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Abstract: 15 

Faba bean (Vicia Faba L.) is the second most widely grown grain legume in Europe after pea 16 

(Pisum Sativum L.) and presents several agronomic and environmental advantages when 17 

inserted in cropping systems (e.g. decreased dependency on synthetic fertilisers and N 18 

provision to the subsequent crop). However, yield variability due to several factors including 19 

heat and drought impede wide adoption of faba bean by farmers. Soil-crop models provide 20 

quantitative information to evaluate these processes and help to design innovative cropping 21 

system including legumes. The STICS model was chosen for its agro-environmental purpose 22 
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and its genericity allowing crop rotation simulation and robustness for a wide range of 23 

pedoclimatic conditions. However, there is so far for STICS no parameterization for faba 24 

bean. We calibrated 38 crop related parameters based on literature, direct measurements and 25 

sequential estimation using the optimisation tool OptimiSTICS and a dataset of winter faba 26 

bean grown in two sites in France with contrasting soil conditions over several growing 27 

seasons (2002-2015). Data from 22 experimental plots were used for calibration and the 28 

remaining independent 13 plots were used for model evaluation. After calibration, the STICS 29 

model reproduced well phenology, Leaf Area Index and dynamic growth of above ground 30 

biomass, uptake of mineral N, N2 fixation and grain yield, with satisfactory model efficiency 31 

(0.56 to 0.81) and low relative bias (-7% to 2%). The model adequately reproduced the large 32 

observed variation in faba bean grain yield (0.42 – 4.70 t ha-1) and total N2 fixed at harvest 33 

(62 – 172 kg N ha-1) in the  contrasted years and soil conditions of this study. Simulations 34 

indicated that water stress was the overriding factor driving yield and N2 fixation variability. 35 

Simulation of temporal crop growth and water stresses during grain onset and grain filling 36 

allowed a robust and credible agronomic diagnosis of the causes of this variability for faba 37 

bean crops not significantly damaged by pests and diseases. Water supply/demand ratio 38 

averaged over a period of six days preceding beginning of grain filling explained 78% of the 39 

observed grain yield variability while water deficit factor for N2 fixation averaged over a 40 

period of 20 days following the beginning of grain filling explained 83% of the variability of 41 

fixed N2 at harvest. Our work provides a first calibration and evaluation of the STICS model 42 

for faba bean. It offers the opportunity to quantify the ecosystem services associated with crop 43 

rotations including faba bean and the effect of climate change on the performance of such 44 

rotations.  45 
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1. Introduction 48 

Current cropping systems in Europe are characterized by high productivity but rely on 49 

simplification of crop rotations and high level of synthetic inputs which has led to soil, water 50 

and air pollution and loss of biodiversity (e.g. Stoate et al. 2009). Diversification of current 51 

cropping systems with grain legumes can improve agronomic, economic and environmental 52 

performance and provide supporting and regulating ecosystem services. In particular, relying 53 

on biological N2 fixation decreases the dependence on synthetic nitrogen fertilizer and reduces 54 

the associated direct and indirect greenhouse gases emissions and risks of nitrate leaching 55 

(Plaza-Bonilla et al., 2017; Reckling et al., 2016). However, legumes often suffer from water 56 

and temperature stress: i) drought during reproductive phase can cause severe yield reduction 57 

(Daryanto et al., 2017) and ii) heat can impact negatively seed set and grain filling (Prasad et 58 

al., 2017). Even though not always well appreciated, N2 fixation can also be severely 59 

restricted by stresses due to drought, heat, anoxia and soil mineral N content in the root zone 60 

(Liu et al., 2011). Furthermore, legumes are exposed to damages from pests, diseases and 61 

weeds at different time in their growth cycle (Rubiales et al., 2015). Strong yield variability 62 

and lack of reliable agronomic diagnosis are the main reasons mentioned by farmers for non-63 

adoption of legumes in cropping systems (Meynard et al., 2017; Watson et al., 2017). 64 

Dynamic process based soil crop models can assist the understanding of current yield 65 

variability by simulating patterns of seasonal water and temperature stress (Affholder et al., 66 

2003; Hayman et al., 2010). They are useful tools to diagnose agronomic constraints to crop 67 

production and to explore the impact of current and future climate variability. Therefore, they 68 

can assist the design of more resilient cropping systems by analysing model outputs. 69 

Furthermore, these models allow to estimate indicators that are crucial for the assessment of 70 

crop rotations but tedious or expensive to quantify in experimental plots, e.g. biological N2 71 



fixation (Liu et al., 2011), water drainage (Bruelle et al., 2017), N2O emissions or nitrate 72 

leaching (Plaza-Bonilla et al., 2015).  73 

The STICS model is a generic dynamic soil-crop model that has been used to assess the 74 

agronomic and environmental performances of crop rotations and to support the design of 75 

innovative cropping systems in a wide range of agro-pedo-climatic conditions (Coucheney et 76 

al., 2015). For example, Bécel et al. (2015) assessed the impact of various integrated weed 77 

management strategies on nitrate leaching. Constantin et al. (2015) determined the optimal 78 

date of emergence and destruction of cover crops to reduce nitrate leaching. Jégo et al. (2010) 79 

analyzed the effect of fertilization, irrigation strategies and climate variability on nitrate 80 

leaching in sugar beet/potato cropping systems. So far, spring pea (Pisum Sativum L.) and 81 

soybean (Glycine max (L.) Merr.) are the only grain legume calibrated for STICS (Corre-82 

Hellou et al., 2009; Jégo et al., 2010). STICS can simulate N sharing between companion 83 

crops and N carry over effects on following crops, but all the involved crops must be 84 

calibrated for STICS. Given the potential of grain legume to improve cropping system 85 

sustainability in Europe (Watson et al., 2017) and the potential of crop models to help with 86 

the design of innovative and resilient cropping systems including legumes, there is a need to 87 

broaden the number of grain legume crops calibrated and evaluated with the STICS cropping 88 

system model.  89 

Faba bean (Vicia Faba L.) is the second most widely grown European grain legumes (Watson 90 

et al., 2017). Its proportion of crop N derived from atmospheric N2 is the greatest among 91 

major grain legumes cultivated in Europe (153 kg N ha-1 on average) (Jensen et al. 2010). It is 92 

a high-biomass crop leaving more residues and giving a greater nitrogen-related yield effect 93 

on the subsequent crop compared with low biomass crop like chickpea and lentil for example 94 

(Watson et al., 2017). However faba bean, like other legume crops, can suffer from strong 95 



yield and N2 fixation reduction due to abiotic factors (Bishop et al., 2016; Khan et al., 2010; 96 

López-Bellido et al., 2011) and pests and diseases (Stoddard et al., 2010).  97 

Winter faba bean experiments were conducted in southwestern France over several growing 98 

seasons (2002-2015) with limited pest, disease and weeds pressure, This dataset provides a 99 

rich basis to adapt STICS to faba bean and analyse the capacity of the model to unravel the 100 

role of abiotic factors in driving yield and N2 fixation variability. Our first objective was to 101 

calibrate and assess the performance of STICS to simulate N acquisition by soil mineral 102 

uptake and biological N2 fixation, crop development and shoot biomass production, grain 103 

yield formation, N content in grain and straw, and soil water and mineral N contents along the 104 

whole profile during crop growth and after harvest. By doing so, we explored the hypothesis 105 

that the generic model -(i.e. with the same formalism for all crops) can take into account the 106 

specificities of faba bean (N2 fixation) and can be robustly calibrated for this grain legume. 107 

The second objective was to analyze the ability of STICS to generate a robust prediction for 108 

an independent dataset and allow a credible agronomic diagnosis of yield and N2 fixation 109 

variability due to abiotic stresses.  For this objective, our hypothesis was thatthe spatio-110 

temporal adequacy of soil/crop relationships (e.g. N nutrition based on both mineral-N uptake 111 

and N2 fixation) and the realism of the implemented process equations allow for an accurate 112 

prediction of abiotic stresses.  113 

 114 

2. Materials and Methods  115 

2.1. STICS, a soil-crop model 116 

2.1.1. Overview of the model 117 



The soil–crop model (as well as cropping system model) STICS (Brisson et al., 2008, 2002, 118 

1998) was chosen for its agro-environmental purpose, crop genericity (allowing the 119 

simulation of crop successions with the same model) and robustness. STICS simulates carbon, 120 

water and nitrogen dynamics in the soil–crop system on a daily time step over the crop cycle. 121 

Unlike crop models that combine crop modules with different structures, e.g. DSSAT 122 

(Decision Support System for Agrotechnology Transfer, Jones et al., 2003) or APSIM ( 123 

Agricultural Production Systems sIMulator, Keating et al., 2003), STICS uses a common and 124 

generic structure for different crop species.  Species-specific sets of parameters define the 125 

differences between species. STICS has been adapted and tested for different type of crops 126 

(e.g. winter wheat, maize, barley, sunflower, rapeseed, grassland, tomato, grapevines) 127 

(Coucheney et al., 2015). 128 

Inputs to the model include daily weather information (minimum and maximum temperature, 129 

rainfall, wind and global radiation), soil characteristics (per-layer initial soil water and 130 

mineral N content, field capacity and wilting point) and crop/soil management (date and depth 131 

of planting, planting density, soil tillage, residues management, organic and mineral 132 

fertilisation, irrigation).  133 

Crops are defined by species parameters, ecophysiological options (e.g. effect of photoperiod 134 

and/or cold requirements on crop phenology, potential radiation use efficiency) and cultivar 135 

specific parameters (e.g. flowering precocity, maximum number of grains per m2). Crop 136 

temperature (calculated from weather variables) and photoperiod drive crop phenology. The 137 

model dynamically simulates (i) development of the root system that takes up N and water 138 

according to root density over the whole soil profile and (ii) the establishment of the canopy 139 

that transpires water and intercepts light to produce the crop biomass.  140 



Two processes account for yield formation in the model: (i) setting of grain number per 141 

square meter and (ii) accumulation of biomass in grain. The number of grains before the start 142 

of grain filling is a function of: (i) the number of days before the beginning of grain filling 143 

during which grain number is determined (crop parameter), (ii) the mean canopy growth rate 144 

during this phase (calculated by the model), (iii) the sensitivity of grain onset to growth 145 

conditions (crop parameter) and (iv) the maximum number of grain (crop parameter). Dry 146 

matter accumulation in grains is calculated by applying a dynamic harvest index (grain to 147 

shoot biomass ratio) to the dry weight of the plant (Amir and Sinclair, 1991). This harvest 148 

index increases with time from the beginning of grain filling to physiological maturity, the 149 

rate of increase being a crop parameter. A maximum final harvest index (crop parameter) 150 

prevent unrealistic remobilization levels. A maximum grain yield corresponding to the 151 

simulated number of grains multiplied by the maximum weight of one grain (crop parameter) 152 

is computed to avoid unrealistic yield level. 153 

The model also accounts for soil water and N dynamics. Net N mineralization from crop 154 

residues and soil organic matter (affected by clay and CaCO3 content in the topsoil and 155 

governed by soil moisture and temperature), nitrification (affected by pH in the topsoil), 156 

nitrate leaching and ammonia and nitrous oxide gaseous emissions are daily simulated as well 157 

as vertical water drainage when field capacity is exceeded.  158 

STICS also simulates N acquisition by N2 fixation for legumes. Nodule formation is a function 159 

of soil thermal time and sets the potential fixation. Actual N2 fixation then depends on shoot 160 

growth rate (C limitation for N2 fixation), soil temperature, soil moisture, and a nitrate 161 

inhibition effect linked with nitrate-N concentration in the nodulation layer (see section 2.1.2). 162 

The equations governing physical and biological processes occurring in the soil/crop system 163 

are based on a unique set of general parameters. Model parameters and equations describing 164 



yield formation are of particular interest in this study and are described in details in Table S2. 165 

An exhaustive description of inputs, equations and default parameter values of the STICS 166 

model is given in Brisson et al. (2008). Bergez et al. (2014) give an overview of the latest 167 

plant and soil process-based developments of the STICS model, and Coucheney et al. (2015) 168 

detailed the  STICS version 8.5  used in this study. 169 

2.1.2. Stress factors 170 

Physical and biological processes are successively addressed in two types of equations: 1) the 171 

calculation of the potential flux or rate of the process; 2) the effect of the environmental 172 

limiting factors, including the stress factors of the crop (light, C, N and water). Four stress 173 

factors can indirectly affect grain yield through plant growth. The first is a water stress factor 174 

that affects radiation use efficiency and plant transpiration, and is computed as the ratio of 175 

actual evapotranspiration over potential evapotranspiration. Potential transpiration is function 176 

of Leaf Area Index (LAI) and daily potential Penman evapotranspiration, as calculated by the 177 

model. Actual transpiration is calculated as the minimum between water soil supply and 178 

maximal crop demand. The second stress factor is a Nitrogen stress that affects 1) LAI 179 

increase, 2) radiation use efficiency and 3) possibly senescence. The N stress index is 180 

computed as the ratio of actual Nitrogen concentration over Critical crop N concentration. 181 

Critical crop N concentration is the minimum N concentration that allow to maximise biomass 182 

production (Lemaire and Gastal, 1997). Actual N uptake is calculated as the minimum 183 

between soil supply and maximal crop demand. The third stress is a heat reduction factor on 184 

radiation use efficiency that increases when daily average crop temperature exceeds optimal  185 

crop temperature and is maximal when daily average crop temperature exceeds maximal crop 186 

temperature. The fourth is a heat stress factor that stops grain yield when daily average crop 187 

temperature exceeds maximal temperature for grain filling.   188 



For legumes, STICS also calculates water, heat, anoxia and nitrogen stress factors for N2 189 

fixation. The water deficit factor for N2 fixation is the proportion of soil layers in the 190 

nodulation area (crop parameter “profnod”, set to 30 cm in our study) for which moisture is 191 

above wilting point. The heat stress factor for N2 fixation increases and is maximal when soil 192 

temperature in nodulation zone exceeds optimal and maximal temperature thresholds. 193 

Nitrogen stress for N2 fixation increases and is maximal when the mean amount of mineral 194 

nitrogen in the rooting zone (i.e. the upper soil layers where the bacterial symbiosis is the 195 

most active) exceeds an optimal or maximal N concentration threshold. Eventually, anoxia 196 

stress factor for N2 fixation increases with the proportion of soil layers in anaerobic 197 

conditions.  198 

Stress factors are computed daily and vary between 0 (complete stress) and 1 (no stress). 199 

Model parameters and equations used to compute water stress factor and water deficit factor 200 

for N2 fixation are of particular interest in this study and are described in details in Table S2. 201 

The exhaustive description of the equations and parameters governing the stresses definition 202 

can be found in Brisson et al. (2008). 203 

2.2. Experimental data 204 

2.2.1. Sites and experimental design 205 

The experimental data was collected in south of France at the experimental sites of INRA in 206 

Auzeville (43°31’N 1°28’E), and of CREAB-MP in Auch (43°38’N 0°36’E) during seven 207 

growing seasons in each site. In both sites, the climate is oceanic temperate under 208 

mediterranean influence and characterized by summer droughts and cool wet winters. 209 

Cumulative global radiation, growing degree-days and rainfall during crop growth 210 

(November-July), averaged across growing seasons, were similar in Auch and Auzeville 211 

(Table 1). Experimental plots were in the valley on deep (i.e. average maximum rooting depth 212 



of 135 cm) clay-loamy soils in Auzeville and on the hillside on shallow (i.e. average 213 

maximum rooting depth of 70 cm) clay loamy soils in Auch. As a result, average maximum 214 

available water to maximum rooting depth (i.e. soil water content at field capacity minus soil 215 

water content at wilting point) was higher in Auzeville (167 mm) than in Auch (64 mm) 216 

(Table 1).  217 

Cropping systems strongly differed between experimental sites. In Auzeville, the data 218 

originated from two distinct types of experiments. The first type was annual experiments with 219 

replicated plots (1.62 m wide x 13m long) of sole faba bean (see Bedoussac and Justes (2010) 220 

and Kammoun (2014) for a detailed description of experimental design). The second type was 221 

a long-term cropping system experiment established in 2003 on 200 x 30 m plots with 222 

different three-years rotations varying in the frequency of grain legumes and the use or not of 223 

cover crops (Plaza-Bonilla et al., 2017). Appropriate herbicide and pesticides were applied to 224 

control weeds, pests and diseases and no N fertilizer was applied on legumes.In Auch, the 225 

data originated from an organic long-term soil fertility monitoring experiment (2002-2013) 226 

with 50 x 50 m plots with Faba bean – Oat or wheat – Sunflower rotations (Colomb et al., 227 

2013).Auch was managed without mineral fertiliser, herbicides and pesticides. As a result, 228 

only the plots where the monitoring revealed negligible pests, disease and weed pressure were 229 

considered. In both sites, the land was plowed prior to sowing and only in 2007 in Auzeville 230 

small amounts of irrigation water (20-50mm) was applied after sowing (Table 2) to ensure 231 

satisfactory crop establishment. 232 

The considered faba bean cultivars were Castel and Irena (Table 2). These winter-type 233 

cultivars sown between November and January have similar phenology and yield potential 234 

(Flores et al., 2012). Site, year, and management factors (cultivar, crop density, incorporation 235 

of a cover crop before planting and sowing date) defined 35 Site-Year-Management units 236 

(Table 2). Site-year-management units covering a broad range of soil types, growing seasons 237 



and management situations (He et al., 2017) were chosen for the calibration dataset (Table 2). 238 

The remaining units, differing in growing season and/or management (compared with 239 

calibration dataset) formed the evaluation dataset (Table 2).  240 

2.2.2. Measurements 241 

Faba bean development stages were recorded in the annual experiments in Auzeville 242 

following BBCH scale (Meier, 2001), namely (i) BBCH 09: 50% of shoot have emerged 243 

through soil surface (ii) BBCH 70: first pods have reached final length (corresponding to 244 

“drp” stage in STICS, i.e. the beginning of grain filling). Additionally, interpolation of 245 

discontinuous LAI observations allowed for determining the date of the end of juvenile phase 246 

(amf stage in STICS, corresponding to maximum growth rate of LAI). The interpolation was 247 

carried out with the tool integrated in STICS that uses an functional equation to differentiate 248 

LAI growth (logistic equation) and senescence (exponential equation), the difference between 249 

the two functions giving the green LAI (see Casa et al., 2012, for detailed equations and 250 

procedure).  251 

In each experimental field, soil texture and pH were measured over the whole soil profile (0-252 

120 cm). Soil mineral N and water content were measured by layers of 30 cm three times per 253 

year: (1) end of autumn prior to sowing, (2) mid-winter and (3) at harvest. Crop variables 254 

such as LAI, above-ground biomass, fixed N2 and total accumulated N, grain yield and grain 255 

N content were measured from 1 to 5 times depending on site, year and experiment (Table 2): 256 

(1) in mid-March i.e. wheat ‘1cm ear’ stage, (2) in mid-April, i.e. legume flowering, (3) in 257 

mid-may i.e. wheat flowering, (4) in early June i.e. wheat ripening, and (5) in early July, i.e. 258 

legume maturity. At each measurement, six central rows 0.5 m long (annual experiments in 259 

Auzeville), six m2 (long term cropping system experiment in Auzeville) and nine subplots of 260 

two rows 1 m long (in Auch) were harvested by cutting plants at the soil surface. In the annual 261 



experiments in Auzeville, a LI-3100 planimeter (LI-COR, Lincoln, NE) was used to 262 

determine green leaf area. In all experiments, plant biomass samples were dried at 80°C for 263 

48 h and weighted. At maturity, plants were threshed to determine grain yield and harvest 264 

index. Above-ground plant and grain N concentration were determined on finely ground plant 265 

material with the Dumas combustion method using a Leco-2000 analyzer (LECO, St. Joseph, 266 

MI, US). In Auzeville, N2 fixation ratio, i.e. the proportion of plant N derived from 267 

atmosphere (%Ndfa) was determined using the 15N natural abundance method (Unkovich, 268 

2008) with unfertilized wheat and non-legume weeds as reference plants in the annual and 269 

long-term experiments respectively. %Ndfa was calculated as follows:  270 

%Ndfa = 	100	 × 	�������	�����������	
�������	�      (1) 271 

where δ15N is the deviation from the international standard of atmospheric N2 (0.3663% 15N) 272 

for faba bean (δ15Nfaba bean) and for the reference crop (δ15Nref), and β is the δ15N of shoots of 273 

faba bean fully dependent upon N2 fixation, assumed equal to −0.63 ‰ (Unkovich, 2008). 274 

The amount of N2 fixed was calculated as the product of %Ndfa and total above-ground plant 275 

N.  276 

Moreover, dynamics of maximum rooting depth of faba bean was monitored in 2013 during 277 

the annual experiment in Auzeville (Table 2) using a rotary scanner-based minirhizotron 278 

system (CI-600, CID Bio-science, Camas, WA, USA) six times during crop growth (16 and 279 

28 March, 12 April, 6 May, 3 June, 17 July). 280 

2.3. Calibration procedure 281 

The calibration consisted in choosing the formalisms and corresponding parameters involved 282 

in the simulation of crop phenology, leaf area and root system expansion, biomass 283 

accumulation, biological nitrogen fixation, nitrogen uptake and grain yield elaboration.  284 



The parameterization procedure included three steps (Figure 1). The first step was a literature 285 

review to select the options offered by the model  to simulate the different crop processes and 286 

determine existing parameter values s. The second step corresponded to the determination of 287 

parameters from experimental data by direct measurement or observation (phenology). The 288 

last step consisted in a mathematical optimisation based on the approach developed by 289 

Guillaume et al. (2011), including nine stages representing the different key processes in the 290 

simulation of the final outputs of the model (Table 3). For each stage, sensitivity analysis 291 

(Ruget et al., 2002) and expert knowledge were used to select the parameters having the 292 

strongest impact on model outputs. In total, 29 crop parameters were mathematically 293 

optimised (Table 3). Stage-specific target variables were selected: (i) dates of key 294 

development stages (emergence, end of juvenile phase, beginning of grain filling and 295 

physiological maturity), (ii) dynamic variables (Leaf Area Index, above-ground biomass, 296 

fixed N and total plant N, overall soil moisture content and overall soil N content) and (iii) 297 

variables at crop maturity (yield components, grain yield and grain N content) (Table 3). The 298 

calibration stages were carried out by using the software package OptimiSTICS (Wallach et 299 

al., 2011) and the methodology detailed by Buis et al. (2011). Model error was computed as 300 

the difference between measured and simulated values for a given target variable at a given 301 

date. The goodness of fit Cv was obtained following the formula: 302 

�� =	∑ �
��

∑ �	��, − "�, #$%& 
'

		�	  (2) 303 

 304 

  305 

Where v is the target variable, s is the site-year-management unit and ns is the number of 306 

measurements in s, Os,i is the measured value in site-year-management s on the ith date  and 307 

Ps,i($) is the corresponding simulated value with the parameter set $. 308 



This average squared error for a given target variable was minimised using a simplex 309 

algorithm. For each optimised parameter, , lower and upper limits corresponding to 310 

reasonable physiological values were fixed based on literature and expert knowledge (Table 311 

3). The optimised parameter values at a given stage were the default values of the next steps. 312 

The initial plant parameters before optimisation were taken from the spring pea plant file 313 

(Corre-Hellou et al., 2009). Given the similarities in crop functioning and yield potential 314 

observed in our experiments between the two studied faba bean cultivars (Irena and Castel), 315 

we did not calibrate specific cultivar parameters. 316 

Soil analysis informed the input parameters required for soil in STICS. Moisture at field 317 

capacity and wilting point were first obtained using pedo-transfer functions (Saxton and 318 

Rawls, 2006) and also based on laboratory measurements on sieved soil for field capacity, and 319 

then adjusted by trial and error to minimize the error between simulated and observed soil 320 

water content in mid-winter. The recorded crop managements (Table 2) were used to create 321 

management files used for each simulation. Initial soil mineral nitrogen (nitrate ammonium) 322 

and water content were measured for each experiment and set between 13 and 120 kg N ha−1 323 

and 162 and 342 mm respectively, depending on the different Site-year-management units 324 

(Table 2).  325 

 326 

 327 

2.4. Model evaluation  328 

Model performance (with optimised parameter set) was evaluated graphically and quantified 329 

by calculating Mean Bias Error (MBE) and its relative value (rMBE), Model Efficiency (EF), 330 

Root Mean Square Error (RMSE) and its relative value (rRMSE):  331 

)*+ = 	 �� 	∑ #" − � � ,� %       (3) 332 



-)*+ =	./0
12 	× 	100        (4)  333 

+3 = 1 −	∑ #14�54%6�478
∑ #14�12%6�478

        (5) 334 

9):+ = ;�
� 	∑ #� − " � ,� %'       (6) 335 

-9):+ =	<.=0
12 	× 	100       (7) 336 

where Oi and Pi are the observed and simulated values for the ith measurement, n is the number 337 

of observations and �2 is the mean of the observed values.  338 

MBE and rMBE indicate whether the model under/overestimate a given variable, and gives 339 

the absolute and relative magnitude and direction of the bias. EF is based on the comparison 340 

of the simulation model with a constant model (i.e. the average of measured data) and ranges 341 

between -∝ and one. Negative EF values indicate that the constant model performs better than 342 

or as well as the simulation model. A value of one indicate a perfect model. EF is a good 343 

indicator to compare model simulations with two different sets of parameters (e.g. before/after 344 

calibration) against the same dataset. It is however of little value to compare two simulations 345 

with the same set of parameters against two different datasets, because it depends on the 346 

variance of the observed dataset. RMSE and rRMSE are the model absolute and relative 347 

prediction error. The combined analysis of these four indicators give a robust assessment of 348 

model accuracy. Similarly to Beaudoin et al. (2008) and Constantin et al. (2015), model 349 

predictions were judged satisfactory when EF value were greater than 0.5 and rMBE lower 350 

than 10%. A summary of the calibration and evaluation procedure can be found in Figure 1. 351 

2.5.  Stress factors and variability in grain yield and total N2 fixed  352 

Stress factors calculated by STICS (see section 2.1.2 and Table S2) were averaged over 353 

periods ranging from -60 to + 60 days before/after the beginning of grain filling. For each 354 



period, the Pearson correlation coefficient (R2) between observed grain yield (total fixed N2 355 

respectively) and stress factor affecting grain yield (N2 fixation respectively) over the period 356 

was computed. The period corresponding to the maximum R2 was determined.  For this 357 

analysis, calibration and evaluation datasets were pooled. 358 

 359 

3. Results  360 

3.1. Parameter values obtained from literature, experimental data and optimisation 361 

Eight parameters values were obtained from literature (Table 4).  Faba bean shows a long day 362 

response to photoperiod (Ellis et al., 1988) and needs vernalisation (Patrick and Stoddard, 363 

2010) so we activated these physiological options in the faba bean plant file. Faba bean base 364 

temperature for crop development (tdmin) was set to 0°C (Tribouillois et al., 2016). Because 365 

there was no available data in the literature, base and optimal temperature for photosynthesis 366 

(temin and teopt) were approximated from those for emergence rate (Tribouillois et al., 2016) 367 

(Table 4), based on the assumption that cardinal temperatures for developmental processes are 368 

close for a given species (e.g. Parent and Tardieu, 2012). Cardinal temperatures for nodulation 369 

(tempnod1, tempnod2, tempnod3, tempnod4) were obtained from Boote et al. (2002) (Table 370 

4).  371 

Four parameters values were obtained using direct in-field measurement (Table 4). Maximum 372 

and minimum number of grain per square meter (nbgrmax and nbgrmin), maximum grain 373 

weight (pgrainmaxi) and maximum harvest index (irmax) were set to the maximum or 374 

minimum measured values in the experiments in Auzeville and Auch with an added or 375 

subtracted 10% respectively to reach assumed potential values (Table 4 and Figure 2).  376 

The other  30 parameters values were set according to the result of the sequential optimisation 377 

with OptimiSTICS using measured variables (Table 4).  378 



3.2. Agreement between simulated and observed values 379 

3.2.1. Crop development and LAI 380 

Calibration led to satisfactory prediction of the dates of emergence, end of juvenile phase,  381 

beginning of grain filling and physiological maturity. Relative bias was low (0 – 10%) with 382 

fair EF values (Figure 3), indicating the relevance of calculating crop development based on 383 

vernalisation and photoperiodic and thermal time-course formalisms. Simulated LAI values 384 

for the calibration dataset were close to observed values with a low relative bias of 1% and a 385 

satisfactory EF of 0.69. Prediction error was however great due to a bias of a few days in the 386 

senescence dynamic that had large consequences on the daily agreement between observed 387 

and simulated LAI values (rRMSE=56%) (Figure 4a).   388 

3.2.2. Above ground biomass, N2 fixation and N acquisition 389 

Predicted biomass agreed with observation throughout the growth seasons in both calibration 390 

and validation datasets (EF>0.77 and -7% < bias < 0%). Prediction error was high due to 391 

senescence defoliation between grain physiological maturity and harvest that was difficult to 392 

precisely simulate (rRMSE of 41 and 31% for calibration and evaluation respectively). There 393 

was a large variation in faba bean biomass at harvest (1.5 - 11.6 t ha-1 and 2.8 - 7.2 t ha-1 for 394 

calibration and evaluation datasets respectively) depending on site, year and management 395 

(Figure 4c, d) and the model was able to reproduce this behaviour.  396 

The calibration of parameters related to N2 fixation (Table 3 and Table 4) allowed to reach a 397 

good agreement of simulated versus observed values throughout crop growth (Figure 4e,f) 398 

(EF = 0.77 with negligible bias). EF remained high and bias remained low in the evaluation 399 

indicating that the model was able to reproduce the wide range of final N2 fixed at harvest 400 

(62-166 kg N ha-1, Figure 4f). N acquired (N content in crop aerial parts) was adequately 401 



simulated with low bias both in calibration and evaluation (-7 and 2% respectively) and EF 402 

values above 0.5 (Figure 4g, h). 403 

3.2.3. Grain yield and grain N content 404 

Observed grain yield greatly varied depending on site-year-management (0.42 – 4.7 t ha-1, 405 

Figure 5a). The model performed well in simulating grain yield (EF=0.66 with low relative 406 

bias) for calibration dataset. Model performance remained satisfactory during evaluation, with 407 

an EF value of 0.65 and a relative bias of -1% (Figure 5b). 408 

Simulated grain N content was slightly underestimated (relative bias of -10%) in the 409 

calibration dataset with a satisfactory EF value of 0.60 (Figure 5c). In the evaluation, grain N 410 

content was predicted with a low relative bias (3%). The EF was low (0.27) but the range of 411 

observed values for evaluation (65-162 kg N ha-1) was narrower than for calibration (21-200 412 

kg N ha-1).  413 

3.2.4. Soil water and soil mineral N contents 414 

Soil water content over the entire profile was correctly simulated by the model, both during 415 

calibration and evaluation (EF>0.70 with small relative bias) (Figure 5e, f). Soil N content 416 

was less adequately predicted, with small (0.22) and negative (-1.42) EF values, in calibration 417 

and evaluation respectively (Figure 5g, h). Bias was low in the evaluation (-10%), indicating 418 

that though the model was not able to reproduce precisely the differences between site, year 419 

and management, it predicted soil mineral N content within the range of the rather low 420 

observed values.  421 

3.3. Impact of temporal dynamics of stress factors 422 

With regard to grain yield, the water stress factor (i.e. water supply/demand ratio, see section 423 

2.1.2 and Table S2) had the strongest explanatory power. Indeed, when averaged over a 424 



period of 6 days before the beginning of grain filling (i.e. the end of grain onset), it explained 425 

78% of the observed grain yield variability in the overall dataset (Figure 6a). The model fairly 426 

reproduced the temporal dynamic of above ground biomass (Figure 7d, e, f). Water stress 427 

during the end of grain onset (Figure 7a, b, c) affected the growth rate of above ground 428 

biomass (Figure 7d, e, f), which in turn influenced the final number of grains (Figure 7g, h, i). 429 

In the end, the model was able to simulate contrasting water stresses that occurred in different 430 

soil types (valley/hillside) for a range of climatic conditions and their final impact on the 431 

number of grain and grain yield (Figure 7). Heat stress effect on radiation use efficiency, 432 

conversely, had a limited explanatory power in our conditions. Indeed, when averaged over a 433 

period of 26 days after the beginning of grain filling (the period with the best correlation), 434 

heat stress explained only 25% of the observed grain yield variability. The model diagnosed 435 

no heat stress on grain filling in the majority of the site-year-management units. There were 436 

only five days in 2002 in Auch during which crop temperature exceeded the maximal 437 

temperature above which grain filling stops (Figure S1).  438 

With regard to N2 fixation, the water deficit factor had also the strongest explanatory power. 439 

Thus, when averaged over a period of 20 days after the beginning of grain filling, it explained 440 

82% of the observed variability in total fixed N2 at harvest (Figure 6b). Despite a limited 441 

number of within-season measurements in some situations (Figure 8d), the model reproduced 442 

reasonably well the temporal dynamic of N2 fixation (Figure 8c, d). In the end, the model was 443 

able to reproduce the wide range of total fixed N2 at harvest (62-172 kg ha-1, see Figure 6). 444 

The model diagnosed no stress due to anoxia in any of the cropping situations of this study. 445 

Though the model diagnosed limited heat and nitrogen stresses in some situations (value of 446 

0.67 and 0.58 respectively) the correlation with the amount of N2 fixed was not significant for 447 

any of the periods considered.  448 

4. Discussion 449 



4.1. A method to adapt a generic crop model to a new crop 450 

While the process of calibrating a new cultivar is well described (e.g. (Jégo et al., 2010), less 451 

emphasis has been put on the description of the adaptation of a generic soil-crop model to a 452 

new crop. Previous studies mainly described a partial calibration based on a limited set of 453 

target variables, e.g. LAI or AGB and Soil water (Confalonieri and Bechini, 2004; Ko et al., 454 

2009), and did not address the broad range of processes available in the model (e.g. root 455 

system expansion, Nitrogen uptake, yield formation). Our study shows that the generic STICS 456 

soil-crop model can be successfully adapted to a new crop, and in particular a grain legume 457 

having the specificity of N2 fixation. The adaptation was based on two steps, namely: (i) a 458 

parameter estimation based on measurement and literature and (ii) a sound and careful 459 

sequential optimisation of crop parameters that were not measured nor estimated using 460 

existing literature. Therefore, our work contributes to establish a generic method to calibrate a 461 

new annual crop for soil-crop models that (i) have a common structure for different crop 462 

species, (ii) are functional deterministic models considering water, C and N cycles, on a daily 463 

time step (Di Paola et al., 2016) and (iii) have an available parameter optimisation tool.  464 

Estimating a parameter from direct measurements and literature has the advantage of not 465 

being based on the assumption that model formalism and all other parameters are reliable, as 466 

it is the case with mathematical optimisation (Grant, 2001). It should be therefore prioritised 467 

and in our approach we had 9 parameters estimated in this way (Table 4). However, this 468 

procedure is not always possible for many reasons. Firstly, field measurements of parameters 469 

is expensive and time consuming (Anothai et al., 2008). Secondly, the dataset used for model 470 

calibration may not be originally intended to cover model calibration issues (as it was the case 471 

in our study), so that most of crop model parameters are not directly measured (e.g. radiation 472 

use efficiency). Thirdly, the need for similar environmental conditions, varieties and exact 473 

correspondence of the measured variable to the process represented by the model limit the 474 



number of parameters that can be derived from a literature review. For example, the radiation 475 

use efficiency parameters in STICS (efcroijuv, efcroiveg and efcroirepro, see Table 3) 476 

correspond to potential conditions with no stress, and the presence or absence of stress is not 477 

necessarily mentioned in the literature. Finally, there is a risk of error accumulation when 478 

extensively relying on approximate or conflicting literature values (Wallach et al., 2011).  For 479 

all these reasons, recourse to optimisation is advisable. The strength of our approach lies in 480 

the rational stepwise optimisation procedure chosen. Rather than  an empirical trial and error 481 

procedure (Flénet et al., 2004; Hartkamp et al., 2002), we chose a sequential optimisation 482 

procedure that is fully documented and is easily replicable for other crops and cultivars with 483 

the STICS model. =Breaking down  the optimisation into several stages and using it at the 484 

module-scale rather than the scale of the entire model allow to avoid unrealistic simulations 485 

where errors in parameter values would offset each other (Bechini et al., 2006; Grant, 2001). 486 

Taking into account within-season dynamic measurements to successively calibrate the 487 

different model components allows to estimate few parameters simultaneously and therefore 488 

to reduce numerical problems (Guillaume et al., 2011; Wallach et al., 2011). The lower and 489 

upper boundaries fixed for each parameter during the optimisation ensures that the obtained 490 

values correspond to reasonable physiological values thus limiting compensations due to 491 

model structure weaknesses. The different optimisation stages and their order following crop 492 

development (i.e. phenology, LAI, biomass production and then partitioning) ensure that the 493 

parameterisation is relevant according to plant functioning. The order chosen is consistent 494 

with previously published calibrations using STICS (Corre-Hellou et al., 2009; Flénet et al., 495 

2004) and DSSAT (Hartkamp et al., 2002). Finally this method led to a satisfactory match of 496 

observed and simulated values, with ranges for statistical indicators (EF, rMBE and rRMSE) 497 

consistent with those obtained for the adaption of STICS to wheat and maize (Brisson et al., 498 

2002), linseed (Flénet et al., 2004) and spring pea (Corre-Hellou et al., 2009). This approach 499 



can be valuable to calibrate new annual crops and other grain legumes (e.g. winter pea, lentil 500 

and chick pea) for the STICS model, and probably other generic soil-crop models that have a 501 

common structure for all species, e.g. CROPSYST model (Stöckle et al., 2003). 502 

4.2. A robust and credible agronomic diagnosis 503 

Agronomic diagnosis is crucial for the identification of constraints affecting crop growth and 504 

to help the identification of sound agronomic management. The diagnosis needs to be robust, 505 

i.e. reliable under different sets of experimental conditions (Sinclair and Seligman, 2000), and 506 

credible, i.e. offering trustworthy causal explanations (Cash et al., 2002). Robustness can be 507 

ensured by an explicit reference to physical processes in the construction of mathematical 508 

relationships so that the model accurately captures the underlying processes driving the 509 

system (Bellocchi et al., 2010). Lack of robustness can lead to a model being “right for the 510 

wrong reasons” (Bellocchi et al., 2010). In this section, we want to highlight that we averted 511 

these pitfalls, ensuring that our diagnosis was robust and credible.   512 

Our study adds to the body of literature showing that in a temperate climate with rain fed 513 

conditions and appropriate control of pest pressure, drought is the prevailing stress and the 514 

main driver of yield variability (Karrou and Oweis, 2012; Mafakheri et al., 2010). The 515 

explanations we found to explain yield variability (water stress during grain onset) and N2 516 

fixation variability (water deficit factor during grain filling) are supported by principles of 517 

crop physiology derived from experiments and knowledge on response of legume grain yield 518 

and N2 fixation to water stress. With regard to grain yield, water deficit during grain onset 519 

reduces grain legume biomass accumulation (decrease of photosynthesis and reduction of leaf 520 

area) and assimilate availability that in turn reduce final seed number (Guilioni et al., 2003; 521 

Jiang and Egli, 1995; Lake and Sadras, 2016). With regard to N2 fixation, water stress directly 522 

reduce faba bean nodules activity (Sprent, 1972) and sensitivity of N2 fixation to drought is 523 

often maximum during grain filling (Chalk et al., 2010; Mastrodomenico et al., 2013). These 524 



two stress responses are implemented in STICS. Firstly, final seed number depends on plant 525 

growth rate during the grain onset period (see section 2.1.1 and Table S2). . Thus, the 526 

magnitude of water stress during grain set and its impact on plant growth rate determines the 527 

extent to which the plant can reach the maximum grain number (nbgrmax, see Table  and 528 

Figure 2). Secondly, in the model, water deficit reduces the potential N2 fixation, i.e. 529 

nodulation and nitrogen fixation are partially or totally inhibited according to nitrate 530 

concentration in the topsoil  and when soil moisture in the topsoil drops below permanent 531 

wilting point (see section 2.1.2 and Table S2). This careful check of the behaviour of different 532 

model functional modules (Figure 7, Figure 8) strongly suggests that the STICS model 533 

accurately captured the underlying processes driving grain yield formation, N2 fixation and 534 

water stress. We can therefore be confident in the diagnosis drawn from our site-year-535 

management units with regard to water stress. Thus, the generic STICS processes describing 536 

yield formation and water stress, when calibrated for faba bean with the proper options 537 

activated, have proven useful in explaining variability in yield for this particular legume crop, 538 

without the need to build new processes into the generic model. 539 

The good fit obtained with the evaluation dataset indicates that the current set of parameters 540 

could be reliably used in other situations different from the ones in the calibration. This 541 

however needs to be confirmed with other studies, e.g. for situations where soil mineral N 542 

levels would be higher than in our study (on average 47 kg ha-1 at sowing over the whole 543 

profile), which could affect N2 fixation. We verified by virtual experiment - corresponding to 544 

a local sensitivity analysis - that STICS was able to simulate a strong reduction in N2 fixation 545 

when soil nitrate content was higher in the upper layers.  546 

Eventually, by considering both a water deficit factor for N2 fixation and a water 547 

supply/demand ratio (acting on crop biomass), the model allowed unravelling interesting 548 

situations where similar faba bean biomass masked differences in the amounts of fixed N2.For 549 



example, crop biomass and water/supply demand ratio were similarly low in Auzeville in 550 

2011 (3 t ha-1) and 2015 (4.1 t ha-1) due to similar water stress on biomass (water supply-551 

demand ratio = 0.3). However, the amount of N2 fixed was doubled (88 kg ha-1) in 2015 552 

compared with 2011 (46 kg ha-1). The model indicated a stronger water deficit for N2 fixation 553 

in 2011 (water deficit factor = 0.12) compared with 2015 (water deficit factor = 0.32). This 554 

understanding of nonlinearities is crucial for the assessment of innovative cropping system. 555 

Pests and diseases can also reduce faba bean grain yield. Coupling STICS with an 556 

epidemiological model (Donatelli et al., 2017) would be relevant to refine the diagnosis in 557 

situations where damages on leaves (e.g. rust, Uromyces viciae-fabae, or chocolate spot, 558 

Botrytis fabae) and nodules (e.g. sitonia beetles, Sitonia lineatus) can occur. 559 

 560 

4.3. New opportunities to design and assess resilient cropping systems 561 

Though the effects of climate change on cereals in Europe have deserved a great attention 562 

(e.g. Bregaglio et al., 2017; Dettori et al., 2017), studies on effects of climate change on 563 

legume productivity remain scarce. Climate change projections for the temperate and 564 

mediterranean regions of Europe point to a decrease in precipitations during spring and 565 

summer (Gao and Giorgi, 2008; Giannakopoulos et al., 2009). Water stress will therefore 566 

become even more acute with future climate. Our model calibration offers a good opportunity 567 

to assess the impact of increased drought-induced stress on faba bean productivity and 568 

therefore the potential contribution of legume to sustainable cropping systems in the future.  569 

Dynamic models have often been criticised for putting too much emphasis on single crop 570 

assessment on a year-to-year basis (Reckling et al., 2016). Taking into account pre-crop and 571 

rotational effects (e.g. nutrient carry-over and alteration of soil water content) will be crucial 572 

to accurately assess the contribution of faba bean and grain legumes in building more 573 

diversified and resilient cropping systems. Our robust crop calibration and STICS ability to 574 



simulate residues mineralisation (Justes et al., 2009), nitrate leaching and water drainage 575 

(Plaza-Bonilla et al., 2015), would allow deriving probabilities to achieve a certain level of 576 

yield and N provision to the subsequent crop when inserting legumes in cropping systems.  577 

STICS can also simulate intercropping (Brisson et al., 2008). Cereal-legume intercropping 578 

(e.g. wheat and faba bean) is a promising integration of legumes in cropping systems in 579 

particular in low input cropping systems (Bedoussac et al., 2015). Many processes (e.g. soil N 580 

and water sharing) are simulated similarly in sole crop and intercrops (Corre-Hellou et al., 581 

2009), our calibration would therefore allow exploring intercropping performance for a 582 

diversity of soils and rainfall patterns. Nevertheless, some formalisms specific to intercrops 583 

(e.g. the competition for light) and the corresponding parameters may deserve potential re-584 

calibration before the set of parameters proposed here for sole crops can be used.  585 

 586 

Conclusion 587 

Based on literature and cropping experiments in two contrasting sites of southwestern France, 588 

we successfully adapted the STICS soil-crop model to faba bean.We developed and validated 589 

a method smartly combining the mobilization of literature references, direct field 590 

measurements and a transparent and sequential optimisation procedure to derive crop 591 

parameters .  The obtained set of parameters allowed a satisfactory prediction of plant growth, 592 

N2 fixation, mineral N uptake, grain yield and grain N content. Careful assessment of dynamic 593 

variables (plant growth, grain number, N2 fixation) and the associated stress factors allowed to 594 

carry-out a credible and robust diagnosis of grain yield and N2 fixation variability in the sites 595 

of this study. The proposed set of parameter could then be used for (i)(i) yield gap analysis in 596 

organic fields affected by biotic as well as abiotic stress,, (ii) exploration studies on the effect 597 

of climate change and more frequent droughts on faba bean, and (iii) the effect of its insertion 598 

in crop rotations (as sole crop or intercrop) on N provision to the subsequent crop. Calibration 599 



of other grain legumes like chickpea and lentils using the proposed methodology will broaden 600 

the capacity of the STICS model to simulate innovative cropping systems including grain 601 

legumes. 602 
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Figures: 1 

 2 

Figure 1: Summary of the generic method used for calibration and evaluation of faba bean 3 

with the STICS soil/crop model and data used for this study.  4 
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 20 

Figure 2: Boxplots of number of grain per square meter (a), weigh of one grain (b) and 21 

harvest index (c) in the 35 site-year-management units of the study. The horizontal line in the 22 

box indicates the median. The height of the box represents the interquartile range. The 23 

whiskers extend to the maximum values. The horizontal dotted line correspond to the 24 

maximum measured values with an added 10% to define potential maximum values in the 25 

STICS model. 26 

 27 

 28 

Figure 3: Comparison of observed and simulated (STICS model) faba bean phenology. 29 

 30 



 31 

Figure 4:  Comparison of observed and STICS simulated LAI, Above ground biomass (AGB), 32 

N2 fixed, and Above ground plant N (AGPN) for calibration and evaluation dataset.  rMBE = 33 

relative mean bias error, EF= model efficiency,  rRMSE = relative Root Mean Square Error. 34 

The black line is the 1:1 line. The dotted line represent the regression of simulated against 35 

observed values. White symbols correspond to the end of growing season.  36 



 37 

Figure 5: Comparison of observed and STICS simulated grain yield, grain N, soil water 38 

content, and soil mineral N content for calibration and evaluation dataset.  rMBE = relative 39 

mean bias error, EF= model efficiency, rRMSE = relative Root Mean Square Error. The black 40 

line is the 1:1 line. The dotted line represent the regression of simulated against observed 41 

values (plotted when significant at 5% risk level). White symbols correspond to the end of 42 

growing season. 43 



 44 

 45 

Figure 6: Correlation (a) between grain yield and average water supply/demand ratio during 46 

grain onset (over the six days before beginning of grain filling) and (b) total N2 fixed at 47 

harvest and average water deficit factor for N2 fixation during grain filling (over the first 20 48 

days after beginning of grain filling). Calibration and evaluation datasets were pooled 49 

together. 50 

 51 

 52 

 53 

 54 

 55 



 56 

Figure 7: Example of contrasted simulated temporal dynamic (black line) of water 57 

supply/demand ratio, above ground biomass and number of grain per square meter in Auch in 58 

2007 (a,d,g), Auzeville in 2010 (b,e,h) and Auzeville in 2007 (c,f,i) in the calibration dataset. 59 

White squares are the observations. Vertical dotted lines delimit the periods during which the 60 

correlation between average water supply/demand ratio and grain yield is maximal. 61 



62 

Figure 8: Example of contrasted simulated temporal dynamic (black line) of water deficit 63 

factor for N2 fixation and N2 fixed in Auzeville in 2014 (a, c) and 2015 (b, d) in the evaluation 64 

dataset. White squares are the observations. Vertical dotted lines delimit the periods during 65 

which the correlation between average Water deficit factor and N2 fixation is maximal. 66 

 67 

 68 
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Tables: 1 

Table 1: Climate and soil characteristics (averaged across growing seasons and experimental fields) in the two experimental sites (standard error 2 

in brackets) 3 

Site 
Number of 
growing 
seasons 

November-July 
Number of 

experimental 
fields 

Clay content 
(0-30cm) 

(%) 
pH (0-30cm) 

Maximum 
rooting 

depth (cm) 

Gravimetric 
moisture at 

field capacity* 
(%) 

Gravimetric 
moisture at 

wilting 
point* (%) 

Maximum 
available water** 
(mm to maximum 

rooting depth) 

Cumulative global 
solar  radiation 

(MJ m-2)  

Cumulative 
growing degree 
days (°C day) 

Cumulative 
rainfall 
(mm) 

Auch 7 3354 (64.8) 3083 (59.1) 542 (47.2) 11 31.8 (1.46) 8.4 (0.03) 70 (4.9) 17.4 (0.45) 12.0 (0.27) 64 (4.8) 

Auzeville 7 3561 (30.4) 3412 (49.1) 528 (42.8) 12 25.9 ( 0.97) 7.4 (0.15) 135 (4.5) 19.4 (0.43) 10.2 (0.23) 167 (8.5) 

 4 

*Average across 0-30cm, 30-60cm, 60-90cm and 90-120cm soil layers. 5 

**Soil water content at field capacity minus soil water content at wilting point. 6 



Table 2: Description of the Site-Year-Management units in the calibration and evaluation datasets. LAI: Leaf Area Index, AGPN: above-ground 
plant N, AGB: above-ground biomass, GY: grain yield, GNC: grain N content, SN: Soil N content over the entire profile, SWC: soil water 
content over the entire profile. 

Management Number of measurements during growing season 

Dataset Site 
Year 
(harvest) 

Cultivar 
Density (Number 

of plant m-2) 

Cover crop 
before 

planting 
Sowing date 

Dates and amount of irrigation 
water 

LAI  Fixed N AGPN AGB GY GNC 
Root 
depth 

SN SWC 

Calibration Auzeville 2007 
 

Castel 30 No 7 November 7 November - 20mm 4 1 5 5 1 1 0 2 2 

    
Castel 15 No 7 November 7 November - 20mm 4 1 5 5 1 1 0 2 2 

 
2010 Castel 30 No 19 November 0 4 2 5 5 1 1 0 2 2 

Castel 15 No 19 November 0 4 2 5 5 1 1 0 2 2 
2011 Irena 30 No 2 December 14 April; 16 May - 34;49 mm 4 4 5 5 1 1 0 2 2 

   
Irena 30 No 2 December 0 0 2 3 3 1 1 0 2 2 

2012 Castel 30 No 22 November 0 0 1 3 3 1 1 0 2 2 

 
2013 Irena 30 No 20 November 0 4 1 1 4 1 1 6 2 2 

Irena 30 No 23 November 0 0 0 0 3 1 1 0 2 2 
Irena 15 No 23 November 0 4 1 1 4 1 1 0 2 2 

Auch 2002 Castel 30 No 17 December 0 0 0 1 1 1 1 0 1 1 
Castel 30 No 17 December 0 0 0 1 1 1 1 0 1 1 

 
2003 Castel 30 No 20 November 0 0 0 2 2 1 1 0 2 2 
2004 Castel 30 No 25 November 0 0 0 2 2 1 1 0 2 2 

Castel 30 No 12 January 0 0 0 2 2 1 1 0 2 2 

   
Castel 30 No 12 January 0 0 0 2 2 1 1 0 2 2 

2005 Castel 30 No 23 November 0 0 0 2 2 1 1 0 2 2 

 
2007 Castel 30 No 1 December 0 0 0 2 2 1 1 0 2 2 

Castel 30 No 1 December 0 0 0 2 2 1 1 0 2 2 
Castel 30 No 1 December 0 0 0 2 2 1 1 0 2 2 

 
2010 Castel 30 No 11 December 0 0 0 2 2 1 1 0 2 2 

Castel 30 No 11 December 0 0 0 2 2 1 1 0 2 2 
Total 

     
0 28 15 55 64 22 22 6 42 42 

Evaluation Auzeville 2012 Castel 30 Yes 22 November 0 0 1 3 2 1 1 0 2 2 
2013 Irena 30 Yes 23 November 0 0 0 0 3 1 0 0 2 2 

 
2014 Mix* 30 Yes 13 December 0 0 3 3 3 1 1 0 2 2 

Mix* 30 No 13 December 0 0 2 3 3 1 1 0 2 2 

 
2015 Mix* 30 Yes 13 January 0 0 1 3 3 1 1 0 2 2 

Mix* 30 No 13 January 0 0 1 3 3 1 1 0 2 2 
Auch 2003 Irena 30 No 20 November 0 0 0 2 2 1 1 0 2 2 

Irena 30 No 21 November 0 0 0 2 2 1 1 0 2 2 
Irena 30 No 22 November 0 0 0 2 2 1 1 0 2 2 

 
2013 Irena 30 No 17 December 0 0 0 2 2 1 1 0 2 2 

Irena 30 No 17 December 0 0 0 2 2 1 1 0 2 2 
Irena 30 No 17 December 0 0 0 2 2 1 1 0 2 2 

   
Irena 30 No 17 December 0 0 0 2 2 1 1 0 2 2 

Total 
 

0 8 29 31 13 12 0 26 26 
 



* Irena, Organdi and Diver 

Table 3: Description of the nine stages undertaken for parameter optimisation: parameters optimised, minimum and maximum values, and target 

variable. Dd = degree (°C) day 

 
   

    Parameter      Target variable  

Stage Simulated process Acronym Description Unit Minimum Maximum  Acronym Description Unit 

1 Emergence belong parameter of coleoptile elongation curve Dd-1 0.005 0.04  ilev date of emergence julian day 

  
celong parameter of plantlet elongation curve - 1 10  ilev date of emergence julian day 

2a Crop development sensiphot index of photoperiod sensitivity (1=insensitive) - 0 1  iamf date of end of juvenile phase julian day 

  
jvc number of vernalising days days 0 70  iamf date of end of juvenile phase julian day 

  
phobase basal threshold controlling photoperiod slowing effect hours 5 12  iamf date of end of juvenile phase julian day 

phosat saturating threshold controlling photoperiod slowing effect hours 6 14  iamf date of end of juvenile phase julian day 

stlevamf cumulative thermal time between emergence and end of juvenile phase Dd 100 1000  iamf date of end of juvenile phase julian day 

2b Crop development stamflax 
cumulative thermal time between end of juvenile phase and maximum 

LAI Dd 100 1000  ilax date when LAI is maximum julian day 

stlevdrp cumulative thermal time between emergence and begining of grain filling Dd 100 1500  idrp date of begining of grain 
filling 

julian day 

3a Leaves dlaimaxbrut maximum rate of the setting up of LAI m2 plant-1 Dd-1 0.0005 0.05  lai(n) Leaf Area index - 

  
adens interplant competition parameter - -2 0  lai(n) Leaf Area index - 

bdens minimal density above which interplant competition starts plant m-2 1 30  lai(n) Leaf Area index - 

durvieF maximal lifespan of an adult leaf - 10 500  lai(n) Leaf Area index - 

4 Root growth  croirac elongation rate of the root apex cm Dd-1 0.005 0.5  zrac Rooting depth cm 

draclong maximum rate of root length production per plant cm plant-1 Dd-1 1 1000  

HR(1), 
HR(2), 
HR(3), 
HR(4) 

Soil water content in layer 
1,2,3,4 (%) 

- 

5a Shoot growth efcroijuv maximum radiation use efficiency during the juvenile phase g MJ-1 1 4  masec Above ground biomass t ha-1 

efcroirepro maximum radiation use efficiency during the grain filling phase g MJ-1 2 5  masec Above ground biomass t ha-1 

efcroiveg maximum radiation use efficiency during the vegetative stage g MJ-1 2 5  masec Above ground biomass t ha-1 

5b Shoot growth abscission fraction of senescent leaves falling to the soil - 0 100  masec Above ground biomass t ha-1 

ratiosen fraction of senescent biomass (relative to total biomass) - 0 1  masec Above ground biomass t ha-1 

6 Nitrogen fixation fixmaxgr maximal N symbiotic fixation rate per unit of grain growth rate kg t-1 0 50  Qfix Above ground fixed plant N kg ha-1 

  
fixmaxveg maximal N symbiotic fixation rate per unit of vegetative growth rate kg t-1 0 50  Qfix Above ground fixed plant N kg ha-1 

7 Nitrogen uptake Kmabs2 affinity constant of N uptake by roots for the low uptake system µmole L-1 4000 40000  QNplant Total Above ground plant N kg ha-1 

Vmax2 maximum specific N uptake rate with the high affinity transport system µmole cm-1 h-1 0.002 0.1  QNplant Total Above ground plant N kg ha-1 

8a Yield formation cgrain slope of the relationship between grain number and growth rate grains g-1 day 0.01 1  chargefruit Number of filling grains grains m-2 



  
nbjgrain number of days used to compute the number of viable grains days 5 40  chargefruit Number of filling grains grains m-2 

   cgrainv0 number of grains produced when growth rate is zero grains m-2 0 15000  chargefruit Number of filling grains grains m-2 

8b Yield formation vitircarb rate of increase of the C harvest index versus time g grain.g -1 day-1 0.001 0.02  mafruit Grain yield  t ha-1 

  
tmaxremp maximal temperature above which grain filling stops °C 10 40  mafruit Grain yield  t ha-1 

9 Grain N content  vitirazo rate of increase of the N harvest index versus time g grain g-1 d-1 0.001 0.06  QNgrain Grain N content kg ha-1 

  



Table 4: Values of faba bean parameter as calibrated in the STICS crop model for experiments in Auch and Auzeville, France.  

Parameter  

Process Acronym Description Value  Source 

Emergence tdmin basal temperature for crop development  0 Tribouillois et al. (2016) 

belong parameter of coleoptile elongation curve 0.0200 mathematical optimisation 

celong parameter of plantlet elongation curve 6.20 mathematical optimisation 

Crop development sensiphot index of photoperiod sensitivity (1=insensitive) 0.6 mathematical optimisation 

jvc number of vernalising days 3 mathematical optimisation 

phobase basal photoperiod controlling photoperiod slowing effect 5.7 mathematical optimisation 

phosat saturating photoperiod controlling photoperiod slowing effect 12 mathematical optimisation 

stlevamf cumulative thermal time between emergence and end of juvenile phase 518 mathematical optimisation 

stamflax cumulative thermal time between end of juvenile phase and maximum LAI  700 mathematical optimisation 

stlevdrp cumulative thermal time between emergence and begining of grain filling 1180 mathematical optimisation 

Leaves dlaimaxbrut maximum rate of the setting up of LAI 0.0025 mathematical optimisation 

adens interplant competition parameter -0.50 mathematical optimisation 

bdens minimal density above which interplant competition starts 1 mathematical optimisation 

durvieF maximal lifespan of an adult leaf  220 mathematical optimisation 

Root growth  croirac elongation rate of the root apex 0.07 mathematical optimisation 

draclong maximum rate of root length production per plant 810 mathematical optimisation 

Shoot growth efcroijuv maximum radiation use efficiency during the juvenile phase 1 mathematical optimisation 

efcroirepro maximum radiation use efficiency during the grain filling phase  3.5 mathematical optimisation 

efcroiveg maximum radiation use efficiency during the vegetative stage  2.3 mathematical optimisation 

abscission fraction of senescent leaves falling to the soil 1 mathematical optimisation 

ratiosen fraction of senescent biomass (relative to total biomass) 0.75 mathematical optimisation 

 temin basal temperature for photosyntesis 0 Tribouillois et al. (2016) 

 teopt optimal temperature for photosynthesis 24 Tribouillois et al. (2016) 

 temax maximal temperature for photosynthesis 34 Tribouillois et al. (2016) 

Nitrogen fixation fixmaxgr maximal N symbiotic fixation rate per unit of grain growth rate 17 mathematical optimisation 

fixmaxveg maximal N symbiotic fixation rate per unit of vegetative growth rate 27 mathematical optimisation 

 tempnod1,2,3,4 cardinal temperatures driving N2 fixation 0,16,25,40 Boote et al. (2002) 

Nitrogen uptake Kmabs2 affinity constant of N uptake by roots for the low uptake system 33300 mathematical optimisation 

Vmax2 maximum specific N uptake rate with the high affinity transport system 0.16 mathematical optimisation 

Yield formation cgrain slope of the relationship between grain number and growth rate  0.0475 mathematical optimisation 

nbjgrain number of days used to compute the number of viable grains 9 mathematical optimisation 

 cgrainv0 number of grains produced when growth rate is zero 0.172 mathematical optimisation 

Yield formation vitircarb rate of increase of the C harvest index vs time 0.04 mathematical optimisation 

tmaxremp maximal temperature above which grain filling stops 33 mathematical optimisation 

 nbgrmin minimum number of grains 360 Measurement 



 nbgrmax maximum number of grains 1120 Measurement 

 pgrainmaxi maximum weight of one grain 0.57 Measurement 

 irmax maximum harvest index 0.6 Measurement 

Grain N content  vitirazo rate of increase of the N harvest index versus time 0.056 mathematical optimisation 

 




