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Abstract 

Traits related with water productivity in dryland cropping interact in multiple ways to influence final grain 
yield. The APSIM-Wheat model has proved useful to address how to best combine traits for region-specific 
and management-specific adaptation of new genotypes. However, the model requires further effort to 
accurately simulate important traits associated with enhanced water productivity, especially during the 
vegetative stage. Field experiments were conducted in 2015 and 2016 to assess variation and covariation in 
traits related to canopy development, e.g. tillering and leaf area development. An improved wheat model has 
been developed with, in particular, distinction of between the different tillers and their characteristics (e.g. 
leaf size and life span) by using the plant model framework (PMF) in APSIM Next Generation. The new 
model allows more accurate predictions of major traits related to canopy development (e.g. tiller number and 
leaf area index) during the growing season. The improved wheat model was evaluated in different 
environments and can be used to evaluate genotypic variations in traits related to water productivity.  
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Introduction 

Crop models play an important role in informing breeding strategies (Cooper et al. 2009) and agronomists 
(Kirkegaard et al. 2014) through simulating interaction of genotype, environment and managements (Chenu 
et al. 2017; Zheng et al. 2018) and evaluating trait values for the target population environments (Casadebaig 
et al. 2016; Chenu et al. 2017). However, the trait values depend on the understanding of physiological 
processes in crop growth and development (Chenu et al. 2017, 2018; Soufizadeh et al. 2018). Integrating 
genotypic information into crop models and breeding program also requires to properly dissect traits into 
underlying mechanisms. However, current process-based crop models typically simplify processes related to 
many adaptive traits (Hammer et al. 2010), especially during early developmental stages. 

Canopy structure plays an important role to capture radiation, which is converted into biomass through 
photosynthesis. It also strongly influences water use, and plays a key role in water productivity. However, 
crop models typically simulate environment impacts at the canopy level (e.g. LAI) without capturing the 
detail canopy structure (e.g. tiller dynamic) and its interactions with the environment.  

The aim of this study was to improve the APSIM-Wheat model to capture the dynamic canopy structure of 
wheat, especially during the vegetative stages. The new model was evaluated against data from detailed field 
experiments.  
 
Material and Methods 
Overview of the improved APSIM-Wheat model 

Recently, a new APSIM-Wheat model has been developed with the plant modelling framework (PMF) 
(Brown et al. 2014) as part of the APSIM Next Generation (Holzworth et al. 2014, 2018).  In APSIM Next 
Generation, wheat phenology is simulated with algorithm developed by Brown et al. (2013). Wheat is 
structured in 5 ‘organs’ (i.e. ‘leaf’, ‘stem’, ‘root’, ‘spike’ and ‘grain’) which develop over 9 major stages 
from sowing to maturity. Biomass production is driven by the photosynthesis from ‘leaf’ and retranslocation 
from ‘stem’ and ‘spike’. In the new model, photosynthesis is simulated using SPASS model (Wang and 
Engel 2000) with a few modifications. In APSIM Next Generation, biomass and nitrogen partitioning 
allocate resources proportionally to the daily demand of each organ (Brown et al. 2019).  
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Leaf appearance 

In APSIM Next Generation, the phyllochron (i.e. duration between sequential emergence of leaf tips on the 
main stem) depends on the input ‘base phyllochron’, which is adjusted according to the number of appeared 
leaf tips on the main stem and may be reduced by longer photoperiod. The base phyllochron is a genotypic 
parameter set to 95oCd for cultivar Hartog. The phyllochron is 70% of the base phyllochron for leaves < 3, 
equals to the base phyllochron between leaves 3 and 7, and is 140% of the base phyllochron for leaves > 7 
(Jamieson et al. 1995). 
 
Tiller dynamic  

The tiller appearance rate is calculated as following Fibonacci serial based on the phyllochron in multiple 
models (Porter 1985; Boone et al. 1990; Miralles and Richards 2000). However, several studies indicated 
that primary-tiller appearance was not fully synchronized with leaf appearance on the main stem (Evers et al. 
2006; Moeller et al. 2014; Abichou et al. 2018). In the new model, the interval between the emergence of 
successive tillers linearly increases with higher tiller ranks as in Abichou et al. (2018).  

In the new model, the tiller appearance rate is slowed down and ultimately stops due to increased ground 
coverage (self-shading), nitrogen and/or water stresses. Based on experimental data, we know that tiller 
mortality often begins after the main stem initiates floral development (Davidson and Chevalier 1990) (i.e. 
‘terminal spikelet’ stage in the model). The later a tiller emerges, the more likely it is to be infertile and 
senesce after terminal spikelet (Davidson and Chevalier 1990). In the new model, the number of tillers that 
will become infertile is determined at the ‘terminal spikelet’ stage. An infertile tiller is defined as a tiller with 
fewer appeared leaf tips than a critical number (set at 4 by default) and adjusted depending on the ground 
coverage at terminal spikelet (thus allowing responses to plant density). 
 
Expansion of individual leaves 

Leaves from different tillers that initiated at the same time are modelled as a ‘leaf cohort’. Each leaf cohort 
has 5 stages (i.e. ‘initialization’, ‘appearance’, ‘full expansion’, ‘senescence onset’ and ‘full senescence’) 
separated by four periods (i.e. ‘appearing period’, ‘expansion’, ‘lag duration’ and ‘senescence’). The 
duration of each period is parametrized through experimental observations and data from the literature.  

The leaf area expansion is simulated for each leaf cohort, with the area of each leaf rank been first set at a 
maximum (potential) value. From leaf initialization to appearance, the potential leaf area may be reduced by 
water and nitrogen stresses. In the new model, the first leaves of each tiller have a smaller leaf area than the 
rest of the leaf cohort, as observed by Fournier et al. (2003) and Martre and Dambreville (2018). The data 
from Martre and Dambreville (2018) was used to parameterize the reduction factors of leaf size for these first 
tiller leaves. During the expansion phase, increase in leaf area may be limited by abiotic stresses (i.e. 
temperature, water and nitrogen stresses) or carbon constraint (depending on biomass allocation to the leaves 
and maximum specific leaf area).  
 
Field experiments 

Wheat experiments were conducted in 2015 and 2016 at Gatton (27.56°S, 152.33°E) using the cultivar 
Hartog under full irrigation and high nitrogen conditions with three replicates. The trials included different 
sowing dates: 21 May 2015 (‘15TratiMod’), 22 June 2015 (‘15TratiMod2’) and 21 May 2016 
(‘16TraitMod’). Plots contained seven rows and were 2 m wide and 7 m long. At sowing, 205 kg ha-1 of urea 
(46% N) was applied in a soil containing ca 32.3 kg ha-1 of nitrogen in the top 60 cm. The plant density was 
150 plant m-2.  
Intensive measurements related to wheat phenology, canopy development, and biomass partitioning were 
taken from sowing to maturity. Development was scored using Zadoks stages (Zadoks et al. 1974) once or 
twice a week depending on the growth stage. Quadrats of 1 × 1 m size were harvested at two-week intervals 
to determine the leaf area index (LAI), above-ground dry biomass and the dry biomass of green leaves, death 
leaves and stems. The total number of stems were counted from 10 tagged plants at fourth leaf stage.  
Phenology parameters were fitted so that simulated flowering time matched the observations. 

 
Results and discussion 

A new canopy model was implemented in the APSIM-Wheat model with, in part, an improved tillering 
dynamic (from initiation to senescence) and specific consideration of leaf expansion from the different 
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tillers. The improved model more accurately captured differences in canopy structure across environments. 
The performance of new wheat model was evaluated in multiple environments for cultivar Hartog. Three 
selected trials are presented in the figures below. 
The improved model simulated accurately the dynamic of stem number over the whole growth season, 
including the number of fertile tillers (Figure 1), which is known to strongly affect yield components (Araus 
et al. 2008). The model tended to slightly over-estimate tiller appearance and under-estimated maximum 
stem number for 16TraitMod1. Despite this slight bias for simulated tillering in one of the trial, the model 
accurately reproduced the dynamic of leaf area index in the tested trials (Figure 1B and Figure 2A).  
Biomass accumulation and partitioning were reasonably simulated over the crop cycle with an RMSE of 
144.43 g m-2, and R2 of 0.92 for above-ground biomass (Figure 2B). 

 
Figure 1.  Observed (symbols) and simulated (lines) dynamic of (A) stem number (including main stems) per 
square meter (for a plant density of 150 plt m-2) and (B) leaf area index in the three field experiments. The error 
bars indicate the standard errors (10 replicates for stem number and 3 for leaf area index).  
 

 

 
 

Figure 2.  Comparison of observed (x-axis) and simulated (y-axis) values for leaf area index (A, m2 m-2) and total 
above-ground dry biomass (B, g m-2) in the three field experiments. Observed values correspond to the average 
of three replicates.   The error bars indicate the standard errors (10 replicates for stem number and 3 for leaf 
area index).  

 
Conclusion 
In the canopy growth and development of the APSIM Next Generation wheat model has been improved with 
in part, an improved model for tillering (from initiation to senescence) and specific consideration of leaf 
expansion from the different tillers. Major traits related with canopy development, such as tiller number and 
leaf area index, were simulated over time with a reasonable performance across three environments. The 
improved wheat model will be useful to assess the value of genotypic variation in traits related to canopy 
development, e.g. in drought-prone environments.  
 

A B 
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