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Abstract 11 

Climate change will bring warmer and wetter conditions and more frequent extreme events in the Nemoral 12 

climate zone. These changes are expected to affect maize growth and yields. In this study, we applied the AgroC 13 

model to assess climate change impact on changes in growing environmental conditions, growing season length, 14 

yield and potential yield losses due to multiple abiotic stresses. The model was calibrated and validated using data 15 

from dedicated field experiments conducted in Lithuania during four meteorologically contrasting years (2015, 16 

2016, 2017 and 2019). We simulated the climate impacts on rainfed maize for long-term future climate conditions 17 

from 2020 to 2100 under the RCP2.6 (low), RCP4.5 (medium) and RCP8.5 (high) emission scenarios. As a result, 18 

we found that air temperature, sum of growing degree days and amount of precipitation during the growing season 19 

of maize will increase, especially under medium and higher emission scenarios (RCP4.5 and RCP8.5), with 20 

significantly positive effect on yields. The simulation results showed that average maize grain yield will increase 21 

under RCP2.6 by 69 kg ha-1 per decade, under RCP4.5 by 197 kg ha-1 per decade and under RCP8.5 by 304 kg ha-22 
1 per decade. The future potential maize yield reveals a progressive increase with a surplus of +10.2% under 23 

RCP4.5 and +14.4% under RCP8.5, while under RCP2.6 the increase of potential yield during the same period 24 

will be statistically not significant. The yield gap under RCP2.6 and RCP4.5 will fluctuate within a rather narrow 25 

range and under RCP8.5, it will decrease. 26 
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1. Introduction 28 
 29 

Agricultural systems are inherently sensitive and vulnerable to climate fluctuations and the predicted 30 

future warming poses a substantial threat to crop production in many regions worldwide (IPCC, 2019). Rising 31 

temperatures, changing precipitation patterns, and higher frequency of droughts inducing crop water stress, as well 32 

as changes in frost, heat or cold stress have already impacted crop growth, development and yields (Ray et al., 33 

2019). Climate variables can explain 20–49% of the variability of different crop yield anomalies on a global scale 34 



(Vogel et al., 2019), whereby the strength of the climate change impact on crop production varies between regions 35 

and crops. Studies analysing climate change impacts from other factors (adapted management) influencing crop 36 

yields, have shown that, in many higher-latitude regions, yields of various crops (e.g. maize, sugar beet and wheat) 37 

were positively impacted throughout the last decades, while in many lower-latitude regions, the effects of climate 38 

change on specific crops (e.g. maize and wheat) was mostly negative in terms of yield (IPCC, 2019). 39 

With future changing climate, the agricultural sector in the Nordic region can be either a winner or loser, 40 

and adaptation and management strategies for crop production will be one of the most important factors to avoid 41 

negative effects and to benefit from future climatic changes (Wiréhn, 2018). In general, the Nordic/Baltic region 42 

is characterised by rather high interannual variability in temperature and precipitation due to varying maritime, 43 

continental and Artic influences, depending on the large-scale circulation. Currently, air temperatures are below 44 

optimum level for maximum photosynthesis rates for many crops (e.g. maize, soybean) in the Nordic region. 45 

However, the region 600 North is one of the regions globally most affected by warming, with a significant increase 46 

of annual mean air temperature of 0.11 0C per decade over the period 1871−2011 (BACC Author Team, 2015) 47 

compared to a global mean air temperature increase of 0.06 0C per decade for the same period (IPCC, 2007). The 48 

study of Jaagus et al. (2014) provides data for the last six decades and they observed substantially increasing trends 49 

in maximum and minimum temperatures measured in spring (March and April) and in summer (July and August) 50 

for the Baltic countries. Additionally, for the next few decades, an even stronger increase in relation to the global 51 

mean temperature is predicted for the Nordic/Baltic region (BACC Author Team, 2015). Annual precipitation had 52 

increased in Northern Europe and decreased in Southern Europe (Kjellström et al., 2011). However, in-season 53 

precipitation distribution is much more important for plant growth and development. Jaagus et al. (2018) report 54 

that, for the period 1966−2015, monthly precipitation already increased during the winter season by about 10 mm 55 

per decade in Baltic countries. Precipitation variability during summer increased in frequency and intensity of 56 

extreme events also increased, leading to waterlogging, droughts and water shortages. Even though the forecasted 57 

warmer and wetter growing conditions are generally expected to be beneficial for Northern Europe, more frequent 58 

extreme weather events (e.g. heavy rains, summer droughts) pose a challenge for crop production (Kovats et al., 59 

2014). 60 

Maize (Zea mays L.) is a warm season C4 plant and has a specialised physiology with Kranz anatomy, 61 

which makes it well suited for warm and dry climates. However, extensive breeding interventions have made this 62 

crop appropriate for colder regions as well (Chaudhary et al., 2014). Maize growing mainly spans between 58° N 63 

to 40° S, from below sea level to altitudes higher than 3000 m and in areas with 250 to more than 5000 mm of 64 

annual rainfall (Dowswell et al., 1996). Maize is one of the top crops for human food, animal feed and biofuel 65 

production. Maize production must double to meet the growing world demand in the future (Meng et al., 2016). 66 

Globally, rainfed maize yields will be negatively impacted by a global warming of 0.5 0C (Schleussner et al., 67 

2018). Future climate scenarios predict a loss of climatically suitable areas for maize cultivation in Central and 68 



South America and Sub-Saharan Africa. In contrast, currently cooler regions such as Northern Europe and North 69 

America benefit from climate change for maize growing and could turn from suitable to optimal areas for maize 70 

cultivation (Ramirez-Cabral et al., 2017). In addition, Elsgaard et al. (2012) estimated that the maize cultivation 71 

fraction of the total agricultural area in Denmark, Sweden, Finland and the Baltic countries will increase by 4% to 72 

an overall 20% until 2040. 73 

In general, maize grain yield in higher-latitude regions is significantly lower than the potential yield. A 74 

recent study has shown that in the Nemoral climate zone, potential maize grain yield can achieve about 11 t ha-1, 75 

whereby yield losses due to abiotic stress factors are in the range of 3.2 t ha-1 (Žydelis et al., 2018). Abiotic stress 76 

factors adversely affect growth and development as well as productivity and cause many physiological, 77 

morphological and biochemical changes in plants (Sanghera et al., 2011). Currently, cold stress remains the 78 

dominant environmental factor for potential yield loss in the Nemoral climate zone, while the impact of water 79 

stress is of secondary importance for maize growth and development (Olesen et al., 2011). The projected impact 80 

of future climate change on potential maize yields and yield gap has not yet been adequately addressed in the 81 

Nemoral climate zone. However, a comprehensive climate change assessment could provide valuable information 82 

to farmers/growers or policymakers on the optimum adaptation strategy and how to mitigate the impact of climate 83 

change. 84 

Traditional controlled environment and field experiments are restricted in analysing the effects of climate 85 

change on crops due to a relatively large number of possible combinations of temperature, precipitation, solar 86 

radiation and atmospheric CO2. Crop models are, on the other hand, a valuable tool to assess the crop response to 87 

climate change, overcoming the constraints of field experiments. However, most current generation crop models 88 

were primarily calibrated and used to predict average climate conditions based on long-term climate data 89 

(Reichstein et al., 2013), and their algorithms simulating abiotic and biotic stresses are not sufficiently 90 

parameterised due to a lack of supplementing experimental field data. Nevertheless, if field experiments carried 91 

out under contrasting climatic conditions are used in combination with crop models, this could potentially 92 

contribute to understanding mechanisms of multiple and confounding stress factors under future climate conditions 93 

(Rötter et al., 2018). 94 

The evolution of future climate is uncertain because of two main uncertainties in greenhouse gas 95 

emissions: (i) the financial and political turn of events; and (ii) a lack of information and understanding of the 96 

behaviour of the global climate system (Webber et al., 2020). Nevertheless, in recent years, the anticipated impact 97 

of future climate change on maize has been investigated (Araya et al., 2015; Ureta et al., 2020; Xiao et al., 2020). 98 

However, most of these studies have been conducted in areas where the current climate is suitable for maize 99 

cultivation and there remains a lack of studies in marginal climates. Besides, the majority of previous model studies 100 

used fixed planting days with a limited number of general circulation models (GCMs) and limited climate 101 

https://www.sciencedirect.com/science/article/abs/pii/S0378429017315174#!


information (growing degree days, temperature and precipitation changes) during the maize growth and 102 

development period. 103 

In this study, we calibrated and validated the AgroC model using a comprehensive multiyear grain maize 104 

experiment with contrasting climatic conditions (2015 − cool and dry; 2016 − warm and wet; 2017− cool and wet; 105 

2019 – warm and average precipitation) and provide a climate change impact assessment on maize yields using a 106 

plenteous number of GCMs and regional climate models (RCMs) under three representative CO2 concentration 107 

pathways (RCPs); RCP2.6, RCP4.5 and RCP8.5 in Nemoral climate conditions. The objectives of this study were 108 

as follow: (1) to quantify the effect of a warming climate on meteorological variables during the maize growing 109 

period; (2) to disentangle the impacts of the individual climatic variables on maize yield; and (3) to estimate maize 110 

yield potential and to disentangle and quantify the confounding impact of cold and water stress under future climate 111 

conditions 112 

2. Materials and methods 113 
 114 
2.1. Study site  115 

According to the environmental stratification of Europe, Lithuania is in the Nemoral climate zone, 116 

characterised as continental and cool with a rather short vegetation period. The southern part of Scandinavia, the 117 

Baltic states and Belarus are also attributed to this climate zone (Metzger et al., 2012). The territory of Lithuania 118 

is non-uniform in terms of air and soil temperature, precipitation distribution and soils. The average annual air 119 

temperature varies between 5.8–7.6 0C, and annual precipitation between 550–910 mm. The main soils are 120 

Luvisols, Cambisols, Gleysols, and Arenosols and cover 28.5, 15.9, 14.6 and 13.2% of the area, respectively. Field 121 

experiments with grain maize were conducted for four years at the Lithuanian Research Centre for Agriculture 122 

and Forestry located in Akademija (55° 39’ N, 23° 86’ E). Field experiment locations fall into the agro-climatic 123 

zone IID of central Lithuania (Bukantis, 2009), which is warm, relatively dry and typical for intensive cash crop 124 

production in Lithuania (see Fig. 1). The typical growing season starts in May and lasts until mid-October, the 125 

average temperature during the maize growing season is 13.9 0C (mean values over the period 1981−2010). The 126 

sum of growing degree days exceeds the Lithuanian average but according to soil water resources during the 127 

growing season, this zone is the driest in Lithuania and the seasonal (May−October) average precipitation is only 128 

335.7 mm (mean value over the period 1981−2010). 129 

 130 
2.2. Experimental layout 131 

The maize early-season variety, AGIRAXX (characterised as FAO 190), was sown at a density of 7 plants 132 

m-2 (70,000 plants ha-1; 0.75 m row spacing; 0.18 m plant spacing) at 6−8 cm depth in 2015−2017 and 2019 when 133 

the soil temperature in each year reached 8–10o C. This variety was bred in France by RAGT Seed Company 134 

(Saffron Walden, UK). It was chosen because of its early maturity and suitability for growth in this region. 135 



Fertilisers were applied manually and incorporated into the soil before maize seeding. Weeds were controlled using 136 

the herbicide MAISTER OD (rate 1.7 l ha-1). Maize harvesting was performed manually after the first autumn 137 

frosts. The experimental design included ten treatments with different nitrogen sources and fertiliser levels. In this 138 

study, where water and cold stresses were investigated, we focused on the plots which were fertilised with 139 

ammonium nitrate (170 kg N ha-1) and an additional mineral supply of superphosphate (90 kg ha-1 of P2O5) and 140 

potassium chloride (170 kg ha-1 of K2O), to ensure optimal growth and development conditions. A randomised 141 

complete block design with four replicates was used, each with an experimental plot size of 30 m2 (10 m length × 142 

3 m width), whereby the inner part of the plots of 12 m2 (8 m length × 1.5 m width) were harvested. The soil is 143 

classified as a Hypocalcic Stagnic Luvisol (Loamic, Drainic) (WRB, 2014). The main soil characteristics and 144 

management are presented in Table 1.  145 

2.3. Plant and soil data collection as input, calibration and validation data for AgroC 146 

During the maize vegetation period, plant development stages were frequently recorded. Maize vegetative 147 

and reproductive development stages were identified on the basis of the entire treatment when 50% or more of the 148 

plants were at a particular development stage. The leaf-collar method (Ritchie et al., 1986) was used for the 149 

development of vegetation stages, whereas reproductive stages were based on established visual indicators of 150 

kernel development.  151 

Maize total above-ground biomass (TAB) was sampled five times per growing season at vegetative leaf 152 

stages 8 and 14 (growth stages V8 and V14), at the reproductive tasselling/silking and milking stages (growth 153 

stages VT/R1 and R3) and at physiological maturity (growth stage R6). In total, 20 randomly selected plants from 154 

each treatment (five per replicate) were cut at the soil surface and separated into the main components (if present 155 

at the sampling date): leaf (leaf blades), stem (stem and leaf sheaths), storage organs (cob, husk and tassel) and 156 

grain. The individual maize components were weighed (fresh mass) and dried at 65 ± 5 °C to a constant weight 157 

(dry weight). At the R6 growth stage, when more than 50% of the plants showed a visible black layer at the base 158 

of the kernel, two central rows of each plot from an area of 8 × 1.5 = 12 m2 were cut to identify final TAB and 159 

grain yield. As in periodic biomass measurements, samples were taken from all replicates and oven-dried at 65 ± 160 

5 °C until a fixed weight to receive dry TAB and yield weight.  161 

Leaf area was measured five times per season (growth stages: V8, V14, VT/R1, R3, and R6), using a CL 162 

203 Handheld Leaf Area metre (CID® Inc, WA, USA); based on these results, the leaf area index (LAI) was 163 

calculated. 164 

For years 2015−2017 and 2019, the soil nutrient status was assessed for the arable soil layer (0−20 cm) 165 

from composite soil samples taken from 12 different locations within the experiment field. Soil pH, humus content, 166 

total nitrogen (Ntotal), plant-available phosphorus (P2O5) and potassium (K2O) were analysed. Additionally, soil 167 

samples were taken from 0−30 and 0−60 cm depths for nitrate and ammonium content. 168 



The soil hydraulic characteristics were measured in May 2017 using the HYPROP® (Meter Group, 169 

München, Germany) method as described by Schindler et al. (2010) in combination with the WP4® Dewpoint 170 

Potentiometer (Decagon Devices, WA, USA). Saturated hydraulic conductivity, Ksat, was measured using a falling 171 

head by the KSAT system (Meter Group, München, Germany). For all measurements, ten undisturbed soil samples 172 

of 250 cm3 were extracted from the major soil horizons at depths of 15–20, 40–45, 70–75, 90–95, and 120–125 173 

cm. Soil physical properties are summarised in Table 2. 174 

In the years 2015−2017, the volumetric soil water content (SWC) was measured regularly (11 175 

measurements in 2015 and 2017, eight measurements in 2016) at 0−10 cm soil depth using a portable TRIME-176 

FM2 TDR system (IMKO, GmbH, Ettlingen, Germany). In addition, SWC was determined on site using site-177 

specific calibrated ‘Watermark’ soil moisture sensors (Irrometer Company, Riverside, CA, USA) installed at 30 178 

and 60 cm depth and replicated every 7−14 days. 179 

 180 
2.4. AgroC model and parameterisation 181 

 182 
The agroecosystem model, AgroC, is a mechanistic model for simulating the one-dimensional flux of soil 183 

water, soil heat, carbon turnover and crop growth in agricultural systems. A description of the model can be found 184 

in Herbst et al. (2008) and Klosterhalfen et al. (2017). For the estimation of crop phenological development (DVS) 185 

a normalized time scale, which is proportional to the temperature sum, is used. The development stage DVS is 186 

assumed to equal 1 at plant fluorescence. At crop maturity, the DVS value is 2. The increase in DVS on a daily 187 

basis over the growing season is estimated based on a temperature-dependent development rate by:  188 

    189 

DVSi = DVSi-1 + kDVS,I (Ti)         (Eq. 1) 190 

  191 

where DVSt-1 represents DVS at the last timestep and kDVS,i is the development rate of DVS at the current timestep 192 

i, which is interpolated from two tables, one for DVS ≤ 1.0 and another one for DVS > 1.0, in dependence of daily 193 

average temperature T. Thus, lower development rates, usually observed after fluorescence, can be simulated. The 194 

two tables contain a number of temperature/kDVS pairs and a linear interpolation is used to calculate kDVS for the 195 

given temperature. The values of both tables are summarized in Supplementary Table 1.  196 

In this study, the AgroC model was firstly run for four years (2015−2017 and 2019) using already 197 

calibrated maize (growth, morphology and phenology) and soil (hydraulic properties) parameters. The calibration 198 

procedure is discussed in Žydelis et al. (2018). In 2017, the simulated results showed a rather high TAB 199 

discrepancy between the measured and simulated values; thus, additional maize experimental data gathered in 200 

2017 and in 2019 were used to recalibrate the AgroC crop parameters: 1 parameter = DVS (development stage) 201 

against fraction of dry matter allocated to the shoot; 2 parameter = DVS against reduction factor of maximal light 202 

assimilation rate; 3 parameter = mean temperature against reduction factor of maximal light assimilation rate, 203 



which are responsible for maize growth and development. The recalibrated plant parameters used in the simulation 204 

of future maize yields are shown in Table S1. Data from the experimental plots in 2015 (cool and dry) and 2016 205 

(warm and wet) were considered for model calibration and information from 2017 (cool and wet) and 2019 (warm 206 

and normal precipitation) growing seasons were used for model validation. For calibration and validation, 207 

measured experimental data of TAB partitioning (leaf, stem, storage organ weights, grain yield), LAI and SWC 208 

measured at 10, 30 and 60 cm depth were used.  209 

 210 
2.5. Climate data and climate change scenarios 211 
 212 
Daily weather records from 2015 to 2019, including maximum (Tmax), minimum (Tmin) and average (Tavg) 213 

temperatures (0C), precipitation (P, mm), relative humidity (%), wind speed at 2 m height (m s-1) and actual 214 

duration of daily sunshine (hours) were collected from the Dotnuva meteorological station of the Lithuanian 215 

Hydrometeorological Service (Ministry of Environment) located ~500 m from the maize experimental field (55° 216 

39’ N, 23° 86’ E, at 66.45 m elevation). Reference Penman–Monteith evapotranspiration (ET0,) (mm day-1) was 217 

calculated according to Allen et al. (1998). The sum of heat units accumulated during a day (growing degree days, 218 

GDD), expressed in 0C was calculated by subtracting the base temperature (80C) from the average air temperature. 219 

For twenty-first century future climate projections, weather data from the H2020 European long-term 220 

ecosystem and socio-ecological research infrastructure project (eLTER, 2020), which provides climate scenario 221 

data based on an ensemble of RCM simulations (Table S2), were used. Time series were extracted from an 222 

ensemble of EURO-CORDEX RCM simulations. Three different representative concentration pathways (RCPs) 223 

of optimistic RCP2.6 (global mean atmosphere temperature below 2 0C), medium RCP4.5, and more pessimistic 224 

RCP8.5 emission scenarios were used for the period 2020−2100. For each RCP scenario, daily data of eight 225 

meteorological variables were retrieved and used to predict future maize yield. 226 

The data was processed with the Climate DataOperator (CDO, 2020) v1.9.1, established by the Max 227 

Planck Institute for Meteorology (Max Planck Institute for Meteorology, 2020). The global atmospheric data were 228 

downscaled by using the information of 4 close by located weather stations, as described in more detail by Rennie 229 

et al. (2021).  No further bias adjustment was applied to the downscaled time series, although this may represent 230 

a limitation (Hoffmann et al., 2018). A first reason for not doing so was the necessity to obtain suitable reference 231 

observations (Casanueva et al., 2020), a task that is far from being obvious given the large uncertainty in 232 

observational data sets (Kotlarski et al.,2018; Herrera et al., 2019; Prein and Gobiet, 2017). A second reason was 233 

the spatial resolution mismatch between gridded climate data and point-scale weather stations. Finally, no 234 

correction was needed to account for a possible difference in altitude between grid point and station data since this 235 

test site is located just above sea level and also close to the coastline. 236 

 237 

 238 



2.6. Scenario settings 239 
 240 
The maize growing period was analysed using simulated data from planting to physiological maturity. To 241 

evaluate the effect of climatic variables on potential maize yield and yield gap, the simulations were run for each 242 

climate prediction (local downscaled) for the individual RCP scenarios. As future maize seeding dates were 243 

unknown, sowing dates for the three RCP scenarios were calculated based on air temperature information, as air 244 

temperature is a good indicator (especially in cool climates) to predict feasible germination and eventual 245 

emergence (Abendroth et al., 2011). To do so, a suitable sowing date was searched in the period between 1 March 246 

to 1 June, whereby the seeding date was set to the first occurrence of a daily minimum air temperature in a period 247 

of four days of at least 10.0 0C. Projected maize sowing date shifts used in the simulations of future climate under 248 

different RCP scenarios are shown in Figure S1. 249 

The effects of environmental limitations on maize yield were assessed as follows. In a first step, we 250 

calculated potential yield switching off plant responses to temperature and water (no abiotic stresses) and assuming 251 

optimal fertilization. In a second step, we turned off only the function describing temperature. This allowed 252 

calculating water-limited yields. In a third step, we repeated the procedure for evaluating temperature-limited 253 

yields, turning off this time the function describing water stress. Finally, we simulated actual maize yields turning 254 

on both response functions. The difference between potential yields and the yields obtained in steps two to four 255 

provides a measure of the yield gaps arising from cold temperature, water stress and both stressors combined. 256 

In total, 99 simulation runs were performed including different climate models, three RCPs and yield gap 257 

analysis. 258 

2.7. Statistical analysis 259 

Linear correlation-regression analyses were performed to estimate the relationships between climatic 260 

variables and maize yield. The statistical significance levels considered were: ‘ns’ to indicate no significance (p > 261 

0.05); ‘*’ to indicate 0.05 ≥ p > 0.01; ‘**’ to indicate 0.01 ≥ p > 0.001; and ‘***’ to indicate p ≤ 0.001. The 262 

coefficient of variation was calculated as the ratio of the standard deviation and mean. All statistical analyses were 263 

performed using SAS 9.4 (SAS Institute Inc., 2016). 264 

 265 

3. Results and discussion 266 
 267 
3.1. Model calibration and validation 268 
 269 
The simulation results after calibrating the AgroC model for SWC for the three measurement depths, TAB 270 

and its partitioning, LAI as well as DVS are shown in Figure 2 and Table 3 along with the R2 and root mean square 271 

error (RMSE). In general, the SWC for the three depth, TAB and its partitioning into grain yield, leaf, stem and 272 

storage organ biomass, as well as the LAI for the calibration period (2015–2016) were well represented. This also 273 



holds for the validation period (2017 and 2019) for the crop parameters and SWC (2017). Note, that no field 274 

experiment was performed in 2018. 275 

In more detail, the simulated temporal dynamics of the SWC for the upper soil layers during the calibration 276 

period (2015−2016) showed a fairly good agreement with an R2 of 0.51 and RMSE of 0.039 cm3 cm-3. The 277 

agreement between simulated and observed SWC during the validation period (2017) was tolerable, with an R2 of 278 

0.49 and RMSE of 0.051 cm3 cm-3. The SWC dynamics measured at 30 cm depth were slightly better represented 279 

by the simulations compared to the 10 cm depth with R2 values of 0.60 and lower RMSE values of 0.017 for the 280 

calibration period and an R2 of 0.70 and RMSE of 0.021 cm3 cm-3 for the validation period. During the calibration 281 

period, the observed SWC measured at 60 cm soil depth varied only in a narrow range during the maize growing 282 

season, while during the validation period, the SWC showed greater fluctuation and was closer to saturation. The 283 

statistical indicator, R2 and RMSE indicated that during calibration and validation periods the model captured the 284 

pattern of SWC dynamics at 60 cm (Fig. 2) moderately well. The R2 and RMSE values for the calibration period 285 

were 0.50 and 0.028 cm3 cm-3, respectively. For the validation period, the R2 and RMSE values were quite similar 286 

to those for the calibration period, with an R2 of 0.46 and RMSE of 0.032 cm3 cm-3. 287 

Simulated TAB over the growing seasons was also captured reasonably well by the model. The statistical 288 

measures of the calibration period (2015−2016) indicated a good agreement between observed and simulated TAB 289 

with an R2 and RMSE of 0.98 and 0.70 t ha-1, respectively. These statistical measures were slightly lower for the 290 

validation period (2017 and 2019), with an R2 of 0.98 and RMSE of 1.15 t ha-1. A similar model performance was 291 

found for grain yield, where the predicted values confirmed those observed during the calibration period, with an 292 

R2 of 0.98 and RMSE of 0.88 t ha-1. The validation results for grain yield showed an R2 of 0.98 and RMSE of 0.62 293 

t ha-1, indicating similar results in relation to the calibration. In general, grain yields varied substantially among 294 

the different years and yields were higher by ≈ 31.3% than the average yield reported by Lithuanian Farmers for 295 

the investigated years (Eurostat, 2020). 296 

The ability of the AgroC model to simulate LAI is shown in Figure 2. Observed LAI varied between the 297 

years, but simulated LAI in some years overestimated the observations. The statistical measures were reasonably 298 

good during the calibration years with an R2 of 0.97 and RMSE of 0.63. In the validation years, the R2 for LAI 299 

was 0.92 while the RMSE was 0.99.  300 

Simulated maize emergence, flowering, and harvest date differed by 2 to 4, 0 to 2, and 3 to 5 days from 301 

the observed date, respectively. 302 

 303 

3.2. Projected changes in meteorological conditions during future maize growing seasons  304 
 305 

In a first step, we analysed the projected future air temperature, the sum of growing degree day (GDD) 306 

and precipitation over the future maize growing season for the period 2020−2100 (Fig. 3). Therefore, we calculated 307 

the arithmetic mean and the standard deviation of the individual climatic variables of all downscaled projections 308 



for each of the three individual RCPs (RCP2.6, RCP4.5 and RCP8.5). Based on the mean, a linear trend was 309 

calculated and is plotted in Figure 3. A clear warming and wetting trend under RCP4.5 and RCP8.5 was predicted, 310 

while for the RCP2.6, no clear trend could be found for the study region, neither for temperature nor for 311 

precipitation. For the mean temperature, the linear upward trends were ≈ 0.34 0C per decade, from 15.0 0C in the 312 

2020s to 17.4 0C in the 2090s for RCP8.5, and ≈ 0.19 0C per decade, from 14.9 0C in the 2020s to 16.2 0C in the 313 

2090s for RCP4.5. The predicted sum of GDD showed an even larger increase compared to the mean temperature 314 

of ≈ 60.0 0C per decade for RCP8.5, ≈ 27.0 0C per decade for RCP4.5 and only ≈ 2.9 0C per decade for RCP2.6. 315 

Projected changes in precipitation over the maize growth period indicated an increase of precipitation, whereby 316 

the precipitation was highly variable between years (Fig. 3). Nevertheless, precipitation increased ≈ 6.3 mm per 317 

decade from 394.2 mm in the 2020s to 438.2 mm in the 2090s for RCP8.5 and ≈ 4.2 mm per decade from 366.5 318 

mm in the 2020s to 396.1 mm in the 2090s for RCP4.5. A slightly different picture can be seen for RCP2.6, where 319 

precipitation increased from 362.2 mm in the 2020s to 402.8 mm in the 2050s and decreased thereafter to 365.2 320 

mm in the 2060s and increased again to 391.2 mm for the 2090s. 321 

In general, the data show that air temperature, the sum of GDD and precipitation during the maize growing 322 

season will clearly increase in RCP4.5 and RCP8.5 scenarios, with the picture being less clear for the RCP2.6 323 

scenario.  324 

 325 
3.3. Climate change impact on maize growing season length 326 
 327 
Based on the data presented above, the length of the maize growing season (sowing to physiological 328 

maturity taken from the simulation results) was calculated for the different decades and reveals a progressive 329 

decrease from 152 days in the 2020s to 145 days in the 2090s (−4.6%) for RCP2.6, from 151 days in the 2020s to 330 

142 days in the 2090s (−5.9%) for RCP4.5 and from 149 days in the 2020s to 137 days in the 2090s (−8.1%) for 331 

RCP8.5. Generally, the maize growth period decreased more rapidly under RCP8.5 (−1.8 days per decade) 332 

compared to RCP4.5 (−1.4 days per decade) or RCP2.6 (−1 day per decade), indicating that larger changes in 333 

climatic conditions, as shown in Figure 3, will lead to shortened growth periods, which will lead to a possible 334 

increase of effective maize growing days i.e. days combining sufficient temperature and water availability. 335 

Currently, the low number of plant effective growing days is likely to be a rather significant limiting factor 336 

influencing modest yields in the Northern European regions (Peltonen-Sainio, 2012) 337 

 338 

In a next step, the climate induced changes in maize phenology were estimated. Hereby, the vegetative 339 

(sowing−tasselling) and reproductive (silking−maturity) period lengths were highly relevant. The results showed 340 

that the maize vegetative period will gradually and significantly (p < 0.05) decrease under RCP4.5 and RCP8.5, 341 

with a decreasing trend of −0.62 and −0.37 days per decade for RCP8.5 and RCP4.5. On the other hand, the 342 

average maize vegetative period length under RCP2.6 will remain stable under future climate conditions (≈ 3 343 



months ranging between 98−100 days). A similar declining trend was calculated for the maize reproductive (grain 344 

filling) period but reproductive period under all emissions scenario will shorten approximately twice as fast as the 345 

vegetative period with −0.68, −0.98, and −1.13 days per decade under RCP2.6, RCP4.5, and RCP8.5, respectively. 346 

Based on these data, more favourable growing conditions will likely promote the northward expansion of maize 347 

cultivation due to the stronger growth compared to other cereal plants. 348 

 349 
3.4. Simulated future maize yields 350 

 351 
AgroC simulated maize TAB showed a continuous and significant (p < 0.05) increasing trend under 352 

RCP4.5 and RCP8.5, with an increase of 354 and 315 kg ha-1 per decade for RCP8.5 and RCP4.5 under long-term 353 

future climate conditions (Fig. 5). The average TAB increase under RCP2.6 was not significant and reached 354 

approximately only half (190 kg ha-1 per decade) of the increase of the higher emission scenarios (RCP4.5 and 355 

8.5). For grain yield, the 80-year linear upward trend indicated an increase rate of 304 and 197 kg ha-1 decade for 356 

RCP8.5 and RCP4.5, respectively, and only 69 kg ha-1 decade for RCP2.6, which is only ⅓ and ¼ of the increase 357 

was found for the higher emission scenarios. Improvements in maize harvest index (harvest index HI = ratio of 358 

TAB to GY) can be expected, especially under RCP8.5 scenario with an increase from 47.0 % in the 2020s to 51.0 359 

% in the 2090s. A slight increase is also forecasted under RCP4.5 from 46.9 % in the 2020s to 48.8 % in the 2090s, 360 

while under RCP2.6 HI will remain constant and reach ~ 46.0 %. The coefficient of variation (CV) of the maize 361 

TAB, associated with interannual fluctuations, varied between 13.8−15.9% under RCP2.6, from 15.6 to 19.6% 362 

under RCP4.5, and from 13.8 to 16.9% under RCP8.5. Grain yields, on the other hand, generally showed slightly 363 

higher CV from 12.1 to 16.7% under RCP2.6, from 17.2 to 21.3% under RCP4.5, and from 16.3 to 21.2% under 364 

RCP8.5, respectively. The relatively large TAB and grain yield fluctuations within each year provide a good 365 

opportunity to analyse the effect of individual future weather variables on maize productivity.  366 

The study of Iizumi et al. (2017) revealed that global maize yields, with limited warming (RCP2.6), will 367 

stagnate across 83% of the global growth area by the end of twenty-first century even if agronomic adjustments 368 

(field management systems, sowing date) are considered. The authors also stated that the maize yield stagnation 369 

will be even more severe under faster warming conditions (RCP4.5 and RCP6.0) and finally, will start to decrease 370 

under the pessimistic RCP8.5 scenario with the highest warming. In contrast, our study shows that climate change 371 

will have a positive effect on maize yield under the Nemoral climate, being one of the regions worldwide which 372 

will positively benefit from global warming with respect to increased maize yields. 373 

 374 

3.5. Relations between climatic variables and maize grain yield 375 
 376 
In order to find relations between the climatic variables and simulated future maize yields, linear 377 

regressions between mean air temperature, sum of GDD, precipitation over the growing period and grain yield 378 



were established (see Fig. 6). A significant positive regression was found between mean temperature and grain 379 

yield, whereby the R2 values were low for RCP2.6 at 0.19 and moderate for RCP4.5 and RCP8.5 at 0.42 and 0.63, 380 

respectively. The sum of GDD showed slightly higher regression coefficients for all RCP scenarios. This effect 381 

was strongest under RCP8.5 (R2 = 0.68, p < 0.001), moderate under RCP4.5 (R2 = 0.52, p < 0.001), while under 382 

RCP2.6, the GDD effect on maize yield was low (R2 = 0.27, p < 0.001). Based on this, we can conclude, that GDD 383 

(amount of warmth available for plant growth) is the main climatic factor affecting positive maize grain yield 384 

changes in Nemoral climates. In contrast, the effects of precipitation changes were less pronounced in relation to 385 

the mean temperature and sum of GDD on maize yield with a non-significant regression under RCP2.6, low under 386 

RCP4.5 (R2 = 0.16, p < 0.05) and RCP8.5 (R2 = 0.21, p < 0.001). 387 

 388 
3.6.  Potential maize yields and yield gap 389 

 390 
The predicted potential maize yield (without water and cold stress) showed a continuous and significant 391 

increase from 11.1 t ha-1 in the 2020s to 12.7 t ha-1 in the 2090s (+14.4%) for RCP8.5, and from 10.9 t ha-1 in the 392 

2020s to 12.0 t ha-1 in the 2090s (+10.2%) for RCP4.5. Potential maize yield increase under RCP2.6 was not 393 

significant within narrow limits from 10.4 to 11.5 t ha-1 (see Fig. 7). In general, the projected increase of potential 394 

maize yields under RCP8.5 were slightly higher (0.23 t ha-1 per decade) than under RCP 4.5 (0.16 t ha-1 per decade), 395 

while for the RCP2.6, no clear trend for potential yield could be found. 396 

According to the global yield gap atlas (www.yieldgap.org), the highest water-limited yield potential (90th 397 

percentile; > 10.0 t ha-1) of rainfed maize in Europe is estimated for Atlantic Central (Belgium – 12.6, Netherlands 398 

– 13.0 t ha-1), Alpine South (Austria – 12.5, Switzerland – 12.7 t ha-1), as well continental climate zones (Germany 399 

– 11.0, Poland – 11.0 t ha-1) for the current climate. For irrigated maize, the highest yields in Europe were estimated 400 

for northern, southern and mountainous Mediterranean zones (Spain – 14.7, Portugal – 15.1, France – 14.6, Italy 401 

– 13.8 and Greece – 13.3 t ha-1). According to our findings, by the end of the 21st century, the potential maize yield 402 

will increase under Nemoral climate conditions. Considering climate change, maize can become a new, widely 403 

grown crop at latitudes > 600 in future due to on average more favourable growing conditions (warmer and wetter). 404 

The simulated maize yield loss in individual years due to water stress varied from 0.14 to 2.64 t ha-1, which 405 

equals a relative yield gap from 2.2 to 26.1% under RCP2.6, from 2.2 to 20.4% under RCP4.5 (0.16 to 2.17 t ha-406 
1), and 1.8 to 20.1% under RCP8.5 (0.14 to 2.77 t ha-1). On the other hand, yield loss due to water stress showed a 407 

constant decrease from 1.0 t ha-1 (relative yield gap of 9.5%) in the 2020s to 0.8 t ha-1 per decade (8.4%) in the 408 

2050s, and started to increase steadily to 1.5 t ha-1 per decade (13.0%) in the 2080s with a further decrease to 1.1 t 409 

ha-1 per decade (9.7%) for the 2090s under RCP2.6 (Fig. 7). Rather different trends prevailed under the RCP4.5 410 

scenarios. Maize yield losses due to water shortage would increase from 0.7 t ha-1 per decade (6.7%) in the 2020s 411 

to 1.2 t ha-1 per decade (10.8%) in 2040s, then decrease to 0.6 t ha-1 per decade (5.4%) in the 2050s, and start to 412 

increase to 1.1 t ha-1 per decade (9.1%) in the 2080s, eventually decreasing again to 1.0 t ha-1 per decade (8.2%) 413 

https://l.facebook.com/l.php?u=http%3A%2F%2Fwww.yieldgap.org%2F%3Ffbclid%3DIwAR1lzcckDJUKqUB0ux_M2Y8sbjbFfhTwLv7Ti2nVzwZo1eF8JxyOIjkSnZQ&h=AT3tKDOfpXncihMkDJaRqQrW88mPN5sz1sMsSYxoWZYWkoepsbZ0H1Sv35cRT7lFR2dI9XiceFMZRPBTvpBiL4OFS9iLuldt9GuAG76GISKYSY9JBXyhhEWz1UNjHme-WzHsrw


in the 2090s. A more severe trend in maize yield losses can be seen under RCP8.5 where two periods can be clearly 414 

distinguished. From the 2020s to 2050s, yield losses due to water stress will increase from 0.7 t ha-1 per decade 415 

(or 6.6%) to 1.4 t ha-1 per decade (or 11.1%), and decrease to 1.2 t ha-1 per decade (10.1%) in the 2060s before 416 

constantly increasing to 1.5 t ha-1 per decade (12%) in the 2090s. 417 

Although, projected changes in precipitation over the maize growth period indicated an increase of 418 

precipitation under higher emission scenarios in RCP4.5 and RCP8.5 (Fig. 3), climate change will possibly 419 

increase the variability and distribution (the yearly coefficient of variation will increase) of seasonal precipitation; 420 

thus, increasing total precipitation will not necessarily be sufficient to supply the maize with water over the entire 421 

growing period. For Europe, Schaldach et al. (2012) provided an overview of possible climate change effects on 422 

agriculture and concluded that, in Northern Europe, the increase in air temperatures will increase potential 423 

evapotranspiration, not assessing improved water use efficiency caused by elevated CO2 concentrations, and may 424 

lead to an increased water demand for irrigation for some crops including maize. Therefore, water stress will be a 425 

significant abiotic factor limiting maize yields, even though the total amount of precipitation will probably increase 426 

in future. In fact, the most critical period for maize growth is from tasselling to silking (VT−R1) and any stress, 427 

especially water stress, during this period significantly reduces the kernel number per ear and also the kernel 428 

weight (Abendroth et al., 2011). In contrast, water stress occurring during maize vegetative development stages 429 

(VE−VT) significantly affects crop height, leaf size and weight (Çakir, 2004), while a water deficit during maize 430 

maturation stages (R4−R6) directly reduces the grain filling rate (Zhang et al., 2019). 431 

The simulated maize yield losses due to low temperature stress (= cold stress at temperatures < 8 0C) 432 

varied from 1.2 to 3.9 t ha-1 (10.7–40.0%) under RCP2.6, from 1.8 to 3.8 t ha-1 (16.5–31.0%) under RCP4.5 and 433 

from 1.1 to 3.6 t ha-1 (8.8–31.8%) under RCP8.5 (Fig. 7), respectively.  434 

The simulated trend in grain yield losses due to low temperatures did not show the same temporal pattern 435 

under different RCP scenarios. For the RCP2.6 scenario, two periods of cold stress can be distinguished. One from 436 

the 2020s to the 2040s, where the yield losses due to cold stress varied in a rather narrow range with on average 437 

2.4–2.7 t ha-1 per decade (22.8−24.6% yield gap), and a second period (2050s to 2090s), where the cold stress 438 

would cause slightly lower maize yield losses varying from 2.3 to 2.5 t ha-1 per decade or 20.8−23.4%. A slightly 439 

different trend can be observed under RCP4.5, where the yield losses due to low temperatures in the future three 440 

decades will fluctuate in a range from 2.6 to 3.1 t ha-1 per decade (22.9−26.9%), whereby the yield losses will 441 

progressively decrease from 2.7 t ha-1 (25.5%) in 2050s to 2.3 t ha-1 (19.0%) in 2090s. In contrast, a different 442 

picture can be seen for RCP8.5, where yield losses steadily decreased for every decade from 3.0 t ha-1 per decade 443 

(26.9%) in the 2020s to 1.6 t ha-1 per decade (12.7%) in the 2090s. In conclusion, the results showed that yield 444 

losses due to low temperatures simulated under the RCP4.5 and RCP8.5 scenarios are expected to decrease in the 445 

mid and long-term future (2050−2090s), whereby it is likely that this decrease will be caused by the projected 446 

changes in the length of the decadal maize growing season. 447 



Water and cold stress are among the two most important environmental factors affecting maize growth, 448 

development and yield developing processes under a Nemoral climate. Currently, the main climatic limitation of 449 

maize growth in Nemoral regions is the growing season length, occurrence of late and early frosts, low soil water 450 

conditions during the growing season and associated droughts (Olesen et al., 2011). Although, the effect of water 451 

and cold stress on maize growth has been widely studied individually (e.g. Riva-Roveda et al., 2016; Sah et al., 452 

2020), little is known about their combined effect on maize yield losses under future climate conditions in the 453 

Nemoral climate zone. Under natural field conditions, multiple stress factors often occur in combination, and 454 

therefore, we analysed how much maize yield losses can be expected when both stress factors occur in 455 

combination. 456 

The simulated maize yield losses due to combined water and cold stress varied from 2.2 to 6.3 t ha-1 (15.9–457 

53.6%) under RCP2.6, from 2.1 to 4.9 t ha-1 (21.5–39.1%) under RCP4.5 and from 1.9 to 5.1 t ha-1 (18.3–39.3%) 458 

under RCP8.5. 459 

When analysing maize yield losses as a result of combined water and cold stress for the RCP2.6 scenario, 460 

two periods can be distinguished. During the first period, i.e. from the 2020s to the 2050s, yield losses consistently 461 

decreased from 3.7 t ha-1 to 3.2 t ha-1. During the second period, i.e. from the 2060s to the 2090s, the average 462 

decade yield losses were slightly higher and fluctuated from 3.2 to 3.9 t ha-1. Under the RCP4.5 scenario, yield 463 

losses during the next five decades (2020−2060s) will fluctuate in the range of 3.3 to 4.0 ha-1 (or 30.9–34.4%) and 464 

then slightly decrease in the long-term future (2070–2090s) and will range from 3.3 to 3.6 t ha-1 (27.1–29.5%). 465 

Despite the fact that the potential maize yield under RCP8.5 showed a continuous increase, the yield losses in the 466 

next eight decades will be similar and will fluctuate in the range of 3.1 to 4.0 t ha-1, while the relative yield gap 467 

under the RCP8.5 scenario will steadily decrease from 33.5% in the 2020s to 24.7% in the 2090s. Schils et al. 468 

(2018) analysed cereal yield gaps across Europe and found that the yield gap of rainfed maize can reach up to 8.9 469 

t ha-1, or up to 75%. They also concluded that, in Western Europe, the relative yield gap is below 30%, while in 470 

Eastern Europe, the yield gap is slightly higher and reaches more than 40%. The study of Liu et al. (2017) found 471 

that, in all of China, the rainfed maize yield gap is ≈ 35%, while in different regions the yield gap may range from 472 

≈ 15 to 47% (Northeast China – 35%, Northwest China – 15%, North China Plain – 31% and Southwest China – 473 

47%). 474 

 475 
4. Summary and conclusions 476 

 477 
In the present study, the agroecosystem model, AgroC, was used and driven by local downscaled climate 478 

data from different GCMs for the next 80 years under RCP2.6, RCP4.5 and RCP8.5 emission scenarios to assess 479 

the impacts of climate change on rainfed maize production in the Nemoral climate conditions of Lithuania. 480 

Previously, the model was calibrated and validated using multiyear field experiments under contrasting weather 481 

conditions. By analysing the long-term future climate conditions for this region, it was found that the air 482 



temperatures, the sum of GDD and the amount of precipitation will increase, particularly under the higher emission 483 

scenarios (RCP4.5 and RCP8.5) during the maize growing period, which will generate warmer and wetter 484 

environmental conditions for maize growth. The projected more favourable environmental conditions will 485 

primarily result in increasing number of effective growing days, which will have a positive effect on grain yields.  486 

The simulation results verified this assumption, as the average maize grain yield will increase under 487 

RCP8.5 by 304 kg ha-1 per decade and under RCP4.5 by 197 kg ha-1 per decade. The smallest emission scenario 488 

(RCP2.6) indicated a lesser increase of only 69 kg ha-1 decade. Additionally, the potential maize yields and yield 489 

gaps were calculated. Under RCP4.5 and RCP8.5, the potential yield reveals a progressive increase in future with 490 

a surplus of +10.2% (2020s – 10.9 t ha-1; 2090s −12.0 t ha-1) under RCP4.5 and +14.4% (2020s – 11.1 t ha-1; 2090s 491 

– 12.7 t ha-1) under RCP8.5, while under RCP2.6, the increase of potential yield during the same period will be 492 

statistically not significant. The simulated yield losses due to water and temperature stress for the 2020−2100 493 

period showed a wide range and varied from 15.9 to 53.6% under RCP2.6, from 21.5 to 39.1% under RCP4.5 and 494 

from 18.3 to 39.3% under RCP8.5. In summary, our results suggest that while potential yields could significantly 495 

increase in future, yield gaps would remain at similar levels as found under present climatic conditions or even 496 

decrease. 497 

In our study, we demonstrated that, in the short, mid and long-term future, projected climate change in the 498 

Nemoral climate zone will generate favourable conditions for maize growth, i.e. maize yields and yield potential 499 

will steadily increase, while the yield gap will remain constant or even decrease slightly. These maize-friendly 500 

growing conditions, together with agronomic adjustments (longer season varieties, adjusted sowing time), 501 

agricultural policy and market conditions could trigger a significant increase in maize cultivation at the expense 502 

of other crops. In another study, Parent et al. (2018) concluded that by 2050 climate change could have positive 503 

impacts on maize yields in Europe based on the assumption that farmers will use optimal practices, i.e. adapting 504 

plant cycle duration and sowing dates to the diversity of environmental conditions. Whether the assumption will 505 

effectively be put in practice remains to be seen, but the results of our study certainly provides a motivation for 506 

farmers to adopt maize as a main crop also in the Nemoral climate zone of Lithuania. 507 
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 675 
 676 

Figure 1. Lithuanian agroclimatic zones (on the left) and geographical positions of the studied maize 677 
experimental fields for the years 2015−2017 and 2019 (on the right). The numbers (I, II, III) and the letters (a, b, 678 

c, d, e) denote districts and subdistricts of agroclimatic zones, respectively. 679 
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 682 



 683 
Figure 2. Comparison between the observed (dots, error bars) and simulated (lines) volumetric soil water content (θ) at three 684 
depths (0–10, 30 and 60 cm), total above-ground biomass (TAB), grain yield, leaf, stem and storage organ weights, dry matter, 685 
leaf area index and development stages (DVS) for the calibration (2016–2016) and validation (2017 and 2019) periods for 686 
rainfed maize in Akademija. SAT is the water content at full saturation and PWP is the water content at permanent wilting 687 
point, calculated from the retention function measured in the lab (see Table 2). 688 
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 690 
Figure 3. Projected seasonal mean air temperature, the sum of growing degree days (GDD) and precipitation under different 691 
climate change scenarios (RCP2.6, RCP4.5 and RCP8.5). The coloured lines show the mean values, while the filled areas 692 
show the standard deviation and the black line is the linear trend. 693 
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 705 
Figure 4. Projected changes in decadal maize growing season length (left), vegetative growing season length (middle) and 706 
reproductive growing season length (right) for the time period 2020−2100 under RCP2.6, RCP4.5 and RCP8.5. Each boxplot 707 
presents the different downscaling of the individual GCMs. Box boundaries indicate the 25th and 75th percentiles, whiskers 708 
below and above indicate minimum and maximum values. Lines and rectangles within each box indicate median and mean, 709 
respectively. The coloured lines (figures in middle and right) show the mean values, while the filled areas show the standard 710 
deviation and the black line is the linear trend. 711 
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 722 
Figure 5. Predicted total above-ground biomass (TAB) and grain yield as dry matter for the long-term future climate change 723 
(2020−2100) under RCP2.6, RCP4.5 and RCP8.5. The coloured lines show the mean values, while the filled areas show the 724 
standard deviation and the black line is the linear trend. 725 
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 738 
Figure 6. Linear regression between mean air temperature, sum of growing degree days (GDD) and precipitation over the 739 
growing season and dry matter grain yield for RCP2.6, RCP4.5 and RCP8.5. * p < 0.05, ** p <0.01, *** p<0.001 740 
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 754 
 755 

Figure 7. Predicted potential yields (t ha-1 at dry matter) and yield gap (t ha-1 of yield potential) of rainfed maize for the time 756 
period 2020−2100 under RCP2.6, RCP4.5 and RCP8.5. The coloured lines show the mean values, while the filled areas show 757 
the standard deviation and the black line is the linear trend. 758 
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 760 
Supplementary Figure 1. Maize sowing date shifts projected for future decades under different RCP scenarios. 761 
The coloured symbols show the mean values, while the horizontal lines show the standard deviation. 762 

 763 

 764 

 765 

 766 

 767 

 768 

 769 

 770 



 771 

Table 1. Soil characteristics of the topsoil layer (0−20 cm) and field management data. 772 
  2015 2016 2017 2019 

Soil pHKCl (1 N KCl extraction) 6.85 6.70 6.20 6.80 
Soil P2O5 (mg kg-1) (Egner-Riehm-Domingo (A-L)) 154 129 85 85 
Soil K2O (mg kg-1) (Egner-Riehm-Domingo (A-L)) 138 140 154 134 
Soil humus (%) (Tjurin) 1.86 1.80 1.72 1.90 
Soil N total (%) (Kjeldahl) 0.109 0.11 0.103 0.11 
NO3

- −N (0−30 cm; mg kg-1) 8.4±0.9 9.4±2.3 4.2±1.2 7.8±0.8 
NH4

+ −N (0−30 cm; mg kg-1) 1.8±0.5 3.7±1.4 2.5±0.1 2.4±0.3 
NO3

- −N (31−60 cm; mg kg-1) 4.3±0.6 4.9±0.7 2.2±0.3 3.1±0.4 
NH4

+ −N (0−30 cm; mg kg-1) 1.2±0.3 2.7±1.1 1.8±0.4 1.3±0.3 
Previous crop spring rape spring rape winter wheat winter wheat 
Maize sowing date 8 May  10 May  10 May  29 April 
Maize harvest 12 October  10 October 10 October  1 October 

 773 
 774 

Table 2. Soil horizons, texture, soil water content (SWC), permanent wilting point (PWP), field capacity (FC), saturation 775 
(SAT), total available water (TAW) and saturated hydraulic conductivity (Ksat) of the field experiments. 776 

Horizon 
description 

  Particle size (%)   
Textural class 

  Bulk 
density (g 

cm-3) 

  SWC (cm3 cm-3) at   TAW      
(cm3 cm-

3) 

  Ksat          
(cm day-

1)  Sand Silt Clay    PWP FC SAT   

Ap1 (0–0.30 m)  55 31.9 13.1  Sandy loam  1.81  0.023 0.289 0.300  0.277  0.6 

E2 (0.30–0.60 m)  70.4 23.4 6.2  Sandy loam  1.70  0.069 0.354 0.358  0.289  2.2 

Bt3 (0.60–0.80 m)  35 35.7 29.3  Clay loam  1.73  0.122 0.317 0.342  0.220  6.1 

B4 (0.80–1.10 m)  57.5 22.6 19.9  Sandy loam  1.68  0.083 0.343 0.351  0.268  62.0 

Ck5 (1.10–1.55 m)   54.4 31.6 14   Sandy loam   1.96   0.062 0.234 0.245   0.183   3.2 
1: mineral surface horizon with an accumulation of humified organic matter.  777 

2: mineral horizon in which the main feature is loss of silicate clay. 778 

3: mineral illuvial horizon with accumulation of silicate clay. 779 

4: mineral illuvial horizon. 780 

5: initial horizon with accumulation of paedogenic carbonates.  781 
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 785 



Table 3. Statistical values between the simulated vs. measured data for the calibration (2015−2016) and the validation (2017, 786 
2019) periods for rainfed maize at Akademija. 787 

Parameters 
R2   RMSE 

2015 2016 2017 2019   2015 2016 2017 2019 

SWC at 10 cm (cm3 cm-3) 0.43 0.58 0.49 −  0.030 0.048 0.051 − 

SWC at 30 cm (cm3 cm-3) 0.61 0.58 0.70 −  0.014 0.019 0.021 − 

SWC at 60 cm (cm3 cm-3) 0.35 0.65 0.46 −  0.029 0.026 0.032 −  

TAB (t ha-1) 0.96 0.99 0.99 0.97  0.99 0.40 1.02 1.28 
Leaf biomass (t ha-1) 0.91 0.96 0.94 0.88  0.41 0.57 0.86 0.63 
Stem biomass (t ha-1) 0.82 0.94 0.91 0.75  0.67 0.64 0.27 0.85 
Storage organ biomass (t ha-1) 0.85 0.78 0.97 0.92  1.08 0.57 0.86 1.23 
Grain yield (t ha-1) 0.97 0.99 0.99 0.96  0.83 0.93 0.48 0.75 

LAI 0.96 0.97 0.86 0.97   0.31 0.95 1.16 0.83 
TAB = total above-ground biomass; LAI = leaf area index; SWC = soil water content 788 
 789 
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 809 
Supplementary Table 1. Main AgroC parameters used in the simulation of maize growth at Akademija, Lithuania. 810 
GDD = sum of growing degree days, LAI = leaf area index, DVS = development stage 811 

Parameters Value Units or symbol meaning Remarks 

Base temperature 8 °C Conservative 

Start temperature for plant growth 80 Sum of GDD Calibrated 

Specific leaf area of new leaves  0.004 ha leaf kg-1 dry matter Calibrated 

Potential CO2 assimilation rate of a unit leaf area for 
light saturation  58 kg CO2 ha-1 leaf h-1 Calibrated 

Initial light use efficiency  0.68 (kg CO2 ha-1 leaf h-1)(J m-2 s-1)-1 Calibrated 

Maximal rooting depth 1.0 m Calibrated 

Number of seedlings per area 7 m-2 Measured 

Leaf area of one seedling 0.000669 m-2 per seedling Calibrated 

Critical LAI for leaf death due to self-shading 4 ha ha-1 Conservative 

DVS against reduction factor of the maximal light 
assimilation rate 

0 1.0 

DVS = 1.0: Tasseling;                                             
DVS = 2.0: Physiological maturity Calibrated 

1.3 1.0 

1.6 1.0 

2 0.3 

Daily average daytime temperature against reduction 
factor of the maximal light assimilation rate 

-10 0.01 

Temperature in °C Calibrated 

9 0.05 

16 0.80 

18 0.94 

20 1.00 

30 0.75  

Daily average temperature against development rate, 
if DVS < 1 

-10 0.0000 

  Calibrated 

 

0 0.0000  

8 0.0015  

10 0.0090  

15 0.0109  

20 0.0116  

25 0.0159  

30 0.0163  

35 0.0316  

40 0.0367  

Daily average temperature against development rate, 
if DVS > 1 

-10 0.0000 

  Calibrated 

 

0 0.0000  

8 0.0004  

10 0.0226  

15 0.0259  

20 0.0288  

25 0.0305  

30 0.0324  



35 0.0336  

40 0.0352  

DVS against fraction of dry matter allocated to the 
shoot 

0.0 0.30 

  Calibrated 

 

0.1 0.55  

0.2 0.60  

0.4 0.66  

0.5 0.69  

0.7 0.85  

0.9 1.00  

1.0 1.00  

2.0 1.00 
 

 

DVS against fraction of dry matter of the above 
ground biomass allocated to the leaves 

0.0 0.70 

 Calibrated 

 

0.25 0.90  

0.8 0.20  

0.9 0.00  

DVS against fraction of dry matter of the above 
ground biomass allocated to the stem 

0.0 0.00 

  Calibrated 

 

0.25 0.00  

0.8 0.65  

0.9 0.45  

1.1 0.00  

DVS against fraction of dry matter of the above 
ground biomass allocated to the cob 

0.0 0.00 

 Calibrated 

 

0.8 0.00  

0.9 0.75  

1.1 0.90  

1.4 0.80  

2.0 1.00  
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 831 
Supplementary Table 2. List of general circulation models (GCM) and regional climate models (RCM) under RCP2.6, 832 

RCP4.5 and RCP8.5 future climate scenarios used in this study. 833 

GCM Institute ID Country  RCM Institute ID Country 
RCP2.6 

MOHC-HadGEM2-ES MOHC UK KNMI-RACMO22E KNMI Netherlands 
MOHC-HadGEM2-ES MOHC UK SMHI-RCA4 SMHI Sweden 
MPI-M-MPI-ESM-LR MPI-M Germany MPI-CSC-REMO2009 MPI Germany 
MPI-M-MPI-ESM-LR MPI-M Germany SMHI-RCA4 SMHI Sweden 

RCP4.6 
CNRM-CERFACS-CNRM-CM5 CNRM France SMHI-RCA4 SMHI Sweden 

ICHEC-EC-EARTH ICHEC Ireland KNMI-RACMO22E KNMI Netherlands 
IPSL-IPSL-CM5A-MR IPSL France IPSL-INERIS-WRF331F IPSL France 
IPSL-IPSL-CM5A-MR IPSL France SMHI-RCA4 SMHI Sweden 
MPI-M-MPI-ESM-LR MPI-M Germany CLMcom-CCLM4-8-17 CLMcom − 
MPI-M-MPI-ESM-LR MPI-M Germany MPI-CSC-REMO2009 MPI Germany 
MPI-M-MPI-ESM-LR MPI-M Germany SMHI-RCA4 SMHI Sweden 

NCC-NorESM1-M NCC Norway DMI-HIRHAM5 DMI Denmark 
MOHC-HadGEM2-ES MOHC UK KNMI-RACMO22E KNMI Netherlands 
MOHC-HadGEM2-ES MOHC UK SMHI-RCA4 SMHI Sweden 

RCP8.5 
CNRM-CERFACS-CNRM-CM5 CNRM France SMHI-RCA4 SMHI Sweden 

ICHEC-EC-EARTH ICHEC Ireland KNMI-RACMO22E KNMI Netherlands 
IPSL-IPSL-CM5A-MR IPSL France IPSL-INERIS-WRF331F IPSL France 
IPSL-IPSL-CM5A-MR IPSL France SMHI-RCA4 SMHI Sweden 
MOHC-HadGEM2-ES MOHC UK KNMI-RACMO22E KNMI Netherlands 
MOHC-HadGEM2-ES MOHC UK SMHI-RCA4 SMHI Sweden 
MPI-M-MPI-ESM-LR MPI-M Germany CLMcom-CCLM4-8-17 CLMcom − 
MPI-M-MPI-ESM-LR MPI-M Germany MPI-CSC-REMO2009 MPI Germany 
MPI-M-MPI-ESM-LR MPI-M Germany SMHI-RCA4 SMHI Sweden 

NCC-NorESM1-M NCC Norway DMI-HIRHAM5 DMI Denmark 
IPSL = Institut Pierre Simon Laplace, CNRM = Centre National de Recherches Meteorologiques, DMI = Danish 834 
Meteorological Institute, KNMI = Royal Netherlands Meteorological Institute, SMHI = Swedish Meteorological and 835 
Hydrological Institute, Rossby Centre, MPI = Helmholtz Zentrum Geesthacht, Climate Service Centre, CLMcom = Climate 836 
Limited-area Modelling Community, MOHC = The Met Office Hadley Centre, MPI-M = The Max Planck Institute for 837 
Meteorology, ICHEC = Irish Centre for High End Computing, NCC = Norwegian Climate Centre 838 

 839 


