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Abstract: Yield estimations at global or regional spatial scales have been compromised due to poor
crop model calibration. A methodology for estimating the genetic parameters related to grain growth
and yield for the CERES-Wheat crop model is proposed based on yield gap concept, the GLUE
coefficient estimator, and the global yield gap atlas (GYGA). Yield trials with three durum wheat
cultivars in an experimental farm in northern Greece from 2004 to 2010 were used. The calibration
strategy conducted with CERES-Wheat (embedded in DSSAT v.4.7.5) on potential mode taking into
account the year-to-year variability of relative yield gap Yrg (YgC_adj) was: (i) more effective than
using the average site value of Yrg (YgC_unadj) only (the relative RMSE ranged from 10 to 13%
for the YgC_adj vs. 48 to 57% for YgC_unadj) and (ii) superior (slightly inferior) to the strategy
conducted with DSSAT v.4.7.5 (DSSAT v.3.5—relative RMSE of 5 to 8% were found) on rainfed mode.
Earlier anthesis, maturity, and decreased potential yield (from 2.2 to 3.9% for 2021–2050, and from
5.0 to 7.1% for 2071–2100), due to increased temperature and solar radiation, were found using an
ensemble of 11 EURO-CORDEX regional climate model simulations. In conclusion, the proposed
strategy provides a scientifically robust guideline for crop model calibration that minimizes input
requirements due to operating the crop model on potential mode. Further testing of this methodology
is required with different plants, crop models, and environments.

Keywords: crop yield-gap; crop model calibration; CERES-Wheat; GLUE coefficient estimator; global
yield gap atlas (GYGA); EURO-CORDEX climate model simulations

1. Introduction

Crop models are collections of mathematical equations that represent the various
processes occurring within the plant and the interactions between the plant and its en-
vironment [1]. They have become indispensable tools in decision making, especially for
future crop performance projections and impact studies under varied conditions (e.g., [2,3]).
Before their reliable use in crop model applications, however, the challenging but essential
process of calibration is required. Calibration is undertaken in many fields that use process-
based models and involves adjusting model parameters to reduce the error between the
model results and the measured data [4]. A constant challenge with crop model calibration
is the unavailability of reliable input data on weather, soil, and crop management. Ap-
proaches that identified the most scientifically robust requirements for data availability and
quality, as well as other, less rigorous options when data are not available or are of poor
quality, were recently proposed [3,5]. Software used for the calibration is an additional
concern. Often one ‘externally’ couples the existing model software to calibration software
(e.g., [6]), but this can require substantial effort. As a result, calibration for crop models
is often performed by manual trial and error, a time-consuming process that likely ends
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in a non-optimal solution, especially if several parameters are estimated, and it cannot be
replicated without using an automated routine [7]. This, however, could also be a deliberate
choice to exert more supervision over the calibration process. A further uncertainty with
calibration is the errors observed data might have [4].

Yield trials are experiments in several environments (site-year combinations) with
which a set of cultivars is usually assessed to make genotype recommendations [8]. Al-
though they are labor intensive, time consuming, and expensive [9], they usually provide
only yield measurements, ordinarily replicated, for several genotypes grown in various
environments. In addition, these measurements are rather noisy (the standard deviation
of plot yields exceeds 25% of the mean) and may not provide input information in space
and time needed for crop model calibration [10]. Due to shortcomings of yield trials, a
crop model’s calibration can be hindered by data limitations, even if a suitable model is
chosen [3]. These challenges further increase in areas with Mediterranean climate (such as
Greece), which is characterized by unfavorable growth conditions (particularly for rainfed
crops such as wheat) caused by water stress coupled with low soil fertility and/or poor
agronomic practices.

Cultivar characteristics should ideally be defined on potential production level (i.e.,
the crop growth rate) and thus yield is determined only by solar radiation, temperature,
atmospheric CO2, and crop characteristics, and is not limited by water supply and nutrients.
As a result, while potential yield is location-specific (depends on the local climate), it is not
soil-specific [11] (more discussion in Section 2.2).

While many studies that use crop simulation models assessing crop yield gaps in
different applications with concerns associated with data sources and methods (including
poor quality of weather and soil data, unrealistic assumptions about the cropping-system
context, poorly calibrated crop simulation models, and lack of transparency about un-
derpinning assumptions and methods (e.g., [11]) have been published during the past
decades [5], there is no published study that uses the yield-gap concept to facilitate with
calibrating crop models. Since poorly tested crop models can seriously distort a study’s
results, decreasing their usefulness to inform regional or national policies and effective
prioritization of research and development investments for agriculture (e.g., [5]), there is an
urgent need for an approach that will allow the determination of genotype’s characteristics
required by crop models and minimize the required data from field experiments.

In this context, a methodology based on the concept of yield gap is developed to
estimate the required by the crop model CERES-Wheat genetic parameters for grain growth
and yield and minimize the numerous input data (e.g., site-specific initial soil moisture
conditions) required. The GLUE coefficient estimator (see Section 2.2.2 for more specifics)
was used for this purpose. The results of this methodology are compared with these of a
traditional calibration strategy using data from yield trials, for three durum wheat cultivars,
collected from the Aristotle University Farm in Thessaloniki, Greece, during 2004 to 2010.
Finally, sensitivity analysis of wheat development and yield with CERES-Wheat based
on climate change projections from an ensemble of 11 EURO-CORDEX regional climate
model (RCM) simulations (see Section 2.2.5 for more specifics), under the influence of
the moderate mitigation emission scenario RCP4.5 for the future periods 2021–2050 (near
future) and 2071–2100 (the-end-of-the-century), was also conducted.

2. Materials and Methods
2.1. Yield Trials

Yield trials for three durum wheat cultivars (Mexicali, Sifnos, and Simeto) were
conducted at the farm of the Cereal Institute (40◦31′ N; 23◦00′ E; 15 m altitude) of Thermi,
in Thessaloniki, Greece, during 2004–2010 (Figure 1). The experiments (9 for Mexicali and
10 for Sifnos and Simeto) were carried out in four replicates using the randomized full
block (RCBD) design. The experimental designs were of two sizes and covered areas of 7
and 14 m2, respectively. The varieties studied were plots of the experimental fields of the
institute. Each experimental plot consisted of seven plant lines. The distance between the
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rows was 25 cm. The seed rate used was 180 kg/ha. Sowing was carried out on different
dates from mid-November to the end of December, while planting depth ranged from 3
to 5 cm. In each experimental plot, ploughing with a plough and fine soil tillage with a
disc harrow were carried out before sowing. Basic fertilization (80 kg/ha) was applied
to all experimental fields using 20-10-10 fertilizer. Also, a top dressing (40 kg/ha) was
applied to the experimental fields using 20-0-0 fertilizer. A second surface fertilization
(20 kg/ha, 20-0-0) and plant protection products for weed control (Topik 240 EC for grasses
and Brominal for broadleaves) were applied to some of the experimental plots.
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Soil surface parameters such as soil pH, organic carbon, nitrogen, cation exchange
capacity, and bulk density were estimated in Soil Science Institute of Thessaloniki [12].
Albedo and drainage rate were determined based on by Jones et al. (1986) [13] and
Suleiman and Ritchie (2001) [14], respectively. Soil physical properties such as the lower
limit of soil water content, the water content at the drained-upper limit, the saturation water
content, and the saturated hydraulic conductivity, were estimated at the Land Improvement
Institute of Thessaloniki. Emergence date, end ear growth date, and final grain yield were
all observed. In 2009–10, physiology maturity date, grain counts, and individual grain
weight were also collected. Phosphorous and nitrogen applied to all treatment. Diseases,
weeds, and pest infestations were controlled. More details regarding the experiments can
be found in Symeonidis (2011) [12].

2.2. Methods
2.2.1. The CERES-Wheat Crop Model

The CERES-Wheat crop model, embedded in the Decision Support System for Agrotech-
nology Transfer (DSSAT v. 4.7.5) [15,16], simulates wheat growth, development, and yield
considering the effects of weather, genetics, soil (water, carbon, and nitrogen), planting,
irrigation, and nitrogen fertilizer management through simulated water and nutrient limi-
tations to plant growth (e.g., [3]). The model is designed to have applicability in diverse
environments and to utilize a minimum data set of field and weather data as input. Daily
solar radiation, maximum and minimum air temperature, and precipitation were collected
from the site’s meteorological station. These variables are used to calculate potential
reference evaporation and the CO2 transpiration feedback. It has been reported that CERES-
Wheat successfully simulates wheat growth and yield in response to management and
environmental factors across a wide range of soil and climate conditions (e.g., [12,17–19]).

2.2.2. The GLUE Coefficient Estimator

During calibration of CERES-Wheat, the genetic parameters that influence phenology,
grain growth, and yield were determined by employing the GLUE coefficient estimator [6].
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The GLUE is a popular Bayesian method [20–22]. Its main principle is to discretize pa-
rameter space by generating a large amount of parameter values from an approximate
discrete prior distribution using Bayes’ equation. According to this, probability values are
associated with the corresponding parameter combinations set each time [6,20]. The greater
the probability, the higher the chance that its combination is the desired one. There is no
exact inverse solution for large models with numerous parameters. Therefore, more than
one set of genetic parameters could be selected to optimize a goodness-of-fit criterion given
the observations [23]. Section 3.2 elaborates on the methodology used for the selection of
genetic parameters in this study.

2.2.3. Estimating Genetic Parameters for CERES-Wheat

To simulate wheat development, growth, and yield, CERES-Wheat requires a set of
seven cultivar specific genetic parameters (Table 1). These represent various physiological
processes and growth parameters of the wheat plant.

Table 1. Genetic parameters of wheat cultivars for CERES-Wheat.

Parameter Definition Unit

P1V Days at the optimum vernalizing temperature required to
complete vernalization days

P1D
Percentage reduction in development rate in a
photoperiod 10 h shorter than the threshold relative to
that at the threshold

P5 Grain filling (excluding lag) phase duration ◦C day
PHINT Interval between successive leaf tip appearances ◦C day
G1 Kernel number per unit canopy weight at anthesis no/g
G2 Standard kernel size under optimum conditions mg

G3 Standard non-stressed dry weight (including grain) of a
single tiller at maturity g

Coefficients Related to Crop Development

P1V and P1D play important roles in determining timing of anthesis and maturity in
wheat. Anthesis is the stage when the wheat plant produces flowers, and maturity is when
the plant reaches physiological maturity and stops accumulating dry matter. P1V is the
number of days required for optimum vernalizing temperature to complete vernalization, a
critical step in wheat development that affects the timing of flowering and maturity. P1D, on
the other hand, represents the percentage reduction in development rate in a photoperiod
10 h shorter than the threshold relative to the development rate at the threshold. Accurate
estimation of P1D is important for simulating duration of the vegetative and reproductive
phases of wheat development, which can affect the timing of anthesis and maturity. P5
determines the duration of the grain-filling phase in wheat. This phase is critical for final
grain yield as it contributes to grain size and weight [24]. Longer grain-filling periods
generally lead to larger, more mature grains and higher yields. However, if the period is too
long, the plants may become over-mature, leading to reduced quality and yields. Accurate
determination of P5 is therefore essential for predicting crop maturity and optimizing
grain yield. Finally, PHINT represents the interval between successive leaf tip appearances
and is an indicator of the rate of crop development. Accurate estimation of PHINT can
help simulate the overall growth rate of the plant, including the timing of anthesis and
maturity [16,17,25].

First, the P1V and P1D parameters were adjusted to match the observed anthesis dates
observed during 2004 and 2010 using the GLUE method. Afterwards, the grain-filling
phase duration (P5 parameter) was determined so that the simulated maturity of 2009–10
coincided with the observed one. This thermal requirement was assumed unchanged for all
simulations since physiological maturity was not systematically observed in the yield trials.
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Coefficients Related to Crop Yield

G1, G2, and G3 are important genetic parameters affecting wheat yield potential
(Table 1). G1, the kernel number per unit canopy weight at anthesis, is an important
determinant of grain yield in wheat. Accurate determination of G2, the standard kernel
size under optimum conditions, can help in simulating the optimal kernel size for wheat.
G3, the standard non-stressed dry weight of a single tiller at maturity, influences the final
grain yield through its contribution on the optimal biomass accumulation [15,16,26].

G1, G2, and G3 were adjusted after fitting of development stages (anthesis and ma-
turity), using the GLUE method, to match the observed grain yield, during 2004–2010
as suggested by literature (e.g., [16,27]). CERES-Wheat was run in three different ways:
(a) in potential mode, accounting for the year-to-year variability of the relative yield gap
Yrg (ΥgC_adj); (b) in potential mode, using an average site value of Yrg (therefore, the
year-to-year variability of Yrg was not accounted (ΥgC_unadj)); and (c) in rainfed mode,
with simulated water and nitrogen stresses and making the same assumptions for initial
soil moisture and planting of each growing season with these of Symeonidis (2011) [12]
(TrC). Finally, GLUE was used to match observed grain yield by adjusting G3 and PHINT
(the interval between successive leaf tip appearances), since the latter parameter was found
to influence both phenological development and yield [28].

2.2.4. Calibration Strategies

This study proposes a procedure based on yield gap analysis (YgC) to overcome the
limitations of traditional calibration (TrC) in rainfed environments.

Calibration Based on Yield Gap Analysis (YgC)

Although cultivar characteristics should ideally be defined on a potential production
level, where yield is determined only by crop characteristics, climate, and no limitations
imposed by water supply and nutrients [11], they are traditionally estimated, even for
rainfed crops, based on crop observations and measurements made under water and/or
nitrogen stress conditions (i.e., water- and/or nutrient-limited production level). As a
result, during crop model calibration, the limiting effects of water and nutrient stresses
(deficits or excesses) on crop development and particularly on growth (the degree depends
the severity and duration of the water and nutrient stresses) reflect on the estimation of
the genetic parameters related mainly to grain and growth characteristics. To overcome a
problematic calibration procedure leading to distorted genetic parameters (e.g., [12,17–19]),
a procedure based on yield gap analysis (YgC) is proposed in this study. According to this,
the crop model is run on potential mode, and the simulated yield for each year i (Yp(i)) was
then adjusted by the relative yield gap (Yrg(i)) to achieve agreement with the actual, for the
specific year i, harvested yield (Yac(i)):

Yrg(i) =
Yg(i)

Ysp(i)
× 100 (1)

where the yield gap (Yg(i)) is defined as the difference between the yield potential for a
specific location and time (Ysp(i)) and the actual farm yield (Yac(i)) [5,29]. Yg is a crucial
biophysical indication of the available room for crop production increase with current land
and water resources. The maximum yield of a crop cultivar grown in an environment
to which it is adapted, with water and nutrient availability unlimited, and with pests,
diseases, weeds, lodging, and other stresses effectively controlled, is known as potential
site yield Ysp (also called yield potential) [30]. Actual yield Yac is the yield obtained with
the available resources and the farmers’ current practices as determined from an area’s and
a crop’s production data for a specific district and time frame [31]. At least four methods
were proposed to estimate yield gaps at a local level (see Section 4 for more discussion):
(1) field experiments, (2) yield contests, (3) maximum farmer yields based on surveys, and
(4) crop model simulations [11].
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In this study, the site- and year-specific Yrg(i) values from the global yield gap atlas
(GYGA) [32,33] were used. The WOFOST crop model [34] was used for their estimation, as
described by Van Ittersum et al. (2013) [11]. The major processes incorporated in WOFOST
are temperature-dependent phenological development, CO2 assimilation, transpiration,
respiration, partitioning of assimilates to the various organs, and yield formation (under
potential and water/nutrient-limited conditions) [35]. The skills of WOFOST in simulating
wheat phenology and yield have been extensively tested across Europe [36].

Traditional Calibration (TrC)

The initial soil water conditions of the experiments under consideration, which the
crop model requires to operate in rainfed mode, were unknown. To overcome this re-
striction, it was assumed that the soil profile would be full on the first wet day (a day
with prec > 0.1 mm) before planting for all experiments (this constitutes the traditional
calibration strategy (TrC) in this study). This is a common assumption when initial soil
water information is missing. It is reminded that the crop model assumes that soils are
homogeneous and isotropic horizontally, layered vertically, with free drainage at the lower
boundary. To facilitate strategy comparison, the assumptions made in TrC regarding initial
soil moisture conditions in the planting of each growing season were these used by Syme-
onidis (2011) [12] with DSSAT v.3.5: (i) for the first 15 cm of soil, its moisture was calculated
to match plant emergence in the field, (ii) for depths below 15 cm, CERES-Wheat was used
to calculate moisture conditions before each growing period throughout dormancy, starting
from a dry sequence to reach the limit of permanent wilting point, and (iii) the maximum
root depth was assumed to be 60 cm.

2.2.5. Sensitivity Analysis

Sensitivity of wheat development and yield to climate change was conducted by using
an ensemble of 11 high-resolution regional climate model (RCM) simulations (Table S1) of
12.5 km spatial resolution from the EURO-CORDEX project [37,38], which provide climate
change projections for the moderate Representative Concentration Pathway (RCP4.5). The
number in the name of the scenario refers to the radiative forcing caused by changes in
the composition of the atmosphere at the end of the century. According to the RCP4.5
scenario, greenhouse gas emissions will decrease over time starting from 2040. The study
covered the historical period from 1981 to 2005 along with the future periods 2021 to 2050
(the near future, NF) and 2071–2100 (the end-of-the-century, EOC) for the RCP4.5 emission
scenario. Daily precipitation, solar radiation, and maximum and minimum air temperature
data were utilized from those simulations. About temperature, a statistically significant
increase is expected in NF by 1.5–2.0 ◦C compared to the reference period (1971–2000) over
the wider Greek territory in mountainous parts for RCP4.5. At the end of the century, it is
expected that coastal areas will witness a temperature increase of 2.0–2.5 ◦C. On the other
hand, the analysis of precipitation indicates no statistically significant changes, with some
areas facing an increase and others a decrease [39].

2.2.6. Statistical Measures

Several statistical measures were used to evaluate the relationship between predicted
and observed wheat development and yield. These included the coefficient of determi-
nation (R2), which expresses the degree of collinearity between predicted and observed
data, ranging from 0 to 1 (0.0 to 0.09: little (very weak) if any fit; 0.09 to 0.25: low (weak) fit;
0.25 to 0.49: moderate fit; 0.49 to 0.81: high (strong) fit; 0.81 to 1.0 very high (very strong)
fit [40]). Mean absolute error (MAE), mean bias error (MBE), and root mean squared error
(RMSE) were also estimated as follows:

MAE =
∑n

i=1|Pi −Oi|
n

(2)
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MBE =
∑n

i=1(Pi −Oi)

n
(3)

RMSE =

√
∑n

i=1(Pi −Oi)
2

n
(4)

where n is the number of observations, Pi is the model predictions, and Oi is the observed
value, for year i. Regression analysis was also applied to evaluate the calibration strategies.

3. Results
3.1. Yield Gap Analysis

The actual wheat yield (Ya) for Thermi ranged from 1.2 t/ha for 2004 to 4.8 t/ha for
2005, with the three cultivars exhibiting similar variability (34–35% when expressed in
terms of coefficient of variation (std/mean × 100)). The correlation between the cultivars
is also very high (from 96% to 98%). The potential yield (Yp) from the global yield gap
atlas varied from 7.0 t/ha for 2007 to 8.6 t/ha for 2008 for the three cultivars (Figure 2 and
Figure S1). The higher Yp was observed in 2007 and the lower in 2006. The correlation
between actual and potential yield is 0.72 for Simeto and 0.55 for Mexicali and Sifnos. The
yield gaps (Yp-Ya) between actual and potential yield for the specific yield trials ranged
from 2.9 t/ha to 6.0 t/ha for Mexicali, from 2.7 t/ha to 6.1 t/ha for Sifnos and from 3.4 t/ha
to 6.1 t/ha for Simeto. The higher relative yield gaps (1-Yrg) × 100 (%) occurred in 2005
early plantings for both cultivars (61% for Mexicali, 64% for Sifnos and 55% for Simeto),
and the lower in 2004 late plantings (17% for Mexicali and 16% for both Sifnos and Simeto),
which also coincided with the higher and the lower Ya, respectively, for the three cultivars.
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3.2. Selection of Genetic Coefficients

Choosing genetic parameters is usually made based on the statistical measure that
is considered more useful with respect to application purposes [41]. In this study, the
selection of genetic parameters was not only based on the probability given by GLUE but
also on MAE and RMSE. In the case of fitting measured yield, for example, GLUE was
used to identify the parameters G1, G2, and G3 to fit measured yield, and from the 9000
of combinations tested, 100 along with their corresponding probabilities, arranged from
highest to lowest probability, are shown for Mexicali in Figure 3. The values for G1 ranged
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from 17.1 to 26.6 (no/g), for G2 from 41.7 to 48.2 (mg) and for G3 from 0.5 to 7.7 (g), with
the last parameter showing the largest variability (51.8% for G3 vs. 10.5% for G1 and 3.1%
for G2%) when expressed in terms of coefficient of variation.
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Notably, G1 and G2 exhibit lower variability, particularly at higher levels of probability,
making them the most probable combinations. Figure 4 shows MAE and RMSE estimated
between actual and simulated yield with the 15 sets of genetic parameters scoring the
higher probabilities computed with GLUE. Regression analysis between MAE, RMSE, and
probability showed that despite errors (i.e., MAE and RMSE) decreasing with increasing
probability, (a) the slopes of the regression lines were not statistically significant at p = 0.05
(p-values of 0.07 for MAE and 0.10 for RMSE were found) and (b) weak association (as
indicated by the low R2 values—0.22 and 0.20 for MAE and RMSE, respectively) between
MAE and RMSE and probability was found. Such findings agree with these from James et al.
(2013) [42], who also noted that changes in statistical measures, such as these used in this
study, are likely not strongly associated with changes in probability. Besides the fact that
the first combination is not necessarily the optimal one for the model, the accompanying
Figure 4 table indicates that different sets of genetic parameters produce comparable values
for statistical measures. Thus, the selection of the most appropriate genetic parameters can
be determined by evaluating the statistical measures that are deemed most relevant for the
intended application. These conclusions agree with a multi-model calibration study [4],
which explored the advantages and disadvantages of several calibration methodologies but
was unable to identify the most appropriate calibration procedures. They concluded that
relying only on automatic calibration techniques may not be the best approach, although
manual trial and error tends to produce non-optimal and non-replicable solutions.

3.3. Anthesis and Maturity fitting

The parameters of P1V and P1D for the three cultivars with the two calibration
strategies (yield gap calibration (YgC) vs. calibration in rainfed mode (TrC)) were adjusted
firstly, as suggested by the literature (e.g., [16,27]), using GLUE, to match the observed
anthesis dates during 2004–2010. The selected values of P1V and P1D obtained by fitting
the model to trial data are displayed in Table 2. The coefficients values between YgC and
TrC are identical, suggesting that water and N stresses had no effect on simulated anthesis.
Symeonidis (2011) [12] reported with DSSAT v3.5 similar values for P1V and significantly
lower values (the ranking of cultivars was the same, however).
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Although high correlation (R2 > 0.60) for anthesis dates was found from the com-
parison of all cultivars and calibration strategies, yield gap analysis produced a higher
value for Mexicali, explaining about 8% more of the measured variability observed in the
field (R2 was 0.699 vs. 0.621) and slightly worse values for Sifnos (R2 was 0.757 vs. 0.767,
respectively) and Simeto (R2 was 0.776 vs. 0.803, respectively) (Figure 5). In contrast to
MBE, lower MAE and RMSE were found by the YgC for Mexicali and Sifnos, regarding the
former statistic, and Simeto, regarding for the latter. The yield gap analysis reproduced
better (lower) statistical measures for this development stage for Sifnos than Mexicali and
Simeto and the TrC for Simeto. The slopes and intercepts of the regression lines were in
favor (closer to unity and zero, respectively) of the TrC for Mexicali and Simeto and of
the YgC for Sifnos. The differences in statistical measures and regression characteristics
between the two strategies is attributed to the different modes in which the crop model was
run (potential mode for YgC vs. rainfed mode for TrC) and not to the yield gap analysis,
which intends to improve yield predictions only.

The results achieved with DSSAT v3.5, for the same experiments (Table S2), are better
compared with those found in this study (Figure 5). However, they were accomplished
based on the assumptions related to initial soil water conditions mentioned in Section 2.2.4.
With DSSAT v3.5, R2 between observed and simulated days to end ear growth was greater
than 0.9, and the deviations between simulated and observed values for all cultivars ranged
from 0.8 to 2.1 days for MAE, and from 1.1 to 3.4 days for RMSE, respectively.
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The values of P5 for Mexicali, Sifnos, and Simeto were determined to be 555, 530,
and 540 ◦C days, respectively, with YgC and 575, 560, and 570 ◦C days, respectively, with
TrC. The respective values reported by Symeonidis (2011) [12] with DSSAT v3.5 were 490,
500, and 560 ◦C days (Table 2). Based on literature, these values are close to the range of
600–800 ◦C proposed by Kassie et al. (2016) [43] for durum wheat under Mediterranean
climate conditions. Dettori et al. (2011) [17] and Rinaldi (2004) [27] reported 450 and 570 ◦C
days, respectively, for Simeto in Italy. Rezzoug et al. (2008) [44] reported a substantially
lower value of 322 ◦C days for Mexicali in Algeria.

Table 2. Genetic parameters of wheat cultivars from fitting CERES-Wheat (DSSAT v. 4.7.5 (with
the two calibration strategies (in potential model with and without interannual relative yield gap
variability (Yrg) considered, and in rainfed mode (TrC)) and DSSAT v. 3.5 [12]).

DSSAT v4.7.5 (YgC with Year Adjustment of Yrg (ΥgC_adj))

Cultivars 1 P1V 1 P1D 1 P5 1 G1 1 G2 1 G3 1 PHINT

Mexicali 54 51 555 22 46 1.5 98
Sifnos 47 52 530 23 45 0.9 99
Simeto 58 59 540 21 45 0.9 98

DSSAT v4.7.5 (YgC without Year Adjustment of Yrg (YgC_unadj))

Cultivars P1V P1D P5 G1 G2 G3 PHINT

Mexicali 54 51 555 18 45 7.3 100
Sifnos 47 52 530 17 45 6.9 100
Simeto 58 59 540 17 44 5.6 99

DSSAT v4.7.5 (TrC—Rainfed Mode)

Cultivars P1V P1D P5 G1 G2 G3 PHINT

Mexicali 54 51 575 13 45 0.6 100
Sifnos 47 52 560 13 46 0.7 98
Simeto 58 59 570 14 46 6.9 100

DSSAT v3.5

Cultivars P1V P1D P5 G1 G2 G3 PHINT

Mexicali 52 32 490 14 58 1.7 91
Sifnos 55 34 500 14 58 2.1 93
Simeto 62 37 560 14 56 2.1 90

1: See Table 1 for parameter definitions.

3.4. Crop Yield Fitting

Table 2 also displays the values of G1, G2, and G3 coefficients for the three wheat
cultivars obtained by fitting the crop model in the three different ways, as well as those
from Symeonidis (2011) [12]. The values obtained with YgC_adj for the three cultivars
compared to these from YgC_unadj were: similar for G2 (45–46 mg for the former strategy
vs. 44–45 mg for the latter), slightly higher for G1 (21–23 no/g for YgC_adj vs. 17–18 no/g
for YgC_unadj), and significantly lower for G3 (0.9–1.5 mg for YgC_adj vs. 5.6–7.3 mg
for YgC_unadj). Apparently, since the final grain yield in CERES-Wheat is the product of
plant population, kernels per plant (G1), and weight per kernel (G3) [45], the fitting process
approximated observed yield by favoring kernel numbers for the YgC_adj strategy over
kernel weight for the latter strategy. Compared to the rainfed strategies (TrC and DSSAT
v3.5), the parameter values obtained with the YgC_adj strategy for the three cultivars were:
significantly higher for G1 (21–23 no/g for the YgC_adj vs. 13–14 for the rainfed ones) and
similar for G2 (in the range 45–46 mg for all three strategies). The values for G3 from the
YgC_adj strategy were lower than these found with DSSAT v3.5 by Symeonidis (2011) [12]
(0.9–1.5 mg for YgC_adj vs. 1.7–2.1 mg for DSSAT 3.5) and higher (except for Simeto) than
the respective found with the TrC strategy.
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anthesis dates for the three cultivars (Mexicali (n = 9), Sifnos (n = 10) and Simeto (n = 10)). Bars
indicate standard deviations of observations in relation to the average. The solid lines represent the
linear regression fits to crop data, while the dotted line represents the 1:1 line.

The yield gap-based calibration strategy accounting for year-to-year variability of Yrg
(YgC_adj) was more effective than the “traditional” strategy (TrC) as most of the statistical
measures were better. While very strong associations (R2 > 0.86) were found with the former
strategy for the three cultivars between actual and simulated yields, only moderate (R2 was
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0.347 for Sifnos and 0.265 for Simeto) and high (R2 was 0.578 for Mexicali) association was
found from the latter strategy (Figure 6). MAE and RMSE were substantially lower with
YgC_adj strategy than TrC for all cultivars and the slopes of the regression lines were closer
to the 1:1 line.
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Figure 6. Comparison of the two calibration strategies (“Traditional (TrC)” vs. “Yield gap (YgC_adj)”)
grain yield for the three cultivars (Mexicali (n = 9), Sifnos (n = 10), and Simeto (n = 10)). Bars indicate
standard deviations of observations in relation to the average. The solid lines represent the linear
regression fits to crop data, while the dotted line represents the 1:1 line.
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As for the yield gap-based calibration strategy using an average site value of Yrg
(YgC_unadj), the YgC_adj strategy was far more effective as all the statistical measures
were much better (Figure S2). Only very weak (R2 ranged from 0 for Simeto to 0.056 for
Mexicali) associations between measured and simulated yields were found with this strat-
egy. The relative values of MAE and RMSE were significantly higher with the YgC_unadj
strategy (36% and 48%, respectively, for Mexicali, 46% and 57%, respectively, for Sifnos
and 42% and 53%, respectively, for Simeto) than YgC_adj, for all cultivars strategy (8%
and 10%, respectively, for Mexicali, 10% and 12%, respectively, for Sifnos and 10% and
13%, respectively, for Simeto), and the slopes of the regression lines were almost parallel to
the x axis.

The results from the YgC_adj strategy are compared to those with DSSAT v3.5 in
Figure S3 and Table S2. Although very strong associations were found with both strategies,
those with DSSAT v3.5 are closer to unity (R2 ranged 0.969 (Mexicali) to 0.984 (Sifnos) vs.
0.864 (Simeto) to 0.911 (Mexicali) with the YgC_adj). Except for the lower MBE with the
YgC_adj strategy, relative MAE and RMSE were substantially lower with DSSAT v3.5 (6%
and 8%, respectively, for Mexicali, 4% and 5%, respectively, for Sifnos, and 5% and 7%,
respectively, for Simeto). The slopes of the regression lines were closer to the 1:1 line for
Sifnos and Simeto with the latter method, while the slope for Mexicali was slightly closer
with the former method.

3.5. Sensitivity Analysis

The anticipated differences in mean daily solar radiation, maximum (Tmax) and
minimum (Tmin) air temperature, and precipitation from the EURO-CORDEX ensemble
between the near-future (2021–2050) (NF) and the end-of-the-century (2071–2100) (EOC)
with the reference period (1981–2005) (REF) for Thermi under the emission scenario RCP4.5
are shown in Figure 7. Average Tmax and Tmin temperatures in Thermi during the growing
season (1 December–30 June) are expected to increase by approximately 1.2 ◦C and 1.1 ◦C,
respectively, for the NF period and even higher (by approximately 2.1 ◦C and 2.0 ◦C,
respectively) for EOC. Solar radiation will slightly increase (by about 1.3% and 1.7%) and
precipitation will decrease (by almost 0.01 mm/day and 0.03 mm/day) for NF and EOC
periods, respectively. Comparing these regional projections to those for Greece in general,
under the RCP4.5 scenario, the average temperature during the growing season is expected
to increase by 1.4 ◦C for NF and 2.3 ◦C for EOC. Precipitation is expected to decrease by
0.01 mm/day and 0.02 mm/day for the NF and EOC, respectively [39].
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Figure 7. Differences in maximum (Tmax) and minimum (Tmin) air temperature, daily solar radiation
(Sol. Rad.), and precipitation (Prec.) during the growing season (1 December–30 June) from the
EURO-CORDEX ensemble between the near-future (2021–2050) (NF-left part) and the end-of-the-
century (2071–2100) (EOC-right part) and the reference period (1981–2005) (REF) for Thermi (northern
Greece) for the emission scenario RCP4.5.
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When the historical time series from the site’s meteorological station (covering the
period 1979–2010) were independently adjusted (positive or negative) by the differences
(11 such sensitivity experiments were conducted—one for each climate model) expected in
NF and EOC (the genetic parameters produced with the YgC_adj strategy were used), crop
simulated anthesis and maturity are anticipated to occur earlier, primarily due to increasing
temperatures in Figure 7. Anthesis is showing a decrease by 8 days for the NF period and
13 days for EOC for Mexicali and Sifnos, and by 7 days for NF period and 12 days for EOC
for Simeto (Figure 8a). As for maturity, decreases by 7 days for the NF period and 13 days
for EOC for Mexicali, by 8 days for the NF period and 13 days for EOC for Sifnos, and by
8 days for NF period and 12 days for EOC for Simeto are projected (Figure 8b). On the
other hand, the mean and median values of potential grain yield are expected to show a
similar decrease for the three cultivars for each period, varying from 2.2 to 3.9% for the NF
period, and from 5.0 to 7.1% for the EOC period (Figure 8c)
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Similar reductions in anthesis, maturity, and yield for wheat cultivars have been
observed, as well as in other Mediterranean regions for the period 2031–2060. For instance,
according to [46], Sicily, Crete, and Cyprus have experienced a decrease in anthesis by 9 to
11 days and a decrease in maturity by 12 to 13 days. Moreover, there has been a reduction
in grain yield values in these regions, with Cyprus and Crete showing a decrease of 2% and
7%, respectively, while Sicily has shown an increase of 6%.

4. Discussion

Results of numerous studies that rely on crop yield estimations (such as those related
with climate change and food security), at global or regional spatial scales (e.g., [47,48]),
have been compromised by uncertainties associated with poor crop model calibration and
lack of transparency about underpinning assumptions (among others—see [5]) (e.g., [11]).
In this context, there is an urgent need for an approach that will allow the determination
of a genotype’s characteristics and minimize the numerous input-data required by crop
models. This study proposes a methodology that facilitates the estimation of CERES-Wheat
requirements by the genetic parameters for grain growth and yield based on the concept of
yield gap, utilizing the GLUE coefficient estimator [6] and the global yield gap atlas (GYGA).
The results of this methodology are compared with those of a traditional calibration strategy
using data from yield trials, for three durum wheat cultivars, collected from the Aristotle
University Farm in Thessaloniki, Greece, during 2004 to 2010.

Specifically, CERES-Wheat v4.7.5 was run in (a) potential mode with (ΥgC_adj strategy)
and without (ΥgC_unadj strategy) accounting for the year-to-year variability of the relative
yield gap Yrg and (b) rainfed mode, with water and nitrogen stresses simulated according
to a common set of assumptions related to initial soil moisture (TrC strategy—[12]). Once
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the parameters affecting timing of anthesis and maturity in wheat (P1V, P1D, and P5) were
adjusted to match observations, these affecting wheat yield potential (G1, G2, and G3)
followed, utilizing the GLUE method. The proposed procedure is straightforward: the
simulated potential yield for each year Yp is adjusted by the relative yield gap Yrg (the ratio
between the yield gap Yg and the potential site yield Ysp) to achieve agreement with the
actual yield Yac. Yg is calculated as the difference between Ysp and the actual yield Yac. The
Yrg values (with (the ΥgC_adj strategy) and without (the ΥgC_unadj strategy) accounting
for the year-to-year variability) were derived from the global yield gap atlas (GYGA) [32,33].
The WOFOST crop model [34] was used for their estimation [11]. Finally, the results of these
strategies were compared with these obtained from Symeonidis (2011) [12] with DSSAT
v.3.5 for the same set of yield trials. The primary findings are summarized as follows:

• Regarding genetic coefficients: (i) the fitting process for all cultivars approximated the
site yield by favoring grain numbers (G1) for the YgC_adj strategy over grain weight
(G3) for the YgC_unadj strategy, while similar values for grain size (G2) were found for
both strategies; and (ii) compared to the rainfed strategies (TrC and DSSAT 3.5), similar
values for G2 and significantly higher values for G1 were obtained for all cultivars
with the YgC_adj strategy. The values for G3 from the YgC_adj strategy were lower
than these found with DSSAT v3.5 and higher (except for Simeto) than the respective
obtained with the TrC strategy. Notably, the selection of the most appropriate genetic
parameters in this study illustrated that statistical measures (such as MAE and RMSE)
more relevant for the intended application could be preferred over the probability
estimated by GLUE since different sets of genetic parameters produce similar statistical
measure estimates.

• The yield gap-based calibration strategy accounting for year-to-year variability of
Yrg (YgC_adj) was: (i) superior to the “traditional” strategy (TrC) for all cultivars, as
MAE and RMSE were substantially lower with the former strategy and the slopes of
the regression lines were closer to the 1:1 line; (ii) more effective than the respective
calibration strategy using an average site value of Yrg (YgC_unadj) showing much
lower relative MAE (from 36 to 46% for YgC_unadj vs. 8 to 10% for YgC_adj) and
RMSE (from 48 to 57% for YgC_unadj vs. 10 to 13% for YgC_adj) values. These results
confirm the importance of incorporating temporal variability into yield gap analysis
conducted at the farming systems level, as noted by Silva and Ramisch (2018) [49];
and (iii) slightly inferior to calibration with DSSAT v.3.5, which presented closer to
1:1 regression lines and lower relative MAE and RMSE values (6% and 8%, respectively,
for Mexicali, 4% and 5%, respectively, for Sifnos, and 5% and 7%, respectively, for
Simeto). The different results show the sensitivity of the two crop model versions to
the initial soil moisture conditions assumed by Symeonidis (2011) [12]. The substantial
impacts of uncertainties in soil and management information on crop simulated water,
N, and yield were confirmed in recent studies [50,51].

• The sensitivity analysis of simulated wheat development and yield, applying the
genetic parameters produced with the YgC_adj strategy, based on climate change
projections from the ensemble of 11 high-resolution EURO-CORDEX regional climate
model simulations, under the influence of the moderate mitigation emission scenario
RCP4.5 for the future periods 2021–2050 (NF) and 2071–2100 (EOC), revealed: alike
earlier anthesis and maturity (by 7–8 and 12–13 days, on average, for the NF and the
EOC, respectively) and decreased yield (from 2.2 to 3.9% for the NF period, and from
5.0 to 7.1% for the EOC) as a result of the increased temperature and solar radiation
(by 1.4 ◦C and 1.3%, for the NF, and 2.3 ◦C and 1.7%, for the end EOC, respectively).

5. Conclusions

The proposed methodology provides a transparent, reproducible, and scientifically
robust guideline for crop model calibration since on potential mode (i) it requires no
more knowledge of site-specific initial soil moisture (not routinely measured) and other
management practices (such as fertilizer application information); therefore, it substantially
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minimizes data input requirements and (ii) the performance of CERES-Wheat, and generally
of crop models, is more satisfactory than under resource-limiting conditions in some
growing stages [52,53]. Further testing of this methodology with different plants, crop
models, and environmental conditions is required.

Furthermore, reliable and accurate assessment of yield gaps at the farming systems
level is challenging, even without considering the effects of future climate change [49,54].
There are several methods for estimating yield gaps, including field experiments, yield
contests, maximum farmer yields based on surveys, and crop model simulations [11,55].
Field experiments involve controlled trials of different crops or cultivation techniques,
while yield contests encourage farmers to compete to achieve the highest yields. Maximum
farmer yields based on surveys involve surveying farmers to determine their highest yields
in the past [56,57]. Crop simulation models provide the most robust approach because
they account for the interactive effects of genotype, weather, and management (GxExM)
on yields across agroecological zones and years [11]. Finally, the choice of the spatial
framework (for the differences between top-bottom vs. bottom-up approaches, see Figure 1
in Edreira et al. (2021) [29]) for robust estimation of yield potential and gaps for assessing
future food security constitutes an additional challenge on the use of crop models, since
the abovementioned study revealed large discrepancies across all spatial levels.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/land12071372/s1, Figure S1: Actual Yield (Ya) (kg dm/ha), Yield
Gap (Yp-Ya) (kg dm/ha), relative Yield Gap (1-Yrg) and average rela-tive Yield Gap for Sifnos
and Simeto. Planting dates of the reported years are also shown on the horizontal axis; Figure S2:
Comparison of the two calibration strategies (“Traditional (TrC)” vs “Yield gap (YgC_unadj)”) grain
yield for the three cultivars (Mexicali (n = 9), Sifnos (n = 10) and Simeto (n = 10)); Figure S3:
Comparison of the two calibration strategies (“DSSAT 3.5” vs “Yield gap (YgC_unadj)”) grain
yield for the three cultivars (Mexicali (n = 9), Sifnos (n = 10) and Simeto (n = 10)); Table S1: The
EURO-CORDEX regional climate models whose simulations were used in the present study; Table S2:
Statistical indicators (correlation coefficient r, mean absolute error (MAE), mean bias (MBE), root mean
squared error (RMSE) and the slope of the regression line (slope)) of the evaluation of CERES-Wheat
results for an-thesis and yield for the three cultivars with DSSAT 3.5 (Symeonidis, 2011).
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