses 42 80 2.0 1.8

11 C4 short grasses 8 140 0.3 1.8

12 C4 long grasses 8 140 2.0 1.8

13 Tundra vegetation 20 37 0.3 0.5

14 Swamp vegetation 20 37 0.6 0.5

15 Arable crops 117 220 0.6 1.8

16 Irrigated crops 123 227 2.0 1.8

17 Trop. tree crops 60 106 2.0 6.9

18 Citrus crops 60 106 2.0 3.7

19 Temp. deciduous tree crops 123 227 2.0 3.0

20 Sugar cane 39 700 2.0 1.8

21 Corn 39 700 2.0 1.8

22 Rice 98 190 0.3 0.3

23 Cotton 123 227 2.0 2.1

24 Sugar beet 129 226 0.5 1.8

25 Soy 94 168 0.8 1.8

26 Sunflower 80 213 2.0 2.7

27 Barley 68 169 1.2 1.8

28 Wheat 83 193 1.5 1.8

29 Rapeseed 61 187 1.0 1.8

30 Beech 46 109 15.0 4.0

31 Oak 40 72 15.0 4.0

32 Spruce/Fir 10 24 15.0 2.8

33 Pine 17 30 15.0 4.0
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NPPNUTS ¼
X

i

ðNPPi � areaiÞ (7)

The NPPNUTS per administrative district can now be directly

compared with the modelled NPP, also aggregated per NUTS

area as previously described.

A comparison with data from eddy covariance towers

could not be performed because our area of investigation,

Germany and Austria, contains only three agricultural FLUX-

NET towers. Only one gathered data in 2001, but it had too

small a footprint (<300 m for wind speeds up to 4 m s�1) to

quantify CO2 fluxes on a km2 scale.

3. Results

Before validating the annual sum of accumulated carbon

modelled by BETHY/DLR for large regions (Germany and

Austria), we compared the BETHY/DLR NPP results with the

output of the EPIC model over a smaller region.

3.1. BETHY/DLR comparison with EPIC

The study site for this comparisonwas theMarchfeld region of

Lower Austria, which is part of the Vienna Basin. With an area

of about 100,000 ha, it is one of the largest plains in Austria,

and about 75% of its area is used for agricultural production.

The Marchfeld’s natural boundaries are the river March to the

east (the Austrian border to Slovakia), the hills of Weinviertel

to the north, the Bisamberg mountains and the city of Vienna

to thewest, and the river Danube to the south. The EPICmodel

has been validated for the Marchfeld [21], making it worth-

while to compare BETHY/DLR to EPIC for this region. Since

land use practices are not homogenously distributed in this

area, five sectors were identified using cluster analysis

methods [35]. Each sector has an area between 85 km2 and

250 km2. For our analysis one sector was not used, since its

land cover is predominantly designated as urban. The NPP of

both models for 2000 and 2001 across the four sectors is pre-

sented in Fig. 2.

Fig. 2 shows that BETHY/DLR estimates slightly more NPP

(about 15% higher) than the calibrated EPIC model. Indeed,

only in one case, sector 2 in the year 2000, was BETHY/DLR’s

estimate lower than EPIC’s. According to [20], the calibration

of the EPIC model for sugar beets in the Marchfeld has

a standard deviation of less than 10%. Similarly, BETHY/DLR’s

NPP estimate for 2001 for the NUTS-3 Gänserndorf region

(dominated by the Marchfeld) was about 10% higher than the

estimated true NPP (not shown). Looking at all results for the

Marchfeld region, it can be concluded that the modelled NPP

from BETHY/DLR is in good agreement with both empirical

data and the calibrated EPIC results, although with a tendency

for minor overestimation.

3.2. Validation of BETHY/DLR with statistical data

Modelled NPP, at 1 km2 resolution, for Austria and Germany

was calculated as the annual sum of accumulated carbon for

2000 and 2001 (Fig. 3).

Yearly NPP is clearly higher in the southern states of Ger-

many than in Germany’s northern and eastern regions, in

both years. Statistical analysis revealed that the mean annual

NPP in carbon (over the whole area of investigation) is 253

[t km�2 y�1] with a maximum of 662 [t km�2 y�1] for 2000, and

239 [t km�2 y�1] with a maximum of 577 [t km�2 y�1] for 2001.

The annual NPP in carbon for Germany is 76.4 Mt for the year

2000 and 73.3 Mt for 2001; for Austria, annual NPP is 7.9 Mt for

2000 and 6.2 Mt for 2001. The conversion of statistical yield

data to NPP, as described above, delivers annual sums for

Germany of about 67.2 Mt for 2000 and 71.5 Mt for 2001. For

Austria these values are about 6.9 Mt for 2000 and 6.3 Mt for

2001. From this it may be seen that the modelled NPP for

Germany for both years is overestimated (w13% for 2000 and

Table 3 e Translation of GLC2000 vegetation classes to
BETHY/DLR vegetation types with weighting factors.

GLC2000 class BETHY/DLR
vegetation type

Weighting factor

Cultivated and

managed

areas (GLC-16)

Arable crops (Type 15) 1.0

Mosaic: cropland/

shrub or grass

cover (GLC-18)

Arable crops (Type 15) 0.5

C3 short grasses (Type 9) 0.5

Table 4 e Corn-to-straw (leaf-to-beet) ratios and above- to below-ground ratios for selected crops. Carbon and water
content for yield and straw fraction.

Field fruit Yield/straw (*) Root/shoot (þ) Cyi Cstw H2Oyi (*) H2Ostw (*)

Grain 1.13 0.14 0.45 ($) 0.45 ($) 0.14 0.14

Wheat 1.1 0.21 0.455 (#) 0.446 (#) 0.14 0.14

Maize 0.8 0.18 0.456 (#) 0.5 (#) 0.14 0.14

Barley 1.05 0.32 0.45 ($) 0.459 (#) 0.14 0.14

Rye 1.3 0.19 0.475 (#) 0.457 (#) 0.14 0.14

Oat 1.1 0.4 0.45 ($) 0.45 ($) 0.14 0.14

Triticale 1.2 0.19 0.436 (#) 0.436 (#) 0.14 0.14

Beet 0.33 0 0.45 ($) 0.45 ($) 0.88 0.88

Potato 0.2 0 0.45 ($) 0.45 ($) 0.78 0.75

Sugar beet 0.7 0 0.45 ($) 0.45 ($) 0.77 0.84

Oil fruits 1.75 0.14 0.45 ($) 0.605 (#) 0.09 0.14

Rape 2 0.14 0.45 ($) 0.605 (#) 0.09 0.14

þ: after Ref. [30], *: Ref. [31], #: Ref. [32], $: own estimations.
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w2% for 2001). For Austria the modelled NPP for 2000 is

overestimated (w13%) for 2000, but underestimated (w1%) for

2001. Also notable is the very low annual NPP predicted for

parts of eastern Germany (red pixels), particularly for 2001, but

also, less strongly, for 2000. On the other hand, in 2001

modelled NPP in the southern parts of the study area are

markedly higher than in 2000.

The sharpboundaries in theNPPmaps (clearlyvisible for the

year 2001 in the Saxo-Thuringia region) reflect the coarse pixel

size of the ECMWF meteorological input data. This indicates

that meteorology has a strong influence on the simulation.

Examination of the meteorological input data for both years

shows that large differences and leaps are not visible for most

parameters; annual precipitation for the Thuringia region,

however, is 480mmy�1 for 2000, andabout760mmy�1 for 2001.

Fig. 3 shows that the alpine regions of Germany andAustria

have almost no modelled NPP. In contrast, the statistics of

Germany and Austria report yield data for those areas. This is

a consequence of the land cover data’s spatial resolution of

about 1 km2, which is insufficient to describe the heteroge-

neous, small-scale structure of mid-European land use prac-

tices. Land cover classifications with higher-resolution exist

for Europe, such as the CORINE land cover map. But when

using high-resolution land cover maps, LAI time series data of

the same spatial resolution are mandatory as input for

BETHY/DLR. Since no high-resolution LAI time series are

available for Austria and Germany, we selected the CYCLOPES

LAI product together with the GLC2000, both available at

1 km2, as best practice. Furthermore, the GLC2000 was derived

with the same satellite sensor (VEGETATION on SPOT 4) as the

LAI time series, providing data homogeneity.

To correlate empirical yields with BETHY/DLR’s modelled

data, the estimated biomass per pixel was aggregated to

biomassper administrativedistrict (NUTS-3 level) aspreviously

described. Linear regression was used to assess the correlation

betweenmodelled and empirical yield, separately for 2000 and

2001, and separately for Germany and Austria (Fig. 4).

As shown in Fig. 4 BETHY/DLR underestimates the NPP for

Germany in both years and for Austria in 2001. With a coeffi-

cient of determination of about 0.74 for 2000 and 0.78 for 2001,

each bound with a slope of 1.21 and 0.86, respectively and an

offset of 0.8 and 2.4, respectively, one can speak of a high

degree of correlation. For Germany, the coefficient of deter-

mination for 2000 is 0.79 and for 2001 0.58. The slopes and

offsets are 0.96 and 28.97 for 2000 and 0.73 and 51.56 for 2001.

The different validation results for Germany and Austria

might be explained by differences in the distribution of

cultivated plants between Germany and Austria, and by the

method used to convert yield to NPP. The residual of miscel-

laneous crops for both statistics are 9% (Austria) and 13%

(Germany). This is because additional crops (grain maize and

summer rapeseed) are reported for Austria. Since the differ-

ence in the residuals can be regarded as low, the validation

result for 2000must be argued in a differentway. For 2000, NPP

in Austria is overestimated by BETHY/DLR for large NUTS-3

Fig. 3 e Yearly NPP from BETHY/DLR for agricultural areas in Germany and Austria for 2000 (left) and 2001 (right). High NPP

values are green, medium values are beige, and low values are red. White represents areas that do not belong to the

GLC2000 classes GLC-16 or GLC-18 (Table 3). (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

Fig. 2 e Comparison of modelled NPP derived from BETHY/

DLR and EPIC for all four sub-regions of the Marchfeld.
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units as Hollabrunn, Horn, Mistelbach, and Neusiedel am See

by a factor of about 2. A closer look at the empirical data

reveals that up to 30% lower yields are reported for 2000 (in

comparison to 2001) for themain crops of these NUTS-3 units.

This yield reduction might be explained by a drought starting

in April and ending in mid-May when the transition to the

reproductive stages begins. Since the input data for BETHY/

DLR (meteorological data and LAI time series) do not show

large differences between the two years in this region, it is

obvious that BETHY/DLR will estimate the NPP for these

regions within the same order of magnitude. The ECMWF

meteorological data show precipitation of 19.3 mm from April

3rd to May 18th, while the weather station Laa Thaya (Mis-

telbach, Austria) only reported 4.6 mm precipitation from that

period. Thiswater deficit resulted in a reduction in yieldwhich

could not be modelled by BETHY/DLR due to the unrealistic

precipitation data from ECMWF.

It can be seen in Fig. 4 that the scatter for the German data

is markedly greater than for the Austrian data, due to the

difference in the number of available validation data points

(Germany: 412, Austria: 99).

A closer look at the validation results for Germany in 2001

shows two distinct clouds within the scatter plot (Fig. 4).

Detailed investigation reveals that most differences between

the modelled and empirical biomass data in 2001 occur in

regions which experienced low annual precipitation in 2000,

especially in the Saxo-Thuringia region. We therefore hypoth-

esize that the parameterization of the water cycle in BETHY/

DLR might account for the underestimation of annual NPP.

InBETHY/DLRthesoilwaterbudget is trackedusinga simple

“bucket model” that represents the soil as a single layer.

Modelling outputs show that the modelled soil water content

diminished to nearly dry conditions (below the PWP) in 2000 in

areas with relatively moderate annual precipitation. In

contrast, the empirical soil water content data of ECMWF is

available as a four-layered unequally spaced soil core. Fig. 5

Fig. 4 e Correlation of modelled NPP with empirical NPP data for Germany (left) and Austria (right) for the years 2000 (top)

and 2001 (bottom). Crosses indicate individual NUTS-3 administrative districts. Dotted lines indicate perfect correlation;

solid lines indicate the correlation found by linear regression.

Fig. 5 e Comparison between the empirical mean plant-

available soil water content derived from ECMWF data

(solid line) and computed mean available soil water

content of BETHY/DLR (dotted line) aggregated across the

NUTS-3 regions Burgenland and Merseburg-Querfurt

(Germany, Saxo-Thurinigia region) for the years 2000, 2001

and January 2002. January 1st, 2000, is represented by

Julian day 0.
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shows a comparison of measured (ECMWF) versus modelled

(BETHY/DLR) soil water content for 2000, 2001, and January of

2002. This comparison is aggregated across theNUTS-3 regions

“Burgenlandkreis” and “Merseburg-Querfurt,” because those

regions are situated in one ECMWF tile. The four-layered

ECMWF data was combined and adapted to a single layer with

a soil water content having the same soil core depth as used for

the BETHY/DLR simulation, to make comparison possible.

The ECMWF soil water content data are clearly different

from the BETHY/DLR results. Differences of up to 100% can be

found. The mean difference over the two years is about 51%.

With the beginning of the vegetation cycle in 2000 (day 95),

BETHY/DLR’s soil water content begins a continuous decrease

that lasts to the end of the year. As a consequence, the soil

water content remains unrealistically low in 2001, and is well

below the PWP (zero) at the end of the vegetation cycle (day

600). At the end of 2001 the soil water content starts to recover,

due to precipitation and themissing demand from vegetation.

This trend is continued in 2002 (not shown in Fig. 5). In

contrast to this pattern in themodelled soil water content, the

ECMWF soil water content shows only a small increase at the

beginning of 2000 and a small decrease from Julian Day 95 to

Julian Day 180. From Julian Day 400 onward, both datasets

show similar patterns.

This indicates that in principle the soil water model of

BETHY/DLR exhibits the same patterns in soil water content

as the ECMWF, but offset. This offset in soil water content

affects the modelled NPP only when the modelled soil water

content falls below the PWP, which reduces photosynthesis

due to water deficiency. This offset might have been triggered

by low annual precipitation rates for the region. Asmentioned

previously, ECMWF annual precipitation in this region was

only 480 mmm�2 in 2000, but jumped to 760 mm m�2 in 2001.

We hypothesize that the parameterization of the soil water

budget in BETHY/DLR overestimates plant water use or

evaporation from the soil, leading to the unrealistically low

soil water content at the beginning of 2001 (DOY ¼ 365).

Annual precipitation in 2001 in Burgenland and Merseburg-

Querfurt was insufficient to support soil water conditions

adequate for plant growth. We conclude that the red marked

regions in Fig. 3 for 2001may be explained by an excessive loss

of modelled soil water content during 2000, as a consequence

of low precipitation in 2000. This underestimation of soil

water content leads, as described above, to an underestima-

tion of NPP in 2001. The lower correlation cloud found in Fig. 4

for Germany in 2001 is strongly linked with the overestimated

decrease of soil water in these regions.

4. Conclusions

TheNetPrimaryProductivity for the territoriesofGermanyand

Austria for 2000 and 2001 were modelled using the dynamic

vegetation model BETHY/DLR. Inputs for the model were

meteorological data from ECMWF, LAI time series from vege-

tation, and land cover/land use data from GLC2000. We here

presented a new approach to validate modelled NPP using

empirical data on acreage and averaged grain yields of main

crops at the NUTS-3 level. Using conversion factors (corn-to-

straw and shoot-to-root ratios), the statistical data were

converted to NPP per NUTS unit for comparison. This method

yielded high coefficients of determination (R2 up to 0.74),

allowing strong conclusions to be drawn aboutmodel validity.

For German districts, BETHY/DLR substantially under-

estimated theNPP (17%),whereas for Austrian districts a slight

overestimation (8%) was observed.

In areas where the land cover classification (GLC2000)

provided insufficient information (particularly in the Alps),

modelled NPPwas significantly underestimated (even to zero),

producing high discrepancies between modelled NPP and

empirical data in those regions. This indicates that a spatial

resolution of 1 km2 is insufficient to describe the heteroge-

neous small-scale structure of mid-European land use prac-

tices. To improvemodelling results, we recommend the use of

a higher-resolution land cover product such as the MERIS

GlobCover, with a resolution of 300 m � 300 m together with

LAI time series also derived from MERIS.

In the Saxo-Thuringian Basin very low NPP values were

modelled for 2001. Most of the large differences between

modelled and observed NPP data for 2001 were found in

regions with low annual precipitation in 2000. We demon-

strated that the parameterization of thewater cycle in BETHY/

DLR (in particular, the use of a bucket model for estimating

soil water content) was the underlying reason driving low NPP

estimates in these regions that had experienced low precipi-

tation the previous year.

Finally, we showed that natural drought were not reflected

in the model results due to unrealistically precipitation rates

reported in the input data.

This study illustrates a novel method of model validation

that we believe will be useful in estimating biomass potentials

from modelled NPP products on a medium resolution. This

method could also be used as a downscaling approach for

empirically derived NUTS-level data, since the model results

could help to spatially represent the NUTS information.
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