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a b s t r a c t
Four models were compared for estimating grain number per square meter (GPSM) of winter wheat
(Triticum aestivum L.). As a data-base for model comparison, values of GPSM were determined in a ﬁeld
trial in northern Germany ranging from 8.3 to 25 thousand grains per square meter under the inﬂuence
of three years (2003/04 to 2005/06), ﬁve cultivars, and varying N supply (0–320 kg/ha). The comparison
was repeated using a published independent dataset collected in the Netherlands in 1983 and 1984
(Wageningen dataset) with a cultivar differing from the German trial grown across sites and N treatments.
Both datasets included several measurements of shoot dry weight (DM), shoot N concentration (cN) and
stage of development (BBCH) during a vegetation period.
Simulations of phenological development (BBCH scale) were performed with a separate model and used
for all four models. Input values of all models were obtained from experimental data, using ﬁtted logistic
growth curves to estimate DM, whereas cN was linearly interpolated. Three of the four models (M1–3)
had been published before: M1 uses shoot dry weight at ﬂowering (DM65 ), M2 uses shoot dry weight
increase between end of leaf growth and ﬂowering (DM39–65 ), whereas M3 is a multiple regression with
log transformed nitrogen nutrition index at anthesis (NNI60 ) and average photothermal quotient from
45 days preceding anthesis (Q45) as explanatory variables. The fourth model (M4) was developed in this
study based on the data observed in the German trial and considers the product of DM65 , NNI60 and Q45.
The relation between explanatory variables and GPSM did not vary greatly between the modern bread
wheat cultivars of the German dataset, but there were considerable differences to the cultivar used in the
Netherlands dataset. Thus, a genotype speciﬁc ﬁt parameter (G) was added to the models and calibrated
over each dataset. The Wageningen dataset was used for a ceteris paribus comparison between models
and as validation of the new model. M4 shows best results for both datasets (n = 45), whereas the relative
root mean square error (rRMSE) of simulated GPSM over all crops of the ceteris paribus comparison (n = 9)
could be reduced to 8%, compared to 12–17% obtained from the existing approaches. The number of grains
per unit shoot weight is inﬂuenced by NNI60 and Q45. This relation is considered by M4 and founded its
improvement.
© 2012 Elsevier B.V. All rights reserved.

1. Introduction
A sufﬁciently accurate prediction of grain number per square
meter (GPSM) is highly important for most wheat crop simulators, e.g. CERES-Wheat (Ritchie and Otter, 1985). According to the
CERES-Wheat approach, the potential grain-ﬁlling rate for carbohydrates and protein is calculated for a single grain, which is then
multiplied with the number of grains per plant to obtain the daily
plant-grain weight increase. For this reason, potential sink size
during grain growth is directly proportional to GPSM. A strong correlation between measured GPSM and yield has been reported by
many authors (e.g. Midmore et al., 1984; Savin and Slafer, 1991;
Fischer, 1993; Sayre et al., 1997; Gonzalez et al., 2003; Sinclair and
Jamieson, 2006), even though, the role of GPSM as a sink limiting
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factor for yield is still controversial (Sinclair and Jamieson, 2006,
2008; Fischer, 2008). Nevertheless, the yield component GPSM is
more closely related to yield than thousand kernel weight (Sayre
et al., 1997; Duggan et al., 2000; Brancourt-Hulmel et al., 2003), and
there is evidence that a larger grain number can increase radiation
use efﬁciency as a result of a higher assimilate demand (Reynolds
et al., 2005). In contrast, growing grains are also strong sinks for
nitrogen (N) and trigger N remobilization from the vegetative
organs, which decreases canopy, photosynthesis, and accelerates
leaf senescence (Bertheloot et al., 2008a,b). Therefore, GPSM may
prove to be vital for modeling N distribution and grain quality,
because increasing thousand kernel weights caused by low GPSM
values can induce dilution effects resulting in low protein concentrations (Kibite and Evans, 1984) and thereby results in reduced
baking quality.
For CERES Wheat Otter-Nacke et al. (1986) determined an
rRMSE (rRMSE = RMSE/Mean) for simulated GPSM of over 35%,
which was later conﬁrmed by Moreno-Sotomayor and Weiss
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(2004). The predictive quality for a model variable like GPSM generally depends on two main inﬂuences. The ﬁrst is the prediction
quality of the simulated input values like biomass, growth, or nutrition status. The second is the algorithm itself. The latter should be a
robust description of the empirical relations between explanatory
variables and GPSM.
There are some recent examples which indicate that improving models is still worthwhile (e.g. Demotes-Mainard and Jeuffroy,
2001; Moreno-Sotomayor and Weiss, 2004). GPSM was calculated
as a function of total shoot biomass or biomass of single organs, as
well as biomass growth between different phenological stages. Vos
(1981) assumed that GPSM can empirically be correlated to total
above ground dry matter at anthesis (DM65 ), whereas in CERESWheat and APSIM (Keating et al., 2003) grain number per plant is
calculated as a linear function of stem dry matter at anthesis multiplied with a cultivar speciﬁc coefﬁcient (G). However, in the current
version of Ceres-Wheat (DSSAT v 4.0.2.0) total shoot dry matter is
used instead of stem dry matter for the calculation of GPSM.
Fischer (1985) noted that GPSM could be considered as a linear function of spike dry weight at anthesis. This concept was
incorporated into different crop models like ARCWHEAT1, AFRCWHEAT2, and SIRIUS (Moreno-Sotomayor and Weiss, 2004).
Moreno-Sotomayor and Weiss (2004) followed this concept by
deriving spike biomass as a function of stem growth between
ﬂag leaf sheath opening and mid anthesis. Although this approach
showed a better prediction for GPSM compared to the old CERESWheat approach (even without a cultivar speciﬁc calibration) the
rRMSE was still higher than 20%. They further pointed out, that the
goodness of prediction could be enhanced by assuming grain set
reduction due to high temperatures. The STICS model (Brisson and
Ripoche, 1998) uses a similar concept as Moreno-Sotomayor and
Weiss and calculates GPSM as a linear function of the mean shoot
growth rate over a range of 30 days before grain ﬁlling.
Fischer (1985) found that the relatively short period between
penultimate leaf emergence and mid anthesis is more critical for
grain number than total growth period. As the number of grains per
spike is proportional to the spike biomass, it increases in response
to higher levels of radiation during spike growth. In contrast, high
temperature decreases the number of grains per spike through
reduced DM accumulation, caused by accelerated development and
increased respiration during booting. Hence, the ratio of mean daily
incident radiation to mean daily temperature known as the photothermal quotient has also been suggested as a good estimator for
the number of competent ﬂorets and grains (Midmore et al., 1984;
Fischer, 1985). The relationship between GPSM and weather variables, however, can be affected by N supply. Jeuffroy and Bouchard
(1999) quantiﬁed the inﬂuence of N deﬁciency on the relative grain
number (RGN) compared to the N fertilized control. Later, DemotesMainard and Jeuffroy (2001) combined nitrogen nutrition index
(NNI, derived from critical N content, Justes et al., 1994) at anthesis and photothermal quotient over the 45 days preceding anthesis
(Q45), to estimate GPSM using a multiple regression equation.
The objective of this work was to analyze the inﬂuence of different explanatory variables on GPSM of winter wheat crops and to
compare the predictive quality of models relying on one or combinations of these variables.

2. Material and methods
2.1. Datasets
Model development and testing were based on data from
ﬁeld experiments over three years with destructive sequential
harvests near Kiel, Germany and a well documented dataset
from ﬁeld experiments carried out in the Netherlands near

Wageningen (Groot, 1987). Some parts of the Wageningen dataset
(Eest 84, Bouwing 83 and 84) could not be used because the thousand kernel mass (TKM) was not published and thus GPSM could
not be calculated. Crop development was characterized by the decimal code according to Zadoks et al. (1974), which equals the BBCH
code (Meier, 2001). All datasets are characterized by experimental
location, years and sampling dates (Table 1) description of N application rates, averages of explanatory variables, and measured grain
numbers per square meter (GPSM) (Table 2).

2.2. Site conditions
2.2.1. Wageningen dataset (NL 1983–1984)
Two experiments were located in the newly reclaimed polders
on the experimental farms ‘the Eest’ (silty loam) and ‘PAGV’ (silty
loam); characterized by a total annual rainfall average of ∼765 mm,
from which ∼375 mm are received during spring and summer, and
∼390 mm during fall and winter (for further information see Groot,
1987; Van Delden et al., 2000; Jacobs et al., 2010).

2.2.2. Hohenschulen dataset (GER 2004–2006)
Experiments were conducted at the Hohenschulen experimental farm of the University of Kiel, located in NW Germany about
15 km west of Kiel (federal state of Schleswig-Holstein); characterized by a total annual rainfall average of ∼750 mm, from which
∼400 mm are received during April to September (main growing season), and ∼350 mm during October–March. The soil type is
pseudogleyic luvisol, with a soil texture varying from sandy loam
to clayey loam.

2.3. Field trials and experimental design
The experimental design of the Wageningen dataset included
three N fertilizer treatments with sowing dates between October
19th and October 25th .
In each experiment of the Hohenschulen dataset, the plot size
was 3 m × 12 m. The 2004 experiment was one factorial (cultivar
Ritmo) with four N levels 0, 120 kg N ha−1 (40/40/40), 192 kg N ha−1
(30/50/72/40), and 320 kg N ha−1 (120/120/80). In 2005 and 2006,
four Cultivars were grown (05: Cubus, Ritmo, Hybred and Dekan;
06: Cubus, Ritmo, Tommi and Dekan) with sowing dates between
September 15th and October 6th and four (mineral) N levels 0,
80 kg N ha−1 (40/40/0), 160 kg N ha−1 (80/40/40) and 240 kg N ha−1
(80/80/80).

2.4. Measured variables and sampling dates
In this study, the explanatory variables used were shoot dry
matter (DM, g m−2 ), total shoot N concentration (cN, %), and development stages. Crop development was characterized with the
BBCH code. Table 1 lists the sampling dates used for this study.
At each sampling date, 0.25 m2 of each plot was harvested. In
2004, each data point represents an average of eight replications
harvested, in 2005 and 2006, four. To avoid boundary effects, sampling areas did not border each other within a plot. The plants
were separated into leaf blades, stem and spike. After drying and
weighing separately, the fractions were analyzed for cN using near
infrared spectroscopy (NIRS) analysis (NIRS Systems 5000 scanning
monochromator: FOSS GmbH, Rellingen, Germany; WINISI software package: Infrasoft International, Port Matilda, PA, USA). Total
above-ground dry matter and total N were calculated by summing
up the fractions. GPSM from each plot was calculated by dividing
grain yield by thousand kernel mass (TKM).
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Table 1
Dates and BBCH stages for intermediate destructive samplings at the experimental sites Wageningen (EEST, PAGV) and Hohenschulen (HS).
Site

Sampling dates

BBCH

EEST 1983

09/02/1983b , 02/03/1983a , 30/03/1983a , 20/04/1983a , 11/05/1983a , 25/05/1983, 15/06/1983, 06/07/1983,
20/07/1983, 03/08/1983
08/02/1983b , 01/03/1983a , 29/03/1983a , 19/04/1983a , 10/05/1983a , 24/05/1983, 14/06/1983, 05/07/1983,
19/07/1983, 02/08/1983
14/02/1984b , 13/03/1984a , 03/04/1984a , 24/04/1984a , 08/05/1984a , 28/05/1984, 19/06/1984, 03/07/1984,
17/07/1984, 08/08/1984, 20/08/1984
17/11/2003, 17/03/2004, 29/03/2004, 14/04/2004, 27/04/2004, 10/05/2004, 25/05/2004, 01/06/2004,
21/06/2004, 14/07/2004, 10/08/2004
20/04/2005, 02/05/2005, 17/05/2005, 31/05/2005, 13/06/2005, 05/07/2005, 02/08/2005
11/05/2006, 18/05/2006, 30/05/2006, 18/06/2006, 05/07/2006, 26/07/2006

22-Harvest

PVAG 1983
PVAG 1984
HS 2004
HS 2005
HS 2006
a
b

21-Harvest
21-Harvest
22–94
29–89
30–90

Lowest N treatment only.
Assumed as equal for all treatments (no N was applied).

Table 2
N application rates, mean values of explanatory variables (NNI60 = N nutrition status of wheat crops at anthesis, Q45 = the photo thermal quotient 45 days preceding anthesis,
DM65 = total shoot dry matter per square meter at anthesis, DM39-65 = accumulated shoot biomass between end of leaf growth and mid anthesis), and measured grain
numbers per square meter (GPSM) for the Hohenschulen (HS) and Wageningen (EEST, PAGV) dataset. Corresponding BBCH values are represented as subscripts.
Site

na

Year

Applied N [kg N ha−1 ]

GPSM [grain m−2 ]

DM65 [g m−2 ]

DM39–65 [g m−2 ]

NNI60

Q45 [MJ (m2 ◦ Cd)−1 ]

EEST
EEST
EEST
PAGV
PAGV
PAGV
PAGV
PAGV
PAGV

1
1
1
1
1
1
1
1
1

1983
1983
1983
1983
1983
1983
1984
1984
1984

0
60
160
80
140
240
80
180
240

14,072
25,537
27,158
19,077
24,233
25,035
19,662
21,822
22,738

734.33
945.24
1011.37
1074.75
1170.83
1256.57
1162.51
1212.67
1239.04

355.64
487.28
600.47
524.53
596.35
663.08
569.88
586.25
589.81

0.398
0.734
0.929
0.548
0.736
0.941
0.517
0.713
0.829

0.618
0.618
0.618
0.623
0.623
0.623
0.534
0.534
0.534

HS
HS
HS
HS
HS
HS
HS
HS
HS
HS
HS
HS

1
1
1
1
4
4
4
4
4
4
4
4

2004
2004
2004
2004
2005
2005
2005
2005
2006
2006
2006
2006

0
120
192
320
0
80
160
240
0
80
160
240

16,344
24,363
24,308
23,822
9758
17,453
21,618
23,391
11,373
18,477
20,131
21,225

1113.91
1416.44
1595.43
1442.63
584.55
1229.61
1349.26
1346.12
763.34
1185.51
1211.43
1198.51

546.83
787.11
796.33
666.85
237.12
508.18
601.38
616.32
328.26
578.95
604.85
608.51

0.473
0.849
1.056
1.125
0.397
0.616
0.833
1.016
0.361
0.628
0.868
1.030

0.621
0.621
0.621
0.621
0.628
0.628
0.628
0.628
0.721
0.721
0.721
0.721

a

Number of cultivars.

2.5. Existing models for GPSM estimation used in this study
Four models were tested for estimating GPSM of winter wheat.
Model 1 (M1) originally contained a genotype speciﬁc parameter
(Gx ) which was also added to models 2–4 (M2–4), to ensure better comparison. Subscripts of explanatory variables correspond to
BBCH values.
M1 (CERES-Wheat v. 4):
GPSM is calculated as a function of total shoot dry matter per
square meter at anthesis (CERES-Wheat (DSSAT) version v 4.0.2.0):
GPSM = G1 × DM65

(1)

M2 (Moreno-Sotomayor and Weiss, 2004):
This approach calculates GPSM as a function of accumulated
shoot biomass between end of leaf growth and mid anthesis (BBCH
39–65), while G2 is the number of grains per DM39–65 :
GPSM = G2 × DM39–65

(2)

In the original version of this model, the stem growth rate
according to CERES-Wheat v.3 (stem includes spike until the beginning of grain ﬁlling phase) was taken instead of shoot growth
to model spike biomass. Assuming that leaf growth is completed
before this period, shoot growth can be considered as equal to stem
growth.
M3 (Demotes-Mainard and Jeuffroy, 2001):

This approach describes GPSM as a multiple regression including
the logarithm of NNI at BBCH 60 and the photothermal quotient
[MJ (m2 day degree)−1 ] over the 45 days preceding anthesis (Q45):
GPSM = G3 × (−4091.8 + 12160 × ln(NNI60 ) + 41889 × Q 45)

(3)

For calculation of Q45, a base temperature of zero and photosynthetically active radiation (PAR) are used. PAR was calculated
as 48% of the global radiation, according to Demotes-Mainard and
Jeuffroy (2001). NNI was calculated as the ratio between current
cN (interpolated between two measurements) and the critical N
concentration (Ncrit ) as percentage of shoot dry matter (Ncrit ), determined from the equation proposed by Justes et al. (1994).
For all values of DM greater than 155 g/m2 , Ncrit (%) was calculated as follows: Ncrit = 5.35 × (DM/100)−0.442 . For lower values of
DM, Ncrit was assumed to be 4.4%.
2.6. Interpolation of ﬁeld data
Logistic growth curves (Verhulst curves) were ﬁtted to the
observed data of shoot dry matter to obtain the daily shoot growth
rate. For the Wageningen dataset, the ﬁrst sample date for the lowest N level started in February (BBCH 13-21), whereas the other N
treatments started in May (BBCH 37-39). For getting a more robust
interpolation of DM during early growth, the ﬁrst sample dates
(before the ﬁrst N application) of the lowest N treatment were
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Table 3
Slope, intercept and r2 of the linear regression between measured and predicted (considered independent) shoot dry matter (DM) and BBCH values as well as number of
observations (n). Additional the RMSE between observed and interpolated DM values is given (3 node until watery ripe stage, BBCH 33–70).
Dataset

Parameter
−2

n

Slope

Intercept

r2

RMSE33–70

Wageningen (1983–1984)

DM [g m
BBCH

]

69
67

1.01
1.01

1.07
−0.54

0.99
0.99

57
–

Hohenschulen (2004–2006)

DM [g m−2 ]
BBCH

251
292

0.99
0.94

11.95
2.7

0.98
0.97

96
–

used as additional data points for the second and third N levels, as
well. The daily change of cN was determined by linear interpolation
between two subsequent sampling dates.
The explanatory variables (DM65 , DM39–65 , NNI60 and Q45)
were derived from interpolated measurements and BBCH development stages. The slope and r2 of the linear regression between
measured and predicted values (Table 3) is near one for DM (logistic
growth) and BBCH (discrete value related daily from phenological sub-model). Additionally, the RMSE between measured and
interpolated DM values (BBCH 33–70) is shown, but not for BBCH,
because these are discrete values.
The phenological model was previously published by Johnen
et al. (2006) and considers thermal time, vernalization and day
length. The simulated development stages and growth curves were
based on thermal time (◦ Cd) at a base temperature of zero. The
derived explanatory variables were calculated daily.

Table 5
Pearson’s correlation (r) between the characteristics of log transformed NNI
(lnNNI60 ), shoot dry matter per m2 (DM65 ) and shoot growth (DM39–65 ), as well as
grain number per m2 at harvest (GPSM) for Wageningen (n = 9) and Hohenschulen
(n = 36).
DM65
Wageningen (1983–1984)
1
DM65
lnNNI60
DM39–65
GPSM
Hohenschulen (2004–2006)
1
DM65
lnNNI60
DM39–65
GPSM

lnNNI60

DM39–65

GPSM

0.598
1

0.904
0.598
1

0.465
0.933
0.723
1

0.855
1

0.937
0.858
1

0.925
0.944
0.932
1

NNI = N nutrition status of wheat crops; DM = total shoot dry matter per square
meter; DM = accumulated shoot biomass, corresponding BBCH values are represented as subscripts.

2.7. Parameter estimation, statistical evaluation
3. Results
Curves and models for the estimation of GPSM were implemented within the HUME modeling environment (Kage and
Stützel, 1999) which supports parameter estimation based on the
Levenberg–Marquardt algorithm (Marquardt, 1963).
The ratios GPSM/DM65 , GPSM/DM39–65 and GPSM/NNI60 were
calculated for detection of cultivar related differences, using oneway analysis of variance (ANOVA) followed by pairwise multiple
comparison procedures (Bonferroni’s t-test) in sigma plot 11.0
(Sigma, USA), at which GPSM/DM65 was logarithmised to provide
normal distributed values. Differences were considered signiﬁcant
at P < 0.05.
There were no signiﬁcant differences between the cultivars of
the Hohenschulen dataset, but the ratio of GPSM and explanatory
variables were higher with the cultivar Arminda used for Wageningen dataset (Table 4), therefore the genotype speciﬁc factor (Gx ) was
estimated for each dataset and for each model by minimizing the
RMSE of GPSM. The exponential parameter of M4 was calibrated
using the Hohenschulen dataset only. The Wageningen dataset
was used for a ceteris paribus comparison, with one ﬁt parameter
for each model. Statistical evaluation was done using bias (difference between the means of simulation and observed values),
root mean square error (RMSE), and the relative root mean square
error (rRMSE), as well as Pearson’s correlation (r) and coefﬁcient of
determination (r2 ).

3.1. Explanatory variables, GPSM, and their relationship
Regarding the Hohenschulen dataset, DM65 , logarithmised
NNI60 (lnNNI60 , see M3/Eq. (3)) and DM39–65 are similarly
strongly correlated to GPSM (Table 5), while DM65 and DM39–65
show a weaker correlation with lnNNI60 than with GPSM. Q45 is not
shown in this context because of poor variation (Table 2). For the
Wageningen dataset, the correlation between GPSM and both DM65
and DM39–65 is weaker compared to the Hohenschulen dataset,
but the correlation of lnNNI60 is comparably strong.
On average, GPSM values are higher in the Wageningen dataset,
mainly due to a smaller averaged TKM (33 compared to 45 g, not
shown). The mean standard deviation of the observed GPSM values
between single replicates of the same treatment is 1470 for the
Hohenschulen dataset (unknown for Wageningen dataset).
In Fig. 1, the linear regression between GPSM and different plant
parameters is shown. In both datasets, the GPSM vs. NNI60 ﬁts
very well with a non-linear regression (Fig. 1C and G), whereas the
lnNNI60 shows a linear relation (Fig. 1D and H).
Regarding the Hohenschulen dataset, the linear regression
between GPSM and both DM65 and DM39–65 (Fig. 1A and B) ﬁts
well with the lowest N treatments, but worse at higher N levels
combined with tendencies of bias for speciﬁc N levels. They show

Table 4
Cultivar speciﬁc ratios between grains per square meter (GPSM) and different crop parameters (NNI60 = N nutrition status of wheat crops at anthesis, Q45 = the photo thermal
quotient 45 days preceding anthesis, DM65 = total shoot dry matter per square meter at anthesis, DM39–65 = accumulated shoot biomass between end of leaf growth and
mid anthesis).
n
Arminda
Cubus
Dekan
Hybred
Ritmo
Tommi

9
8
8
4
12
4

Year

GPSM/DM65 [grains g−1 ]

GPSM/DM39–65 [grains g−1 ]

GPSM/NNI60 [grains (NNI m2 )−1 ]

1983–1984
2005–2006
2005–2006
2005
2004–2006
2006

20.52A
15.58B
15.90B
16.77AB
16.44AB
16.45AB

40.25A
36.55AB
36.75AB
38.00AB
33.35B
33.92AB

32,199A
25,140B
25,717AB
26,186AB
26,792AB
25,500AB

Signiﬁcant differences are indicated by different capital characters, respectively (P < 0.05). Corresponding BBCH values are represented as subscripts.
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Fig. 1. Relation between different crop parameters (NNI60 = N nutrition status of wheat crops at anthesis; Q45 = the photo thermal quotient 45 days preceding anthesis;
DM65 = total shoot dry matter per square meter at anthesis; DM39–65 = accumulated shoot biomass between end of leaf growth and mid anthesis) and GPSM for the
Hohenschulen (A)–(D) and Wageningen (E)–(H) dataset (–––), as well as the linear regression for upper and lower 50% quantiles of GPSM (– –, Hohenschulen only). N
treatments: () 0, () 60–120 kg N ha−1 , () 140–192 kg N ha−1 and () 240–320 kg N ha−1 . Corresponding BBCH values are represented as subscripts. * Signiﬁcance at
P < 0.05., ** Signiﬁcance at P < 0.01. *** Signiﬁcance at P < 0.001.

some clumping at high values of GPSM. In both datasets, GPSM
vs. DM39–65 shows a GPSM intercept ranging between 3 and 4
thousand grains (Fig. 1B and F). Treatments with no N supply are
predicted well by the linear regression of GPSM and both DM65
and DM39–65 , whereas NNI60 is less sensitive (Fig. 1A–D). For the
Wageningen dataset, the relation between DM65 and GPSM (Fig. 1E)
is rather poor.
For the Hohenschulen dataset, the GPSM values were divided
in upper and lower 50% quantiles. The r2 between different

explanatory variables and GPSM differs for single quantiles of
GPSM. For all explanatory variables, the r2 in the upper 50% quantile
is drastically lower compared to the lower 50% quantile.
Five different cultivars were involved in the Hohenschulen
dataset, but there were no signiﬁcant cultivar speciﬁc differences
found, in contrast to the cultivar Arminda used in the Wageningen
dataset (Table 4). Thus, a differentiation between the modern cultivars was not necessary and the G coefﬁcients (Table 6) are the
result of the general regression for each relationship.
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Table 6
Values of the genetic coefﬁcients and statistical parameters of predictive quality for all models (M1–4). The additional exponential ﬁt parameter of M4 (Eq. (4)) was
parameterized on the Hohenschulen dataset, whereas the Wageningen dataset was used for the validation under ceteris paribus condition with only one ﬁt parameter for
each model.

Hohenschulen (n = 36)
Wageningen (n = 9)

G1 [grains g−1 ]

G2 [grains g−1 ]

G3 a

G4 b

16.133
20.1293

34.205
39.919

0.9512
1.3565

149.153
193.476

Hohenschulen

M1

M2

M3

M4

Number of ﬁt parameter
SE of estimatec (adj.) [grains m−2 ]
RMSEd [grains m−2 ]
r2 (adj.)e

1
1834
1808
0.86

1
1939
1912
0.84

1
2562
2513
0.72

2
1342
1301
0.92

Wageningen

M1

M2

M3

M4

Number of ﬁt parameter
SE of estimate (adj.) [grains m−2 ]
RMSE [grains m−2 ]
r2 (adj.)

1
3900
3677
0.07

1
2863
2700
0.50

1
2720
2565
0.55

1
1919
1809
0.77

a
b
c
d
e

Non-dimensional factor to adapt the original model output.
Grains per ln(DM65 × NNI60 × Q45)2.6233 .
Standard error of estimate.
RMSE: root mean square error.
Goodness of ﬁt (not 1:1 plot).
4500

ywag = 1703.43x + 4720.27

GPSM/ln(DM65)

4000

r2 = 0.84***

3500
3000
2500

yHS = 1448.79x + 3743.15

2000

r2 = 0.86***

1500
1000
-1.5

-1.3

-1.1
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-0.7

-0.5

-0.3

ln(NNI60*Q45)
Q45~0.6 (HS)

Q45~0.7 (HS)

Q45~0.6 (WAG)

Q45~0.5 (WAG)

Fig. 2. The ratio of GPSM [grains m−2 ] divided by the log transformed DM65 [g m−2 ]
and the log transformed product of NNI60 (N nutrition status of wheat crops
at anthesis) and the photo thermal quotient 45 days preceding anthesis (Q45
[MJ (m2 ◦ Cd)−1 ]), for both datasets (HS = Hohenschulen; WAG = Wageningen). The
colors signify the level of Q45: 0.534 (white), 0.618–0.628 (gray), 0.712 (black). ***
Signiﬁcance at P < 0.001.

A non-linear inﬂuence of NNI60 and Q45 on number of grains per
gram shoot was found. Fig. 2 illustrates the relationship between
the product of NNI60 times Q45 and the number of grains per g
shoot. The explanatory variables (DM65 , NNI60 , Q45) are log transformed and a similar strong and signiﬁcant relationship was found
between the ratio of GPSM/ln(DM65 ) and the log transformed product of NNI60 and Q45 for both datasets.
3.2. The new approach (M4) and its calibration
M4 (newly developed):
The fourth model is a synthesis of M1 and M3 (Eqs. (1) and (3))
and follows the assumption that GPSM is a function of DM65 , NNI60 ,
and Q45 (Fig. 2):
GPSM = G4 × ln (DM65 × NNI60 × Q45)a

(4)

The reason for the log transformation as done in M4 relies on
the fact that the response of GPSM to involved plant parameters
decreases (Fig. 1), as well as on the aforementioned non-linear
inﬂuence of NNI60 and Q45 on number of grains per gram shoot.

Fig. 3. Relationship between the log transformed product of different plant parameters (NNI60 = N nutrition status of wheat crops at anthesis; Q45 = the photo thermal
quotient 45 days preceding anthesis; DM65 = total shoot dry matter per square meter
at anthesis) and grain number per square meter (GPSM) of wheat crops from ﬁeld
experiments with different N fertilization (Hohenschulen dataset).

However, NNI60 is log transformed in M3 as well, in order to
linearize the inﬂuence of NNI60 on GPSM. The relation between
ln(NNI60 × Q45 × DM65 ) and GPSM is almost linear (Fig. 3).
Nonetheless, a power function was used instead of a linear
regression, because it should be an a priori requirement that the
estimating function is approaching the origin when explanatory
variables or the resultant product, respectively, become very
low. The contrast here is between explanatory variables that are
summed up (Eq. (3)) with considerable intercept and variables
that are multiplied (Eqs. (1), (2) and (4)).
Across the Hohenschulen dataset, M4 was adjusted with two ﬁt
parameters: ‘G4 ’ and the exponential parameter ‘a’ (Fig. 3). Only
G4 was ﬁtted to the Wageningen dataset, whereas the ‘a’ parameter has been taken as estimated from the Hohenschulen dataset to
assure a ceteris paribus comparison with only one ﬁt parameter for
each model.
3.3. Model comparison
The adjusted standard error of estimation and the adjusted r2
differ between models (Table 6), with M4 showing the best results
for both datasets.
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Fig. 4. Simulated vs. observed grain number (n = 45) for both data sets (N treatments: () 0, () 60–120 kg N ha−1 , () 140–192 kg N ha−1 and () 240–320 kg N ha−1 ) obtained
from different model approaches (M1–4) and corresponding linear regression (– –) equations as well as the 1:1 line (–––). For further statistical parameters see Table 6.

M3 shows an almost comparable RMSE in both datasets, while
the RMSE of M2, and even more M1, is much higher for the
Wageningen dataset, compared with the Hohenschulen results.
Comparing the 1:1 plots of simulated vs. observed GPSM (both
datasets), M1 tends to overestimate the second and underestimate
the highest N levels (Fig. 4), while the slope differs substantially
from one (assuming simulated values as independent). In contrast
to M1, the slope of the linear regression is close to one with M2,
whereas M3 and M4 are in between. The coefﬁcient of determination is highest for M4 followed by M2, M1, and M3.
The absolute annual bias, deﬁned as the absolute difference of
means between simulated and observed grains across years; was
lowest for M4 compared with the other models (not shown).

Nevertheless, measurement errors of the target value used for
the model calibration, as well as the uncertainty of ingoing explanatory variables, potentially limit the precision of any algorithm. The
average standard deviation for GPSM between single replicates of
the treatments within the Hohenschulen dataset (unknown for the
Wageningen dataset) amounts to 1470 grains m−2 . In this study, the
explanatory variables were derived from interpolated ﬁeld data,
and each data point represents the average of at least four replications. Between measured and interpolated DM (during BBCH 33 and
70), we found an RMSE of 96 g/m−2 and 57 g/m−2 for the Hohenschulen and Wageningen dataset, respectively. Keeping in mind
the average observed number of grains per DM65 (Table 4), these
measurement errors seem to be sufﬁciently small to allow a model
comparison.

4. Discussion
4.1. Field data interpolation and accuracy of GPSM measurements

4.2. Adjustment of genotype speciﬁc coefﬁcients

The inﬂuence of different explanatory variables on GPSM was
analyzed and the predictive quality of model approaches relying
on one or combinations of these variables was compared.
The evaluation of a model approach implemented in a dynamic
crop model can be difﬁcult because the predictive quality of the
approach depends on the predictive quality of involved explanatory variables simulated by the crop model it is implemented in.
On the other hand, experimental data of explanatory variables are
mostly not available in a satisfactorily high resolution and they are
often not determined for the speciﬁc development stages needed
in the algorithms. We present a method comparing the different
predictive approaches for GPSM, ensuring a close link to experimental ﬁeld data, thereby avoiding dependencies on an underlying
crop model; to our knowledge, such a strict comparison has not yet
been conducted.

Four different models were tested, assuming GPSM as a function of DM65 (Eq. (1)), DM39–65 (Eq. (2)), a combination of Q45
and NNI60 (Eq. (3)), or as a product of Q45, NNI60 and DM65 (Eq.
(4)). Genotype speciﬁc coefﬁcients (G) were ﬁtted to the data and
served for the model adjustment to dataset. However, the ratio of
GSPM and the explanatory variables did not vary greatly between
the modern cultivars used for the Hohenschulen dataset, but differences were found between these compared to the thirty years older
cv. Arminda used in the Wageningen dataset (Table 4) – also evident by much lower TKM values. Although the Wageningen dataset
is small, the results suggest that a genotype speciﬁc adjustment can
be useful especially if approaches calibrated in the past should be
transferred to modern cultivars.
The original concept of M2 provides no genotype speciﬁc adjustment, assuming 100 grains per g spike biomass, where spike
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biomass is 50% of the accumulated stem growth between BBCH
39 and 65 (Moreno-Sotomayor and Weiss, 2004). This leads to
50 grains g−1 (stem growth), assuming the spike as a part of the
stem. Subsequently, a grain set reduction was calculated according to the inﬂuence of high temperatures (Moreno-Sotomayor and
Weiss, 2004). In our study, we assumed that stem growth during this phase equals shoot growth (DM39–65 ), since leaf growth
is already completed. However, the G2 coefﬁcients (grains g−1 ) of
both datasets are smaller (Table 6) compared to the assumptions
of Moreno-Sotomayor and Weiss.
Regarding M3, the genotype speciﬁc coefﬁcient (G3 ) is serving
as a non-dimensional factor to modify the original model output.
The obtained explanatory variables and GPSM values of the Hohenschulen dataset are within a similar range as those published by
Demotes-Mainard and Jeuffroy (2001), from where M3 originated.
Consequently, the genotype speciﬁc adjustment was small and G3 is
near one for the Hohenschulen dataset, but higher for the Wageningen dataset (0.95/1.36). Analogous to this, G1 and G4 are higher for
the Wageningen dataset, showing that there is a noticeable genetic
distance between Arminda and the modern cultivars used in the
Hohenschulen dataset.

4.3. Interaction of explanatory parameters and physiology
aspects
Our results conﬁrm the possibility to estimate GPSM using
the input parameters Q45 and NNI60 only (Demotes-Mainard and
Jeuffroy, 2001), but for the Hohenschulen dataset the overall
RMSE of M3 was fairly high compared to the other approaches
(Table 6). It has to be noted, that there are substantial differences between the parameter DM65 and the parameters Q45 and
NNI60 . The latter are ratios and therefore not inﬂuenced by factors like sowing density, drought stress or fraction of intercepted
radiation. Although the correlation between a term including these
variables exclusively (Eq. (3)) and GPSM might be high, both parameters are of qualitative nature and cannot give any authentic
information about GPSM until spike or shoot biomass is incorporated.
Physiologically, it makes sense to include biomass or growth
into the estimation of GPSM (M1, M2, M4), because shoot biomass
is linked to spike biomass and number of spikes per m2 . Strong
N deﬁciency leads to reduced growth and therefore N deﬁciency
is indirectly included in models using biomass as input exclusively. Thus, a simple and physiologically reasonable model like
M1 or M2 seems to be more appropriate at ﬁrst sight, compared to M4 and M3 which are more empirical. Nevertheless,
total dry weight at anthesis, as an index of resource accumulation, does not always correlate well with GPSM as reported by
Fischer (2008). This is conﬁrmed by our ﬁndings, since the correlation between NNI60 and GPSM is greater than between NNI60 and
DM65 (Table 5).
The relationship between NNI60 and GSPM was non-linear in
both datasets but became linear after log transformation of NNI60
(Fig. 1C, D, G and H). Thus, it makes sense to log transform NNI60
as an explanatory variable within a multiple linear regression (Eq.
(3)). Although the relationship between GPSM and DM65 seems to
be more linear (than for NNI60 ), a much weaker slope was found
for the upper 50% quantile compared to the lower 50% quantile
(Fig. 1A). Thus, the assumption of a linear relationship between
GPSM and these variables is problematic especially under varying
N supply.
Although DM65 , NNI60 and Q45 are correlated (Table 5), M4 uses
the product of these for the GPSM calculation. The underlying idea
is that the GPSM/DM65 ratio is inﬂuenced by NNI60 and Q45 (as discussed). Following the regression of Fig. 2, the ratio GPSM/ln(DM65 )

is a function of NNI60 times Q45, which is signiﬁcant for both
datasets:
GPSM
= f1 + f2 × ln(NNI60 × Q45),
ln(DM65 )

(5)

were f1 and f2 are the ﬁt parameters of the linear regression. Further,
GPSM/DM65 can be derived from this relationship:
GPSM
ln(DM65 )
= [f1 + f2 × ln(NNI60 × Q 45)] ×
.
DM65
DM65

(6)

The ratio ln(DM65 )/DM65 on the right-hand side of Eq. (6) signiﬁes that GPSM/DM65 and its response to NNI60 and Q45 is smaller
for high values of DM65 . This might be due to the fact that the
potential grain number an area can bear is limited physiologically.
However, the underlying mechanism of the variation in grain
number per shoot weight can be explained by the fact that wheat
adjusts the number of its offspring to environmental conditions,
in particular radiation, temperature, N availability and drought,
through large changes in the survival rate of ﬂoret primordials
and competent ﬂorets (e.g. Ferrante et al., 2010). In this context, Fischer and Stockman (1980) found that pre-anthesis shading
periods reduce kernel number per spike associated with reductions
in the number of competent ﬂorets, while the potential number of
tillers (which might later be able to bear grains) obtained under
otherwise unstressed conditions is higher at cooler temperatures
and greater light intensities (Huibert et al., 1998). Ferrante et al.
(2010) found a diminished rate of ﬂoret abortion during the late
part of stem elongation in response to enhanced N availability for
durum wheat, which conﬁrms earlier results obtained by Sibony
and Pinthus (1988) in bread wheat. The relationship of light intensity and temperature during the phase of spike growth is reﬂected
by the photothermal quotient, which is closely related to GPSM (e.g.
Fischer, 1985; Demotes-Mainard and Jeuffroy, 2001; Bassu et al.,
2010). The presented datasets contain ﬁve different years (Table 2),
where Q45 ranges from 0.5 to 0.7 [MJ (m2 ◦ Cd)−1 ]. Since radiation
is the main driving force of growth and cooler temperatures reduce
respiration losses, Q45 is linked to the potential growth rate during
spike growth. Therefore, Q45 and DM65 are correlated but if GPSM
could be sufﬁciently explained by Q45 or DM65 only, multiplying
both parameters should increase the mean annual bias, deﬁned as
the absolute difference of means between simulated and observed
grains for a speciﬁc year. However, the opposite is true: on average,
the absolute annual bias is 632 for M4 compared with 1038–2219
[grains m−2 ] obtained from the other approaches (not shown). The
physiological explanation might be that Q45 as a representative of
growing conditions during spike growth relates to the fraction of
spike weight per shoot weight.
However, the variation of Q45 within the used datasets is too
small to make a ﬁnal conclusion. Nonetheless, in both datasets, at
least Q45 does not disturb the role of ln(NNI60 ) as a “modiﬁer” of
GPSM/ln(DM65 ) (Fig. 2), which conﬁrms the concept of M4 (Eq. (4)).
5. Conclusion
Our data shows that the N nutrition status of wheat crops at
anthesis expressed by NNI60 modiﬁes the number of grains per unit
shoot biomass. In addition, there are indications that the photothermal quotient 45 days preceding anthesis (Q45) has an inﬂuence on
this ratio as well. As a consequence, the consideration of Q45 and
NNI60 could enhance the GPSM predictive quality for both datasets,
compared to models using biomass or growth exclusively. Since M4
relies only on climatic variables, aerial growth, and N accumulation
needed for the NNI60 calculation as simulated by most wheat crop
models, this new approach could be useful for estimating GPSM in
wheat crop models.
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