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Chapter 1 

General Introduction 

Silage maize (Zea mays), also referred to as "green maize”, encompasses all forms of maize 

harvested as whole plant, primarily for silage but also for direct animal consumption or 

renewable energy production. Its versatility as high-energy livestock fodder and as key resource 

for biogas production underlines its central role in European agriculture. In the European Union, 

5-6 million hectares of maize are cultivated annually (5.8 Mio ha in 2024), with Germany 

contributing approximately 2 Mio ha (Statistisches Bundesamt, 2024). The productivity of 

maize cultivation increased in recent decades (Food and Agriculture Organization of the United 

Nations, 2025), as a result of plant breeding, optimised managements as well as climate change 

(Lauer et al., 2001; Olesen et al., 2011; Taube et al., 2020). In parallel, the European Common 

Agricultural Policy (CAP, 2023-2027) has increasingly emphasised the need for a transition 

toward more climate-resilient and environmentally sustainable agricultural systems. Key 

objectives include reducing overfertilization and greenhouse gas emissions, enhancing soil 

health, and improving biodiversity. By promoting practices like diversifying crop rotations and 

integrating cover crops the CAP aims to foster agricultural resilience while mitigating climate 

change. Given its prominent role in European agriculture, silage maize is likely to substantially 

contribute to these efforts, balancing productivity with sustainable use of resources (European 

Commission, 2023).  

For a better understanding and management of these dynamics, crop growth models have 

become an indispensable tool in agricultural research. They provide critical insights into crop 

development, yield potential, resource allocation, and the below-ground dynamics of soil water 

balance and rhizosphere. By comprehending these fundamental processes, it becomes feasible 

to promote efficient resource utilisation, thereby enabling the realisation of high yields at limited 

fertilisation or changed climatic conditions. Furthermore, crop simulation models enable the 

assessment of yield potential and food security under future climate scenarios, particularly for 

key crops like wheat, rice, and maize (Gavasso‐Rita et al., 2023). For maize, various crop growth 

models such as CERES-Maize (Jones and Kiniry, 1986), DSSAT (Jones et al., 2003), and APSIM 

(Keating et al., 2003) have been developed globally, though primarily for grain maize. Silage 

maize, in Europe mainly grown in France and Germany, requires models tailored to earlier 

harvests and European cultivation conditions. To address this, a crop growth component for 

silage maize HUME component library was developed. Within this library other crop growth 

components have already been developed for winter wheat (Neukam et al., 2016), oilseed rape 
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(Böttcher et al., 2016) and sugar beet (Stephan et al., 2020).This work is documented as chapter 

two of this thesis and is subject to submission. – was adapted for silage maize in the initial part 

of this thesis. 

However, an advanced crop management should not consider maize cultivation in isolation, but 

as a part of a holistic crop rotation. A common strategy to diversify spring crop production 

systems, such as silage maize, also recommended in the CAP (2023-2027), is to grow winter 

cover crops in advance. Cover crops offer numerous benefits for agriculture and soil health by 

providing key environmental services, including increase of soil organic matter, erosion control, 

weed suppression, and prevention of nitrogen (N) leaching (Thorup-Kristensen et al., 2003; 

Blanco-Canqui et al., 2011; Abdalla et al., 2019). Furthermore, cover crops are widely 

documented to improve soil physical properties, as they reduce soil compaction, enhance 

porosity, and increase water infiltration (Blanco‐Canqui and Ruis, 2020). In particular, the 

cultivation of cover crop mixtures is becoming increasingly important, as functional diversity 

can improve resource utilisation efficiency and system stability (Tilman, 2013; Florence and 

McGuire, 2020). However, the optimisation of such mixtures represents a scientific challenge, 

as the pure number of species does not necessarily correlate with higher productivity (Wortman 

et al., 2012; Smith et al., 2014). Studies on cover crops show varying impacts on maize yields. 

While some report no effects or even negative impacts from monoculture cover crops (Tonitto 

et al., 2006; Kühling et al., 2023), others highlight benefits (Marcillo and Miguez, 2017), especially 

when legumes or mixed-species cover crops are used, which may increase yields (Abdalla et 

al., 2019). However, yield improvement may not always be the primary goal; rather, enhancing 

resource efficiency within the system could be more relevant. A well-structured soil resulting 

from cover crop use may improve water access, thereby increasing water use efficiency (Blum, 

2009). Additionally, improved nutrient availability, particularly N, provided by cover crop residues 

generally supports maize growth and green area development, which in turn enhances radiation 

interception. Therefore, the third chapter of this thesis comprises an empirical study of cover 

crop mixtures subsequent impact on the maize yield development and its resource efficiency. 

To better understand the effects of cover crops on maize growth and N availability in spring, it 

is important to look at the cover crop period itself, as they perform their essential functions 

during the winter. Accurate monitoring of the cover crop growth is therefore crucial, especially 

when mixtures with functional diversity are used. Advances in technology have provided various 

platforms for spectral data acquisition, including earth-orbiting satellites like Landsat and 

Sentinel (Clevers and Gitelson, 2013), handheld multispectral or hyperspectral sensors (Rose et 

al., 2023), and unmanned aerial vehicle (UAV)-mounted systems, which allow for high-

resolution and high-throughput data collection. Remote sensing for essential crop parameters 
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green area index (GAI), dry matter (DM), or N uptake in cash crops such as maize (Kira et al., 

2016; Bukowiecki et al., 2024) and wheat (Bukowiecki et al., 2019), are well-documented. The 

visual light spectrum primarily reflects chlorophyll content, with green light being reflected and 

red light absorbed during photosynthesis. Meanwhile, near infrared (NIR) reflectance provides 

structural information about the canopy, such as leaf architecture and thickness (Viña et al., 

2011). Combining these wavelengths into vegetation indices (VI) like the normalised difference 

vegetation index (NDVI) or simple ratios improves the accuracy of monitoring plant 

development and biomass. However, the UAV-based monitoring of cover crops present 

additional challenges, due to the short growing-season under often difficult weather conditions 

and the heterogeneous spectral responses of cover crop mixtures in contrast to cash crop 

monocultures. Thus, in the fourth chapter of the thesis, calibrations for a UAV-based estimation 

of above ground canopy parameters for various cover crop sole stands as well as mixtures were 

developed. 

By employing a diverse methodological approach, this thesis explores key aspects of a 

sustainable and resource-efficient silage maize cultivation, with a particular focus on the 

integration of cover crops:  

1. The calibration and evaluation of the HUME model for silage maize allows the precise 

simulation of growth and yield dynamics, considering different climatic and site-specific 

conditions. 

2. A detailed empirical analysis of silage maize after deep-rooted cover crop mixtures 

clarifies the potential impacts on yield formation, regarding radiation uptake and the use 

of soil water resources. 

3. In light of nitrogen use efficiency of the regarded system, calibration of multispectral 

reflectance data enables the precise estimation of biomass and nitrogen uptake by 

different winter cover crops and diverse mixtures. (Published in Remote Sensing) 

The integration of the three presented studies provides a comprehensive framework for 

optimizing the resource efficiency of crop rotation systems involving winter cover crops and 

silage maize. The empirical analysis of multiannual field trials, alongside data acquisition using 

modern remote sensing technology, establishes a robust database and process 

comprehension for future model enhancements. Moreover, the data and process 

understanding developed herein can serve as a foundation for further works, such as the 

refinement of the HUME-Maize model. These implications underline the dissertation’s potential 

to support the development of a resource efficient agricultural systems capable of addressing 

both current and future challenges.  
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Abstract 

Modelling crop growth is crucial for agricultural research. Including detailed processes of plant 

growth and water uptake enable the analysis on effects of breeding progress on plant allometry, 

of crop sequences and soil textures on root growth and water uptake, thus enabling forecasts 

of potential crop yields under current and changing climate conditions. This study endeavors to 

establish a foundational framework for a dynamic growth model, specifically tailored for silage 

maize within European climate contexts, termed HUME-Maize. The model considers drought 

stress and focussed on the mid-early maturity group and sufficient nitrogen supply. Data from 

multi-annual field trials conducted under a huge gradient of climatic conditions and contrasting 

soil types served as basis for calibration and an independent model evaluation. Parameters of 

the model components development, dry matter production, partitioning, root growth, 

evapotranspiration and soil water balance were determined by linear regression or derived by 

literature research. Model performance in terms of dry matter production resulted in R² of 0.97 

and 0.95 for calibration and evaluation datasets, respectively. Despite differing sowing dates, 

growth stages were simulated with high confidence during the whole season with RMSE of 8.83 

d for calibration and 4.43 d evaluation datasets. The resultant HUME-Maize model emerges as 

a valuable tool for comprehending and predicting silage maize growth under European climate 

conditions. Furthermore, it serves as a foundation for future investigations, with potential 

expansions to include nitrogen limitations or differences in cultivar specific phenotypes. 
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1. Introduction 

The modelling of crop growth stands as a pivotal effort in agricultural research, providing not 

only insights into the underlying processes of plant growth but also holding significant 

implications for optimizing crop yields and promote sustainable agricultural practices. Being 

able to assess potential yields for future scenarios, crop simulation models are important tools 

for forecasting food security and yield gaps under climate change conditions (Gavasso‐Rita et 

al., 2023; van Wart et al., 2013). In the past decades, several crop growth models for wheat, rice 

and maize have been developed and tested globally (Basso et al., 2016; Gavasso‐Rita et al., 

2023; Qin et al., 2023). 

For maize (Zea mays, L.), CERES-Maize (Jones and Kiniry, 1986) can be regarded as the origin 

of process orientated plant growth simulation. The model runs by weather data and is based on 

the approach that plant growth is dependent on the product of photosynthetic active radiation 

(PAR) and the light use efficiency (LUE). Further growth stages are separated into important 

physiological timepoints, such as silking or grain filling, but eventually depending on 

temperature. Later on, Jones et al. (2003) developed a more generic model called DSSAT, 

providing a user-friendly platform that enables farmers and researchers to analyse different 

scenarios and improve their decision-making in the field of agriculture. Yang et al. (2004) 

modified CERES-Maize with regard to cultivar-specific effects and recently improved root 

growth and water deficit responses to the model named HYBRID-Maize. As both models were 

developed in the United States, Australian researchers developed a growth model named APSIM 

adjusted to their respective site conditions (Keating et al., 2003). Nowadays, APSIM is used 

worldwide and is adaptable to various site conditions and crops (Brown et al., 2019; Holzworth 

et al., 2014). 

However, these maize growth models were developed for the simulation of grain maize growth. 

Whereas in  Northwest Europe, maize is mainly harvested as green maize or silage maize, hence 

earlier in the vegetation period (European Commission, 2023). Main European silage maize 

growing regions are situated in France and Germany (European Commission, 2023). Recently, 

Morel et al. (2020) reparametrized APSIM-Maize for silage maize and for higher latitudes in 

Northern Europe. Yet, their model distinctly underestimated biomass production. Morel et al. 

(2020) traced this back to missing adjustments to climatic conditions, especially concerning 

radiation uptake and day lengths, and concluded a large need for further data acquisition. 

However, it could be a more efficient approach to adapt an already well-performing crop model 

under Northern European conditions to silage maize. The crop growth and soil simulation model 

approach HUME (Kage and Stützel, 1999b) was already successfully applied to model yield 
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formation of winter wheat (Henke et al., 2008; Johnen et al., 2014; Ratjen et al., 2018) and of 

winter oilseed rape (Böttcher et al., 2020) under German conditions. 

Therefore, the aim of this paper was the development of a dynamic growth model for silage 

maize suited for the climate conditions of the main European silage maize growing area. For 

this purpose, the model approach HUME was adjusted crop-specific and developed further. 

Data of multiannual field trials at different German sites formed the basis for calibration and 

independent evaluation. With the idea of conducting further studies advancing the resulting 

HUME-Maize model, this study focusses on growth conditions without any nitrogen limitations 

and on silage maize of one maturity group only. 
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2. Material and Methods 

2.1. Datasets 

The data basis comprises sets of field trials conducted across four distinct sites in Northern to 

Central Germany under temperate agro-climatic conditions over four consecutive years (Table 

1; data set 1-14), focusing on mid-early silage maize cultivars. The trials had a randomised 

block design (4 replications) ensuring adequate N fertilization. Geographical positioning, soil 

texture, year of study, and sowing dates varied across trial sites, as detailed in Table 1. 

Meteorological data was retrieved of the nearest DWD weather station (Deutscher Wetterdienst, 

2023) exhibiting notable discrepancies between sites and across different years (Table 1). In 

order to facilitate an unbiased assessment, the data was divided into a calibration dataset and 

an evaluation dataset. Both datasets encompass field observations from two distinct years and 

at least two sites, each exhibiting significant variations in weather conditions.  

2.1.1. Calibration datasets 

All model parameters for above-ground plant growth were calibrated by dataset 1-6 (Table 1). 

The field trials for this were conducted at two sites (Hohenschulen and Karkendam, 

experimental farms of Kiel University) in Northern Germany in 2007 and 2008 (Table 1) as part 

of a research project focusing on nitrogen use efficiency in biogas production systems. The 

experimental farm Hohenschulen is located on a sandy loam soil (Luvisol) and the soil at 

Karkendam is sand (Gleyic Podzol). Both study sites are influenced by the maritime climate of 

the Baltic Sea. Weather conditions during the observed growing seasons are shown in Table 1. 

From the different trial treatments, plots of two different crop rotations and therefore different 

sowing dates were chosen (Table 1). From each crop rotation, two treatments of highest 

nitrogen levels were used for model calibration (240, 300 kg N ha-1) in order to exclude N 

limitation. Within this study, no cultivar-specific differences were considered. The grown 

cultivar was KWS Ronaldinio from a mid-early maturity group. 

Calibration of the root growth parameters was done by data of a research project examining the 

root growth of maize after different winter cover crops (dataset 8 and 12). The trials took place 

at the above described experimental farm Hohenschulen during summer 2021 and 2022. 

However, above ground measurements of dataset 8 and 12 were used for model evaluation. 

2.1.2. Evaluation datasets 

The model was evaluated with data of set 7-14. All field trials were conducted in 2021 and 2022. 

The trials providing dataset 7, 8, 11 and 12 were conducted at the experimental farm 

Hohenschulen (site A), but differed in the sowing date and the year of cultivation. The field trials 
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for dataset 9 and 13 were located in the Northwest of Germany at the experimental farm 

Wehnen of the Agricultural Chamber of Lower Saxony and coordinated by the University of 

Göttingen (site C). Dataset 10 and 14 were compiled by field trials at Bad Hersfeld in Central 

Germany, managed by the Hessen department of agriculture (site D). In addition to climatic 

differences, soil types of location C and D were sand and sandy silt, respectively. The field trials 

of datasets 7, 9, 10, 11, 13 and 14 were conducted within a research project focussing on the 

nitrogen use efficiency of maize (Table 1). The N levels chosen for the present study were 180, 

240 and 300 kg N ha-1, to ensure sufficient N supply. Mid-early maturity groups were selected 

for evaluation datasets as well (KWS Gunnario: 7,9,10,11,13,14; KWS Stefano: 8, 12). 

2.1.3. Data sampling 

Aboveground biomass was consistently measured sequentially over several dates of the 

growing season by means of destructive manual sampling. Therefore, at least 10 plants per plot 

were harvested and weighted. In order to assign the dry matter weights to a specific area, length 

of harvested maize rows were determined to form a parallelogram and consequently its area. 

An aliquot of the harvested plants was fractionated into the organs, leaf, stem and cob (DMleaf, 

DMstem, DMcob). As small generative organs, husk and panicle were assigned to cob dry matter. 

For all organs, DM was determined and summarized to DMshoot. For each sampling, GAI was 

determined by scanning the leaves (LAI) and stems (SAI) using the LAI-3100 (LI-COR, Inc., 

Lincoln, NE, USA). 

In the field trials used for evaluation, GAI was additionally monitored by drone-based 

multispectral measurements with a SequoiaTM camera (Parrot Sequoia, Parrot Drones SAS, 143 

Paris, France) and a corresponding GAI calibration for silage maize (Bukowiecki et al. 2024). 

Crop height, BBCH (Lancashire et al. 1991) and number of leaves (only for 2008) were 

determined frequently during the growing season. 

Root growth was measured in the field trials providing dataset 8 and 12 (Table 1). In both trial 

years root length (RL) and root length density (RLD) were monitored to a soil depth of 120 cm, 

either by soil pits or by soil cores. Soil cores were sampled at silking and grain filling and divided 

into 10 cm sections. After washing the samples, extracted roots were scanned using the Epson 

Perfection V850 Pro. The scans were analysed using RhizoVision Explorer v2.0.3 (Seethepalli et 

al., 2021). Rooting depth (zr) was investigated at four timepoints during the growing period of 

2022 (dataset 12) measuring the deepest visible root in the soil pit. 
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Table 1 Datasets used for calibration and evaluation. The datasets differ in their location (Site A: Hohenschulen, Site B: Karkendam, Site C: Wehnen, 
Site D: Bad Hersfeld), soil type, trial year and sowing dates. Temperature is averaged and precipitation is summed up over the growing season (sowing 
till harvest date). 

Data use 

Dataset Site 
Geographical 

position 
Soil type 

Trial 
year 

Sowing 
date 

Temperature 
[°C] 

Precipitation 
[mm] 

Calibration Evaluation 
shoot 

growth 
Shoot 
growth 

Root 
growth 

X   1 A 54.18°N, 9.58°E sandy loam 2007 2007/04/19 14.8 496.5 

X   2 A 54.18°N, 9.58°E sandy loam 2007 2007/05/15 15.4 452.4 

X   3 B 53.55°N, 9.56°E sand 2007 2007/04/20 15.1 520.7 

X   4 A 54.18°N, 9.58°E sandy loam 2008 2008/04/24 14.5 370.6 

X   5 A 54.18°N, 9.58°E sandy loam 2008 2008/04/30 14.6 357.9 

X   6 B 53.55°N, 9.56°E sand 2008 2008/04/28 15.1 371.4 

  X 7 A 54.18°N, 9.58°E sandy loam 2021 2021/04/28 15.4 461.8 

 X X 8 A 54.18°N, 9.58°E sandy loam 2021 2021/05/20 16.0 389.7 

  X 9 C 51.49°N, 9.93°E sand 2021 2021/05/01 15.5 524.3 

  X 10 D 51.59°N, 9.85°E sandy silt 2021 2021/05/31 15.6 322.7 

  X 11 A 54.18°N, 9.58°E sandy loam 2022 2022/04/28 16.2 238.7 

 X X 12 A 54.18°N, 9.58°E sandy loam 2022 2022/04/29 15.7 273.5 

  X 13 C 51.49°N, 9.93°E sand 2022 2022/05/02 17.3 182.5 

  X 14 D 51.59°N, 9.85°E sandy silt 2022 2022/05/09 18.4 132.5 
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2.2. The model 

The silage maize crop growth model is built in the modelling environment HUME (Kage and 

Stützel (1999b). It is an object-orientated component library, based on the software 

development technology Delphi® /C++ Builder®. Within HUME, there are several components 

depicting different parts of the soil-water-atmosphere-plant continuum. These can be linked to 

a main component and fitted crop-specifically to model crop growth of winter wheat (Johnen 

et al., 2014; Kage et al., 2003; Neukam et al., 2016) or winter oilseed rape  (Böttcher et al., 2020). 

The components of this library used for the maize crop growth model are evapotranspiration, 

dry matter production, dry matter partitioning, root growth and soil water balance described in 

the following chapters. All components are linked to a main model component, which provides 

the simulation and a basic statistical analysis. A component includes variables, state variables, 

parameters and external variables. The latter describes variables, which are either exchanged 

between the components or input variables, to start the model (e.g. temperature, global 

radiation). 

Crop-specific modifications of components and crop-specific fits of parameters were either 

derived by chosen scientific studies or computed by linear regression based on the calibration 

data (Table 1). A table of these model parameters, their value, description and source can be 

found in Appendix B (Table B 1). Model performance was tested with regard to above-ground 

shoot growth and the partitioning to the organs, as well as the plant development. Therefore, 

root mean squared errors (RMSE), intercepts, slope sand R² between the measured vs. 

simulated regressions were calculated for the calibration and evaluation. Model equations (E) 

are listed in Appendix A. Parameter calibration and model evaluation was carried out using the 

software R (R Core Team, 2023). The performance was assessed with slope and intercept of 

the regression between measured and simulated data, R² and root mean square error (RMSE). 

2.2.1.  Development 

Maize development is regulated by the effective temperature (Teff) – derived by the positive 

difference of daily mean temperature and a defined base temperature (T1) of 6°C in agreement 

with Pagès and Pellerin (1994), Verheul et al. (1996), R. Bonhomme et al. (1994)). Furthermore, 

the development process is separated into five stages further named XStage, following 

HYBRID-Maize, based on the approach of Yang et al. (2016). The XStages represent the 

development stages emergence, tassel initiation, silking, effective grain filling and maturity 

(Figure 1). Development rates between sowing and emergence (DevRateS0), emergence and 

tassel initiation (DevRateS1), tassel initiation and silking (DevRateS2), silking and grain filling 

(DevRateS3) are calculated as simple ratio of Teff and the temperature sum (GDD) between the 

respective XStages (E1-E4). Compared to the approach of Yang et al. (2016), an additional GDD 



Chapter 2 

15 
 

is introduced from emergence till silking (GDDsilk) to calculate the development rate from grain 

filling until maturity (DevRateS4, E5).The GDDs are defined cultivar specific parameters 

assigned according to the assumptions of Bignon (1990) for a mid-early cultivar at a soil with 

medium warming dynamics, harvested at the dough stage, which is the harvest date of whole 

crop silage maize with a typical DM content of 35%. 

Growth of leaf number is calculated according to the approach of HYBRID- and CERES-Maize 

(Jones and Kiniry, 1986; Yang et al., 2016). Thereby, leaf growth is the ratio between Teff and the 

parameter phyllochron (phy, E6). For the early growth period in which the plant has less than 

five leaves (< BBCH15), growth rate is assumed to be higher. Therefore, a factor (fphy) is reducing 

phy (E7). However, in the field trials, growth stages were recorded according to the BBCH scale 

of Lancashire et al. (1991), hence, were converted into XStages for model evaluation (Figure 1). 

 

Figure 1 The XStages 1-5 represent the development stages emergence, tassel initiation, silking, 
effective grain filling and maturity. XStages can be converted to respected values of BBCH scale 
(Lancashire et al., 1991) 

2.2.2. Dry matter production 

Total dry matter production (DMtot) is initialised at emergence by DMini, which is the weight of 

the seed (DMseed) corrected by the weight fraction of the hypocotyl (fhypo) and the loss due to 

transformation and translocation processes (ftrans, E8). The DMini decreases constantly after 

sowing (E18). The DMseed is always subtracted from total dry matter production (DMtot, E9). 

Within season, dry matter production is driven by absorbed photosynthetic radiation (Q) and 

potential light use efficiency (LUE). Potential LUE is reduced to actual LUE by a factor for 

photosynthetic activity (fT) and a factor for soil water deficit (fSWDF, E10-E13), introducing 
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drought stress into the model. Q corresponds to the photosynthetic active radiation (PAR) which 

is commonly known as half of global radiation (GR, Szeicz, 1974), reduced by the radiation 

reflected by the canopy. It is calculated by the extinction coefficient kPAR and the GAI according 

to the Beer-Lambert law (Monsi, 1953, E11). Therefore, GAI is provided by the dry matter 

partitioning component as external value to the dry matter production component. 

Potential LUE was optimised by the model-internal Levenberg-Marquard algorithm to 3.6 g MJ-

1, remaining constant during the growing season. kPAR is also assumed to be constant. fT ranges 

from 0 to 1 and is calculated with a trapezoidal function (Marshall and Squire, 1996; Porter and 

Gawith, 1999). fSWDF is calculated within the model as the ratio of actual transpiration to potential 

transpiration (E13). 

2.2.3. Dry matter partitioning 

In the first step, the dry matter partitioning component apportions the daily produced DMtot (in 

the dry matter production component) between shoot dry matter (DMshoot) and root dry matter 

(DMroot, E14, E15). Thereby, the increase of DMroot through the season is determined by the 

allocation coefficient (ACroot), calculated according to Yang et al. (2016), including a upper limit 

of root growth shortly after silking (DSstop, E16, E17). DMshoot is further distributed between leaf 

dry matter (DMleaf), stem dry matter (DMstem) and cob dry matter (DMcob, E19) by dry matter 

allocation factors (E30): fleaf  describes the allocation to the leaves and fcob to the cob (E21, E23). 

fleaf is the ratio of DMleaf to DMshoot increase between two sampling dates. fleaf is assumed to 

increase linearly across the XStages starting at emergence with increasing XStages, described 

by the regression parameters fleafslope and fleaf0 (E22, Figure 2 A). Due to translocation processes 

from leaf to stem, DMleaf is assumed to decrease after silking (XStage3) or if the maximum GAI 

(GAImax) has been reached. This decay is described through a fleaf derived from a decreasing 

power function with two parameters (decaya, decayb, E22, Figure 2 B). fcob is calculated as the 

ratio of DMcob increase to the sum of DMcob and DMstem increase between two sampling dates 

(E24, Figure 2 C). If fcob exceeds 1, dry matter is translocated from stem to cobs. As soon as 

DMstem accounts for less than 24.8% (fstemmin) of the DMshoot, fcob is set to 1 (E24). fstemmin is the 

calculated average dry matter remaining in the stem at harvest. In a last step, stem growth rate 

can be derived by the combination of fleaf and fcob (E25). 
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Figure 2 Calibration of the partitioning variables fleaf and fcob describing the dry matter growth 
rate of leaves and stems, by generating regressions to XStages. Depicted are the different soil 
types (sandy loam, sand) and trial years (2007, 2008). A: fleaf is described by the parameters 
fleafslope and fleaf0 until LAImax is reached (fleaf=fleaf0+fleafslope*XStage, fleaf0= 1.032, fleafslope= -0.293); B: 
For XStage>3 leaf decay due to translocation processes is described by a power function 
regression of fleaf and XStages (fleaf=decaya*XStagedecayb; decaya= -3.232 * 10-15, decayb= 22.32); 
C: fcob is decribed by a linear regression utilising the parameters fcob0 and fcobslope 
(fcob=fcob0+fcobslope*XStage; fcob0= -1.095, fcobslope= 0.5687) 

GAI expansion and its growth rate is calculated as the sum of its compartments (LAI, SAI, E26) 

and their growth rates (E27), respectively. Growth rate of LAI is the product of the specific leaf 

area SLA and DMleaf (E28, E32). Thereby, SLA is assumed to be the negative exponential function 

of LAI (E30, Figure 3 A). The functions were fitted with the calibration datasets and slopes, 

exponents, upper and lower limits were set as model parameters (Table B 1). The same applies 

for SAI and specific stem area (SSA, E29, E31, E33, Figure 3 B). The proportion of senescent leaf 

area is depicted by the factor fsen, increasing exponentially from the time of silking (XStage3, 

E34, E35). Parameters for fsen computation are sena, senb (E35). Thereby, it is assumed, that the 

ratio of the measured GAI values towards the highest measured GAI is the proportion of 

senescent leaf area. 
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Figure 3: Calibration of model parameters for A: specific leaf area (SLA) and B: specific stem 
area (SSA), assuming, that both, SLA and SSA are decreasing with increasing leaf area index 
(LAI) and stem area index (SAI), respectively. SLA and SSA are restricted by an upper and a 
lower limit. Depicted are the different soil types (sandy loam, sand) and trial years (2007, 2008). 

Plant height was derived from DMshoot, using a quadratic function (E36) with the model 

parameters heighta, heightb and heightc (Table B 1). 

2.2.4. Evapotranspiration 

Required input for this component are weather data; daily mean temperature, global radiation 

(GR), windspeed, precipitation and vapour pressure deficit (VPD). Necessary external variables 

are provided by the dry matter partitioning component (GAI, crop height) and by the dry matter 

production component (kPAR).  

Potential evapotranspiration (ETpot) is calculated by the Pennman-Monteith equation (Monteith, 

1973), being the sum of potential transpiration (Tpot), potential evaporation (Epot) and 

interception (I) (E39). Epot is calculated by the fraction of radiation, which is transmitted, 

calculated with an exponential function of GAI and kPAR. Calculation of interception is described 

in Kage et al. (2003). Tpot is derived as the difference of Epot and I from ETpot. 

2.2.5. Soil water dynamics 

Vertical soil water movement is calculated based on Richards equation (E40) along an diffusion 

approach, more detailed by Johnen et al. (2014), Neukam et al. (2016) and Böttcher et al. (2020). 

Soil textures are set site-specific and were determined in the field using the DINXX method and 

set for each of four defined soil layers (Eckelmann et al., 2005). The van Genuchten (1980) 

parameters following Mualem (1976) parameterisation (α,ϴs, ϴr, n) and saturated hydraulic 

conductivity Ks are derived from soil textures (Renger et al., 2014). To each soil layer, a sink 

term S[i] considering the water uptake by plants, is calculated by splitting Tpot (as external 

variable from the evapotranspiration component) across the four soil layers (E41). The 



Chapter 2 

19 
 

distribution of Tpot is oriented on the prevailing root length of each soil layer (i). A parameter for 

root competition (CompF) is added, to explain reduced water uptake due to root competition 

(Ehlers et al., 1991; Kage et al., 2003; Kage and Ehlers, 1996). Soil water potential may limit the 

water uptake as well, if it exceeds the critical soil water potential (ψcrit). Therefore, n reduction 

factor fsinkred is included when estimating S[i], following the assumptions of Feddes (1980) and 

Belmans et al. (1983) (E42). Actual transpiration (Tact) is the sum of the soil layers sink terms 

(E43). Actual evaporation (Eact) is determined by reducing Epot when the soil water potential in 

the top soil layer (ψarr[1]) falls below a critical threshold (ψcritevap, E44, E45).To ensure an adequate 

representation of starting values, model was already started at the first of November of the 

previous year, respectively. 

2.2.6. Root growth 

The root growth component was introduced first by Kage et al. (2000) for cauliflower. Hence, all 

components were refitted for silage maize. As a function of DMroot and specific root length (SRL, 

Figure 4 C), root length (RLtot) increases linear until maximum root depth (zrmax) or until DSstop is 

reached (E46). DSstop was introduced in the dry matter partitioning component and zrmax is a site-

specific model parameter for the maximum rooting depth. Root depth growth starts with 

sowing depth (zr0) and proceeds in a linear manner with a temperature dependent fitted 

parameter (kzr, E47, Figure 4 A). 

The exponential decrease of root length density with soil depth, depicting the vertical root 

distribution, is calculated with the coefficients kr, and RLD0 (E48, Figure 4 B). RLD0 is the RLD at 

zr = 0. kr is the fractional decrease with increasing soil depth z, determined by ratio between 

RLDzr and RLD0 (E49). To avoid iterative steps, the ratio is set as a fix parameter rRLD (Table B 1).

 

Figure 4 A: Root depth growth. Linear relation of root depth z to thermal time (dzr/dt = kzr*Teff, 
kzr=0.703). B: Vertical root growth is described by an exponential function over soil depth z 
(RLD=RLD0*ekr*zr). C: Specific root length (SRL) depicted as the regression between root dry 
matter [g m-2] (DMroot) and root length (RL).  
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3. Results 

3.1. Parameterisation 

For the final model, 20 silage maize-specific parameters for aboveground plant growth and 

three parameters for root growth were fitted (Appendix B – List of model parameters). Potential 

LUE was optimised by the model intern Levenberg-Marquard algorithm, as described in model 

description. Parameters for the plant development, phy, and soil water dynamic components 

were derived from literature. A detailed list of all parameters containing their description, value 

and source can be found in Appendix B (Table B 1). 

3.2. Development 

Plant development describing XStages, translated to BBCH (Lancashire et al., 1991) was 

simulated sufficiently with R² of 0.93 and 0.98 in calibration and evaluation (Table 2), 

respectively. Variations due to different sowing dates, geographical position and soil types were 

well estimated (Figure 5). Inaccuracies occurred during BBCH 50 and 65, as the period of tassel 

initiation to silking may be difficult to quantify in the field. 

 

Figure 5 Model simulation of BBCH development stages (line) and measured BBCH of the 
evaluation datasets (point) over the vegetation period of maize. Depicted are evaluation 
datasets of 7, 11 (site A), 9, 13 (site C) and 10, 14 (site D) with their individual soil types starting 
at different sowing dates. 

3.3. Dry matter production 

With the calibration dataset, a strong fit was achieved for whole-season DMshoot (R² = 0.97, Table 

2) including measurement data of the whole season (n=83). The productivity on sandy loam 

sites was underestimated in 2008 and overestimated in 2007. However, predictions for the 

sandy site were accurate for both calibration years (Figure 6, A). In the evaluation, prediction 

accuracy of DMshoot was still high with R² of 0.95 and a RMSE of 239.28 g m-2 (Table 2). In 2021, 

high yields harvested at both sandy loam and sandy sites were underestimated by the model. 

Due to severe drought stress at the sandy and sandy silt site in 2022, harvest was conducted 
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one month earlier (2022/09/06 and 2022/09/02, respectively), explaining the low yields (Figure 

6, B). 

 

Figure 6 Dry matter estimation in calibration (grey) and evaluation (colourful) exhibit by 
simulated shoot dry matter [g m-2] against measured data of the evaluation datasets (7-12). 
Dashed line is the 1:1 line. Solid line is the regression between measured and simulated shoot 
dry matter [g m-2]. 

3.4. Dry matter partitioning 

Partitioning into leaves, stems and cobs was well calibrated with R² of 0.82, 0.92 and 0.83, 

respectively, and regression slopes close to 1 (Table 2). However, simulating dry matter 

partitioning of evaluation datasets led to inaccuracies caused by over- and underestimation for 

DMleaf and DMstem (slopes: 0.83 and 1.65), followed by high RMSE’s of 78.21 g m-2 and 217.9 g 

m-2, respectively. Nevertheless, evaluation of DMcob outperformed calibration with a slope of 

0.98 and a R² of 0.91. 

The GAI simulation depicted measurements well within the calibration (Table 2; R² = 0.73, slope 

= 0.92, RMSE = 1.08). Accuracy for its compartments LAI and SAI was even higher with RMSE’s 

of 0.98 and 0.05, respectively. Since LAI and SAI of evaluation datasets were calculated based 

on the imprecise simulated dry matter partitioning, the deviation continued for evaluation with 

R² of 0.50 and 0.56, respectively. However, the slopes for both compartments were high, with a 

slight overestimation (0.85 and 0.94). GAI, as the sum of LAI and SAI, achieved a reasonable fit 

with a slope of 0.85, an intercept of 0.87 and a R² of 0.63, indicating a moderate level of 

explained variability (n=212). 
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Crop height was simulated with a low RMSE of 0.24 m and an overestimation of high values 

(slope = 0.88). Evaluation datasets were predicted well (R²=0.97) although the base is a small n 

of 19. 

Table 2 Results of model evaluation and calibration (in brackets) for development (BBCH), 
aboveground dry matter production (DMshoot), dry matter partitioning into plant organs and the 
derived green area indices (DMleaf, DMstem, DMcob, GAI, LAI, SAI) and of crop height.  Performance 
was assessed with slope and intercept of the regression between measured and simulated 
data, R² and root mean square error (RMSE). n is the number of measurements. 

Parameter Unit Slope Intercept R² n RMSE 

BBCH [d] 0.99 (0.94) 2.13 (7.66) 0.98 (0.93) 51 (183) 4.28 (8.83) 

DMshoot [g m-2] 1.14 (1.08) -102.91 (-73.91) 0.95 (0.97) 63 (83) 239.28 (157.41) 

DMleaf [g m-2] 0.83 (0.89) 27.17 (-5.70) 0.44 (0.82) 33 (83) 78.21 (53.94) 

DMstem [g m-2] 1.65 (1.00) -105.75 (-31.30) 0.83 (0.92) 34 (83) 217.9 (85.04) 

DMcob [g m-2] 0.98 (1.04) -41.47 (61.81) 0.91 (0.83) 22 (43) 173.61 (206.07) 

GAI [-] 0.85 (0.92) 0.5 (0.08) 0.63 (0.73) 212 (81) 1.18 (1.08) 

LAI [-] 0.85 (0.90) 0.12 (-0.11) 0.5 (0.8) 30 (81) 1.27 (0.98) 

SAI [-] 0.94 (0.92) 0.03 (-0.01) 0.56 (0.92) 30 (81) 0.1 (0.05) 

Crop height [m] 1.39 (0.88) -0.51 (-0.20) 0.97 (0.96) 19 (111) 0.43 (0.24) 

 

3.5. Evapotranspiration and soil water dynamics 

At the time of sowing, soil was water-saturated at all study sites and years. During the season, 

the model depicted strong variations in the soil water balance. In 2021 on the sandy silt site and 

in 2021 and 2022 on the sandy loam site, optimal water availability was modelled (Figure 7). In 

2007 and in 2021 on the sandy site, drought stress occurred only briefly in mid-June. A strong 

restriction of growth due to drought stress in 2022, particularly in sandy and sandy silt locations, 

as well as in 2008, in sandy loam and sandy areas (Figure 7). For example, the average fSWDF on 

the sandy site in 2022 was 0.66, meaning that the potential LUE was reduced by one third. 
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Figure 7 Soil water deficit factor (fSWDF) as the ratio of actual and potential transpiration during 
the vegetation period, introducing drought stress to the model. Depicted is the fSWDF for all 
datasets (calibration: grey; evaluation: colourful), arranged in trial years (columns) and soil types 
(rows). Start and end of line represent sowing and harvest date, each. Sandy loam site (site A) 
comprise each two datasets (Table 1) with differing sowing dates in each year. If their fSWDF do 
not match, the dataset with the delayed sowing date is displayed by a dotted line.  
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4. Discussion 

The target of this study was the development of a fundamental structure of a dynamic growth 

modelling for silage maize under the climate conditions of its European main growing area. The 

model was parameterised for growth conditions without nitrogen limitations. The fitted 

parameters can be regarded as first HUME-Maize-driven insights in silage maize growth. The 

requirements were, establishment of an easy adjustable model providing already reasonable 

results for different year/site-combinations within Germany. 

4.1. Development 

The development component is based on the assumptions of HYBRID-Maize (Yang et al., 

2004). However, the growth conditions between Northern America (environment in which 

HYBRID-Maize was developed) and Europe differ. Furthermore, HYBRID-Maize focusses on 

grain maize whereas whole-crop silage maize is already harvested green and breaded with 

regard to shorter growing seasons. In consequence, several parameters in the development 

module of HUME-Maize had to be adjusted. The base temperature (T1) was decreased from 8 

°C respectively 10 °C (Jones and Kiniry, 1986; Yang et al., 2016) to 6°C following European 

studies on maize physiology (Pagès and Pellerin, 1994; R. Bonhomme et al., 1994). Alterations 

in the base temperature not only impact the effective temperature but also influence all GDD’s 

and consequently affecting the timing of XStages. All GDD’s to calculate the XStages were 

derived from the results of (Bignon, 1990) for mid-early cultivars. As the study focusses on 

silage maize, XStage5, describing the dough stage where whole crop silage maize is usually 

harvested, was selected at a dry matter content of 35 %. Measured and modelled BBCH growth 

stages correlate well in calibration (R² = 0.93, Table 2) and evaluation (R²: 0.98, Table 2, Figure 

5). The R² for BBCH estimations are distinctly higher than those obtained by Morel et al. (2020) 

refitting APSIM for silage maize growth under North European conditions (R²: 0.81). As Bignon 

(1990) provided also GDDs for early- and late -cultivars, extending the model for further maturity 

groups should be feasible. 

Additionally, the parameter phy, describing the phyllochron [°Cd], has been recalculated, 

experiencing an increase from 38.9 °Cd in Yang et al. (2016) to 50.8 °Cd (Table B 1). The results 

are corroborated by the study conducted by Dos Santos et al. (2022), which determined an 

average phyllochron of 51.5 °Cd by linear regression method. However, Dos Santos et al. (2022) 

suggest a bilinear relation for leaf number simulation, receiving an improvement of model 

efficiency by 3%. 



Chapter 2 

25 
 

4.2. Dry matter production 

Similar to CERES-Maize, total dry matter production in HUME-Maize is driven by radiation 

uptake, for which potential LUE was set to a constant value of 3.6 g MJ PAR-1. This value differs 

strongly from the proposal of 4.33 g MJ PAR-1 by Kiniry et al. (1997) for grain maize. This can 

be traced back to the lower sowing density in grain maize, or at least in datasets of CERES-

Maize, with 6 plants per m² (Kiniry et al., 1989) than in dense sown silage maize (10 plants per 

m²).  

Drought stress occurs, if soil water storage cannot cover the demand of the growing plant 

(Draye et al., 2010). Within the model, potential LUE is reduced by fSWDF, as it is the ratio between 

potential and actual transpiration, thus fSWDF is determined by the soil water dynamics, thus by 

soil texture and the resultant water holding capacity and van Genuchten parameters (E10, 

Figure 7). For calibration datasets the approach of LUE correction through fSWDF seems to work 

well for the sandy site but not for sandy loam, as drought in 2008 led to a shift of 

underestimation. However, 2007 was slightly overestimated for sandy loam site without water 

limitation (Figure 6). Despite severe drought events as well as sufficient water supply in 

evaluation datasets, no clear shifts due to soil type and water limitation were found (Figure 6, 

Figure 7), indicating that potential LUE of 3.6 g MJ PAR-1 was reliable. 

The fitted kPAR of 0.67 matches well to Jones and Kiniry’s (1989) kPAR of 0.65. In literature, kPAR 

ranges between 0.4 and 0.7, depending on the cultivar and measurement method (Lacasa et al., 

2021). Morel et al. (2020) traced their underestimation of North European silage maize yields 

(RMSE = 5.2 t ha-1) back to an inadequate combination of LUE, kPAR and row spacing within their 

model. The problem is solved by optimising potential LUE and refitting kPAR within European 

climate conditions within the HUME modelling environment. 

4.3. Dry matter partitioning 

Partitioning into the plant organs within HUME-Maize is controlled by the factors fleaf, fstem and 

fcob, fitted as a function of XStages (Jones et al., 2003; Keating et al., 2003). The R² for the 

calibration data were high (R² for DMleaf: 0.85, DMstem: 0.81, DMcob: 0.93, Table 2). For evaluation 

datasets, dry matter partitioning to leaves and stems was over- and underestimated, 

respectively (slopes: 0.83 and 1.65, Table 2). This could be traced back to the time lag between 

calibration and evaluation datasets of about 14 years. Investigating the yield increase of maize 

during the past 40 years, Taube et al. (2020) found a higher leave number of younger maize 

cultivars. As an adaption to changing climate conditions, breeding changed the dry matter 

partitioning towards a higher radiation interception. In this study, differences in cultivars were 

not considered, but the release year of the cultivar in the calibration data set (KWS Ronaldinio) 
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and in the evaluation data set – KWS Gunnario and KWS Stefano – differs by 13 and 12 years, 

respectively. 

Dry matter partitioning driven by coefficients depending on thermal time, as the XStages used 

here (Jones et al., 2003; Keating et al., 2003), was long considered as standard simulation 

method. An alternative approach for calculating the partitioning into the plant organs leaf, stem 

and cob is the allometric concept (Fukuyama and Sakurai, 2019). Kage and Stützel (1999a) 

developed and successfully tested an allometric algorithm in a cauliflower growth model. Ratjen 

et al. (2018) found a satisfactory allometric relation between leaf and stem biomass in silage 

maize utilising the current calibration data set. However, in this study, the approach with 

parameters of Ratjen et al. (2018) has been tested (not shown), but did not overpass the here 

presented results of the linear regressions for growth of all organs (fleaf, fstem, fcob) depending on 

the XStages. 

Lizaso et al. (2003) discussed the importance of an appropriate depiction of leaf growth and 

senescence for a precise forecasting of maize yields so far not depicted in CERES-Maize and 

proposed an approach on leaf level. The calculated leaf area per plant is afterwards scaled up, 

which results in a tendency to overestimate leaf area on canopy scale. This shift was found to 

depend on sowing density and cultivar selection (Lizaso et al. 2003). In HUME-Maize, 

senescence is depicted similarly on plant level, but already at the calculation of leaf dry matter, 

as leaf decay is modelled as exponential decrease of fleaf, describing the translocation of dry 

matter to the stem (Figure 2).  

Computation of leaf area expansion is calculated with an allometric approach based on the 

approach of Ratjen et al. (2018), stating that GAI is described best by SLA, instead of thermal 

time or XStages. The decrease of the exponential model of Ratjen et al. (2018) can be interpreted 

as shading effects of deeper leaf layers, connecting single leaf growth with canopy leaf growth. 

RMSE of complete GAI was 1.08, matching to the results of studies testing CERES-Maize 

(Basso et al., 2016). 

4.4. Root growth 

The depiction of linear and vertical root growth is based on the approach of Kage et al. (2000) 

for cauliflower. Therefore, the parameters kzr for linear depth growth and rRLD for vertical depth 

growth had to be re-parametrised for whole-crop silage maize, as the latter study investigated 

the fine root growth of cauliflower. Authors introduced the model parameter ratio for calculating 

the coefficient kr for vertical root growth (E49, E48). To avoid iterative steps and due to a lack of 

data, Kage et al. (2000) optimised the parameter and received a very small value. In this study, 

it was possible to calculate the parameter with data of experiments 8 and 12 recording a much 
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higher value for rRLD (rRLD: 0.128, Table B 1). Kage et al. (2000) found 0.021 for all years and soil 

conditions combined. 

Maximal rooting depth zrmax is a site-specific parameter, which can be changed manually 

depending on the site conditions. Deeper root growth may result in higher amount of water 

uptake and consequently higher Tact. In general, root growth and water uptake are currently 

driven by thermal time, independent of soil texture, potentially impacting root depth expansion, 

particularly in drought conditions (Jorda et al., 2022). Subsequent model enhancements may 

incorporate soil texture-specific root growth. 

4.5. Evapotranspiration and soil water dynamics 

Modelling of evapotranspiration in HUME follows the approach of Monteith (1973). Hereby, the 

model parameter rc0 was modified to 75 s m-1 according to assumptions of Rochette et al. 

(1991), Sinclair et al. (1975), Irmak and Mutiibwa (2008), instead of common stomatal 

resistance of 50 s m-1 (Neukam et al., 2016) to depict the capability of maize as a C4 plant, of 

fixing higher amounts of CO2. 

The soil water component was adopted from previously published HUME models; HUME-Wheat 

(Neukam et al. 2016; Johnen et al. 2014) and HUME-OSR (Böttcher et al., 2020; Johnen et al., 

2014; Neukam et al., 2016). However, the parameters ѱcrit, ѱcritEvap, ѱcrit and CompF, guiding and 

restricting the water uptake by roots were adapted for HUME-Maize. Pivot point of the 

component is the selection of soil textures for each soil layer, allowing the model to adjust to 

any soil conditions. van Genuchten parameters following Mualem (1976) parameterisation 

(α,ϴs, ϴr, n) and saturated hydraulic conductivity Ks were selected according to  the soil texture 

(Renger et al., 2014).  

Currently, general soil texture assumptions were set for each location, irrespective of the small 

scale variation at field scale. Koehler et al. (2022) emphasised the importance of soil texture, 

altering the hydraulic properties and consequently the transpiration rate of a plant. As a result, 

they found that the critical water content until transpiration decreases, is depending on texture. 

A more detailed look into soil hydraulic properties for small-scale soil texture variations may 

allow a precision of Tact and consequently fSWDF. 

This accuracy of estimation silage maize growth for contrasting soils and climate conditions 

demonstrates that the model is suited for the application for differing European cultivation 

conditions, also with regard to changing climatically conditions. 
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5. Conclusion 

This study aimed to develop a dynamic growth model for the simulation of silage maize yield 

grown under European climate conditions. This involves not only average climatic conditions, 

but also severe drought. Whole-crop silage maize phenology, particularly the timepoint of silage 

maize maturity were simulated satisfactorily. The developed HUME-Maize serves as a robust 

base, to build on within future studies. For instance, drought stress was implemented by a 

simple approach driven by soil water dynamics, which was reliable for first steps in HUME-

Maize but could be adapted even more precisely to small-scale soil texture differences. Further 

studies could also include the yield quality in order to predict optimal harvest dates in the future. 

In addition, nitrogen limitation and cultivar specific phenological differences, as important 

factors of nitrogen fertilizer efficiency and allometric growth strategies, were not modelled, 

setting the foundation for future investigations.  
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6. Appendix A – Model equations 

6.1. Development component 

E1. DevRateS0=
Teff

GDDemer
 

DevRateS0: Development rate between sowing and emergence, Teff: effective temperature, 

GDDemer: corresponding growing degree days 

E2. DevRateS1=
Teff

GDDtasini
 

DevRateS1: Development rate between emergence and tassel initiation, Teff: effective 

temperature, GDDtasini: growing degree days from emergence till tassel initiation 

E3. DevRateS2= 
Teff

GDDS2
 

DevRateS2: Development rate between tassel initiation and silking, Teff: effective temperature, 

GDDS2: growing degree days from tassel initiation till silking 

E4. DevRateS3=
Teff

GDDS3
 

DevRateS3: Development rate silking and grain filling Teff: effective temperature, GDDS3: growing 

degree days from silking till grain filling 

E5. DevRateS4=
Teff

GDDtotal-GDDemer-GDDsilk-GDDS3
 

DevRateS4: Development rate between grain filling and maturity, Teff: effective temperature, 

GDDtotal: growing degree days from sowing till maturity, GDDemer: growing degree days from 

sowing till emergence, GDDsilk: growing degree days from emergence till silking, GDDS3: growing 

degree days from silking till grain filling 

E6.  
dLeafNo

dt
=

Teff

phy * fphy
 

LeafNo: number of leaves, Teff: effective temperature, phy: phyllochron, fphy: reduction factor for 

early growth phase.  

E7. fphy= {
0.66+0.068 * LeafNo | LeafNo < 5

1                                | LeafNo ≥ 5
 

fphy: reduction factor for early growth phase, LeafNo: number of leaves, constants (0.66, and 

0.068) are parameters according to Yang et al. (2016), Jones and Kiniry (1986). 
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6.2. Dry matter production 

E8. DMini=DMseed-(DMseed*ftrans)-(DMseed*fhypo) 

DMini: initial dry matter value for starting the model, DMseed: seed dry matter, ftrans: fraction of 

seed dry matter lost by transformation processes, fhypo: fraction of the hypocotyl 

E9. 
dDMtot

dt
=
dDMtot

dt
-
dDMini

dt
 

DMini: initial dry matter value, DMtot: total dry matter 

E10. 
dDMtot

dt
=Q*LUE*fT*fSWDF 

DMtot: total dry matter, Q: absorbed radiation, LUE: light use efficiency, fT: temperature weight 

factor for photosynthetic activity, fSWDF: soil water deficit factor 

E11. Q=PAR*(1-e-kPAR*GAI) 

Q: absorbed radiation, PAR: photosynthetic active radiation (0.5 * global radiation), kPAR: 

extinction coefficient, GAI: green area index 

E12. fT=

{
  
 

  
 

 

0                                      |Tmean<T1        
Tmean-T1

T2-T1
                           |T1≤Tmean≤T2 

1                                      |T2<Tmean≤T3  
T4-Tmean

T4-T3
                           |T3<Tmean≤T4

 0                                     |Tmean>T4       

 

fT: temperature weight factor for photosynthetic activity, Tmean: daily averaged effective 

temperature, T1: base temperature, T2, T3, T4: cardinal temperatures of trapezoid function. 

E13. fSWDF=
Tact

Tpot
 

fSWDF: soil water deficit factor, Tact: actual transpiration, Tpot: potential transpiration 

6.3. Dry matter partitioning 

E14. DMtot=DMroot+DMshoot 

DMtot: total dry matter, DMroot: root dry matter, DMshoot: shoot dry matter 

E15. 
dDMtot

dt
=
dDMroot

dt
+
dDMshoot

dt
 

DMtot: total dry matter, DMroot: root dry matter, DMshoot: shoot dry matter 

E16. ACroot=ACEroot-DS*
ACEroot

DSstop
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ACroot: proportion of root dry matter, ACEroot: allocation coefficient of root dry matter proportion, 

DS: development stage of root growth, DSstop: highest development stage of root growth 

E17. 
dDMroot

dt
=
dDMtot

dt
*ACroot 

DMroot: root dry matter, DMtot: total dry matter, ACroot: proportion of root dry matter 

E18. 
dDMshoot

dt
=
dDMtot

dt
*(1-ACroot) 

DMshoot: shoot dry matter, DMtot: total dry matter, ACroot: proportion of root dry matter 

E19. DMshoot=DMleaf+DMstem+DMcob 

DMshoot: shoot dry matter, DMleaf: leaf dry matter, DMstem: stem dry matter, DMcob: cob dry matter 

E20. 
dDMshoot

dt
=
dDMleaf

dt
+
dDMstern

dt
+
dDMcob

dt
 

DMshoot: shoot dry matter, DMleaf: leaf dry matter, DMstem: stem dry matter, DMcob: cob dry matter 

E21. 
dDMleaf

dt
=
dDMshoot

dt
*fleaf 

DMleaf: leaf dry matter, DMshoot: shoot dry matter, fleaf: fraction of leaf dry matter 

E22. fleaf= {
XStage*fleafslope+fleaf0| XStage>1        

decay
a
*XStagedecayb | GAI>GAImax

 

fleaf: fraction of leaf dry matter, fleafslope: slope of linear leaf dry matter growth, fleaf0: intercept of 

linear leaf dry matter growth, decaya: coefficient of leaf dry matter decay, decayb: power 

coefficient of leaf decay, GAI: green area index, GAImax: maximum green area index, at which leaf 

dry matter starts decreasing. 

E23. 
dDMcob

dt
=
dDMshoot

dt
*(1-fcob) 

DMcob: cob dry matter, DMshoot: shoot dry matter, fcob: proportion of cob dry matter 

E24. fcob={
XStage*fcobslope+fcob0|

DMstem

DMshoot
>fstemmin

1                                 |
DMstem

DMshoot
≤fstemmin

 

fcob: proportion of cob dry matter, fcobslope: slope of the linear cob dry matter growth, fcob0: intercept 

of the linear cob dry matter growth, fstemmin: threshold of dry matter allocated in the stem 

E25. 
dDMstem

dt
=
dDMshoot

dt
*(1-fleaf)*(1-fcob) 
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DMstem: stem dry matter, DMshoot: shoot dry matter, fleaf: proportion of leaf dry matter, fcob: 

proportion of cob dry matter 

E26. GAI=LAI+SAI 

GAI: green area index, LAI: green area index of leaves, SAI: green area index of stems 

E27. 
dGAI

dt
=
dLAI

dt
+
dSAI

dt
 

GAI: green area index, LAI: green area index of leaves, SAI: green area index of stems 

E28. 
dLAI

dt
=
d(SLA*DMleaf)

dt
 

LAI: green area index of leaves, SLA: specific leaf area, DMleaf: leaf dry matter 

E29. 
dSAI

dt
=
d(SSA*DMstem)

dt
 

SAI: green area index of stems, SSA: specific stem area, DMstem: stem dry matter 

E30. SLA={

SLAini                      |SLA ≥SLAini                      

SLAa*  LAI-SLAb     |SLAini>SLA>SLAmin       

SLAmin                    |SLA<SLAmin                     

 

SLA: specific leaf area, SLAini: upper limit of SLA, SLAmin: lower limit of SLA, SLAa: coefficient of 

exponential decrease of SLA, SLAb: power coefficient of exponential decrease of SLA 

E31. SSA={

SSAini                      |SSA ≥SSAini                      

SSAa* SAI
-SSAb

      |SSAini>SSA>SSAmin         
SSAmin                    |SSA<SSAmin                     

 

SSA: specific stem area, SSAini: upper limit of SSA, SSAmin: lower limit of SSA, SSAa: coefficient 

of exponential decrease of SSA, SSAb: power coefficient of exponential decrease of SSA 

E32. 
dLAI

dt
= (SLAa*LAI-SLAb-SLAa*SLAb*LAI-SLAb) *

dDMleaf

dt
 

LAI: green area index of leaves, SLAa, SLAb: coefficients of exponential decrease of SLA via LAI, 

DMleaf: leaf dry matter 

E33. 
dSAI

dt
= (SSAa*SAI-SLAb-SSAa*SSAb*SAI-SLAb) *

dDMleaf

dt
 

SAI: green area index of stems, SSAa, SSAb: coefficients of exponential decrease of SSA via SAI, 

DMstem: stem dry matter 

E34. GAI=(1-fSen)*GAI* 

fsen: proportion of green area turning to senescent plant material, GAI*: actual GAI 
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E35. fSen=sena*XStagesenb 

fsen: proportion of green area turning to senescent plant material, sena, senb: coefficients of 

exponential increase of senescent plant area 

E36. Cropheight=GAI
*
*fcropheight 

GAI*: actual GAI, fcropheight: slope of linear regression between GAI and crop height 

6.4. Evapotranspiration 

E37. ETpot=
∆*Rnet+ρ*cp*

VPD

ra 
 

∆+γ*(1+
rcmin

ra
)

* 
1

λ
  

ETpot: potential evapotranspiration, ∆: slope of relation between saturation vapor pressure and 

temperature, Rnet: net radiation, ρ: air density, cp: specific heat of the air, VDP: , ra: aerodynamic 

resistance, γ: psychometric constant, rcmin: minimal stomatal resistance, λ: latent heat of water 

vaporisation  

E38. Epot=ETpot*e-kPAR*GAI 

Epot: potential evaporation, ETpot: potential evapotranspiration, kPAR: extinction coefficient, GAI: 

green area index 

E39. Tpot=ETpot-Epot-I 

Tpot: potential transpiration, ETpot: potential evapotranspiration, Epot: potential evaporation, I: 

interception 

6.5. Soil water component 

E40. 
∂θ

∂t
=

∂

∂z
* [Dw(θ) (

∂θ

∂z
)+k(θ)] -S(ψ) 

θ: volumetric soil water content, t: time, z: soil depth, Dw: diffusivity of water, k: unsaturated 

hydraulic conductivity, S: sink term for water uptake by plant roots, ψ: soil water potential 

E41. S[i]=Tpot*
RL[i]CompF

∑ RL[j]CompF
j

*fsinkred 

S: sink term for water uptake by plant roots, Tpot: potential transpiration, RL: root length, i: certain 

soil layer, j: all soil layers, CompF: root competition factor, fsinkred: reduction factor 

E42. fsinkred[i]={

1                       | ψi<ψcrit

log(ψi)- log(ψ0)

log(ψcrit)-log(ψ0)
    | ψi≥ψcrit 
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fsinkred[i]: reduction factor for each soil layer i, ψ: soil water potential, ψ0: soil water potential when 

water uptake is 0, ψcrit: soil water potential from which water uptake decreases 

E43. Tact=∑ S[j]j   

Tact: actual transpiration, S: sink term, j: all soil layers 

E44. Eact= Epot*fevap 

Eact: actual evaporation, Epot: potential evaporation, fevap: reduction factor 

E45. fevap=
-(log(ψarr[1]) - 4.2)

4.2-log(ψcritevap)
 

fevap: reduction factor, correcting Epot by low soil water content in the top soil layer, ψarr[1]: soil 

water potential in the top soil layer, ψcritevap: soil water potential at which evaporation decreases. 

6.6. Rooting component 

E46. RLtot=DMroot*SRL 

RLtot: total root length, DMroot: root dry matter, SRL: specific root length 

E47. 
dzr

dt
=kzr*Teff | zr ≤ zrmax 

zr: rooting depth, kzr: slope of linear root depth growth, Teff: effective temperature, zrmax: 

maximum root depth 

E48. RLD=RLD0*e-kr*z 

RLD: root length density, RLD0: root length density at zr=0, kr: exponential coefficient describing 

vertical root growth, z: soil depth 

E49. kr=
-l n(

RLDzr
RLD0

)

zr
  

kr: rooting coefficient, describing vertical root growth, RLDzr: root length density at rooting depth, 

RLD0: root length density at zr=0, the ratio of RLDzr and RLD0 is fitted as a model parameter rRLD 

to avoid iterative steps, zr: rooting depth 

E50. RLD0=
RLtot*kr

1-e-kr*zr     

RLD0: root length density at zr=0, RLtot: total root length, kr: rooting coefficient describing vertical 

root growth, zr: rooting depth 

  



Chapter 2 

40 
 

7. Appendix B – List of model parameters 

In total, 20 crop-specific parameters for aboveground plant growth and three parameters for 

root growth were fitted with the calibration data set (Table 1). Parameters for the development, 

besides phy, and soil water dynamic components were derived from literature. 

Table B 1 Model parameter values derived from literature and fitted by empirical regression (no 
literature entry). The table is structured following the model components: Evapotranspiration, 
Soil water dynamics, Development, Dry matter production, Dry matter partitioning and Root 
growth. 

Parameter Value Unit Description Literature 

Development 
T1 6 [°C] Base temperature for 

calculating Teff 
Pagès and Pellerin 
(1994), Verheul et al. 
(1996), R. 
Bonhomme et al. 
(1994) 

GDDemer 100 [°C d] Temperature sum from 
sowing until emergence 

All GDD’s derived 
according to Bignon 
(1990) GDDtasini 320 [°C d] Temperature sum from 

emergence until tassel 
initiation 

GDDS2 510 [°C d] Temperature sum from 
tassel initiation until silking 

GDDS3 200 [°C d] Temperature sum from 
silking until grain filling 

GDDsilk 830 [°C d] Temperature sum from 
emergence till silking 

GDDtotal 1890 [°C d] Temperature sum from 
sowing till maturity 

phy 50.8 [°C d leaf-1] Phyllochron  
Dry matter production 
DMseed 3.7 [g m-2] Weight of the sown seeds  
fhypo 0.24 [-] Weight fraction of the 

hypocotyl 
 

ftrans 0.3 [-] Weight fraction lost by 
transformation and 
translocation 

 

T2 16 [°C] Cardinal temperatures of 
trapezoidal temperature 
function to calculate fT 

Yang et al. (2016) 
T3 28 [°C] 
T4 34 [°C] 

LUE 3.6 [g MJ PAR-1] Light use efficiency Optimised by the 
model internal 
Levenberg-Marquard 
algorithm 

kPAR 0.67 [-] Constant extinction 
coefficient 

 

Evapotranspiration 
rc0 75 [s m-1] Stomatal conductance Rochette et al. 

(1991), Sinclair et al. 
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(1975), Irmak and 
Mutiibwa (2008) 

Soil water dynamics 
psi0 15000 [hPa] Water tension at permanent 

wilting point 
Neukam et al. (2016) 

psicritEvap 20 [hPa]  Beese et al. (1978) 
psicri 500 [hPa] Critical soil water potential Neukam et al. (2016) 
CompF 0.5 [-] Root competition factor 

reducing water uptake 
Ehlers et al. (1991) 

Dry matter partitioning 
ACEroot 0.35 [-] Dry matter allocation 

coefficient for root dry 
matter 

Yang et al. (2016) 
 

DSstop 1.15 [-] Development stage when 
root growth stops 

Yang et al. (2016) 

fleafslope -0.293 [-] Slope of linear leaf growth 
(fleaf) 

 

fleaf0 1.032 [-] Intercept of linear leaf 
growth (fleaf) 

 

GAImax 5.5 [m² m-2] maximum green area index, 
at which leaf dry matter 
starts decreasing 

 

decaya 3.232*10-15 [-] Coefficients calculating fleaf 
after silking due to dry 
matter translocation to stem 
(fleaf) 

 
decayb 22.32 [-]  

fcobslope 0.5687 [-] Slope of the linear growth of 
fcob 

 

fcob0 -1.095 [-] Intercept of the linear 
growth of fcob 

 

fstemmin 0.248 [-] Proportion of DM remaining 
in the stem at harvest 

 

SLAini 0.032 [m² g-1] Upper limit of the negative 
exponential relation 
between LAI and SLA 

 

SLAmin 0.016 [m² g-1] Lower limit of the negative 
exponential relation 
between LAI and SLA 

 

SLAa 0.022 [m² g-1] Coefficients of the negative 
exponential relation 
between LAI and SLA 

 
SLAb -0.135 [-]  

SSAini 0.004 [m² g-1] Upper limit of the negative 
exponential relation 
between SAI and SSA 

 

SSAmin 0.0006 [m² g-1] Lower limit of the negative 
exponential relation 
between SAI and SSA 

 

SSAa 0.0006 [m² g-1] Coefficients of the negative 
exponential relation 
between SAI and SSA 

 
SSAb -0.379 [-]  

sena 0.00013 [-] Coefficients of exponential 
growth of senescent 
proportion of GAI (fsen) 

 
senb 1.734 [-]  
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heighta 0.2894 [-] Coefficients of quadratic 
equation to calculate crop 
height by DMshoot 

 
heightb 0.0027 [-]  
heightc 7.7982*10-7 [-]  
Root Growth 
zr0 6 [cm] Sowing depth  
SRL 6790 [cm g-1] Specific root length  
zrmax 120 [cm] Maximum rooting depth  
kzr 0.703 [cm d-1 °C-1] Coefficient of linear root 

growth 
 

rRLD 0.128 [-] Ratio between RLDzr and 
RLD0 for computing kr 
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Abstract 

Context: Cover crops are one essential component of sustainable agriculture, as it allows 

improving soil health, water management, and nutrient cycling, which strengthens resilience 

and yield stability in cropping systems. Given limited soil resources and increasing summer 

drought periods, efficient use of water and nutrient reserves in deeper soil layers has become a 

central agricultural challenge. Integrating deep-rooting cover crops into cropping systems may 

enhance the vertical exploitation of arable soils, enabling subsequent silage maize crops to 

access subsoil resources more efficiently. 

Objective: This study aims to investigate the influence of deep-rooting cover crops on yield 

formation of silage maize. It was hypothesized that pre-formed biopores from deep-rooting 

cover crops enhance water access from deeper soil layers supporting maize yield. 

Methods: Cover crops of different functional groups and rooting characteristics — brassicas, 

grasses, and legumes — were combined to three cover crop mixtures. Perennial alfalfa, with a 

longer growth period and therefore expected deeper roots than winter cover crops, was included 

as a variant to enhance effects on soil structure. Winter fallow served as a control. In a triannual 

trial (2021-2023) in Northern Germany their effects on silage maize yield were investigated, with 

a focus on radiation uptake (RU), changes in soil water content (∆S), total water use (WU) and 

the resulting radiation and water use efficiencies (RUE, WUE) of silage, utilising soil sensors and 

remote sensing technique. 

Results: Legume-grass and brassica-grass mixtures sustained high maize yields, while 

legume-brassica and perennial alfalfa variants reduced yields (-13.6% and -13.9%). Yield 

differences were unrelated to maize green area index, radiation uptake, or total water use. 

Subsoil (20–110 cm) water storage changes were significantly lower after legume-grass and 

brassica-grass mixtures than fallow, while deep subsoil (110–160 cm) moisture was generally 

reduced, significantly so for maize after legume-brassica. Radiation use efficiency was 

comparable to fallow for all mixtures except perennial alfalfa, while water use efficiency declined 

for the legume-brassica variant.  

Conclusions: All tested cover crop mixtures facilitated maize access to deep subsoil water 

resources, with mixtures including grasses conserving subsoil moisture while maintaining 

yields comparable to those after fallow. 

Implications: The study investigates innovative strategies for the composition of cover crop 

mixtures that integrate diverse functional traits by applying the ecological concept of niche 

complementarity.  
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1. Introduction 

Cover crops play a crucial role in sustainable agriculture, influencing soil properties, water 

dynamics and nutrient cycling, consequently increasing the resilience of the cropping system 

to changing environmental conditions (Kaye and Quemada, 2017). The presence of cover crops 

in the rotation can have lasting effects on the performance of subsequent cash crops like maize 

(Marcillo and Miguez, 2017), by enhancing soil conditions and optimizing resource use. Thus, in 

Europe the use of winter cover crops became strongly recommended in some countries, 

primarily guided by the Common Agricultural Policy (CAP) for 2023-2027. 

The wide range of cover crops can be categorized into functional groups, fulfilling various 

environmental services, such as prevention of nitrogen leaching, erosion control, weed 

suppression and nitrogen fixation by legumes (Daryanto et al., 2018; Abdalla et al., 2019). The 

combination of cover crops from different functional groups into cover crop mixtures may 

combine specific functions and eventually improve the adaptability to specific site conditions 

and management practices. According to ecological principles, such as resource competition, 

niche complementarity, or the diversity-stability hypothesis (Tilman, 2013), the use of diverse 

cover crop mixtures can enhance resource use efficiency and thereby ecosystem services, if 

the species involved complement each other and effectively use the available resources. 

Moreover, mixtures tend to establish more reliably than monocultures because they contain a 

greater variety of species, each of which can respond differently to varying climatic conditions 

across different growing seasons (Florence and McGuire, 2020b). 

Cover crops have been widely documented to improve various soil physical properties, which 

play a crucial role in enhancing soil health and consequently crop productivity. Blanco‐Canqui 

and Ruis (2020) highlights that cover crops reduce soil penetration resistance, a key indicator 

of soil compaction, enhance porosity, and consequently water infiltration. Villamil et al. (2006) 

specifically measured an increase in mesopores (50–0.5-μm) due to the presence of winter 

cover crops. Root channels left by cover crops, such as those observed by Williams and Weil 

(2004), facilitate deeper root growth of subsequent crops. For example, maize following alfalfa 

has been shown to recolonise the root channels formed by alfalfa (Rasse and Smucker, 1998). 

Brassica species, such as radish or rapeseed, have also been identified as effective in breaking 

through compacted soils and reaching deep soil layers, thereby providing greater access to 

deeper water reservoirs (Kristensen and Thorup-Kristensen, 2004a; Chen and Weil, 2010, 2011; 

Kemper et al., 2020). Furthermore, taproots and fibrous root systems of cover crop components 

were suggested to complement each other. Saleem et al. (2020) measured larger root length 

and root areas by mixing legume and brassica cover crops, than grown as monocultures. 
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Williams and Weil (2004) found similar patterns combining the non-legume/grass rye with 

forage radish. However, a recent review by Blanco-Canqui (2024) compared the effects of cover 

crop mixtures with their monoculture components on soil physical properties and found that 

mixtures did not outperform monocultures. 

Silage maize is one of the most widely cultivated crops in Germany, alongside winter wheat and 

winter barley, covering approximately 2 million hectares in 2024 (Statistisches Bundesamt, 

2024). While its significance in German agriculture is clear, the impact of preceding winter cover 

crops on silage maize yields remains a topic of debate in the literature. Some studies found no 

significant effects of cover crop monocultures on maize yield (Basche et al., 2016; Kühling et al., 

2023), while others reported negative impacts (Tonitto et al., 2006; Abdalla et al., 2019). These 

contrasting findings could be traced back to the different types of considered cover crops. For 

example, Alvarez et al. (2017) and Marcillo and Miguez (2017) noted that legume cover crops 

tend to increase subsequent maize yields, in contrast to non-legumes, e.g. grasses or brassicas. 

Furthermore, their combination in cover crop mixtures have been found to increase yields of the 

following maize, about 13 % on average (Abdalla et al., 2019). 

Even if cover crops do not consistently increase yields, their role in preserving productivity and 

enhancing the resilience of cropping systems under changing environmental conditions might 

be vital in future. Crop productivity is primarily driven by photosynthetically active radiation 

(PAR) , with the green area index (GAI) determining how much light is captured by the plant (de 

Wit, 1958; Duncan, 1971) and the radiation use efficiency (RUE) defining the conversion 

efficiency of PAR into biomass (Monteith, 1977). Following cover crops, an improved soil 

structure and nutrient availability could favour maize growth, by promoting GAI development 

and increasing the interception of light. If the GAI is sufficiently high, maize can maximize its 

RUE, especially under favourable water conditions (Earl and Davis, 2003). 

Drought tolerance is primarily determined by a plant's ability to utilize soil water resources under 

dry conditions. Improved soil water availability through cover crop mixtures could increase 

water use (WU) and help mitigate yield losses during water stress periods (Blum, 2009). It is 

important to distinguish WU from water use efficiency (WUE), which refers to the productivity 

of a plant per unit of WU (Tanner, 1981; Kijne et al., 2003). High WUE indicates high yields with 

low total WU. However, in this study, increased water availability from cover crops may lead to 

higher WU while maintaining productivity, resulting in a reduced WUE (Blum, 2009). The use of 

cover crops may also result in a reduction in water availability for subsequent main crops, by 

the cover crops themselves. If their autumnal water uptake is not fully replenished by winter 

rainfall, transpiration during cover crops spring growth phase, may deplete the water resources. 
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However, this could subsequently lead to a reduction in WU of the main crop (Unger and Vigil, 

1998). 

Based on a triannual field trial, this study aims to enhance the understanding of the effects of 

cover crop mixtures on the yield formation of silage maize, with a focus on radiation uptake, soil 

water content changes (∆S) in specific soil layers, and WU of the cash crop. We observed if 

cover crops, with different rooting characteristics, form biopores, which facilitate access to 

water resources of deeper soil layers. A longer growth period of cover crops is often suggested, 

to enhance their effects (Blanco‐Canqui and Ruis, 2020). Therefore, the perennial cover crop 

alfalfa is included in the study, to ensure the formation of deep root channels. The hypotheses 

were that under the cultivation conditions in Northern Europe (1) silage maize yield is not 

affected by preceding winter cover crop mixtures, and that (2) WUE decreases and RUE 

increases, due to a (3) better water access after cover crop variants, total WU of maize is 

increased, especially in deep subsoil. (4) Hypothesis are emphasised by perennial alfalfa.  
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2. Material and Methods 

2.1. Study site 

The research took place at the Hohenschulen experimental farm of Kiel University (10.0° E, 54.3° 

N, 30 m ASL). The area has been shaped by glacial processes, leading to a diverse and small-

scale heterogeneity of soil types. However, the dominant soil type at the site is a luvisol with a 

sandy loam texture. The region experiences a temperate oceanic climate, with long-term data 

(1991–2020) showing an average annual air temperature of 9.3°C and a sum of precipitation of 

797 mm, respectively (Deutscher Wetterdienst, 2024). Data collection was conducted over three 

consecutive years, with maize harvest in 2021, 2022, and 2023. Weather conditions in the three 

trial seasons differed distinctly. Highest sum of precipitation was measured in 2021, caused by 

several heavy rainfalls throughout the season, followed by a very dry summer in 2022, with 

temperature peaks until 35.9°C. Due to drought, sowing and harvest in 2022 were conducted 

early for conditions of Northern Germany. The growing period of 2023, was shaped by dry 

conditions at the start, but experienced steady rainfall from July till September (Table 3). 

Table 3 Description of the three growing periods of maize (2021-2022-2023) by sowing and 
harvest date and days of each growing period (n). Furthermore, listed are weather conditions: 
sum of precipitation (mm), mean, max and min air temperature (T, °C) 

 2021 2022 2023 

Sowing date 2021-05-20 2022-04-28 2023-05-25 

Harvest date 2021-10-11 2022-09-13 2023-09-29 

n 144 138 127 

Precipitation 296 231.6 261.4 

Tmean 16.2 16.1 16.9 

Tmin 4 0.7 3.8 

Tmax 31.6 35.9 29.8 

 

2.2. Trial design 

Winter cover crops were sown in late summer of the year preceding silage maize sowing. A 

winter fallow was used as control. The previous crop was uniformly summer barley. A total of 

six winter cover crop species were included in the study, classified in three functional groups: 

legumes, grasses, and brassicas. Each mixture combines two functional groups, with two 
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species from each group, which leads to the variants Legume-Grass; Legume-Brassica; 

Brassica-Grass (Table 4). To enhance the beneficial effects of cover crops, a longer growth 

period is often recommended; thus, the perennial cover crop alfalfa (Medicago sativa) was 

included in this study to promote the formation of deep root channels, due to the multi-year 

growth period (2 years). Since the trial began in August 2020 with the sowing of cover crops, 

alfalfa plots were not available for samplings conducted in the first trial year (2020/2021). After 

termination of cover crops in late spring, silage maize (KWS Stefano) was sown. As the study 

focusses on cover crop effects on silage maize water balance, maize was fertilised sufficiently 

(180 kg N/ha). 

Table 4 Winter cover crops investigated in this study 

Family Cover crops Botanical name 
Legume-

Grass 
Legume-
Brassica 

Brassica-
Grass 

Brassicaceae Oilseed Rape Brassica napus  X X 

 Oilseed Radish Brassica sativus  X X 

Leguminosae Red clover Trifolium pratense X X  

 White clover Trifolium repens X X  

Poaceae Ryegrass Lolium perenne X  X 

 Tall fescue Festuca arundicaceae X  X 

Leguminosae Alfalfa Medicago sativa       

 

2.3. Plant and soil samplings 

Maize yield was determined by manual sampling at the end of the growing season. At least 10 

plants per plot were harvested, dried (°60 C) and weighted. In order to assign the dry matter 

weights to a specific ground area, length of harvested maize rows were determined to form a 

parallelogram and consequently its area. 

Green area index (GAI) was monitored biweekly by drone-based multispectral measurements 

with a SequoiaTM camera (Parrot Sequoia, Parrot Drones SAS, 143 Paris, France) and a 

corresponding GAI calibration for silage maize (Bukowiecki et al., 2024a). Development stages 

(BBCH, Lancashire et al. 1991) were determined frequently during the growing season and 

classified into the main stages leaf development, stem elongation, silking, grain filling, maturity. 

Furthermore, for each variant maximum and averaged GAI (GAImax, GAIavg) of each plot were 

calculated and averaged for each variant, respectively. 
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Soil moisture was determined weekly till biweekly by means of the Diviner2000 (Sentek Sensor 

Technologies, Stepney, South Australia), which is based on frequency domain reflectance 

(FDR). Measurement tubes were installed in each plot enabling measurement of volumetric soil 

moisture until a depth of 1.60 m, via 16 x 10 cm steps. 

2.4. Data processing and statistical analysis 

Data processing and statistical analysis were performed in R (R version 4.4.1. R Core Team, 

2024). 

2.4.1. Radiation uptake 

Radiation uptake (RU) was calculated from the incoming photosynthetic active radiation (PAR) 

which is commonly estimated as half of global radiation (Szeicz, 1974), and the radiation 

extinction within the canopy. The latter was calculated according to the Beer-Lambert law 

(Monsi, 1953). 

RU=PAR*(1-e-k*GAI) (E1)  
with the extinction coefficient (k) set to 0.65 and the GAI derived by spectral reflectance data 

(Bukowiecki et al., 2024a). Finally, RU was cumulated over the season. Radiation use 

efficiency (RUE) was calculated as follows: 

RUE = 
Y

RU
 (E2)  

with the final yield Y and RU at the final harvest dates of each plot. 

2.4.2. Water use 

By identifying patterns in soil moisture distribution across the soil profile, hierarchical clustering 

was performed. Ward's method merges the clusters with the smallest increase in total variance. 

Resulting clusters were topsoil 0 – 20 cm, subsoil 20 – 110 cm and deep subsoil 110 – 160 cm. 

Volumetric water content was transformed to mass water content (SW) and summed for each 

layer as well as the whole soil profile, respectively. To assess the change in SW (∆S), the initial 

measurement (SWi) of each plot in each trial year was subtracted from every respective 

subsequent measurement (SW): 

∆S = SW - SWi , (E3)  

For seasonal analysis, ∆S per layer was grouped for the main development stages. The latter 

represents the whole season perspective. 

Water use (WU) was calculated using simplified water balance formula, omitting the 

components runoff, drainage to groundwater, upward capillary and lateral groundwater flow: 



Chapter 3 

51 
 

WU = Psum - ∆S, (E4)  
with the sum of precipitation until a given time (Psum) and ∆S of the whole soil profile. If water is 

extracted from the soil by plant, the ∆S becomes negative, indicating that both rainfall and soil 

moisture have been utilized. If more than sufficient rainfall occurs, resulting in inflow to the soil, 

the ∆S becomes positive and is consequently subtracted from Psum. 

According to the calculation of RUE, Water use efficiency (WUE) was calculated as: 

WUE = 
Y

WU
, (E5)  

with the final yield Y and WU at the final harvest dates of each plot. 

2.4.3. Statistical analysis 

Data evaluation started with the definition of appropriate statistical mixed models (Pinheiro and 

Bates, 2010). For the response variables Y, GAIavg, GAImax, WU, RU, WUE and RUE the effects of 

the cover crop variants (Table 2) were tested. Trial years and blocks are included as random 

effects, blocks nested within years. By including these random effects, the model also accounts 

for variability due to these grouping factors that are not directly explained by the fixed effects, 

especially for the variant perennial alfalfa, which was not included in the first trial year (E6): 

{Yield, GAIavg,GAImax, WU, RU, WUE, RUE} ~ Variant + random effects (E6)  

For the response variables GAI an additional seasonal analysis was done, by adding the 

development stages as a fixed effect, as well as the interaction cover crop variant (E7). Same 

was conducted for WU with the addition of the clustered soil layers and their interaction term 

(E8). 

GAI ~ Variant * Development stage + random effects 
(E7)  

WU ~ Variant * Soil layer * Development stage + random effects (E8)  

Residuals were found to be normally distributed and to be heteroscedastic with respect to the 

different levels of variant, layer and development stage. Based on these models, an analysis of 

variance (ANOVA) was conducted followed by a multiple contrast test (Hothorn et al., 2008; 

Bretz et al., 2011), in order to compare the several levels of influence factors, respectively. 
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3. Results 

3.1. Silage maize yield 

On average over the years, the highest dry matter yield of silage maize was achieved by maize 

after bare fallow with averaged 24.0 t ha-1. Legume-brassica and alfalfa treatments yields were 

significantly lower, by 13.6 respectively 13.9 %. Yields of legume-grass and brassica-grass 

variants were not significantly different (22.0 and 22.6 t ha-1) (Figure 8). 

 

Figure 8 Dry matter yield (g m-2) of silage maize grown after fallow, cover crop mixtures and 
perennial alfalfa. Signif. codes: * 0.05 

3.2. Radiation uptake 

GAI of maize after cover crop mixtures or perennial alfalfa were not significantly different to 

maize after fallow (n=616), neither at their maximal reached GAI (GAImax), nor at specific BBCH 

stages throughout the season. GAImax and GAIavg were similar for all variants tested (Table 5). In 

general, GAImax was reached after 87, 90 and 103 days after sowing, in 2021, 2022 and 2023, 

respectively, with the highest GAI’s measured in 2021 (avg. 5.18 m² m-2) and the lowest in 2023 

(avg. 4.69. m² m-2).  Maize after perennial alfalfa reached GAImax later (avg. 105 days after 

sowing, Figure 9) during the growing season, compared to the other variants (fallow: 93, 

legume-grass: 96, legume-brassica: 89, brassica-grass: 93 days after sowing, Figure 9). Except 

of alfalfa, all variants maintained a high GAI for a while, before declining due to senescence 

(Figure 9). Analogue to this, the RU was similar between the tested variants, as it is derived by 
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GAI. RU differs distinctly between the years. Sum of RU was highest in 2022 with and the lowest 

in 2021, with averaged 750.8 and 603.46 MJ, respectively (Table 5). 

 

Figure 9 Spectrally derived green area index (GAI, m² m-2) development of silage maize after 
bare fallow, cover crop mixtures and perennial alfalfa. Depicted is the average GAI of the trial 
years 2021, 2022 and 2023. Cross signs the maximum GAI (GAImax). 

3.3. Water use 

Overall WU of silage maize after cover crop variants ranged from minimum 260 to maximum 

294 mm, for alfalfa and legume-brassica variants respectively. The latter WU was about 3.6% 

higher than for maize after fallow. The other cover crop variants underperformed total WU of 

maize after fallow, yet without significant differences (Figure 10; legume-grass: -3.1%, brassica-

grass: -5.2%, alfalfa: -8.4 %). 
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Figure 10 Averaged water use (WU, mm) of the growing period of silage maize after bare fallow, 
cover crop mixtures and perennial alfalfa. WU is the sum of precipitation and change in soil 
water storage (ΔS). 

The cluster analysis divided soil moisture data into topsoil (0-20 cm) subsoil (20-110 cm) and 

deep subsoil (110-160 cm). Figure 11 illustrates the different cover crop variants ∆S across soil 

layers and maize growth stages. While no significant differences in WU were observed in the 

topsoil, subsoil and deep subsoil layers exhibit notable variation, particularly during silking, grain 

filling, and maturity. 

In topsoil, ∆S was relatively small, across all development stages. In addition, there are no 

significant differences across the variants. The ∆S were positive, indicating an inflow of water 

into the topsoil layer by precipitation. Same applies for leaf development and stem elongation 

phases in subsoil. 

First decreases in soil moisture of the subsoil of maize after fallow appear during silking. During 

grain filling and maturity measurements indicate crop water uptake for all variants. Thereby, 

decreases in soil moisture after legume-grass, and brassica-grass mixtures were significantly 

lower than maize / fallow variant. The effect appeared even earlier after legume-grass mixture, 

starting during grain filling. 

In the deep subsoil, notable differences between the cover crop variants and the fallow variant 

become evident, particularly since stem elongation. During stem elongation and silking, all cover 
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crop mixtures show noticeable reduction in soil moisture indicating high water uptake, contrary 

to maize grown after fallow and alfalfa, where rather inflow of water was measured. Until grain 

filling, soil moisture of maize after fallow has almost not changed. Largest ∆S in deep subsoil 

occur at grain filling: Fallow, legume-grass, legume-brassica and brassica grass variants exhibit 

a reduction of soil moisture, with -7.71, -9.80, -24.99 and -9.81 mm, respectively (Figure 11). 

However, perennial alfalfa variant shows a significant increase in soil moisture (+5.75 mm). Soil 

moisture of maize after legume-brassica changes about averaged -29 mm regarding maturity 

stage. Since stem elongation phase, ∆S of legume-brassica variant differed significantly to 

fallow variant, indicating a higher water depletion in deep subsoil.  

 

Figure 11 Change in soil moisture (ΔS, mm) in topsoil (0-20 cm), subsoil (20-110 cm) and deep 
subsoil (110-160 cm) until leaf development, stem elongation, silking, grain filling an maturity. 
For each stage of development, the ΔS are related to the difference from the first measurement. 
Maturity stage represents the whole season perspective. Signif. codes: *** 0.001 ** 0.01* 0.05. 
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Table 5 Means and standard deviation of yield (t ha-1), water use (WU, mm), mean green area 
index (GAI, m² m-2), maximal GAI and radiation use efficiency (RUE, g MJ -1) and water use 
efficiency (WUE, g mm-1) of silage maize after bare fallow, cover crop mixtures and perennial 
alfalfa 

Variant Yield WU GAImean GAImax RUE WUE 

Unit t ha-1 mm m² m-2 m² m-2 g MJ-1PAR g mm-1 

Fallow 24.0 ± 1.7 284 ± 54 2.7 ± 1.9 4.9 3.3 ± 0.3 8.3 ± 2.0 

Legume-Grass 22.0 ± 4.4 275 ± 44 2.7 ± 1.8 4.7 3.1 ± 0.5 7.9 ± 2.5 

Legume-Brassica 20.7 ± 2.2 294 ± 26 2.7 ± 1.8 4.9 3.0 ± 0.4 6.6 ± 1.0 

Brassica-Grass 22.6 ± 3.1 269 ± 28 2.7 ± 1.8 4.9 3.2 ± 0.3 8.1 ± 1.8 

Alfalfa 20.7 ± 3.4 260 ± 17 2.6 ± 1.7 4.7 2.8 ± 0.4 7.7 ± 1.4 

 

3.4. Radiation and water use efficiencies 

On average silage maize after fallow achieved the highest RUE of 3.34 g MJ-1, followed by 

brassica-grass variant, with 3.21 g MJ-1. Alfalfa variant was significantly lower with an averaged 

RUE of 2.78 g MJ-1 (Figure 12). Regarding the trial years, RUE of 2022 was low for all variants, 

ranging from a minimum 2.43 to maximum 2.86 g MJ-1
 for legume-brassica and brassica-grass 

mixture, respectively. Notably, in this very dry summer (2022) alfalfa variant reached a 

comparably high RUE of 2.84 g MJ-1
 as well. In the temperate trial years 2021 and 2023, the 

highest RUE’s were calculated for maize after fallow and brassica-grass. 

WUE’s of respected variants was high, ranging from the significantly lower legume-brassica 

mixture to fallow variant, with 6.55 and 8.27 g l-1, respectively. Similar to RUE pattern, brassica-

grass mixture achieves a high WUE of 8.11 g l-1. Highest WUE’s were calculated in 2023, which 

experienced high precipitation during late summer, with an average of 9.58 g l-1. During the dry 

year 2022, lowest WUE was found for legume-brassica (6.15 g l-1) and the highest for brassica-

grass variants (7.61 g l-1). 
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Figure 12 Radiation use efficiency (RUE) and water use efficiency (WUE) of silage maize grown 
after fallow, cover crop mixtures and perennial fallow. Shapes illustrate the data from each trial 
year 2021 (rectangle), 2022 (circle) and 2023 (triangle). Signif. Codes * 0.05  
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4. Discussion 

Despite the common advantages of cover crops (e.g. minimising N leaching losses, sustaining 

humus contents of soils) their effects on yield and WU on the following main crops may be site 

specific (Wang et al., 2021). Reducing effects on WU and yield can occur if soil water 

replenishment over winter is incomplete or if the cover crops are consuming water after winter 

(Unger and Vigil, 1998). Positive effects on water use and yield may happen if cover crops 

enhance subsoil rooting. 

4.1. Effect of cover crop variants on silage maize yield 

Results of previous studies on the effect of cover crops on maize yield varied, from losses 

(Tonitto et al., 2006) to no significant effects (Basche et al., 2016; Hunter et al., 2021; Kühling et 

al., 2023) to even higher yields after cover crop monocultures (Chen and Weil, 2011; Niu et al., 

2023) or mixtures (Abdalla et al., 2019; Florence and McGuire, 2020b). In this study, maize after 

brassica-grass in particular achieved a very high yield (22.6 t ha-1). In the literature, the non-

legume cover crops were often categorised as yield-reducing (Alvarez et al., 2017; Qin et al., 

2021). However, in this study, the variants legume-grass and brassica-grass could sufficiently 

maintain the yield of maize at the same level as without cover crop (fallow), while legume-

brassica mixture and perennial alfalfa reduced yield about 13.6 and 13.9 %, respectively. 

These different findings might be explainable by different starting conditions for maize 

cultivation following cover crops. In drier regions, cover crops can have a depleting effect on the 

topsoil layers (Kaye and Quemada, 2017). Therefore, the effect of the termination date of cover 

crops on yield of the subsequent crop has been discussed in literature (Alonso-Ayuso et al., 

2018). Several authors determine a late termination date for sufficient growing conditions of the 

subsequent crop (Stipešević and Kladivko, 2005), because of reduced risk of evaporation in 

spring and attenuation of nitrogen leaching. Stipešević and Kladivko (2005) found, that 

specifically young maize plants suffer under drought conditions and resource competition. This 

effect might have played a role in trial year 2023, following an unusually dry spring in northern 

Germany, with legume-brassica and perennial alfalfa reducing yields, while legume-grass and 

brassica-grass maintained them. In milder summer of 2021, this differentiation between cover 

crop mixtures (except alfalfa) did not appear. This indicates an increased resilience of maize to 

early water stress by preceding grass-mixtures. Alonso-Ayuso et al. (2018) found that a late 

termination date may cause competition, potentially explaining the yield reductions observed 

with alfalfa and legume-brassica mixtures. In contrast to their above-ground biomass, legume 

roots have been found to have a high C:N ratio and lignin content, resulting in slow root 

decomposition (Puget and Drinkwater, 2001; Jani et al., 2016). The remaining root biomass, 
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especially after enlarged growing period of alfalfa can suppress early maize root development, 

by a remaining physical barrier in the root channels. 

4.2. Radiation uptake 

RU is one factor in explaining yield formation, with the GAI determining the amount of radiation 

absorbed and subsequently converted into biomass (de Wit, 1958; Ullah et al., 2019). However, 

in this study, the differences in maize yields between the various cover crop treatments cannot 

be explained by GAI or RU, as no significant differences were found in these parameters. Despite 

the contrasting trial years, the maximum GAI remained consistently high, with average values 

between 4.69 and 5.18 m² m⁻². This aligns with findings of Earl and Davis (2003), who observed 

comparable amounts of intercepted radiation by maize, and was thus were unable to explain 

yield differences. Although drought stress was present during 2022, with high temperatures and 

low precipitation (Table 1), this did not lead to a measurable reduction in GAI. Teixeira et al. 

(2014) found that drought could reduce GAI by 37%, but regarding GAI-values in this study, no 

such impact induced by cover crops was observed. N limitation can be neglected, because 

maize GAI has often been reported as not highly N-sensitive (Lemaire et al., 2008; Massignam 

et al., 2011; Teixeira et al., 2014). Furthermore, the treatments were all fertilised sufficiently, to 

exclude any potential of nitrogen impact. Modelling radiation and water budget of winter wheat 

at the same study site in winter wheat, (Bukowiecki et al., 2024b) displayed that even under 

Northern German climatic conditions, reductions in transpiration are relevant for yield 

formation, and proposed therefore recommended to analyse yield formation rather by a water 

budget-based than by a radiation budget-based approach. 

4.3. Deep-Rooting Effects of Cover Crops on Maize Water Use 

Soil water storage patterns varied across layers and throughout the maize growing season, 

indicating a possible influence of deep-rooting cover crops. In the topsoil, no significant 

differences in water storage were detected. However, Chen and Weil (2010) found drier soils at 

5 and 15 cm depths after fodder radish. In this study, water inflow was likely due to rainfall 

exceeding plant uptake. In the subsoil (20-110 cm), water storage was positive for all variants 

until silking. Later in the season, particularly during grain-filling and maturity, significant water 

reductions appeared, with the highest subsoil water extraction observed in maize after fallow. 

These patterns suggest that legume-grass and brassica-grass cover crops have a water-

conserving effect in the subsoil by enhancing soil porosity and aggregate stability, which 

improves infiltration and plant-available water (Villamil et al., 2006). Basche et al. (2016) found 

consistently higher soil water content under maize following a rye cover crop, highlighting this 

effect in long-term rotations. Niu et al. (2023) confirmed this effect, though primarily at the 
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maize seedling stage, as cover crop mulch reduced evaporation and conserved water in the 

topsoil. Using historical data and future scenarios, Li et al. (2021) further supported these 

findings, showing that cover crops can increase soil water reservoirs by reducing evaporation 

and drainage across the cropping system. 

Only few authors measured the soil moisture in deeper soil layers (Blanco-Canqui, 2024). In this 

study, an additional deep subsoil depth increment was investigated (110-160 cm). While water 

withdrawal is low until soil depth of 110 cm and soil water storage recovers during maturity, in 

the deep subsoil substantial soil water uptake could be shown from across all variants, but the 

extent varied. In all cover crop mixture variants, maize started water extraction from deep 

subsoil during stem elongation, while soil water storage of maize after fallow did not change 

that early. Particularly, maize following legume-brassica mixtures showed the highest uptake, 

potentially due to a synergistic effect of the deep-rooting species oilseed radish and oilseed 

rape (Kemper et al., 2020). The addition of brassica species into a cover crop mixture, or more 

specifically the combination of brassica species with fibrous rooting species, has the potential 

to result in a reduction in the bulk density of the soil (Saleem et al., 2020; Decker et al., 2022). 

Furthermore, Chen and Weil (2010) suggest, that tap rooted species facilitate the root growth 

and thus the access to deeper soil layers for the subsequent cash crop irrespective of the soil 

compaction or texture. The effect was only significant for legume-brassica but not for brassica-

grass variant. Hunter et al. (2021) could not observe an effect of deep soil access caused by tap 

rooted cover crops. The minimal tillage in the upper soil layers appears to have preserved the 

biopores formed by the cover crop mixtures, in contrast to the findings of Hunter et al. (2021), 

who employed deeper tillage machinery. 

Regarding the long growing period of alfalfa, it was expected, that water extractions were largest 

in deep subsoil, due to deeper and thicker root channels. Early studies by Rasse and Smucker 

(1998) proofed the recolonization of the alfalfa root channels by 41% of maize root biomass. In 

this study, water uptake in the subsoil was observed at levels comparable to maize grown after 

fallow, with no significant ∆S detected in deep subsoil. As discussed before, the slower 

decomposition of alfalfa roots can create competition effects for young maize plants, 

potentially limiting their early-season growth (Jani et al., 2016). In addition, in deep subsoil 

layers, the delayed breakdown of alfalfa roots can restrict access to subsoil resources, leading 

to reduced water uptake and potentially lower yields. 

Total averaged WU at harvest date (including the water supply by precipitation) was not 

significantly different for cover crop variants, which matches the results of Hunter et al. (2021) 

conducting a very similar trial focussed on monocultures in Pennsylvania, USA. Highest WU 
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was detected after legume-brassica mixture, whereby water uptake was mostly observed in 

deep subsoil. WU of legume-grass and brassica-grass variants were lower, matching the water 

conserving effect, detected in subsoil (20-110 cm). The longer growing period of the perennial 

cover crop, promised deeper root channels, but led to the lowest water uptake, even resulting in 

occasional positive ∆S due to temporary inflows (Unger and Vigil, 1998; Florence and McGuire, 

2020b). ∆S of maize growing after perennial alfalfa occurred mostly in the subsoil during grain 

filling. In contrast to the maize after cover crop mixtures, deep subsoil ∆S remained unchanged. 

4.4. Responses in Radiation and Water Use Efficiency 

As variants had no effect on GAI of maize, but on maize yield, radiation use efficiency (RUE) was 

significantly different for the regarded cropping systems. RUE values of 3.3, 2.8, and 3.1 g MJ⁻¹ 

for 2021, 2022, and 2023, respectively, align with the findings in literature (Andrade et al., 1993; 

Bukowiecki et al., 2024a). Bukowiecki et al. (2024a) obtained similar data at the same study site, 

as well as at additional sites in central Germany with varying growing conditions due to 

differences in climate and soil texture. The highest RUE values were observed for the fallow and 

brassica-grass variants, with 3.34 and 3.21 g MJ⁻¹, respectively. The consistently high values 

are likely attributable to the adequate nitrogen fertilization in the trial, as RUE generally increases 

with higher leaf nitrogen content (Sinclair and Horie, 1989; Muchow and Sinclair, 1994). 

The differences in RUE across trial years further highlight the variability in system performance 

depending on climatic conditions. Water stress limits the ability of maize to convert absorbed 

radiation into biomass, as it limits the potential of taking up nutrients (Earl and Davis, 2003; Ullah 

et al., 2019). In the rather dry season of 2022, the absorbed radiation volume was very high 

(750.8 MJ), however RUE values were lower across all variants, with the legume-brassica 

mixture showing the lowest RUE (2.43 g MJ⁻¹). In contrast, in the temperate and more favourable 

conditions of 2021 and 2023, RUE values for maize after fallow and brassica-grass were notably 

higher, indicating that these systems are well-adapted. 

Alfalfa revealed a significantly lower RUE compared to fallow, with averaged 2.78 g MJ-1. It is 

important to add here that the alfalfa data set only contains two years (2022 and 2023), due to 

the enlarged growing period of the perennial cover crop. However, fallow variant still notes a 

RUE of 3.2 g MJ-1, excluding 2021. Alfalfa’s competitive WU especially at the beginning of the 

season, linked to a slower decomposition rate (Jani et al., 2016) likely induced water stress for 

maize in particularly in drier years, underscoring how cover crop choice impacts water 

availability and consequently RUE. 

In general, all treatments achieved a high WUE (Fig. ) compared to other studies (Bu et al., 2013; 

Li et al., 2021; Niu et al., 2023), probably due to the low saturation deficit at the experimental 
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site. Comparable WUE’s for silage maize were calculated by Demir et al. (2021) with sufficient 

nitrogen fertilisation. The highest WUE values were recorded during the year 2023, which 

experienced higher precipitation levels in late summer, with an average WUE of 9.6 g l⁻¹. This 

indicates that the maize crop was able to take full advantage of the available water under wetter 

conditions, leading to more efficient WU and higher yields (Blum, 2009; Wang et al., 2021). 

WUE in this study is a simplified estimation, which misses further components of the water 

balance formula, runoff, drainage to groundwater, upward capillary and lateral groundwater 

flow. These components can usually not directly measured but have to be simulated via 

dynamic water balance model (Li et al., 2021).   

Cover crop mixtures may decrease the WUE of the succeeding crop (Blum, 2009; Wang et al., 

2021), due to a better access to water resources and a consequently higher WU (Blum, 2009). 

The WUE of the legume-brassica variant was 6.55 g l⁻¹, significantly lower than that of the fallow 

variant (8.27 g l⁻¹). This was because it used the deep subsoil most effectively, achieving the 

highest total WU and the lowest yield (Blum, 2009). The brassica-grass mixture produced yields 

comparable to the fallow variant, while utilizing even less water, indicating improved WUE (8.11 

g l-1) closely following the fallow variant. The brassica-grass and legume-grass mixture 

maintained a relatively high WUE (7.61 and 7.37 g l⁻¹ respectively), even under drier conditions 

in 2022. Li et al. (2021) utilised a system WUE, which includes evapotranspiration, drainage and 

runoff. In their simulations, the use of wheat cover crop in a soybean-maize rotation increased 

the WUE of the cropping system due to reduced drainage and evaporation. These findings 

would match the water conserving effects, measured in the subsoil, for maize after legume-

grass and brassica grass.   
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5. Conclusion 

This study aims to explain the varying effects of different deep-rooting cover crop mixtures and 

perennial alfalfa on yield formation of maize via radiation uptake and water use. The cover crop 

treatments did not affect total water use but the distribution of water uptake between the soil 

layers. Water uptake from deep subsoil was significantly higher after cover crops compared to 

the fallow control. The combinations of brassica-grass but also legume-grass is particularly 

well-suited to maintaining water use efficiency under drought stress, likely due to 

complementary rooting systems that optimize water uptake across different soil depths. 

Brassica-grass and legume-grass mixtures effectively conserved water in the subsoil, while 

maintaining maize yields comparable to those achieved after fallow. In contrast, the legume-

brassica mixture exploited deeper subsoil water reserves the most but used the water least 

efficiently. Perennial alfalfa, despite its potential of forming deeper root channels due to a longer 

growing period, resulted in the lowest maize yield and a reduced water use efficiency. For a 

better understanding of these effects and the hydrological processes driving the observed 

patterns, crop growth models or water balance models are crucial. The simulation of soil water 

dynamics of specific site and climate conditions, the underlying causes of water conservation 

or depletion may be determined, leading to more targeted management strategies for 

optimizing water use and improving drought resilience in cropping systems.  
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Abstract 

Cover crops are known to provide beneficial effects to agricultural systems such as reduction 

of nitrate leaching, erosion control and increase of soil organic matter. Monitoring of cover crops 

growth (e.g. green area index (GAI), nitrogen (N) uptake or dry matter (DM)) using remote 

sensing techniques allows to identify the physiological processes and to optimise management 

decisions. Based on data of a two-year trial (2018, 2019) in Kiel, Northern Germany, the 

multispectral sensor Sequoia (Parrot) was calibrated to selected parameters of the winter cover 

crops oilseed radish, saia oat, spring vetch and winter rye as sole cover crops and combined in 

mixtures. Two simple ratios (SRred, SRred edge) and two normalized difference indices (NDred, NDred 

edge) were calculated and tested for their predicting power. Furthermore, the advantage of 

species/mixture-individual compared to universal models was analysed. SRred best predicted 

GAI, DM and N uptake (R²: 0.60, 0.53, 0.45, respectively) in a universal model approach. Canopy 

parameters of saia oat and spring vetch were rather estimated by species-individual models, 

achieving higher R² than with the universal model. Comparing mixture-individual models to 

universal model revealed low relative error differences below 3%. Findings of the current study 

serve as a tool for rapid and inexpensive estimation of cover crops canopy parameters that 

determine environmental services. 
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1. Introduction 

Cover crops gained in importance during the last decade, as they provide ecosystem services 

such as reduction of nitrate leaching, erosion control and increase of soil organic matter (SOM) 

(Blanco-Canqui et al., 2011; Abdalla et al., 2019; Nouri et al., 2022). Implementing incentives for 

growing winter cover crops within the common agricultural policy of the European union 

encouraged the widespread cultivation (European Commission, 2017). Closing the nitrogen (N) 

cycle of arable cropping systems is one of the most relevant advantages of cover crops under 

European conditions. By storing N in the above- and below-ground biomass over winter 

months, cover crops prevent N leaching losses Thorup-Kristensen et al., 2003; Tonitto et al., 

2006; Abdalla et al., 2019; Böldt et al., 2021; Vogeler et al., 2022. A recent meta-analysis 

estimates a global reduction of N leaching by 69% across all species compared to fallow (Nouri 

et al., 2022). After termination, N from cover crop biomass might be supplied to succeeding 

spring cash crops, i.e. maize. The amount of additional N supply to subsequent crops strongly 

depends on total N amount, the chemical composition (C/N ratio) and on the duration for 

decomposition and the resulting mineralisation/immobilisation of N (Vogeler et al., 2022). For 

cover crop residues with wide C/N ratios subsequent N supply can be delayed or reduced 

(Thorup-Kristensen et al., 2003; Holmes et al., 2019). Recently cover crop established as species 

mixtures attained a higher recognition in order to reach higher diversity in agricultural land and 

to combine different functional traits in a beneficial way(Tosti et al., 2014; Florence and McGuire, 

2020a). 

The application of remote sensing techniques in agricultural science and practice is becoming 

increasingly important. Monitoring of canopy characteristics such as green area index (GAI), N 

uptake or dry matter (DM) accumulation during the vegetation period is of major interest to 

understand physiological processes and to further derive management decisions. Many 

approaches have been developed for yield prediction, phenotyping, land use monitoring or to 

estimate further derived ecosystem services (Hively et al., 2009; Hankerson et al., 2012; 

Bukowiecki et al., 2019; Weiss et al., 2020). Spectral data are either provided by earth orbiting 

satellites such as Landsat or Sentinel (Clevers and Gitelson, 2013), or can be assessed with 

multispectral or hyperspectral sensors from handheld devices (Tucker et al., 1981; Gitelson et 

al., 2003) or mounted on an unmanned airborne vehicle (UAV) (Bukowiecki et al., 2019). 

Reflectance behaviour of cash crops, such as maize, soybean or wheat have been studied well 

within the last decades, e.g. by Gitelson (2003; 2004; 2005) and Bukowiecki et al. (2019). 

However, few authors studied cover crops using satellite imagery, to determine the current 

growing area and biomass accumulation of cover crops on a large scale (Hively et al., 2015; 

Goffart et al., 2021). Hively et al. (2009) evaluated the N uptake of cover crops combining on-
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field destructive plant sampling with hyperspectral measurements and satellite image analysis. 

(2015) found a linear relationship between normalized difference vegetation index (NDred, 

commonly known as NDVI) and percent groundcover of six winter cover crop species at the 

east coast of the United States using a handheld multispectral radiometer. But so far, there was 

no study to our knowledge estimating canopy parameters of cover crops on higher resolution 

using UAV-based multispectral sensors.  

The GAI is a canopy parameter directly correlated with chlorophyll amount and consequently 

can be derived by spectral reflectance of specific wavelengths. Successful estimates of GAI by 

remote sensing techniques were achieved for example by Kira et al. (2016) for maize and 

soybean using hyperspectral data and by Bukowiecki et al. (2019) for wheat with UAV-based 

multispectral data. Further parameters such as DM and N uptake are stated as “secondary 

variables” by Weiss et al.. Compared to the “primary variable” GAI or fraction of 

photosynthetically active radiation (FPAR), these are not directly correlated to spectral 

reflectance. Weiss et al. (2020) recommend the estimation of “secondary variables”, based on 

knowledge about the physiological dynamics in relation to “primary variables”. However, other 

authors estimated further canopy parameters empirically just like “primary” ones. For example, 

Tucker et al. achieved an R² of 0.86 deriving biomass of winter wheat directly from spectral 

reflectance data using a handheld radiometer. 

Canopy reflectance within the spectrum of visual light is the response of the chlorophyll content 

of leaves. More precisely, green light is reflected by the leaves while red light is absorbed by the 

chloroplasts used for photosynthesis, hence informative about chlorophyll abundance of the 

canopy (Curran, 1989; Elvidge, 2007). Within near infrared (NIR) wavelengths, reflection reaches 

higher ranges and delivers structural information about the canopy (leaf angle, thickness, 

canopy architecture) (Viña et al., 2011; Kira et al., 2016). Another interesting area of wavelengths 

within the photosynthetic spectrum is the red edge (RE) band, which records the maximum 

slope in the reflectance spectra and is sensitive to the chlorophyll content of a plant (Gitelson 

et al., 2005; Delegido et al., 2013). A widespread approach to combine these informative bands 

and further gain the contrast of reflection in NIR and absorption in red, is the computation of a 

vegetation index (VI) (Myneni et al., 1995). Most common indices are the normalised difference 

vegetation index (NDred, Rouse et al. (1974)) and the simple ratio (Jordan, 1969) based on red 

light and NIR reflection. Both VIs can be modified replacing red light reflectance with the 

reflection at RE to gain in precision (Viña et al., 2011; Kira et al., 2016). 

Different canopies show variable reflectance behaviour, hence the estimations by species-

individual models tend to be more precise, than a universal models (Viña et al., 2011). Another 
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challenging aspect is the common strategy to cultivate cover crops as mixtures of several 

species for increasing environmental services in the agricultural system (Chapagain et al., 

2020). Due to the expected heterogenous spectral response from different species as well as 

from different mixtures, a comprehensive comparison of universal and individual models seems 

necessary for winter cover crops. Another challenge is the season in which cover crops are 

grown. Due to flat sun angles, radiation incidence is reduced in late autumn and winter months, 

especially in higher latitudes (Assmann et al., 2019). 

The objective of this study was the calibration of the multispectral sensor Sequoia (Parrot) for 

canopy parameters of pure stands and mixtures of winter cover crops grown in Northern 

Germany. Therefore, four different VIs (SRred, SRred edge, NDred, NDred edge) were tested for the best 

regression with each cover crop’s GAI, DM and N uptake, either as universal or as species- and 

mixture-individual approach.  
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2. Material and Methods 

2.1. Study site 

The study site was located in Northern Germany at the Hohenschulen experimental farm of the 

Kiel University (10.0 E, 54.3 M, 30 m a.s.l.). Glacial influence led to small scale heterogeneity of 

soil types. Main soil type is defined as Luvisol with a sandy loam texture in the top soil. The 

temperate oceanic climate in the study area is characterised by long-term average (1991-2020) 

mean annual air temperature of 9.3 °C and annual mean precipitation of 797 mm (Deutscher 

Wetterdienst, 2024). 

2.2. Trial designs 

Data collection was carried out in two trials (A and B) in 2018 and 2019 with winter cover crops 

from different functional groups (Table 6). From trial A we used 16 randomised plots with four 

sole cover crops grown after winter oilseed rape. All cover crop treatments of trial A were 

unfertilized. Trial B was performed in 32 strips with four cover crops as sole stands and four 

cover crop mixtures. Variations in biomass growth were achieved by implementing two sowing 

dates and two different nitrogen levels (with and without N fertilisation, N-level adapted 

according to sowing date, Table 7).  Cover crop mixtures sown in Trial B were all possible 

combinations of the non-winterhardy species: OR-SO (oilseed radish, saia oats), OR-SV (oilseed 

radish, spring vetch), SO-SV (saia oat, spring vetch) and OR-SO-SV (oilseed radish, saia oat, 

common vetch) (Table 6). Winterhardy rye was not included in the mixture combinations. 

Table 6 Winter cover crops investigated in this study. 

Cover crop Oilseed radish Saia oat Spring vetch Winter rye 

Botanical name Raphanus sativus Avena strigosa Vicia sativa Secale cereale 

Family Brassicaceae Poaceae Leguminosae Poaceae 

Abbreviation OR SO SV WR 

Winterhardiness no no no yes 

Table 7 Trial design, sowing dates and N-level of Trial A and B. 

Trial Sowing date Nitrogen levels (kg N ha-1) (abbreviated as) 

Trial A 20.08.2018 
23.08.2019 

0 (0N) 

Trial B 17.08.2018 0 (0N); 60 (60N) 
 03.09.2018 0 (0N); 40 (40N) 
 24.08.2019 0 (0N); 60 (60N) 
 10.09.2019 0 (0N); 40 (40N) 
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2.3. Reflectance Measurements 

Spectral data was collected biweekly with the multispectral camera Sequoia (Parrot), mounted 

to the eBee-X or eBee-SQ drone. The Sequoia (Parrot) camera comprises four spectral bands 

covering the wavelength ranges of green (550 nm) and red light (660 nm), red edge (RE, 735 

nm), near infrared (NIR, 790 nm). The reflection bands have a bandwidth of 40 nm, except of RE 

with 10 nm. Radiometric calibration was done by a grey scale target, photographed by the 

camera before each flight. A light sensor on top of the Sequoia (Parrot) camera measured the 

incoming radiation. Especially with poorer light conditions coming up in autumn and winter 

season, those values for incoming radiation became more important for corrections during 

postprocessing. Flight routes were planned with the software eMotion3 from senseFly. Pixel 

size was set as 8 cm x 8 cm pixel-1. After each flight, the images recorded with the Sequoia 

sensor were processed with eMotion3 and Pix4Dmapper software (Pix4D SA., Switzerland). 

With Pix4Dmapper, recorded images were processed to orthogonal reflection maps for each 

reflectance-band. Recording an additional image after sampling provided the location and area 

of the harvested biomass in each plot. Reflectance of the regarded sampling areas was 

extracted, using QGIS (version 3.22.7) and R 4.0.4 (R Core Team, 2024), using „raster“ (Hijmans, 

2022) . To avoid bias due to pixels containing soil or shadow, the median of the extracted pixels 

served as a representative value (Bukowiecki 2020). 

2.4. Plant sampling 

Within two days after each UAV-flight, destructive plant samplings were made. The parameters 

green area index (GAI, cm² cm-²), dry matter (DM, g m-2), and N concentration of DM (%) were 

determined. Therefore, in each plot, 0.5 m² plant material was dug out of the soil. Roots were 

cut of afterwards, to ensure that the complete above-ground biomass was included in the 

sample. Remaining biomass was fractionated in green plant material of cover crops, weeds and 

senescent plant material. Weeds were dominated by plants of voluntary oilseed rape. Senescent 

material was defined as yellow or brown biomass, which was not photosynthetically active. GAI 

of the green vegetation (cover crop and weed fraction) was measured by the LI-3100C Area 

Meter (LI-COR Inc., NE, USA). The sampled biomass of all fractions was oven-dried at 60 °C for 

five days and weighted subsequently. N concentration of all fractions was assessed with a CN-

Analyser (TruMac CN, LECO) and converted to N uptake g m-2 of the regarded DM. 

2.5. Statistical Analysis 

All calculations were done in R (Version 4.0.4, R Core Team, 2021). For canopy parameter 

prediction, simple ratios (SR) and normalised difference indices (ND) were calculated, 

combining the spectral bands red and NIR according to Table 8. 
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Table 8 Description of vegetation indices investigated in this study with spectral bands used for 

calculation (NIR: near infrared, RE: red edge, red: red). 

Vegetation index Abbreviation Formula Reference 

Simple ratio SRred 
NIR

red
 Jordan, 1969 

Simple ratio red edge SRred edge 
NIR

RE
 

Sims and Gamon, 
2002 

Normalised difference vegetation 
index 

NDred 
NIR – red 

NIR + red
 Rouse et al., 1974 

Red edge normalised difference 
vegetation index 

NDred edge 
NIR – RE 

NIR + RE
 

Dong et al., 2015, 
Gitelson and 

Merzlyak, 1996 

Red: 660 nm; RE: 735 nm; NIR: 790 nm 

After selection of the best suitable VI, different model approaches were compared (Figure 13). 

Measured input data for the canopy parameters referred to the green vegetation. Senescent 

biomass was excluded, as it showed low spectral response (Prabhakara et al., 2015).One 

approach was the estimation of cover crop canopy parameters by a universal model (n = 248). 

Therefore, the best performing vegetation index was correlated with the measured canopy 

parameters (GAI, DM, N), across all cover crop species. Furthermore, models were generated 

for each cover crop separately, referred to as species-individual models (n = 65 (OR), n = 53 

(SO), n = 65 (SV), n = 65 (WR)). 

For mixed stands, the two model approaches were tested as well. First assumption was the 

calibration of mixture models similar to the species-individual calibration, referred to as 

mixture-combination model. Secondly, the universal model based on the sole cover crops was 

applied to the mixture data set. Data set for cover crop mixtures was restricted to DM and N 

uptake in 2018 (n = 27 for each cover crop mixture). Relative mean absolute error (rMAE) and 

R² were used to assess error of prediction and for performance comparison the VI-models. 
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Figure 13: Workflow of the drone-based non-destructive sampling, model calibrations 
(universal, species- and mixture-individual model) and the prediction possibilities of green area 
index (GAI), dry matter (DM) and N-uptake (N) of the respected species or mixtures. 
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3. Results 

3.1. Weather conditions 

Measured temperature during the observation period ranged from 30 to -1.1 °C in 2018 and 

32.1 to -1.3°C in 2019. Frost events (< 0 °C) were documented at 28.11.2018 (-1.1 °C), 

31.10.2019 (-1.3 °C) and 01.11.2019 (-0.1 °C). Cumulative PAR saturated towards winter in both 

years, and reached a sum of 402.9 W m-2 in 2018 and 332.7 W m-2 in 2019 ( Figure 14). 

 
Figure 14: Cumulative photosynthetic active radiation (PAR) (W m-2) (black) and averaged 
temperature (°C) per day (red) during vegetation periods in 2018 and 2019. Light red area 
presents the range from minimal and maximal temperature (°C) per day. Frost events are 
illustrated by a blue vertical line (28.11.2018, 31.10.2019, 01.11.2019). 

3.2. Cover crop DM accumulation 

Crop growth within the plots turned out to be heterogenous. Biomass varied strongly with each 

sampling date.  After frost events GAI, DM and N uptake decreased or saturated. In 2019, frost 

events occurred earlier in the season, reducing living biomass even more clearly, especially for 

SV. Data for cover crop mixtures was restricted to DM g m-2 and N uptake g m-2 in 2018 (Figure 

15). 
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Figure 15: Biomass establishment of sole cover crops and mixtures (OR: oilseed radish, SO: saia 
oat, SV: spring vetch) presented by green area index (GAI), dry matter (DM) (g m-2) and Nitrogen 
uptake (g m-2). Blue vertical lines highlight frost events (28.11.2018, 31.10.2019, 01.11.2019). 
Point: Sampling date, dashed line: linear interpolation between sampling dates. 

Senescent biomass increased towards winter month. Highest proportion occurred in WR with 

45.7% after a frost event in November 2018. In general, the proportion of senescent plant 

material was <20% in 2018 and <10% - with little exception of OR – in 2019. SV showed little to 

none proportions of senescence for both years. 
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Figure 16: Fraction of senescent biomass (%) in total sampled biomass during the vegetation 
periods of cover crops in 2018 and 2019. Blue vertical lines highlight frost events (28.11.2018, 
31.10.2019, 01.11.2019). 

3.3. Universal calibration 

Linear models were established for predicting the parameters GAI, DM and N uptake of all sole 

cover crops together by four VIs (SRred, SRred edge, NDred and NDred edge). Regarding rMAE and R², 

the universal calibration using SRred to predict GAI performed best (Figure 17). Furthermore, 

SRred estimated DM and N uptake more precisely than the other VIs (Table 9). NDred-models 

assessed a moderate error but saturated at GAI-values >2 (Figure 17). This also applied for DM 

g m-2 and N uptake g m-2 (Table 9). Within lower GAI ranges, the NDred estimated negative values 

(Figure 17). VIs using the RE-band, as NDred edge and SRred edge, showed higher rMAE compared to 

their red-based counterparts. Performance of RE-based VIs was almost similar for all regarded 

canopy parameters (Table 9). Towards later time of the year, values of rMAE increased while R² 

decreased (Figure 18) indicating less reliability. Coincidently, proportion of senescent biomass 

increased during the vegetation period (Figure 16). Winter rye reached the highest amount of 

senescent biomass in December. 
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Figure 17 Universal models differing in vegetation indices (Simple Ratio (SRred, SRred edge,), and 
normalised difference vegetation indices (NDred, NDred edge) for estimation of green area index 
(GAI). Model performance was assessed with relative, mean absolute error (rMAE) (%) and R². 
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Figure 18: Values of R² and relative mean absolute error (rMAE) (%) of the universal SRred-model 
predicting green area index (GAI) over growth period of cover crops. 

Table 9 Universal models for predicting canopy parameters (green area index (GAI), dry matter 
(DM) (g m-2) and N uptake (N) (g m-2)) of cover crops. For each parameter, four vegetation 
indices (VIs) (SRred, SRred edge, NDred, NDred edge) were tested. Model performance is assessed by 
relative mean absolute error (rMAE) (%) and R² of the corresponding VI. 

Parameter VI Equation rMAE R² 

Green area index SRred -0.21 + 0.19 x 31.34 0.60 

 
SRred edge -4.46 + 4.75 x 41.46 0.39 

 
NDred -2.46 + 5.51 x 39.91 0.43 

 
NDred edge -0.05 + 13.74 x 40.93 0.40 

Dry matter SRred -18.51 + 14.56 x 50.37 0.53 

 
SRred edge -361.79 + 377.76 x 63.38 0.36 

 
NDred -204.94 + 441.53 x 61.81 0.41 

 
NDred edge -10.66 + 1097.02 x 62.67 0.37 

Nitrogen uptake SRred 0.43 + 0.4 x 35.88 0.45 

 
SRred edge -8.1 + 9.72 x 43.83 0.26 

 
NDred -5.72 + 13.6 x 38.91 0.43 

 
NDred edge 0.88 + 28.68 x 43.37 0.27 
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3.4. Species-individual calibration 

For each individual cover crop, linear models for all regarded canopy parameters, with the 

generically best performing VI SRred were established. In general, best results of the species-

individual models were achieved for GAI prediction with R² of 0.76, 0.63, 0.57 and 0.51 for SV, 

SO, OR and WR, respectively (Figure 19). Lowest rMAE (25.87 %) were calculated for GAI 

prediction of SV. Prediction of DM and N uptake were less accurate than GAI (Figure 19). 

Calibration of SV outperformed the other species by an average lower rMAE of 3.68 % and a 

higher R² for all canopy parameters. Lowest accuracy was found for prediction in WR across all 

canopy parameters. Comparing species-individual with universal model outputs by rMAE, 

predictions for all cover crops except of WR were better using the species-individual models 

(Figure 20, Table 10). With minor differences, WR’s DM and N uptake was rather predicted by 

universal model. In general, differences of rMAE for GAI prediction were small (OR: 1.49 %; SO: 

2.50 %; SV: 2.63 %; WR: -0.63 %). Comparison for DM prediction resulted in larger differences in 

favour for species individual models, especially for SV and WR (32.93 % and 14.45 %, 

respectively) (Table 9, Figure 19). 

Table 10 Comparison of the two model approaches prediction performance (species-individual 
vs. universal models) for green area index (GAI), dry matter (DM) and N uptake (N) by relative 
mean absolute error (rMAE) (%) for each cover crop (oilseed radish, saia oat, spring vetch, winter 
rye), separately. 

  
rMAE % 

Parameter Species species-individual universal 

Green area index Oilseed Radish 26.91 28.4 

 
Saia Oat 30.16 32.66 

 
Spring Vetch 25.87 28.5 

  Winter Rye 36.11 35.48 

Dry matter Oilseed Radish 32.28 33.26 

 
Saia Oat 35.49 45.18 

 
Spring Vetch 31.18 64.11 

  Winter Rye 36.6 51.05 

Nitrogen uptake Oilseed Radish 31.3 33.79 

 Saia Oat 28.39 38.27 

 Spring Vetch 31.25 39.1 

 Winter Rye 36.86 34.47 
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Figure 19: Species-individual models using SRred for estimation of green area index (GAI), dry 
matter (DM) (g m-2) and N uptake (g m-2). Model performance was assessed with R² and the 
relative mean absolute error (rMAE) (%). Calibration formula is noted for each species and each 
canopy parameter. 
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Figure 20 Comparison of the two model approaches prediction performance for green area 
index (GAI), dry matter (DM) and N uptake (N) by relative mean absolute error (rMAE) (%). 
Illustrated is the difference (Diff) of the universal model (uni) calibrated with the sole cover crop 
data set and species-individual models (indiv) of each cover crop (oilseed radish, saia oat, 
spring vetch, winter rye), separately. 

3.5. Mixture calibration 

In order to predict N uptake g m-2 of cover crop mixtures, two model approaches were 

compared. Mixture-individual model was related to the spectral reflectance of each cover crop 

mixtures (Figure 13). Second approach was the estimation by the universal model, generated 

with the sole cover crops (OR, SO, WR, SV) based on SRred (Figure 13, Table 6). As shown in 

Figure 21 both, the mixture-individual and universal models did not differ in their performance 

of estimating DM g m-2 and N uptake g m-2 for mixtures, with relative error differences below 

3%. DM g m-2 of OR-SO and SO-SV were rather preferably predicted with the mixture-individual 

model due to a higher rMAE of the universal model prediction. For N uptake g m-2 estimation for 

OR-SV, SO-SV and SO-OR-SV by mixture-individual models were more precise, while N uptake 

g m-2 for OR-SO was rather predicted by universal model. According to R² best estimation for 

DM and N was achieved by the three-component mixture (SO-OR-SV) with 0.5 and 0.44, 

respectively (Table 11). 
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Figure 21: Comparison of the two model approaches prediction performance for dry matter 
(DM) and N uptake (N) by relative mean absolute error (rMAE) (%). Illustrated is the difference 
(Diff) of the universal model (uni) calibrated with the sole cover crop data set and mixture-
individual models (mix) of each cover crop mixture (OR: oilseed radish, SO: saia oat, SV:spring 
vetch), separately. 

Table 11 Mixture-individual models based on SRred for predicting canopy parameters (dry 
matter (DM) (g m-2) and N uptake (N) (g m-2)) of cover crop mixtures (OR: oilseed radish, SO: 
saia oat, SV: spring vetch). Model performance was assessed the relative mean absolute error 
(rMAE) (%) and R². Calibration formula is noted for each mixture and each canopy parameter. 

Parameter Mixture Equation rMAE R² 

Dry matter OR-SO -5.18 + 15.51 x 30.71 0.3 

 
OR-SV -19.56 + 15.23 x 29.18 0.37 

 
SO-SV -3.78 + 13.15 x 49.04 0.25 

  SO-OR-SV -46.26 + 17.42 x 30.3 0.5 

Nitrogen uptake OR-SO 1.68 + 0.37 x 27.00 0.25 

 
OR-SV 1.53 + 0.38 x 27.18 0.25 

 
SO-SV 0.58 + 0.32 x 33.6 0.35 

 
SO-OR-SV 0.38 + 0.47 x 25.18 0.44 
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4. Discussion 

4.1. Universal model approach 

Generating universal models based on SRred including all cover crops was the first approach to 

estimate GAI, DM g m-2 and N uptake g m-2 using the entire data set consisting of 248 

measurements for 18 dates. Best results were achieved for canopy parameter GAI with R² of 

0.60 (Figure 17, Table 9). GAI directly correlates with the chlorophyll amount of the leaves and 

thus with the spectral reflectance. Estimation of DM g m-2 and N uptake g m-2 were less accurate 

with R² up to 0.53 and 0.45, respectively (Table 9). Canopy features such as N uptake or DM do 

not directly correlate to spectral reflectance, like GAI (Weiss et al., 2020), but species specific 

correlations between GAI and these secondary traits indirectly lead to more or less close 

correlation to  Vi’s. Prediction power for the “secondary variables” (Weiss et al., 2020) is lower 

than for GAI, but modelling the physiological dynamics was in our study not superior to directly 

estimated ones (data not shown). However, empirical derivation and thus direct derivation from 

reflectance data was achieved by several authors for winter wheat. For example, Chen (2015) 

predicted the biomass of with several VIs, reaching a maximal R² of 0.86 using NDVI. In addition 

Feng et al. (2016) found correlations for the leaf N concentration of winter wheat with a large 

range of VIs. Earlier studies of Tucker et al. (1981) showed a good biomass prediction power of 

the common SR based on NIR and red (R²: 0.76). 

4.2. VI selection 

In this study, two different approaches for prediction of winter cover crop canopy parameters 

were examined. Both, universal and species-individual models of predictions in sole stands 

based on a simple ratio (SRred) were most precise, compared to the other tested VIs. Typically, 

implementing the RE band into VIs estimations increased the precision, due to the strong 

correlation of chlorophyll content within the RE wavelengths (Clevers and Gitelson, 2013; 

Delegido et al., 2013; Kira et al., 2016). Dong et al. (2015) compared the performance of 

conventional VIs, such as SRred and NDred, to RE-based VIs estimating FPAR of wheat and maize. 

For both crops, their linear correlations were more stable implementing RE into the indices. 

However, in our case neither SRs nor NDs performed better when using RE. Considering, that 

most studies observed crop growing periods during spring and summer months (Bukowiecki et 

al., 2019), implementing RE may probably not appropriate for the predominant light conditions 

during winter season ( Figure 14, Figure 17). Another explanation might be, that Sequoia’s RE 

band (10 nm) is narrower than the other bands (40 nm) of the sensor. Due to the heterogenous 

reflectance of the plants caused by the poor light conditions of autumn and winter, reflectance 

received in wavelength of RE in our measurements might be more inaccurate.  
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Regarding the most common used NDred, predictions for GAI did not exceed values of 2.6 for 

canopies with GAIs up to 4.9 (Figure 17). Saturation effects using NDred were also found by 

Nguy-Robertson et al. (2014), predicting GAI of maize, soybean, wheat and potato. 

Modifications of NDred towards sensitivity of dense stands were partially successful with the 

wide dynamic range vegetation index (WDRVI), which includes a weighting factor of the 

vegetative fraction (Gitelson, 2004; Nguy-Robertson et al., 2014). Prabhakara et al. (2015) found 

a linear correlation between NDred and groundcover percentage, studying the reflectance 

behaviour of winter cover crops by using a handheld multispectral radiometer. Groundcover 

percentage describes mostly the top of the canopy, while GAI, measured in the current study, 

includes all green area within the canopy structure of the respected biomass. Specifically, for 

further derived parameters as DM accumulation and N uptake of cover crops, a detailed 

knowledge of GAI as primary driver is more important than a rough estimation of % ground 

cover which might be sufficient for estimations of erosion protection potential. In general, NDred 

is not sensitive to structures beneath the canopy surface, hence saturates with higher biomass 

(Myneni and Williams, 1994). Therefore, from quantitative empirical results as well as from 

theoretical aspects the SR based on red band was the preferable VI to estimate functional 

parameters from spectral information in winter cover crops. 

4.3. Universal vs. species-individual and mixture-individual approach 

Besides the universal model approach including all cover crops, species-individual models were 

applied in a second step. Comparing the model approaches universal and species-individual 

model resulted in high differences in favour of species-individual models, especially for DM and 

N uptake. GAI estimations showed little differences. SV plots in 2018 were strongly influenced 

by rapeseed volunteers, which limits the results performed by SV-models in terms of the tested 

species characteristics. Corresponding data points were not excluded from the calculations, as 

a motivation of the study was to reflect real environmental conditions of winter cover crop 

cultivation in common cropping sequences. Nevertheless, SV as a phenological small plant was 

easier to calibrate than plants reaching higher values of GAI. WR-individual model did not 

perform better than universal model for GAI and N uptake (Figure 20), which can be traced back 

to the high amounts of senescent plant material, disturbing the reflectance signal (Figure 16).  

Typically, VI’s are derived from the reflectance of the wavelength in visible light as well as NIR. 

The information delivered by NIR- reflectance is mostly about the structural properties of a 

canopy, such as leaf angle and canopy architecture, while visible light is more about the activity 

of absorbers, such as chlorophyll, in the canopy (Myneni et al., 1995; Kira et al., 2016). Viña et 

al. (2011) evaluated the performance of multiple VIs for a general correlation to GAI of soybean 

and maize. Except for RE Chlorophyll Index (CI red edge), all investigated VIs differentiated 
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between both crop types, soybean and maize. The authors quoted the differences in chlorophyll 

distribution within the leaf as main source for the different depth of absorption in the red light. 

Additionally, diverse canopy structures led to higher reflection in NIR, compared to homogenous 

vegetation coverage (Viña et al., 2011). Hence, sensor calibration for each species individual, 

seems to be most appropriate. 

The canopies of the winter cover crops observed were partly mixed with weeds and rapeseed 

volunteers competing for resources, mainly radiation. Canopy structure was not as 

homogenous as in a pure wheat or maize canopy, and thus also the spectral reflection. Amount 

of absorbers and reflectance of radiation differs for each leaf shape and plant type (Myneni et 

al., 1995). Consequently, in heterogenous canopies high precision of canopy parameter 

estimation should not be expected. 

In cover crop mixtures, the combination of several plants with different characteristics, such as 

growth behaviour, canopy structure, leaf size etc., leads to a diverse reflectance throughout the 

season and within the canopy. Competition between the species makes the emergence and the 

share of the single crops in the final biomass of a mixed stand unforeseeable, even it is a well-

studied seed mixture. Focussing on cover crops, composition of a mixture canopy depends on 

management preferences, soil type and weather conditions and is usually independent from the 

ratio of the sown seeds as the only given measure. As the results showed, sensor calibration 

for a specific mixture was possible, but its applicability is questionable (Figure 21, Table 11). A 

more reliable approach might be to utilize the universal calibration for mixtures with only slightly 

reduced performance compared to mixture-individual models. 

In general, estimations by species-individual models achieve more precise results than by 

universal model. Regarding mixture-individual models, results did not differ fundamentally. 

Nevertheless, universal model approach is based on a larger data base than individual models, 

which makes it more reliable. In addition, universal model was successfully predicting the 

independent data set of cover crop mixtures.  

4.4. Seasonal challenges 

Observing vegetation during autumn and winter using the used Sequoia sensor turned out to 

be challenging. R² decreased to 0.28 in December, while rMAE increased towards 39.12 % 

(Figure 18). The inaccuracy in winter month can be explained by the low irradiance. PAR 

saturated in November and December and was even lower in 2019 ( Figure 14). Consequently, 

the sensor receives only little reflectance of the leaves. A second mitigation source is the low 

sun angle.  Assmann et al. (2019) found that variation in sun angle leads to uncertainties on 

NDred estimates, testing the same Sequoia  sensor with several flights in diurnal solar motion in 
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the arctic tundra. At higher latitudes such as Northern Germany, the variation of the sun angle 

during a year is up to 40°, resulting in large changes in the incoming radiation. Especially the 

growth period of winter cover crops covers almost the maximum range of the sun’s angle. 

Therefore, the scattering of raw data as well as canopy parameter estimates during winter 

months might be explainable due to the drastic decline in light incidence. Moreover, our 

measurements during the respected season were frequently influenced by clouds casting 

shadows on the study area, as documented by Assmann et al. (2019) in north-western Canada, 

by Stow et al. (2019) in south-central Scotland and reviewed by Aasen et al. (2018).  

Low temperatures in winter, furthermore, result in a not neglectable and increasing proportion 

of senescent plant material over time, especially with non-winter-hardy cover crops such as 

OR, SO or SV. In the current study, WR – defined as winter hardy cover crop – recorded the 

highest amount of senescent plant material in both years, especially after frost events (Figure 

16). Disturbance of the reflectance signal due to senescence was mirrored in the species 

individual calibration of WR. The amount of destructive sampled senescent plant material 

explained a part of the scattering effects in spectral reflectance. Spectra of yellow leaves differ 

from green leaves, as reflection in red and green light increases, and decreases in the range of 

NIR (Elvidge, 2007; Royimani et al., 2021). Influence of senescent leaves on estimates was also 

shown by Di Bella et al. (2010) for NDred in a canopy of Italian ryegrass. 

Another source of error is the effect of saturation of the pixel values. Illumination geometry 

adjustments has been studied by Olsson et al. (2021), stating that the sunshine sensor of 

Sequoia (Parrot) is inaccurate, if there is a high contrast in pixel values of the image. Saturation 

occurs over bright areas like bare soil, in-between and around the observed vegetation, 

influencing the reflectance and the extracted pixel values. At a few sampling dates bare soil 

surrounded the crops or was visible through a sparse stand and led to noticeable increase in 

error values (data not shown). Sorting out single images with saturated pixel values even before 

pre-processing by Pix4D, made the reflectance maps more reliable and reduced scattering.  
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5. Conclusion 

The estimation of cover crop canopy parameters can promote the estimation of their effect on 

N supply to following cash crops and thereby improve nitrogen use efficiency of cropping 

systems. Remote sensing techniques brought a huge development in agricultural science, thus 

to the practice. This study revealed opportunities and challenges for utilisation of such methods 

in winter cover crops dealing with vegetative growth periods characterised by low irradiance 

and substantial fractions of senescent biomass. 

Applying a universal model for winter cover crops, seemed to be a sound solution. Species-

individual models resulted partly in more precise predictions but were based on smaller sub-

datasets. Dealing with cover crops involves a huge variation in species and heterogenous 

canopies, compared to cash crops, managed as homogenous as possible. SRred was the most 

sufficient VI tested in this study, irrespective of the used model approach and consistently 

superior to the widely used NDred. In contrast to often described advantages of implementing of 

RE instead of red band for main crops, this did not improve the prediction accuracy in our 

observed winter cover crops 

Nevertheless, winter cover crops are mostly cultivated for their functional attributes, such as 

the reduction of nitrate leaching and the improvement of soil properties. Therefore, small 

inaccuracies in the estimation of GAI, DM g m-2 or N uptake g m-2 can be tolerated. The main 

agronomic focus is to estimate the rough performance of the cultivated winter cover crops in 

terms of biomass growth and N uptake. Therefore, the findings should serve as a tool for rapid 

and inexpensive estimation of environmental and rotational services of cover crops.  
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Chapter 5 

General Discussion 

Part I – Exploring dynamics of cover crop growth period 

In Chapter 2, the effects of different cover crop mixtures on silage maize were explored, with a 

particular focus on observations within maize vegetation period. Legume-brassica mixture and 

alfalfa were found to have a significant yield-reducing effect on maize. All tested cover crop 

mixtures facilitated water uptake from deeper soil layers, with the legume-brassica mixture 

showing the most pronounced effect. However, maize yield after brassica-grass and legume-

grass cover crop mixtures remained at the same level. Possible explanations for these findings 

include the specific rooting characteristics of the different cover crop mixtures, the role of 

components within the mixtures, which appear to support yield stability, and their effect on the 

initial growth conditions of maize (see discussion in Chapter 2). The possible explanations were 

further analysed by having a closer look at the cover crop growing season. 

Belowground complementarity of cover crops 

The cover crop mixtures used in the trial were designed based on the principle of niche 

complementarity. But contrastingly to the majority of literature, the selection of functional traits 

was focussed on traits, which may increase the belowground ground biomass production and 

consequently enhance soil physical properties (Blanco-Canqui, 2024). Our approach combines 

shallow-rooting cover crops with deep-rooting ones to maximize resource utilisation across 

different soil layers. This approach of belowground niche complementarity has its origins in the 

American polyculture “three sisters”, combining maize bean and squash, with their contrasting 

root architectures (Zhang et al., 2014). By growing both rooting types together, each component 

is encouraged to occupy its specific ecological niche, reducing belowground competition for 

resources such as water and nutrients. This strategic pairing aims to improve overall system 

efficiency, as shallow-rooting species primarily exploit resources in the upper soil layers, while 

deep-rooting species access nutrients and water from deeper layers. This combination was 

done for each functional group (legume, grass and brassica), but also within each mixture, by 

combining these contrasting groups. In a one-year trial we analysed the root growth of each 

cover crop mixture and its components grown as sole stands. The investigated cover crops are 

listed in Chapter 3 (Table 4). The questions raised were:  

- Is there a niche complementary effect in the mixtures or even within a functional group? 
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- Does the rooting depth of the cover crop mixtures explain the effects observed in 

Chapter 3? 

The study was designed in a randomised block design, including four repetitions for each 

variant. The method applied was the core break method (Böhm, 1979), twice, in winter (2021) 

and in spring (2022), until a depth of 120 cm, split into 10 cm steps (first 10 cm were neglected). 

Each 10 cm soil sample, was broken by hand in its middle. All emerging roots from the broken 

surface were counted and transformed to the surface area, resulting in root counts per cm² 

(RC). Similar to the analysis in Chapter 3, the soil depths were grouped into three soil layers, by 

hierarchical clustering (R Core Team, 2024). Resulting clusters were topsoil 10 – 30 cm, subsoil 

30 – 70 cm and deep subsoil 70 – 120 cm (first 10 cm were excluded from the measurements, 

as there was a lot of non-root material, disturbing the measurements). To compare RC among 

the components within each cover crop mixture, three datasets were compiled, each consisting 

of one mixture and its four respective components grown as sole stands. RC’s were log-

transformed. To stabilise variance with a small constant (half of the minimum RC) added to 

avoid issues with the logarithm of zero. RC was analysed using a linear mixed-effects model 

(Pinheiro and Bates, 2010). Soil measurement depth was included as a continuous covariate, 

while the cover crop variant and the clustered soil layers were included as fixed factor along 

with their interaction to evaluate whether the effect of soil layer varied among cover crop 

variants. The random structure accounted for repetition nested within sampling date to model 

variability due to experimental setup and temporal factors. Post-hoc pairwise comparisons 

among variants within each layer were performed using estimated marginal means (Hothorn et 

al., 2008; Bretz et al., 2011). 

The topsoil layer (0-30 cm) shows the highest RC across all variants and for both sampling 

dates. Thereby oilseed radish exhibits the greatest RC with 1.1, followed by legume-grass and 

brassica-grass mixtures, both with a RC of 1.0. Red and white clover display comparatively 

lower RC, with 0.7 and 0.5 counts per cm². Within subsoil (30-70 cm) tap rooted variants 

(oilseed radish, oilseed rape, mixtures including brassicas) maintain high root presence while 

other variants decline stronger, especially the grasses tall fescue and ryegrass with both 0.1 

roots per cm². RC’s are low in all variants in the deep subsoil (70-120 cm). However, the 

brassica-mixtures and brassica sole stands show root presence. This is in line with literature, 

as Kemper et al. (2020) investigated these functional groups on their rooting characteristics, 

confirming deep root growth by tap rooted species (Chen and Weil, 2010). Kristensen and 

Thorup-Kristensen (2004b) stated a root growth of brassica species until 1.5 m, depending on 

the length of the growing period. Grasses and legumes were identified as shallow rooting and 
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highly abundant in the topsoil. In our results, especially the grasses had high RC in the topsoil 

layer, too (Figure 22). 

Is there a niche complementary effect in the mixtures or even within a functional group? 

By combining the functional groups an overall increased rooting, by a favourable rooting of 

shallow rooting components in the topsoil and deep rooting components in deeper soil layers, 

was expected. The mixture brassica-grass consists of oilseed radish, oilseed rape, ryegrass and 

tall fescue. Both, ryegrass and tall fescue differed significantly to brassica-grass mixture, but 

also from the sole stands of oilseed radish and oilseed rape, except of ryegrass, which is not 

different to oilseed rape (Figure 22). Regarding the mixture legume-brassica, consisting of red 

and white clover plus the brassica variants, similar patterns have been observed. Both, red and 

white clover are significantly lower than the mixture legume-brassica and oilseed radish as sole 

stand. A significant difference is also observed between oilseed rape and white clover, but not 

for red clover (Figure 22). RC of the mixture legume-grass did not differ to any of its 

components. An interaction of variants with the clustered soil layers was not observed for any 

of the mixture comparison (Figure 22). Saleem et al. (2020) found enhanced root architectural 

traits by increasing the diversity and species richness of cover crop mixtures, in a pot 

experiment. However, under field conditions, the postulated niche complementary effect was 

not found, as the mixtures did not confirm a higher RC in any soil layer, than the most productive 

mixture component grown as sole stand. Notably, differences were found within the functional 

groups (brassicas, legumes, grasses); however, oilseed rape shows no significant difference 

compared to red clover and ryegrass, unlike oilseed radish. This finding may suggest that 

oilseed radish tends to root slightly more extensively than oilseed rape. Additionally, ryegrass 

and red clover may root more extensively than tall fescue and white clover, as they do not differ 

significantly from the tap rooted oilseed rape. 

Does the rooting depth of the cover crop mixtures explain the effects observed in 

Chapter 3? 

A significantly greater reduction in soil water in the deep subsoil under the legume-brassica 

mixture suggested increased root growth, particularly in the deeper soil layers. Brassica-

mixture including legumes did not root more intense than mixture with grass, regardless of the 

soil layer. However, root length density (RC) did not show significant differences between the 

three cover crop mixtures in the upper soil layers (up to 70 cm). In the deep subsoil (70–120 

cm), mixtures containing brassica species exhibited significantly higher RC compared to the 

legume-grass mixture. The observed effects in Chapter 3 can therefore only be partially 

explained by preformed root pores, as maize following all cover crop mixtures extracted water 
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from deep soil layers. No clear differences in rooting behaviour between the mixtures could be 

identified, except the higher RC by brassica-mixtures. It appears that the tested cover crop 

mixtures generally contribute to higher soil porosity, which likely facilitates deeper water uptake 

by the subsequent crop.  

 

Figure 22 Root counts [roots per cm²] along the soil depth for each tested cover crop mixture 
(solid line, legume-grass, legume-brassica, brassica-grass). Root counts of the components of 
each mixture, grown as a sole stand are depicted in each respective facet (dashed lines). Soil 
depth is divided into three layers (topsoil 0-30 cm, subsoil 30-70 cm, deep subsoil 70-120 cm). 

Above ground biomass of cover crop mixtures 

To assess above-ground biomass growth, mixture-individual models were established, as 

documented in Chapter 3. By means of those calibrations the development of the GAI over time 

for three cover crop mixtures was monitored in all three trial years (Figure 23). All mixtures 

pause growth in winter due to frost, which causes a decline in GAI. The legume-grass mixture 

shows a low GAI throughout, as the legumes and grasses produce less biomass than brassicas. 

The brassica-grass mixture had a higher GAI, but declined more, as it includes non-winterhard 

oilseed radish. The brassica-grass mixture had the highest GAI. 
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Figure 23 Spectrally derived green area index (GAI, m² m-2) averaged over the three vegetation 
periods (2020/2021, 2021/2022, 2022/2023) of the cover crop mixtures legume-grass, legume-
brassica and brassica-grass (colourful). 

As the vegetation peak occurs before the first frost events in winter, destructive samples were 

collected at that timepoint. The mixtures involving brassicas showed superior dry matter yields 

before vegetation pause in winter, with averaged 212.9 and 221.8 g m-2 for legume-brassica 

and brassica-grass, respectively. Legume-grass displayed a notably lower yield, approximately 

96.9 g m-2. The latter differed significantly from the mixtures containing brassica. These DM 

yields of the cover crop mixtures, do only include the actual sown cover crops emerged. Table 

12 provides an overview of the total biomass emerged and the percentage of its components. 

Within legume-grass variant, the grasses were the dominant component in the legume-grass 

mixture with 50.5% of the total emerged biomass. Furthermore, the legume-grass mixture 

exhibited a notable prevalence of weeds, accounting for 27.3% of the total biomass. The 

ecosystem service of weed suppression is one of the traits, which are hypothesised to be 

enhanced using cover crop mixtures, instead of sole stands (Chapagain et al., 2020). However, 

Florence et al. (2019) and Smith et al. (2014) did not find an effect by mixtures on weed 

suppression. A high biomass production is linked to the weed suppression, too (Finney et al., 

2016; Finney et al., 2017), which is rather achieved by brassica species. 

In legume-brassica and brassica-grass mixtures, the brassicas formed the highest proportion 

of the biomass with 91.7 and 93.5%, respectively. Legumes and grasses were almost negligible 

components of those mixtures. Wortman et al. (2012) and Couëdel et al. (2018) also stated that 

brassica species dominated in mixtures. Complementary mixtures were promoted to be more 

productive than increasing species richness, especially species with different phenological 

characteristics would be more likely to compete with each other (Chapagain et al., 2020). The 

expansive foliage of the brassica species effectively excludes the smaller clover and grass 
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species from the available light, particularly due to the rapid emergence of the brassicas. 

Florence et al. (2019) investigated functional richness in cover crop mixtures and found an 

increase about 29% in biomass productivity. But the authors discuss these results carefully. The 

increase in productivity by cover crop mixtures is not due to niche complementarity. At low 

diversity, small low-yielding species pull the average down. At high diversity, high-yielding 

species compensate for the low-yielding variants on average. These findings are consistent 

with the observed share of cover crop components in the brassica mixtures. However, Finney 

et al. (2017) did not confirm a productivity increase by mixing complementary cover crop 

species. 

Table 12 Dry matter proportion [%] of cover crop mixture components, sum of sown cover crops 
emerged, weeds and senescent material. Proportions are averaged over three trial years (2020-
2022). Sampling was conducted shortly before end of vegetative period in winter. 

Components 
Legume-

grass 
Legume-
brassica 

Brassica-
grass 

Alfalfa 

Brassica  90.5 90.2  

Legume 19.4 1.2  79.4 

Grass 50.5  3.3  

Sown cover crops 69.9 91.7 93.5 79.4 

Senescence 2.8 6.1 6.1 7.2 

Weeds 27.3 2.2 0.4 13.4 

 

As discussed in Chapter 3, maize yield was only negatively affected by legume-brassica 

mixture. However, total biomass production of legume-brassica mixture was not significantly 

different to brassica-grass mixture, which was maintaining maize yield. Furthermore, the share 

of grasses and legumes in the mixtures including brassica were marginal, as brassica species 

are very dominant cover crops in mixtures (Wortman et al., 2012; Couëdel et al., 2018). The 

differences in yield cannot be explained by mixtures biomass production nor emerged mixture 

compositions. 

Starting conditions for silage maize 

As discussed previously, the differences in maize yield, may also be related to different starting 

conditions of the treatments. Especially, young maize plants suffer under dry soil conditions. A 

late termination date should prevent losses due to evaporation before sowing (Stipešević and 

Kladivko, 2005). Soil samples (0-90 cm) were collected shortly after cover crop termination in 

spring. The samples were analysed for mineral N (SMN) and gravimetric soil moisture. The 

boxplots in Figure 24 show key soil properties at the start of maize cultivation averaged over 
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the years 2021, 2022, and 2023. The left panel displays SMN (kg ha⁻¹), while the right panel 

shows gravimetric soil moisture content (mm) under the investigated cover crop variants. N-

levels under legume-grass were lowest among all treatments, indicating a high N uptake by the 

cover crop mixture. Legumes commonly have a high N content and a consequently low C:N 

ratio. Additionally, due to N fixation, legume cover crops usually provide more N to the soil 

(Couëdel et al., 2018). However, the legume component in this mixture accounted for only 19.4%, 

while grasses made up 50.5% of the biomass (Table 12). Grasses, in contrast to legumes, have 

a relatively high C:N ratio, delaying the decomposition and consequently deplete the N pool at 

maize sowing (Ranells and Wagger, 1997; Ramírez-García et al., 2015). Comparably, higher 

SMN of brassica-mixtures is due to early mineralisation of non-winterhardy oilseed radish, as 

indicated by the amount of senescent material, which was highest for mixtures containing 

brassica (Table 12). Nevertheless, these starting conditions do indicate a yield reducing effect 

of legume-brassica mixture and perennial alfalfa. Furthermore, soil moisture was similar for all 

cover crop variants and fallow, with higher variability for legume-grass mixture, indicating no 

varying moisture conditions for maize emergence. 

 

Figure 24 Soil properties after cover crop termination under different cover crop variants and 
fallow as control, including data of the trial years 2021, 2022, and 2023. Left panel: Mineral 
nitrogen (SMN, kg ha⁻¹). Right panel: Gravimetric soil moisture (mm). Data points represent 
individual years (□ 2021, ○ 2022, △ 2023).  
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Part II – Estimating silage maize yield response to N availability 

In Chapter 2 of this thesis, the HUME-Maize crop growth model was presented and evaluated. 

It was found to reliably model plant growth under different weather conditions and soil textures. 

However, effects of varying N availability are so far not included. Also, in the field trial presented 

in Chapter 3, the effects of winter cover crops on subsequent silage maize were analysed while 

excluding N stress. However, the potential of N supply by cover crop species is known to be 

variable, depending on the immobilisation and mineralisation of their residues (Kristensen and 

Thorup-Kristensen, 2004b). Kühling et al. (2023) found increased N availability in silage maize 

after a freezing non-leguminous winter cover crop, but only minor effects on yield. Conversely, 

Möller and Reents (2009) observed positive yield effects subsequent to freezing legumes, which 

enhance net mineralisation in silage maize (Bukowiecki et al., under review). The German 

Fertiliser Ordinance (DüV, 2017) also considers differences in site-specific N availability in its N 

fertiliser recommendations and suggests lower N input after the cultivation of leguminous cover 

crops. 

Hence, to display all yield-relevant effects of cover crops on the following maize, especially with 

regard to a fertilisation strategy, the HUME-Maize model had to be developed further to exhibit 

a fundamental sensitivity to N availability. The first steps taken in this direction are reflected 

below. The dataset used for calibration is the same as in Chapter 2 (Table 1), extended by the 

N fertilisation levels 0 and 120 kg N ha-1 (0N, 120N). 

Adding N limitation to HUME Maize via organ-specific dilution curves 

Preliminary considerations 

N concentration (Nconc) of a plant decreases during crop growth as a consequence of self-

shading within the canopy (Sinclair and Horie, 1989) and an increase in biomass, particularly 

structural organs such as stems and cobs (Caloin and Yu, 1984). Self-shading can lead to an 

uneven distribution of N within the canopy. The upper leaves would have a higher Nconc, to better 

perform photosynthesis (Bertheloot et al., 2008). As the structural plant organs stem and cob 

perform less photosynthesis, the Nconc is lower within these tissues than the leaf Nconc (Lemaire 

and Gastal, 1997). For modelling approaches, it is not appropriate to consider N uptake at the 

whole plants level only, because N inputs not only affect the absolute amount of N in the crop, 

but can also cause distinct allocation patterns within the plant. Thus, total N uptake reduces 

after silking, while Nconc within the plant remains constant. However, distinct allocation 

processes result in a shift of Nconc from the leaves to the cob (Figure 1), which leads to the 

senescence of leaf tissue and a reduction in the photosynthetic active green area. The 

application of N fertiliser can influence these processes: As depicted in Figure 25, higher N 
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fertilisation levels lead to a generally higher N content in the leaves, while the lowest fertilisation 

level (0 kg/ha) results in the lowest N content. Additionally, the decrease in N proportion is more 

pronounced with N limitations. Similar to the leaves, the N content in the stem decreases with 

increasing DM. Again, higher fertiliser levels have a positive effect on N partitioning to the stem, 

but the differences between N-levels are smaller than for the leaves. In contrast to the leaf and 

stem, the N proportion in the cob tends to increase with increasing DM, resulting from the 

translocation processes from vegetative organs to the generative organ. At the beginning of cob 

growth, cob’s N proportion is highest without N fertilization, indicating, a prioritisation of cob 

growth under N limitation. 

 

Figure 25 Relationship between the dry matter yield of the whole plant (t ha-1) and the proportion 
of N in different plant organs (leaf, stem, cob) relative to the total plant N. 

Critical N (Ncrit) dilution curves are used to analyse the N status of crops, assuming a 

relationship between Nconc and DM growth, that determines the optimum N supply for the 

regarded crop (Lemaire and Salette, 1984). These curves are based on the concept of Ncrit 

(Ulrich, 1952; Greenwood. et al., 1991), which is the minimum Nconc required to achieve the 

maximum DM growth. These Ncrit dilution curves have been established for various crops, e.g. 

wheat (Justes et al., 1994) , oilseed rape (Colnenne, 1998) , barley (Zhao, 2014), rice (Ata-Ul-

Karim et al., 2017) and sunflower (Debaeke et al., 2012). N dilution curve for maize was first 

established by Plénet and Lemaire (1999) and further extended by Herrmann and Taube (2004) 

until silage maturity. In addition to the European studies, specific dilution curves for maize were 

also drawn up in China and Canada (Ziadi et al., 2008; Yue et al., 2014). However, these studies 

concentrated on the N concentration of the whole plant instead of the single organs. 
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Ncrit describes the minimum Nconc, at which the maximum DM is reached without additional N 

fertilisation significantly increasing DM – even if the plants N uptake continues to increase. 

Determination of Ncrit was calculated according to Justes et al. (1994), via linear-plateau 

function for each available sampling date, further illustrated in Figure 26. For some of the 

sampling dates, it is was not possible to fit a linear plateau (e.g. Figure 25A: only three Ncrit could 

be calculated for the trial year 2007 at site “Hohenschulen”). These sampling dates were not 

included into the further process of N dilution curve development. The final N dilution curve fits 

the resulting critical Nconc and is commonly described by a quadratic function with a plateau for 

dry matter (DM) values >1 t ha-1 (Plénet and Lemaire, 1999; Herrmann and Taube, 2004): 

Nconc= { 
a               | DM<DMcrit

a*DMb     | DM≥DMcrit

 (E1)  

With the coefficient a representing the Nconc for DM smaller than DMcrit, illustrating the initial 

plateau of the function. Coefficient b represents the decrease of Nconc with DM growth. In this 

study the plateau DMcrit was also fitted.  

Regarding whole plant’s N dilution curve, parameters are slightly different to the results of 

Plénet and Lemaire (1999) and Herrmann and Taube (2004) (3.4*DM-0.37 and 3.4*DM-0.39, 

respectively). Coefficient a in this study is about 4.89 until a DMcrit of 0.52 t ha-1. The threshold 

was fitted with the available data, while the coefficient a of the above-named studies was set 

to a DM threshold of 1 t ha-1. However, the coefficient b, controlling the decrease of the function, 

fits well to the results of the Plénet et al. (1999) and Herrmann et al. (2004). Yue et al. (2014) 

found rather smaller coefficients (27.2 DM-0.27) for maize grown in North China Plain, discussing 

shorter vegetation duration caused by higher temperatures resulting in lower amount of 

accumulated N compared to the European studies. However, climatic conditions or vegetation 

period of the current dataset were at least similar to those of Herrmann and Taube (2004), 

investigating silage maize in Germany. 
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Figure 26 Development of dilution curve for the whole plant. A: calculation of critical Nconc (%, 
red cross) of one sampling date (2021) via linear-plateau function. B: Calculation of critical Nconc 
for all available sampling dates (trial years: 2007, 2008, n=19). C: fitting N dilution curve through 
the calculated critical Nconc (Ncrit). 

In the next step, calculations for Ncrit’s were applied at the organ level (Figure 3). Nconc of the 

leaves is highest, starting with a plateau at 5.36, compared to the structural organs stem and 

cob (Figure 27, Table 13). For stem dilution, the best fit was obtained with an exponential 

function. The plateau was almost negligible (DMcrit 0.001 t ha-1). Sieling and Kage (2021) 

recently worked with the same set of data, calculating distinct coefficients, e.g. 3.17 W-0.34 for 

leaf Nconc, suggesting a level and a stronger decrease of Nconc in the leaf dry matter. However, 

they were not following the workflow proposed by Justes et al. (1994), which may cause the 

deviations. 

 

Figure 27 N dilution curves of organs (leaf, stem, cob, solid line) as the relation between N 
concentration (%) and dry matter (t ha-1) with datapoints coloured for specific N-levels and 
critical N concentrations (red cross). The latter was calculated via linear-plateau functions (grey 
lines, Justes et al. (1994)) for each available and computable sampling date. 
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Table 13 N dilution curves (E1) for whole maize crop and each organ (leaf, stem, cob), with the 
dry matter threshold Wcrit [t ha-1] under the function remains in a constant plateau (a, E1) and 
above, the function. For stem, an exponential function without plateau fit best. 

Organ Wcrit [t ha-1] W < Wcrit W ≥ Wcrit n 

Whole plant 0.52 4.89 4.89 * W-0.37 19 

Leaf 0.21 5.36 5.36 * W-0.26 21 

Stem 0.001 4.50 4.50 * e-0.33 * W 17 

Cob 0.98 3.20 3.20 * W-0.34 9 

To detect N stress of a plant, nitrogen nutrition index (NNI) can be derived from the N dilution 

curves, as the ratio between actual Nc and Ncrit. The N status of the plant is also accurately 

reflected by leaf DM or even leaf area index (Ata-Ul-Karim et al., 2017; Zhao et al., 2017; Zhao 

et al., 2018; Sieling and Kage, 2021), as the Nconc is highest in the leaf. If there is an organ-specific 

approach made, both NNI assumptions can be introduced as yield reducing factor in the crop 

growth model HUME-Maize. For this data set, there were negligible differences between NNI 

variants. In Figure 28 NNI derived by dilution curve based on whole plant (NNIPlant) is compared 

with the NNI based on leaf dilution curve (NNILeaf). Both NNI’s are depicted throughout the 

growth period of maize in 2007 and 2008. NNI is reduced to 0.4 and 0.3 for 0N variant in 2007 

and 2008, respectively. Thereby, NNILeaf is slightly lower during the early growth period. The 

reduction at the beginning of the season happens in all N-levels, indicating the highest growth 

rate during leaf and stem development. NNILeaf is lower at maize harvest, in all variants, probably 

due to maturity induced leaf senescence at the end of the season. 

 

Figure 28 Comparison of nitrogen nutrition index (NNI) derived by dilution curve based on 
(whole) plant (red) and on leaf (green) N concentrations. The facets show the N-levels 0, 120, 
240 and 360 [kg N ha-1] for the years 2007 and 2008. 
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Implementation in HUME-Maize 

The HUME-Maize model was extended by  N uptake component, which required an extension 

of the soil water component about N dynamics, as well. Latter was adopted from HUME-Wheat, 

e.g. Ratjen and Kage (2015). To provide flexibility, the above described organ-specific N dilution 

curves have been implemented as an option (Figure 27). At daily level, the Ncrit is calculated for 

the current DM of the regarded organ, using the respective N dilution curve described above 

(Table 13). Subsequently, the N demand is calculated as the difference between the optimal N 

content derived by the previously calculated Ncrit and the organs actual N content (Nv). This gap 

represents the amount of N the organ requires to reach its optimal N status: 

N Demand=((DMv+DMc)*Ncrit)-Nv     | DMc>0 (E2)  

Where the subscript “v” stands for the current status and “c” for the growth occurring at the 

regarded day. The formula can be applied to all organs, respectively. Additionally, the demand 

of each organ is summarised to a plants total N demand. 

The amount of N that can be taken up is limited by the N supply provided by the soil on that 

specific day which is composed of N storage, N fertiliser added at the beginning of the growth 

period and mineralised N. Therefore, N uptake cannot exceed the daily N availability, ensuring a 

realistic representation of soil-plant nitrogen interactions. 

Supply-Demand-Ratio (S:D)=
N Supply

N Demand
 (E3)  

 

At a specific timepoint, leaf and stems daily DM increase (DMc) turns negative. They cease to 

take up N and begin to reallocate accumulated N to other parts of the plant. This N translocation 

primarily targets the cob, supporting generative growth. During this phase, a negative N demand 

is calculated based on the leaf’s or/and stem’s specific daily growth or reduction rates of DM: 

N Demand=DMc*Ncv     | DMc<0 (E4)  
 

The surplus nitrogen is moved to a translocation pool (Ntrans). If the cob’s N demand exceeds 

the N supplied directly by the soil, the deficit is fulfilled using N from the translocation pool. This 

ensures that the cob’s N needs are met efficiently, even under soil N limitations. 

Analog to Chapter 2, the new model component was calibrated with the dataset from 2007 and 

2008, and evaluated with data from 2021 and 2022. Due to the distribution of these N levels, the 

evaluation dataset appears to be more suitable for estimating critical N concentrations. 
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However, the number of sampling dates, particularly during the early growth stages, was very 

limited.  

The calibration of the model component achieved an R² of 0.86, 0.78, 0.71 and 0.68 for whole 

plant, leaf, stem and cob N content, respectively. However, evaluating the model, the whole 

plant’s N content (which is the sum of the organs N content) fits with an R² of 0.61. For the 0N 

and 60N levels, the N content is mostly underestimated, whereas 240N level tend to be 

overestimated. However, 120 and 180N align well with the model in the example of 

Hohenschulen 2021 in (Figure 29, top row). Considering the overall dataset, the model slightly 

overestimated higher N content values for the whole plant. This overestimation was more 

pronounced for leaf N content. This can be either traced back to inaccuracies in DM partitioning 

of Chapter 3 and/or indicating a cultivar-specific effect. The cultivars registration dates used in 

this study were more than 10 years apart from each other. Breeding progress has since worked 

on the efficiency of the varieties. Taube et al. (2020) identified leaf characteristics as leave 

number, length and orientation, as main factors driving the yield progress of maize since the 

1970’s. (Ciampitti et al., 2021) recently reviewed all available Ncrit data for maize to analyse the 

differences in parameters. They revealed small differences for parameter b discussing cultivar 

specific differences between North American and Asian cultivars. Thereby also an interaction 

with management effects in the contrasting environments may possibly cause the differences.  

The translocation processes were well captured by the model for leaf and stem, as the general 

course of the curve is accurately reflected (Figure 29, top row). The slopes of the 1:1-

comparisons in  Figure 29 (bottom row) for stem and cob N content were close to one, with R² 

values of 0.42 and 0.64, respectively. Particularly, 120 and 180N matched well with the model 

prediction. The elevated fertilization level (240N) was not fully represented by the model for leaf 

N, as illustrated in the example of Hohenschulen 2021 (Figure 29, top row). The underestimation 

of low N-levels across all regarded fractions (organs and whole plant) could indicate an 

underestimation of N soil supply. In line with Carpenter-Boggs et al. (2000) and Mahal et al. 

(2019), Bukowiecki et al. (under review) identified net N mineralisation was highest in the 

absence of N fertilisation, while N fertilisation was found to reduce net N mineralisation. Despite 

the implementation of a N recovery factor of 0.8 in HUME, which reduces the N supplied by N 

fertilisation to 80%, the feedback loop between the two processes may be more complex and 

therefore not adequately depicted. Moreover, during the 14-year period between the field trials, 

when calibration and evaluation took place, temperatures increased due to climate change. 

Since temperature is a key parameter driving mineralisation, this may require an adjustment of 

processes within the soil N supply component (Cassman and Munns, 1980). Alternatively, 
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higher measured N uptake without N fertilization compared to models’ predictions could 

indicate an increased N efficiency of new cultivars (15 years between release of the used cultivar 

in calibration and evaluation), possibly by an earlier and deeper root growth. However, Taube et 

al. (2020) found root biomass in newer cultivars to be not distinctly higher than in old ones. 

 

Figure 29 Evaluation of the HUME-Maize nitrogen component, including the fitted N-dilution 
curves for organs (leaf, stem, cob). On the left side, N content [g m-2] is modelled (line) for 
Hohenschulen experimental farm in 2021 for each organ and the whole plant (as the sum of the 
organs), with the measurements as points. On the right side a 1:1 plot for the whole dataset with 
a regression line for measured vs. predicted N content. Coloured are the N-levels 0, 60, 120, 280, 
240. 

In summary, the model is now capable of simulating yield responses to varying weather 

conditions, soil properties, and N availability. Potential for further development lies in improving 

the soil water component with respect to mineralisation processes, as well as in analysing 

cultivar-specific differences in nitrogen uptake and distribution patterns. 
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Chapter 6 

Overall Conclusion 

This study examines key factors for sustainable and resource-efficient silage maize cultivation, 

with a particular focus on the integration of cover crops and their mixtures. The results 

demonstrate a precise simulation of silage maize under various climatic conditions, soil types, 

drought stress scenarios and nitrogen availabilities. Cover crop mixtures facilitated access to 

deeper soil water reserves and, in some cases, achieved high resource efficiencies of silage 

maize. The observed effects are crucial for further refinements of the model. 

However, the underlying mechanisms behind the increased water use from deeper soil layers 

following cover crops remain unclear. Further research is needed to determine whether maize 

roots grow deeper or faster compared to silage maize after winter fallow or whether improved 

nutrient availability after cover crops plays a crucial role. Understanding these factors is 

essential for the simulation of root growth and soil dynamics of silage maize cultivation. 

Calibration multispectral reflectance of cover crops allows a precise estimation of nitrogen 

uptake by cover crops, thereby improving predictions of nitrogen availability before maize 

sowing and enhancing the understanding of nitrogen dynamics within the system. However, a 

key research gap remains in the understanding of mineralisation processes. This is especially 

relevant in the context of cover crop cultivation before maize, as nitrogen availability can vary 

depending on the decomposition rates of above- and below-ground residues.  

A deeper understanding of these processes is essential for optimizing nitrogen management 

and improving the overall sustainability of maize-based cropping systems.



 

 

Chapter 7 

Summary 

Silage maize (Zea mays) is a key crop in European agriculture, with 5-6 million hectares 

cultivated annually (2024: 5.8 million hectares), including 2 million hectares in Germany. In 

addition to its use as animal feed, silage maize is also a valuable resource for biogas production. 

Breeding, optimised management practices, and climate change have led to increasing yields, 

particularly in the northern growing regions of Europe. Within the framework of the Common 

Agricultural Policy (2023–2027) promotes sustainable practices that contribute to climate and 

environmental protection. These include crop diversification through regular crop rotation or the 

integration of cover crops before spring crops. Cover crops provide important environmental 

benefits, including replenishment of soil organic matter, in arable soils and improve erosion 

control and nitrogen retention. In particular, mixtures of different cover crop species are gaining 

attention, as functional diversity is expected to enhance resource utilisation and system 

stability. At the same time, the configuration of such mixtures represents a scientific challenge. 

This study examines key factors for sustainable and resource-efficient silage maize cultivation, 

with a particular focus on the integration of cover crops and their mixtures. 

The HUME-Maize crop growth model was recalibrated for silage maize under northern 

European conditions. An evaluation using independent data demonstrated realistic yield 

predictions across various climates and soil types. Additionally, new algorithms were 

implemented to simulate nitrogen uptake under different fertilization levels. However, further 

adjustments are needed to account for breeding advancements, such as leaf-stem allometry 

and radiation use efficiency. 

A three-year field experiment in northern Germany investigated the effects of different cover 

crop mixtures (grasses, crucifers, legumes) and perennial alfalfa on maize growth and yield. The 

results showed that mixtures comprising grasses supported high maize yields, whereas 

legume-crucifer mixtures and alfalfa led to yield reductions. Nevertheless, all mixtures 

facilitated maize access to deep soil water resources, thereby improving drought stress 

tolerance. 

Drone-based remote sensing enabled precise estimation of cover crop dry biomass during the 

winter months. Universal estimation equations provided practical results for biomass, leaf 

development, and nitrogen uptake. While mixture- or species-specific models proved more 

accurate, they were based on smaller datasets. 
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The field studies, empirical analyses, and process modelling presented in this study provide a 

comprehensive understanding of the crop rotation sequence involving silage maize and cover 

crops. In the future, the conditions created by cover crops, particularly improved access to water 

resources, should be incorporated into the HUME-Maize model. This will enable site-specific 

yield predictions for maize following cover crops and contribute to more resource-efficient and 

stable maize production.



 

 

Chapter 8 

Zusammenfassung 

Silage-Mais (Zea mays) ist mit 5–6 Millionen Hektar Anbaufläche jährlich eine der wichtigsten 

Kulturpflanzen in Europa. Sie wird zur Tierfütterung, sowie als Substrat für Biogas verwendet. 

Züchtung, verbesserte Anbautechniken und der Klimawandel haben insbesondere in den 

nördlicheren Anbaugebieten Europas zu steigenden Erträgen geführt. Im Rahmen der 

Gemeinsamen Agrarpolitik (2023-2027) werden nun nachhaltige Praktiken die zum Klima- und 

Umweltschutz beitragen gefördert. Dazu gehört zum Beispiel die Diversifizierung von 

Fruchtfolgen via regelmäßigen Fruchtwechsel oder der Integration von Zwischenfrüchten vor 

Sommerungen. Zwischenfrüchte tragen zur Reproduktion der organischen Substanz von 

Ackerböden bei und verbessern die Erosionskontrolle und Stickstoffretention. Mischungen aus 

verschiedenen Arten können durch funktionale Diversität Vorteile bieten. Die optimale 

Kombination verschiedener Arten in Mischungen stellt jedoch eine wissenschaftliche 

Herausforderung dar. Diese Arbeit untersucht zentrale Faktoren für einen nachhaltigen und 

ressourceneffizienten Silomaisanbau, mit besonderem Fokus auf die Einbindung von 

Zwischenfrüchten und deren Mischungen. 

Das Pflanzenwachstumsmodell HUME-Mais wurde für Silage-Mais unter nordeuropäischen 

Bedingungen neu kalibriert. Eine Evaluierung mit unabhängigen Daten zeigte realistische 

Ertragsprognosen des Modells unter verschiedenen Klimata und Bodentypen. In einem weiteren 

Schritt wurden neue Algorithmen für die Stickstoffaufname unter verschiedenen Düngemengen 

implementiert. Eine Anpassung zur Abbildung züchterischer Fortschritte, wie z.B. bei der Blatt-

Stängel-Allometrie und Lichtnutzungseffizienz, sind noch erforderlich. 

Ein dreijähriger Feldversuch in Norddeutschland untersuchte die Effekte verschiedener 

Zwischenfruchtmischungen (Gräser, Kreuzblütler, Leguminosen) und mehrjähriger Luzerne auf 

das Wachstum und den Ertrag von Mais. Die Ergebnisse zeigten, dass grashaltige Mischungen 

hohe Maiserträge ermöglichten, während Leguminosen-Kreuzblütler-Mischungen und Luzerne 

zu Ertragsminderung führten. Dennoch erleichterten alle Mischungen den Zugang von Mais zu 

tiefen Bodenwasserressourcen, was die Trockenstresstoleranz steigert. 

Drohnengestützte Fernerkundung ermöglichte die präzise Dokumentation der 

Wachstumsphase der Zwischenfrüchte in den Wintermonaten. Universelle Schätzgleichungen 

lieferten praktikable Ergebnisse zur Schätzung von Trockenmasse, Blattentwicklung und 
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Stickstoffaufnahme. Mischungs- oder artspezifische Modelle waren präziser, basieren jedoch 

auf kleineren Datensätzen. 

Die Feldstudien, empirischen Analysen und Prozessmodellierung liefern ein umfassendes 

Verständnis der Fruchtfolge-Sequenz von Zwischenfrüchten und Silage-Mais. Zukünftig sollen 

die durch Zwischenfrüchte geschaffenen Bedingungen, insbesondere der verbesserte Zugang 

zu Wasserressourcen, im HUME-Mais-Modell abgebildet werden. Dies wird die 

standortspezifische Vorhersage von Maiserträgen nach Zwischenfrüchten ermöglichen und zu 

einem ressourceneffizienteren und stabileren Maisanbau beitragen.
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