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Summary 

Decision support (DS) tools premised by biophysical model data enable end-users to explore 
scenarios that either complement or are outside past experience. Such tools provide a cost-effective 
form of experimentation that quickly outputs information on (and allows manifold contrasts of) 
possible outcomes, leading to more informed discussion of new enterprise options and management 
practices. When the models used to produce the data for DS tools have been ground-truthed, the 
models can be readily adapted to new environments with different soils, climatic conditions and 
crop/pasture management, and can thus be used by decision-makers to set performance goals for 
production, profitability and natural resource management outcomes. The legacy of this type of 
project is a step-wise change in the capability of farmer groups and industry to analyse productivity 
and its determinants. 

This project adapted several models to provide decision-support for a range of cropping and 
pasture-based farming systems. Models were calibrated with input parameters enabling simulation 
of farmer experience and providing attainable grain yield benchmarks for their specific 
circumstances. This participatory form of modelling provided end-users with confidence in the 
modelled outputs, but also helped refine and improve the models themselves. Model ground-
truthing (validation) required physical soil measurements because plant growth critically depends on 
plant/soil interactions that are available, especially the amount and availability of water and 
nitrogen. Once validated, the models were demonstrated in a series of workshops and state-wide 
industry events to farmers and consultants, including members of the peer-to-peer learning groups 
in the present project. The combination of DS tool and model outputs were used to examine the 
productivity potential of cropping strategies involving alternative varieties, rates of fertiliser 
application, watering via irrigation and timing of management operations such as sowing and 
fertiliser broadcasting. 

In the first phase of this work, we held dedicated workshops with both local and interstate modelling 
experts in order to prioritise key systems questions relating to irrigated cropping that required 
pertinent research and development. It was agreed that Sub-Project 2 should address agronomic 
issues relating to irrigated wheat crops, dual-purpose crops (i.e. crops that can be grazed during 
winter and later harvested for grain at maturity) and green-pea crops. A study of the agronomic 
effects of waterlogging was also conducted. An additional output from the project has been the 
development of a calibrated model capable of simulating potato crop growth and development. 
Throughout the remainder of the project, these modelling tools were developed and refined in 
accord with feedback from the farming community. 

As with any DS tool, it is important for users to recognise that outputs (e.g. total biomass at harvest, 
grain or tuber yield) will not exactly reflect values measured on farm. This is because models are 
representations of reality that only include predominant factors that influence crop growth; they do 
not include factors such as weeds, pests or diseases. The important point in using such a model is 
the relative difference obtained between alternative inputs, i.e. users can apply such decision-
support tools to answer questions such as “if I delay sowing for two weeks, am I likely to experience 



better or worse yield?”, and “does applying limited irrigation over the crop life-cycle result in a 
better yield outcome than only applying heavy irrigation in the window of flowering?”. 

To ensure the DS tools and modelling generated in this project continue uptake by end-users and 
impact after the life of the project, we developed a web interface that describes each tool and 
provides instructions for use (see http://www.utas.edu.au/tia/research/research-
projects/projects/decision-support-tools-and-modelling ). 

 

Dual-purpose cropping decision-support tool 

In collaboration with CSIRO and the GRDC, the dual-purpose cropping tool was developed to allow 
analysis of how well crops will grow when grazed by different livestock under various stocking rates 
in Tasmania. This DS tool shows how the yield of wheat and canola crops varies with alternative 
grazing durations and stocking rates of sheep or cattle. This information helps farmers make 
decisions about how their management options affect crop agronomy and potential economic 
returns. 

With the dual-purpose (DP) DS tool, users can choose a site (e.g. Cressy), crop and variety type (e.g. 
long season winter wheat), sowing date (e.g. 15 March), estimated flowering date (e.g. 30 
September) and target grain yield (e.g. 6 tonnes per hectare). The DP tool then automatically 
estimates a median flowering date and an average yield. Contrasts of the dates when grazing 
animals are removed from crops and their stocking rates provides users with information about the 
outcomes of different management decisions. 

The Dual Purpose Cropping Tool is available at http://www.grainandgraze3.com.au/ 

 

Green pea participatory simulations 

This work conducted simulations for farmers to assess how green peas will grow at four sites in 
Tasmania, under various sowing dates, rates of irrigation and fertiliser application rates. 

The simulations demonstrate how the yield of green pea crops varies depending on different 
conditions. For example, they can be used to infer potential year-to-year variability in yields as well 
as effects of rainfall and temperature on crop phenology, along with related information including 
crop biomass, protein levels, flowering times, days to harvest and water use efficiency. 

 

CropARM 

CropARM is a simple software tool that compares the long-term risk of different agronomic 
management options. 

The Water for Profit team calibrated the systems model Agricultural Production Systems Simulator 
(APSIM) using experimental yield and total biomass data measured for rain-fed and irrigated wheat 
crops. The calibrated APSIM files were then used as outputs in the software tool CropARM at ten 
different sites in Tasmania. 

Simulations used 115 years of climate records at each site to predict year-to-year variability. The 
management factors that can be examined include: 

http://www.utas.edu.au/tia/research/research-projects/projects/decision-support-tools-and-modelling
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• Crop type (i.e. species and varieties) 

• Stored soil water at planting 

• Sowing date 

• Maturity length 

• Plant population 

• Row configuration 

• Soil nitrogen content at sowing 

• Nitrogen fertiliser rate (applied at sowing and/or within crop) 

Each factor contains three to six levels from which users can select (e.g. nitrogen applications at 
sowing include 0, 50 or 100 kg N/ha). CropARM has approximately 20 output options, including crop 
yield, water use, days to harvest as well as temperature stress indices (e.g. frost/low temperatures 
around flowering). It also includes a simple gross margin calculator. CropARM is available at 
http://www.armonline.com.au/#/wc. 

 

Potato simulations under two Tasmanian environments. First steps of APSIMX model calibration 
and factorial experiments 
 
Previous work with Agricultural Production Systems Simulator (APSIM) used older modules to conduct 
simulations. The new version of APSIM (APSIMX or Next Generation) model has been recently 
developed using the Plant Modelling Framework by researchers at Plant & Food Research, New 
Zealand (Fig. 1). This new framework provides a library of plant organ and process sub-models that 
can be coupled, at runtime, to construct a model in much the same way that models can be coupled 
to construct a simulation. This means that dynamic composition of lower level process and organ 
classes (e.g. photosynthesis, leaf) into larger constructions (e.g. potato, maize, wheat, sorghum) can 
be achieved by the model developer without additional coding. The main crop used to develop this 
new APSIMX framework is potato. However, the development of this plant module was only based on 
New Zealand data sets. An additional output from the WfP project has been a first attempt to develop 
an APSIMX calibrated model capable of simulating potato crop growth and development under 
Tasmanian environments. This modelling tool was refined (in collaboration with Dr. Brown, Plant & 
Food Research, New Zealand) in accord with feedback from the research and farming community.   
 
A detailed dataset of a UTAS PhD thesis (Borus, 2017) was used to calibrate the APSIMX potato model. 
This dataset included leaf area index (LAI), leaf, stem and tuber dry matter (DM) yield of two potato 
genotypes (Moonlight and Russet Burbank) under two locations in North-west Tasmania (one at the 
Tasmanian Institute of Agriculture Vegetable Research Facility [Forthside] and Barrington). For 
Forthside the genotype used was Moonlight and for Barrington were used two genotypes, Russet 
Burbank and Moonlight. 
 
Monitoring plots were established within well-managed potato fields grown during the 2012/13 
cropping season where the crop management practices were carried out by the farmers and no 
additional treatments were introduced. All potato fields belonged to commercial growers contracted 
by Simplot Australia Ltd and the growers followed the recommended agronomic practices for 
production of processing potatoes as advised by a field agronomist. A detailed description of the crop 

http://www.armonline.com.au/#/wc


management in the experiments used for this model parametrisation could be found in Borus et al., 
(2018) Australian Journal of Crop Science doi: 10.21475/ajcs.18.12.01.pne570. 
 
Although APSIMX demonstrated good accuracy for predicting the tuber DM yield during the growing 
season, the model with default settings demonstrated poor ability to simulate LAI and stem DM yield 
in the two locations evaluated using the Moonlight genotype (Fig. 1). However, leaf DM yield of this 
genotype was simulated with relatively good accuracy (Fig. 1). On the other hand, although APSIMX 
well-predicted LAI and stem DM yield of Russet Burbank genotype in Barrington, the model poorly 
simulated the leaf DM yield for this genotype (Fig. 1). The discrepancies in the model simulations of 
canopy structure could be due to the sensitivity of the model to changes in the number of stems per 
tuber (specified for each genotype), which was one of the most sensitive parameters of the plant 
potato module. 
 

 
 
Figure 1. Observed (black points) and modelled (red lines) potato LAI, leaf, stem and tuber dry 
matter (DM) yield vs. days after sowing for Forthside and Barrington. For Forthside the genotype 
used was Moonlight (M-Forthside) and for Barrington were used Russet Burbank and Moonlight (R-
Barrington and M-Barrington, respectively). Capped vertical bars represent the range in observed 
values. 
 



The APSIMX potato model showed excellent accuracy for predicting the tuber DM yield during the 
growing season at the both Tasmanian locations (Fig. 1) as was evidenced by the range of values of 
0.96-0.98 for the concordance correlation coefficient (CCC; Fig. 2). The CCC integrates precision 
through Pearson’s correlation coefficient, which represents the proportion of the total variance in the 
observed data that can be explained by the model, and accuracy by bias which indicates how far the 
regression line deviates from the concordance y = x line). The observed tuber DM yield at maturity 
ranged from 14.3±2.9 kg DM ha-1 for Russet Burbank to 16.8±4.1kg DM ha-1 for Moonlight in 
Barrington. The modelled DM yield ranged from 14.3 kg ha-1 for Russet Burbank in Barrington to 16.8 
kg ha-1 for Moonlight in Forthside (Fig. 2). 

 

 
Figure 2. Observed vs. modelled potato dry matter (DM) yield during the potato season (each point is 
a measurement from emergence to maturity) for Forthside and Barrington. For Forthside the 
genotype used was Moonlight (M-Forthside) and for Barrington were used Russet Burbank and 
Moonlight (R-Barrington and M-Barrington, respectively). Solid black line represents the function y = 
x (i.e. 1 : 1 relationship) and dotted line represents ± 20% of 1 : 1 relationship. 
 
After model calibration, the WfP team conducted a factorial simulation (sowing date*nitrogen 
[N]*water) for the two locations and genotypes used in the calibration in order to assess the combined 
effect of N fertilisation rates and water supply on tuber DM yield during the season 2012/13. One 
visual example of the factorial in the model can see in Figure 3. 
 



 
 
Figure 3. New APSIMX user interface. On the left, an example of model experiment with three factors 
(sowing date, water supply and N rates) and on the right, the experiments simulated by the model in 
Forthside for the combined levels of each factor (sowing date [20-Oct, 15-Nov, 10-Dec], N rate [0, 100, 
200 kg ha-1] and water supply [Wet=irrigated and Dry=dryland]) during the season 2012/13. 
 
Generally, factorial simulations in Forthside shown that (i) there were little differences of tuber DM 
yield between genotypes, (ii) irrigation increased tuber DM yield regardless of N rate and sowing date, 
(iii) higher tuber DM yields were associated with earlier sowing dates and (iv) there were little 
differences in tuber DM yield with N fertilisation rates more than 100 kg ha-1 independently of sowing 
dates (Fig. 4a). On the other hand, factorial simulations in Barrington shown that (i) tuber DM yields 
were lower in this location than in Forthside when N was not applied regardless of water supply and 
sowing date and (ii) there were high differences in tuber DM yield due to water supply with N 
fertilisation rates more than 100 kg ha-1 (Fig. 4b). Although, our initial results allow identifying the 
main drivers of tuber DM yield variability during the season 2012/13, future model simulations need 
to be conducted over the long-term. Therefore, in a second step the WfP team will investigate how 
the interaction of these factors affect tuber DM yield in the long-term. Likewise, the WfP team will 
improve the model simulation of canopy structure (i.e. LAI, leaf and stem DM yields). A detailed re-
parametrisation of the most sensitive model parameters will be done based on field data from the 
Tasmanian Institute of Agriculture and future PhD projects. 
 



 
 

 
 
Figure 4. Modelled potato dry matter (DM) yield of Moonlight and Russet Burbank genotypes for three 
sowing dates (20-October [20-O], 15-November [15-N] and 10-December [10-D]), three N rates (0, 100 
and 200 kg ha-1) and two water supplies (irrigated [blue bars] and dryland [green bars]) in Forthside 
and Barrington during the season 2012/13. Seasonal rainfall during the growing period of potato is 
shown in brackets) 
 
Finally, the WfP team envision is to improve methodologies for conducting cross scale potato system 
impact assessments. For that, the team will (i) assess the interactions between data aggregation 
methods and model complexity (particularly soil, water demand and irrigation modules) for irrigated 
conditions across Tasmania and (ii) quantify the regional drivers (climatic, water supply, socio-
economic, etc.) of crop yield variability of irrigated agriculture across regions in diverse Tasmanian 
agricultural systems and (iii) evaluate the potential impacts of climate change on potato tuber DM 
yield under future scenarios, particularly in the Midlands region of Tasmania. As a part of this work, 
the team will apply existing model-scaling techniques (e.g. climate data interpolation, model input 
and output data aggregation) and assess the drivers of yield variability for diverse Tasmanian 
environments. This innovative research will combine strengths in irrigated agriculture at field-scale 
with multi-scale modelling, multi-model analysis and integrated biophysical-socio-economics 
assessments. This work will be conducted in collaboration with the University of Göttingen and the 
Leibniz Centre for Agricultural Landscape Research, Germany whom have extensive expertise in crop 
modelling and analysing the climatic/socioeconomic factors influencing crop variability and drought 
vulnerability across Europe. 
 

Appendix 1. Dual-purpose cropping decision-support tool 

The Dual Purpose (DP) cropping decision-support tool allows users to examine agronomic and 



economic outcomes to alternative grazing scenarios of dual-purpose wheat and canola. This tool 
was originally developed for mainland environments. The Water for Profit project has conducted 
model simulations that show how crop growth rates and yields of dual-purpose wheat and canola 
differ with alternative grazing regimes, stocking rates and type of livestock used in the grazing 
enterprise. 

The original DP tool was developed in Microsoft Excel, but the new tool developed by TIA and the 
University of Tasmania’s ICT team (led by Prof Byeong Kang) is hosted online, facilitating easier and 
more transparent uploading of new data. Moreover, individuals can upload their own APSIM data 
to the tool, enabling users to tailor their own specific situation. 

The tool presents new scientific information about how grazing duration and intensity affects crop 
regrowth and yield, as well as liveweight gain of sheep or cattle grazing these crops. This 
information is linked with economic data, providing direct information on financial outcomes of 
different grazing strategies of dual-purpose crops. Having rapid access to this information will 
enable future scenario analyses for agricultural decision-makers, potentially leading to increased 
profitability. 

Having access to the tool for Tasmanian conditions allow users to contrast not only agronomic 
effects of wheat and canola but also economic effects under different scenarios. 

Figure 1 shows the first step in using the DP tool. In the white fields, users can choose location (e.g. 
Cressy), crop and variety type (e.g. winter wheat long season), sowing date (e.g. 15-Mar), 
estimated flowering date (e.g. 30-Sep) and target grain yield (e.g. 6 t/ha). Once users complete the 

required fields, the DP tool automatically estimates a median flowering date and an average yield 
(grey fields; not modifiable by users). If users change the information of white fields, they need to 
update predictions clicking on grey button called “Update”. 

Figure 1. Location and crop management options. 

Figure 2 shows two alternative scenarios can be created by users. In these panels, they can choose 
the lock-up date (i.e. the data when animals are removed from crops) and current residual biomass 
(Scenario 1, blue panel) for the grazing crop previously selected (e.g. 15-Jul and 1.7 t/ha, 
respectively). To assist with field estimation of residual biomass, the DP tool also provides 
photographs of residual biomass for wheat and canola (Fig. 3). The next step is to select an 
alternative lock-up date (“Delay lock-up until”) and future residual biomass when livestock are 
removed from paddocks (Scenario 2, red panel, e.g. 15-Aug and 1.7 t/ha, respectively). 
Alternatively, a stocking rate may be entered, in which case the estimated residual biomass in 
scenario 2 should be deleted. The DP tool automatically estimates potential yield, yield range and 
the difference between target and projected yields for both scenarios (bottom of the panels). Note 
that while in both scenarios (1 and 2) wheat started growing after lock-up date from a residual 
biomass of 1.7 t/ha, only scenario 1 wheat achieved the critical anthesis biomass for the target 



yield (Fig. 2 right side). In fact, delaying the lock-up date by 1 month (difference between scenarios 
1 and 2) between July and August at this site demonstrates that such management practices will 
have a significant effect on regrowth and yield. 

 
Figure 2. Alternative scenarios of lock-up date and residual biomass. Dual-purpose wheat with 
different lock-up dates (15-Jul [blue line] and 15-Aug [red line] in the graph) and equal residual 
biomass after grazing (1.7 t/ha). When the projected anthesis biomass surpasses the critical anthesis 
biomass of target yield, the desired target yield will be attained (in the figure above the target yield 
is 6 t/ha). 

 
Figure 3. Examples of residual biomass for (a) wheat and (b) canola. 
 
Users of the DP tool can predict economic outputs under the growing scenarios previously selected. 
In the orange panels of Figure 4, they can choose (white fields) grain price (e.g. $300/t wheat) and 



animal category (e.g. prime lambs [Fig. 4a] or breeding cows/adults [Fig. 4b]). The tool 
automatically estimates a value for additional grazing per animal per day (e.g. 0.45 $/hd/d or 1.4 
$/hd/d for prime lambs and breeding cows/adults, respectively), total value of additional grazing, 
value of grain yield loss and the net balance from additional grazing. For instance, DP wheat at 
Cressy, Tasmania provided an additional economic gain for fat lambs ($91/ha), while breeding 
cows/adults resulted in a loss of ($220/ha) since the value of the additional grazing for cattle was 
not as high as that for lambs. In all cases, users should enter specific economic information if they 
have more accurate data than the defaults provided in the tool. 

 

Figure 4. Economic analysis of additional grazing for two animal categories (a) fat lambs and (b) 
breeding cows/adults. 
 

Appendix 2. Agronomic risk analysis decision-support tools for Tasmania: CropARM 

CropARM is a simple software tool that provides information on long-term risk when comparing 
different agronomic management options (see http://www.armonline.com.au/#/wc). Simulations 
use 115 years of climate records (1900-2015) at each site to predict the year-to-year variability in 
outcomes. The effect of different levels of inputs can be compared side-by-side. The management 
factors that can be examined include: 

• Crop type (i.e. species and varieties) 

• Stored soil water at planting 

• Sowing date 

• Maturity length 

• Plant population 

• Row configuration 

• Soil nitrogen content at sowing 

• Nitrogen fertiliser rate (applied at sowing and/or within crop) 

Each factor contains 3 to 6 levels from which to choose. These levels can constitute the scenario 
comparison or any number of levels (acts like a input “rate” trial) or these factors can be combined 
with multiple levels within any other factor (similar to a ‘factorial’ experiment). 

CropARM has approximately 20 output options, including crop yield, water use, days to harvest as 
well as water- and temperature stress indices (e.g. frost/low temperatures around flowering). It also 
includes a simple gross margin calculator. 

Using APSIM, the Water for Profit team calibrated the model (adjusted the model coefficients in 

http://www.armonline.com.au/%23/wc)


order to fit the observed data) at ten sites in Tasmania using experimental yield and total biomass 
data measured for rain-fed and irrigated wheat crops. These APSIM files were then validated 
(compared against observations), and after a final adjustment were incorporated into the CropARM 
interface to enable Tasmanian users to examine the likely effects of agronomic management on 
long-term risk. 

Having access to the tool for Tasmanian conditions allow users to contrast not only agronomic 
effects of their cropping rotations but also natural resource management (NRM) effects of different 
management scenarios. For example, the plot in Fig. 1 shows that Tennant and Revenue wheat 
cultivars tend to leave less mineral nitrogen in the soil at harvest compared with the Mackellar 
wheat cultivar over the long-term. Assuming mineral N in the soil translates to N losses, it may be 
assumed that Mackellar results in greater N losses to the environment, assuming all crops have the 
same N initially applied at sowing. With respect to water used over the course of the growing 
season, Revenue and Tennant extract more water, and presumably, would result in less rainfall 
infiltration into the ground water table compared with Mackellar (Fig. 2). 

Efficiency in the use of irrigation water applied (i.e. biomass or grain yield per unit of irrigation water 
applied) may also be compared in CropARM. Fig. 3 demonstrates that heavy irrigation throughout 
the crop lifecycle (irrigate to field capacity whenever soil water deficit > 10 mm between Zadoks 
Stage 10 and 70) results in lower water-use efficiency compared with (for example) light irrigation 
only at flowering (irrigate to field capacity whenever soil water deficit > 50 mm between Zadoks 
Stages 60 and 70). Fig. 3 also demonstrates how longer irrigation over the crop lifecycle (as shown by 
the ‘Light’ and ‘Heavy’ regimes in Fig. 4) can mitigate the longer term risk associated with variability 
in water-use efficiency. 

CropARM can also be used to contrast management effects given the current within-season climatic 
forecast. Fig. 4 reveals how the effects of the Southern Oscillation Index (SOI) phase 4 (rapidly rising) 
compare with phase 1 (consistently negative) for different sowing dates and irrigation regimes. For 
example, higher grain yields may be expected for dryland sowing on 15 July in SOI phase 1 
(compared with dryland sowing on 15 July in SOI phase 4), but much of this difference is alleviated 
when heavy irrigation at flowering is applied. 

For more decision-support, see http://www.armonline.com.au/ 

 

http://www.armonline.com.au/


Figure 1. Mineral nitrogen remaining in the soil at harvest for three wheat cultivars (Mackellar, 
Revenue and Tennant) over the long-term at Cambridge, Tasmania. 
 
 

 

Figure 2. Total evapotranspiration from crop emergence to maturity at Cambridge, Tasmania, for 
three wheat cultivars (Mackellar, Revenue and Tennant). 

 

 
 

Fig. 3. Water-use efficiency of total crop biomass at harvest for five scenarios (left to right): dryland, 
light irrigation throughout the crop lifecycle, light irrigation at flowering, heavy irrigation throughout 
the crop lifecycle, or heavy irrigation at crop flowering for Mackellar crops sown at Longford, 
Tasmania 



 

Fig. 4. Example of how CropARM may be used for forecasting effects of different sowing dates and 
irrigation taking into account different seasonal climates (left to right: dryland sowing 15 April in SOI 
phase 4, dryland sowing 15 April in SOI phase 1, heavy irrigation at flowering sowing 15 April SOI 
phase 1, heavy irrigation at flowering sowing 15 April SOI phase 4, dryland sowing 15 July in SOI 
phase 4, dryland sowing 15 July in SOI phase 1, heavy irrigation at flowering sowing 15 July SOI phase 
1, heavy irrigation at flowering sowing 15 July SOI phase 4; SOI = southern oscillation index, heavy 
irrigation defined in the text, SOI phase 1 = consistently negative, SOI phase 4 = rapidly rising). 
 

Appendix 4. Green pea participatory modelling 

This work included the calibration and simulation of green peas on four local farming properties in 
Tasmania. The development of a green pea parameterised file in APSIM was modified from the field 
pea module within APSIM. The green pea parameterised file offers insights to the influence of 
several management and biophysical options on crop yield. Such options include soil type, soil water 
availability at sowing, cultivar and plant density as well as sowing date and nitrogen nutrient 
application rates along with a number of other input variables. The parameterised file can also be 
used to explore potential year-to- year variability in yields as well as rainfall and temperature effects, 
along with related information including crop biomass, protein levels, flowering times, days to 
harvest and water use efficiency. 

The parameterised green pea file was developed using observed field data from three seasons 
(2011/12, 2016/17 and 2017/18) for the cultivar Resal, a commonly used cultivar for green pea 
production in Tasmania. The Water for Profit team calibrated the model to four sites in Tasmania 
using observed yields, flowering dates and harvest maturity for irrigated green pea crops (Fig. 1). A 
fifth site, Longford (season 2011/12), was also used in the parameterisation of the model with 
varying sowing dates under irrigation (Fig. 2). In general, the match between simulated and observed 
data demonstrated reliable model parameterisation, with simulated green pea yields and 
phenological data that were close to observed values (Fig. 1). The parameterised green pea file was 
then validated (by comparing the green pea field observations from season 2017/18 with the 
modelled value for the same season). Overall, the model adequately simulated green pea yields 
under irrigated conditions with an acceptable degree of confidence (). 

The parameterised file was then used to validate APSIM in other sites across the state in order to 



examine green pea yields and crop phenology under different climate and soils (Fig. 3 shows such 
results for 2016/17). Figure 3 indicates that Forthside and Sassafras would have been preferable 
sites for green pea cropping in 2016/17. 

 

Fig. 1. Simulated and observed green pea yields (t/ha), days to flowering, and number of days to 
harvest for the Tasmanian farm sites at Bishipbourne, Whitmore, Longford and Carrick during 
2016/17. 
 

 

Fig. 2. Mean simulated and observed green pea yields (t/ha) during 2011/12 at Longford (a) and 
simulated and observed yields with various sowing dates (b) during 2011/12 at Longford. These data 
were also used to calibrate the model. 
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Fig. 3. Simulated and observed green pea yields (t/ha) at the four sites, along with modelled green 
pea yields at ten additional sites during 2016/17. 

Historic climate records at any given site can also be used to assess the year-to-year variability in 
yields and other factors such as water use efficiency, sowing dates, sowing density, days to flowering 
and maturity length. As an example, the green pea yields at Oatlands and Cressy are shown in Fig. 4, 
with historic simulations for the period 1988 to 2018. The mean annual yield at Oatlands was 8.5  ± 
2.1 t/ha. Similar yields were observed at Cressy with a mean annual yield of 7.7 ± 2 t/ha over the 30 
year period. 
 

 

Fig. 4. Simulated green pea yields (t/ha) at Oatlands and Cressy for the period 1988 to 2018. 

To demonstrate other outputs available from APSIM, Oatlands was selected in order to demonstrate 
the effects of daily temperature and water stress on growth and production over an individual 
growing season. At Oatlands, the green pea yield in 2011 was 11.6 t/ha, while in 2014 the yield was 
6.2 t/ha (Fig. 4). The daily temperature stress values were similar between the 2011 and 2014 
growing seasons (Fig. 5a), however in January 2014, the temperature stress values were 
considerably higher than 2011. More importantly, the water stress in January was significantly 
greater in 2014 than in contrast to 2011 (Fig. 5b). Thus the increased daily temperature and water 
stress in late January 2014 resulted in a significantly lower yield than in comparison to 2011 (Fig. 4). 
 

0

2

4

6

8

10

12

14

1988 1992 1996 2000 2004 2008 2012 2016

G
re

en
 p

ea
 y

ie
ld

 (t
/h

a)

Oatlands

0

2

4

6

8

10

12

14

1988 1992 1996 2000 2004 2008 2012 2016

G
re

en
 p

ea
 y

ie
ld

 (t
/h

a)

Cressy



 

Fig. 5. Simulated daily temperature stress (0-1) (a), and daily water stress (0-1) (b) for 2011 and 2014 
at Oatlands. The daily temperature and water stress are on a scale of 0-1, where crop growth 
becomes increasingly limited as the stress values increase towards 1, conversely if the stress value is 
at zero then there is no limitation to growth. 
 

Historic climate records can also be used to assess the year-to-year variability in water use efficiency 
as affected by sowing dates, sowing density, days to flowering and maturity length. For example, 
gross production water use index (GPWUI; i.e. total yield divided by the sum of irrigation water and 
rainfall) and the number of days to flowering at Oatlands are shown in Fig. 6, with historic 
simulations for the period 1988 to 2018. There was a period between 2004 and 2009 where GPWUI 
were similar, whereas GPWUI in 2016 was much lower due to a well above average rainfall in 
January (113 mm, 58% above long term average), thus contributing significantly to a GPWUI that 
was much lower. Comparing Figs 6a and 6b also demonstrates that there was little correlation 
between GPWUI and days to flowering. 

 

Fig. 6. Simulated gross production water use index (kg/mm/ha) (a) and the number of days to 
flowering (b) for green peas at Oatlands for the period 1988 to 2018. 

 

Similar to the development of CropARM, the effect of different inputs or timing of sowing can be 
compared side-by-side with multiple simulations within APSIM, where management decisions are 
reflected in the annual yields or crop phenology. This allows users to contrast relative differences in 
yield caused by management or genotypic differences in multiple regions as well how different 
decisions on crop irrigation may influence crop phenology and yields. Fig. 7, presents an example of 
multiple simulations at Forthside, where different planting dates were simulated and the impact on 
yields and days to flowering are shown for simulations conducted on a daily basis from 1988 to 
2018. Fig 7 data includes irrigation for the four sowing dates (Oct 10, Nov 5, Nov 25 and Dec 5) and 
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the corresponding total number of days to flowering. The number of days to flowering decreases 
with later planting dates because the rate of degree-day accumulation is higher during late spring 
and summer. 

 

Fig. 7. Simulated green pea yields (t/ha) (a) and the number of days to flowering (days) (b) at 
Forthside for the period 1988 to 2018. 
 
Conclusion 

Here we parameterised an accepted crop model with field data from four Tasmanian farms, and 
then used the parameterised file to conduct an analysis of how management and environment 
might affect green pea growth and development in other regions of Tasmania. In future, the 
parameterised APSIM file could be incorporated within an online decision-support tool such as 
CropARM, thereby informing decision-makers about how management options effect green pea 
crop agronomy and potentially economic returns. Development of an online decision-support tool of 
this kind would be advantageous for green pea growers in Tasmania, since it would allow users to 
examine both agronomic and economic outcomes regarding green pea production across the state. 
The development of the green pea parameterised file within APSIM was achieved in a participatory 
sense with farmers, where the farmers acted as co-investigators, working with, guiding and 
providing validation to the Water for Profit researchers along the way. Learnings shared from this 
exercise were thus two-way, farmers learnt from how changes to model simulations affected green 
pea production on their farms, whilst researchers learnt about on-farm practices, seasonal crop 
behaviour, and management effects on yield within the region of the farms modelled. 

The farmers initially undertook benchmarking studies to identify what practices would lead to better 
productivity and sustainable outcomes, while also contributing to and guiding the development of 
the green pea work shown here. Examples include sowing criteria, fertiliser applied, and efficiency in 
the use of irrigation water applied. Participatory studies of this kind thus inform industry of 
preferable combinations of genotype, environment and management, while simultaneously 
furthering the RD&E of agricultural science. 

 

 


	Figure 1. Mineral nitrogen remaining in the soil at harvest for three wheat cultivars (Mackellar, Revenue and Tennant) over the long-term at Cambridge, Tasmania.

