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Abstract 

State-of-the-art crop growth models are powerful tools to assess the response of crops to altered environmental 
conditions and cultivation practices. In order to develop effective strategies for a sustainable management of 
resources and for adapting to environmental conditions, these models are applied not only on the field scale but also 
on the regional scale. So far the regional DANUBIA crop growth model has been successfully validated and applied 
in Germany. A new challenge is the extension and transfer of this process-based and object-oriented model to an 
intensively used agricultural region in Northeast China. This study area is part of the Sanjiang Plain in the 
Heilongjiang (Amur) river region, where a few decades ago, wetland ecosystems were converted to mainly large-
scale irrigated rice fields. In this contribution, the generic DANUBIA crop growth model will be presented. Included 
are (i) the necessary steps for extending the model for simulating rice growth as well as (ii) a concept for integrating 
optical remote sensing and laser scanning data into the model. This method aims at improving the model results by 
analyzing and updating observed vegetation characteristics during a model run. Assimilating these data into a state-
of-the-art crop growth model provides a large innovative potential for regional agro-ecosystem modelling. 
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1. Introduction 

Regional modelling of agro-ecosystems offers insight into the dynamics of nitrogen (N), carbon (C) 
and water fluxes in a landscape and allows for predicting yield and detecting crop vigour. The model 
results are of pronounced importance not only for scientists but also for decision makers since these data 
can be used to develop effective strategies for a sustainable management of resources and for adapting to 
environmental conditions. Our study region is an intensively used agricultural region in Northeast China. 
It is part of the Sanjiang Plain, in the Heilongjiang (Amur) river region and its land use is dominated by 
large-scale irrigated rice fields. 

A multitude of crop growth models for agro-ecosystem modelling exists and the first ones date from as 
early as the mid-1960s (an overview is given by Sinclair and Seligman [1] and van Ittersum et al. [2]). 
Most models are applied on the field scale. Spatially distributed agro-ecosystem models for regional 
modelling are rare. Examples are SWAT (Arnold et al. [3]) and SWIM (Krysanova et al. [4,5]; Hesse et al. 
[6]), both incorporating the plant growth model EPIC, DNDC (developed by Li [7], applied by e.g. 
Neufeldt et al. [8]), PROMET-V (Schneider [9]) and DANUBIA (Klar et al. [10], Lenz-Wiedemann et al. 
[11]). 

In contrast to an empirical approach which derives model equations from observed data, a process-
oriented modelling approach considers the underlying biological, chemical, physical and physiological 
processes within an ecosystem. This methodology enables extrapolation to future years as well as spatial 
transferability. In order to capture the multiple feedback processes in agro-ecosystems, also under Global 
Change conditions, a crop growth model has to fulfil several requirements. Transpiration and 
photosynthesis have to be coupled to depict stomata reactions and the particularity of C4 photosynthesis 
has to be considered. Photosynthesis has to be modelled using a biochemically based approach, developed 
by Farquhar et al. [12]. Since modelled yield is an important determinant, the influence of environmental 
conditions on the allocation of C and N within the plant has to be accounted for. In addition, leaf area 
development and senescence should be modelled on the basis of the interaction of leaf C and N dynamics 
(Yin and van Laar [13]). The generic model GECROS fulfils these requirements and its source code is 
published (Yin and van Laar [13]). 

The regional DANUBIA crop growth model combines the GECROS model with the CERES (Jones 
and Kiniry [14]) model approach and has been validated for several crops (Lenz-Wiedemann et al. [11]). 
The incorporation of GECROS ensures that current knowledge of individual physiological processes as 
well as their interactions and feedback mechanisms are considered. This is indispensable for studies 
conducted to assess the response of crops to altered environmental conditions and cultivation practices. 
The DANUBIA crop growth model is dynamically coupled to a soil model (Klar et al. [10]). So far the 
model considers crops of maize, winter wheat, spring barley, sugar beet and potato and has been 
successfully validated and applied in Germany. 

A new challenge is the extension and transfer of this process-based and object-oriented model to the 
intensively used agricultural region in Northeast China. A well-known problem of complex agro-
ecosystem models, when applied on the regional scale, is the lack of spatial information about parameter 
values. This problem can be tackled by the assimilation of remote sensing data. 

In this contribution, the generic DANUBIA crop growth model is presented. Included are (i) the 
necessary steps for extending the model for simulating rice growth and (ii) a concept for integrating 
optical remote sensing and laser scanning data into the model. This method aims at improving the model 
results by analyzing and updating observed vegetation characteristics during a model run.  

2. Material and methods 
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2.1. Study area 

The study area is the agricultural region of the Sanjiang Plain in Heilongjiang Province. Heilongjiang 
is the most northeastern province of China. The most eastern part of Heilongjiang is the Sanjiang Plain 
(43°49'-48°27' N and 129°11'-135°05' E), being bordered by Siberia in the North and East (see Fig. 1). 
Whereas the Heilongjiang (Amur) River forms the Sino-Russian frontier in the North, the border in the 
East is marked by the Wusuli River. The Sanjiang Plain is an alluvial plain of the three rivers 
Heilongjiang, Songhua and Wusuli and covers about 108 900 km². Originally, the Sanjiang Plain was 
dominated by marshes. In the last decades, more and more wetland was drained and converted to farmland. 
Between the years 1949 and 2000, cultivated land area increased from 7 900 km² to 52 100 km² (Liu and 
Ma [15], Li et al. [16]; both cited by Wang et al. [17]). Between 1980 and 2000, the area occupied by 
wetlands decreased from 19 450 km² to 9 069 km² whereas population density increased from 13 persons 
per km² in 1949 to 78 persons per km² in 2000 (Wang et al. [18]). 

 

 

Fig. 1. Location of the study area Sanjiang Plain and Qixing Farm, Heilongjiang Province, Northeast China 

The study region belongs to the temperate zone and is characterised by a humid or sub-humid 
continental monsoon climate. The mean annual air temperature is about 1.9 °C and the mean yearly 
precipitation ranges from 500 mm to 600 mm (Wang and Yang [19]). Average temperatures reach -18 °C 
in January and 21-22 °C in July, with a frost-free period of only about 120-140 days (Zhang et al. [20]). 
The most abundant soils are wet black clays with a general thickness of more than 20 cm. The soils offer 
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high concentrations of organic matter and nutrients, being most favourable for agricultural productivity 
(Zhou and Liu [21]). The four soil types meadow soil, lessive, swamp soil and black soil, comprise more 
than 95 % of the area (Wang et al. [18]). 
 

In the Sanjiang Plain, the main crops are maize, soya bean and rice (Zhou and Liu [21]). For the 
cultivation of rice, a mean annual temperature of at least 1 °C is needed (Wang et al. [17]). According to 
Yang et al. [22], an obvious rise in annual mean temperature of 1.0-2.5 °C has been observed since the 
1980s for Northeast China. This results in a prolonged growing season and in a northward shift of the 
1 °C isotherm, allowing the northern expansion of paddy field rice cultivation (Wang et al. [17]). From 
1982 to 2002, the cultivation area of crops increased by 8.6 % in Northeast China because the growing 
belts of rice and maize were shifted 200-300 km to the North (Yang et al. [22]). In Heilongjiang Province, 
the area of rice fields increased significantly in a few years: from 278 000 ha in 1984 to 1 397 000 ha in 
1997 (Fang and Sheng [23], cited by Yang et al. [22]). However, water availability remains a major 
constraint of rice production and land degradation is a major problem (Yang et al. [22]). 

For the modelling on the regional scale, the area of the Qixing farm (~1 200 km²) will be covered (see 
Fig. 1). Here, the land use is dominated by large-scale irrigated rice fields. Therefore, our field work 
focuses on rice in 2011 and our test sites within this area are experimental rice fields of the Jiansanjiang 
Agricultural Station in Jiansanjiang and farmers´ rice fields, located in Village 69. The experimental fields 
are divided into several plots of different management (mainly regarding N fertilizer application), whereas 
the farmers´ fields are cultivated according to standard farming practice.  

2.2. The DANUBIA crop growth model 

The DANUBIA crop growth model is object-oriented and implemented in Java. It is one of many 
models included in the integrative simulation and decision support system DANUBIA (Barth et al. [24]). 
The key processes that are dynamically modelled are: phenological development, photosynthesis, 
transpiration, respiration, root growth, water uptake, N uptake, N demand, allocation of C and N, leaf area 
development and senescence. The concepts and algorithms are mainly adopted from the models GECROS 
(Yin and van Laar [13]) and CERES (Jones and Kiniry [14]; Ritchie and Godwin [25]). The processes 
related to the soil compartment (water and N uptake) are adopted from CERES. A hybrid approach 
combining advantages of both models is chosen for root growth modelling. The approach of modelling 
phenological development in GECROS is extended by implementing algorithms from CERES and from 
Streck et al. [26, 27]. All other processes are realized according to GECROS. 

The modelled processes are valid for all crops. Attention is given to crop-specific differences through 
assignment to crop categories (e.g. C3 photosynthesis type) and a set of crop-specific parameters. 
Processes with a pronounced daily course (e.g. photosynthesis and transpiration) are calculated with an 
hourly time-step, other processes like leaf area development with a daily time step. With a model´s 
internal spatial scale of 1 m², the spatial resolution can be easily adapted to the input data. The central 
input data for the model are meteorological drivers, soil data (mainly layer-specific soil moisture, soil 
ammonium and nitrate content), calculated dynamically in hourly time steps by the coupled soil model 
(Klar et al. [10]), data of soil characteristics (e.g. bulk density) and of farming practices. The key 
modelled results are time series of phenological development, organ-specific biomass and yield formation, 
leaf area development, N content of biomass, canopy height as well as water and N uptake. Details about 
the crop model are given by Lenz-Wiedemann et al. [11]. 

First, the model will be transferred to the new study area on the field scale. Since the model is process-
oriented and not empirically based, it is hypothesized that the model is transferable to other regions. 
However, crop-specific model input data like phenology-related parameters are often cultivar-specific (see 
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Yin and Struik [28, 29]) and may have to be adapted according to the conditions in the study area. 
Consequently, field data, e.g. observations of the phenological development and measurements of 
parameters related to leaf photosynthesis, have to be collected to adapt these parameters. 

For the model application on the regional scale, it is often impossible to provide detailed spatial 
information about the model input data (e.g. soil characteristics and management data). Also static 
cultivar-specific input data (e.g. values for phenological parameters) cannot be considered on the regional 
scale because of lacking information. Assimilating remote sensing data into the model is a method to 
overcome this problem. Crop characteristics derived from remote sensing data are assimilated during the 
current vegetation period in order to improve the model´s accuracy. In the following, (i) the necessary 
steps for extending the model for simulating rice growth and (ii) a concept for integrating optical remote 
sensing and laser scanning data into the model are presented. 

2.2.1 Extension of the model 
 
Since paddy rice is the dominant crop in the study area, the model has to be extended. Because of the 

generic and object-oriented design of the model, the extension in terms of rice growth modelling implies 
the addition of various crop-specific parameters. These parameters will be derived from literature (e.g. 
GECROS model, described by Yin and van Laar [13]), from models (e.g. CERES-Rice (Ritchie et al., 
1998 [30]) or ORYZA2000 (Bouman et al. [31])) or from field measurements. Although the model 
GECROS already has been used for special studies of rice modelling (Yin and Struik [28]), the 
incorporation of GECROS into the object-oriented DANUBIA crop growth model will offer new 
potentials for modelling rice growth on the regional scale. 

It is aimed at specifying not only rice-specific parameters but also cultivar-specific parameters for rice. 
In a first step, the focus is on the cultivars Kongyu 131 and Longjing 21. Based on the models GECROS 
and CERES, the needed crop- or even cultivar-specific parameters can be grouped in parameters related to 
 biomass composition (e.g. initial fraction of N allocated to the shoot) 
 leaf photosynthesis (e.g. minimum leaf N for photosynthesis) 
 root growth and N uptake (e.g. maximum N uptake rate per unit length of root) 
 morphology (e.g. specific leaf area constant) 
 phenology (e.g. maximum daily development rate in the vegetative phase) 
 biomass N content (e.g. minimum N concentration in root) 
 seed characteristics (e.g. seed weight) 

Besides the flooding of the fields, a special feature of paddy rice cultivation is the setting of the young 
seedlings instead of sowing. These two rice characteristics require special attention regarding the 
modelling of various processes, in particular phenological development, root growth, water and N uptake. 
At the date of transplanting, several measurements are carried out for the seedlings of each cultivar: root 
length, root weight, leaf weight, leaf area, plant height, C and N content of the root and leaf biomass. 
These data are needed to initialize the model. 

The accuracy of the model will be assessed in a validation analysis on the field scale, comparing 
modelled and measured soil and crop data of various plots within the experimental fields and on farmers` 
fields. The field data from a variety of plots with a different N management are an ideal data set for 
assessing the model´s sensitivity to N. In crop growth modelling, the validation analysis on the field scale 
is a standard method. Crop, soil and management characteristics are assumed to be homogeneous within a 
plot. Since the crop growth model is dynamically coupled to a soil model, it is important to include crop 
and soil parameters. The most important parameters to be compared are biomass (separately for leaves, 
stems and storage organs), leaf area index, biomass N content, and soil mineral N (separately for 
ammonium and nitrate) content in various depths. Several model performance statistics will be applied (i) 
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to calculate the average discrepancy between simulated and observed data and (ii) to quantify the 
agreement between both data sets. Step by step, the rice growth modelling will be improved until the 
validation analysis will show satisfactory results. For the validation analysis on the regional scale, model 
results will be compared with crop characteristics (e.g. leaf area index, biomass N content) derived from 
remote sensing data. 

2.2.2 Concept for integrating optical remote sensing data and laser scanning data into the model 
 
Methods of assimilating remote sensing data into models have already shown their potential for 

improving model results in many studies. Moulin et al. [32] give an overview of how remote sensing data 
are applied to feed or tune crop models in order to improve their capability. Based on Delécolle et al. [33], 
these authors differentiate in the “forcing” strategy and the “re-initialization/re-parameterization” strategy. 
The first one implies the updating of model state variables using remote sensing data. This “forcing” 
strategy is not feasible to use in combination with a complex process-based model which calculates C and 
N balances. The second strategy implies minimizing the discrepancy between the values of the state 
variable (e.g. aboveground biomass) calculated by the model and the one derived from remote sensing 
data by re-initialization and/or re-parameterization of the model. The optimized model input data can 
comprise adjusted initial conditions like soil moisture or model parameters like plant density.  

Integrating remote sensing data in agro-ecosystem modelling involves the derivation of plant 
characteristics (e.g. biomass, plant height) from remote sensing data. For estimating various plant 
properties from remote sensing data, vegetation indices are developed and applied, mainly for biomass, 
leaf area index, leaf chlorophyll concentration, biomass N concentration and fractional vegetation cover. 

In our study, we aim at deriving these characteristics of crops from hyperspectral remote sensing data. 
In contrast to multispectral data, hyperspectral sensors use numerous small bands, typically more than 40 
bands with a bandwidth of only 0.01 to 0.02 µm. For example, the Hyperion (EO-1 Mission) sensor even 
offers 220 bands and a spatial resolution of 30 m. New approaches combining hyperspectral reflectances 
in significant wavelengths to calculate vegetation indices will be investigated. In addition, the potential of 
airborne laser scanning data for deriving crop characteristics (e.g. plant height) will be analysed.  

By re-initialization and/or re-parameterization of the model, static model parameters will be optimized. 
For example, the process of leaf area development is modelled in a complex way and depends on a 
multitude of factors like phenological stage, plant density or sowing/transplanting date. Consequently, the 
static model input data to be optimized have to be selected out of many. With the key aim in mind of 
modelling agro-ecosystems on the regional scale, the availability of the various spatial model input data 
has to be considered. Whereas it is possible to collect regional information about soil conditions, land use 
and management practices, it is nearly impossible to gather spatial information about the choice of 
cultivars. Additionally, if the cultivar is known, the genotype-specific model input data are not yet known. 
Often, the main difference between cultivars is related to the phenology. Cultivar-specific phenological 
parameters are very important since phenological development directly or via various feedback processes 
influences the processes of plant growth. Parameters related to management or to phenology are focused 
on to be optimized during the assimilation in order to overcome the problem of their spatial variability. 

With the purpose of establishing detailed relationships between crop characteristics and hyperspectral 
remote sensing and laser scanning data, respectively, field measurement campaigns are carried out at 
different dates of the vegetation period. In combination with crop measurements (organ-specific biomass 
and N content, leaf area index, phenological stage, plant density and plant height), spectra are taken with a 
portable spectroradiometer and laser scanning data are acquired by a terrestrial laser scanner. Based on the 
established relationships on the field scale, crop characteristics can then be derived from remote sensing 
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data on the regional scale. The techniques for assimilating the derived data into the model during runtime 
are not given attention to in this paper.  

 

3. Discussion 

The development of a regional, process-based rice growth model will be of great value for many 
agricultural research questions regarding present and future environmental conditions.  

 
For developing a regional crop growth model, the acquisition of field data is indispensable. The crop 

measurements are used for (i) the model transfer (providing crop/cultivar-specific model input data, e.g. 
phenology-related data), (ii) for the model extension (providing crop/cultivar-specific input data for rice), 
(iii) for the model validation on the field scale and (iv) for the derivation of crop characteristics from 
remote sensing data. 

 
The integration of remote sensing analysis in process-oriented agro-ecosystem modelling is an 

underrepresented field of research. In our study, remote sensing data will serve three purposes: (i) for 
providing spatial input data for modelling, (ii) for validating the model on the regional scale and (iii) for 
the assimilation into the model during run-time. In 2008, the journal Remote Sensing of Environment 
published a special issue on remote sensing assimilation (Vol. 112), highlighting recent developments and 
emphasizing the need for research in this field. Several studies deal with the assimilation of remote 
sensing data into crop growth models: For modelling growth of maize, wheat, barley and meadows in the 
Bavarian Alpine Foreland, Schneider [9] presents the assimilation of LANDSAT-TM derived leaf area 
index (LAI) and biomass data into the model PROMET-V. The updated model parameters are plant 
density, LAI and the cutting date for meadows. For a study in South Italy, Dente et al. [34] improve the 
accuracy of the CERES-Wheat model by assimilating ENVISAT ASAR and MERIS data of LAI. Here, 
the set of model inputs/model parameters which is optimized for a re-initialization and/or re-
parameterization comprises sowing date, wilting point and field capacity. Shen et al. [35] also assimilate 
LAI values derived from ENVISAT ASAR data. For modelling rice in the Chinese Jiangsu Province, the 
model ORYZA2000 is re-initialized/re-parameterized with optimized values for emergence date, plant 
density and maximum relative growth rate of leaves. Ma et al. [36] assimilate MODIS data-derived LAI 
values into the WOFOST model to improve the modelling of winter wheat in the North China Plain. 
Again, the emergence date is optimized.  

 
However, the listed studies use radar (ASAR) or optical medium-spectral (MERIS) remote sensing 

data. Investigations regarding the assimilation of optical hyperspectral data into agro-ecosystem models 
are rare (e.g. Kurz et al. [37]), whereas - to our knowledge - studies assimilating laser scan data are not 
published. Analyzing laser scan data of crops has already been successfully tested (Hoffmeister et al. [38]). 
Laser scanning sensors with a high accuracy will be soon available for UAV (unmanned aerial vehicle)-
based low-weight and low-cost laser scanning (Bareth et al. [39]).  

 
The advantages of hyperspectral data for crop monitoring are well-known. Koppe et al. [40] evaluated 

vegetation indices for the estimation of winter wheat aboveground biomass, plant N concentration and 
plant height in the North China Plain using hyperspectral Hyperion data. Their study demonstrates the 
importance of including reflectances in the short wave infrared spectral region, not being considered e.g. 
in the calculation of the often used NDVI. Using a two-band combination from the near and short wave 
infrared region, results are better when compared with standard and hyperspectral indices and the 
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saturation effect of the vegetation index is reduced. Gnyp et al. [41] evaluate within-field rice growth 
variability using multispectral high resolution satellite images of Quickbird and Ikonos in the presented 
study region. For the same region, Koppe et al. [42] recently analysed high-resolution and multitemporal 
TerraSAR-X data to investigate spatial and temporal patterns of rice growth. 

4. Conclusion 

 The improvement of a state-of-the-art crop growth model by integrating remote sensing data provides 
a large innovative potential for regional agro-ecosystem modelling. The choice of the study area in 
Northeast China poses a special challenge regarding the intensive agricultural use and the availability of 
spatial model input data. Our research will contribute to the question how new remote sensing techniques 
can improve process-oriented agro-ecosystem models by tackling the problem of missing parameter 
information on the regional scale. 

Modelling of agro-ecosystems is an important field of research, also in China, having a high 
significance in politics. Model results on the regional scale are of special interest since the negative 
consequences of a highly intensive agriculture are manifold (e.g. pollution of groundwater by excessive N 
fertilizer application, emission of greenhouse gases, contamination of water and atmosphere with 
pesticides) and have multiple socio-economic effects. Based on the modelled N uptake of various crops in 
combination with modelled yield, strategies for a sustainable use of N fertilizer can be developed. 
Consequently, the anticipated results of the planned research project are expected to be of great value for 
questions regarding the sustainable management of agriculture in China. 

However, the expected results regarding the improvement of modelling will not be limited to the study 
region but will be easily transferable to other regions. The results of the remote sensing data analyses and 
the methods for assimilating these results into the crop growth model are generally valid. The use of a 
process-based state-of-the-art crop growth model not only is mandatory to account for the interaction of 
soil, atmosphere and crops in the past and present, but will also be of great value for further studies since 
the model considers the effects of Climate Change. The study region is of particular interest since the 
observed trend of significant warming (Yang et al. [22]) will in future require more and more adaptation 
of the farming systems. The modelling of the agro-ecosystem as it is today using a state-of-the-art crop 
growth model will already provide the basis for further Climate Change studies. 
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