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Abstract. Knowing how much plant available water (PAW) is stored across a field at key decision 
points in the growing season is fundamental to precision agriculture. Spatial variability in soil water 
translates directly into variability in water-limited yield potential, yet most growers lack the tools to 
quantify this at the within-field scale. Here we present a Soil Water-Energy Balance (SWEB) 
model that offers a framework to deliver daily, 30 m resolution estimates of PAW across any 
dryland paddock in Australia, enabling spatially explicit pre and within-season yield potential 
mapping. SWEB combines two components: an energy balance and a water balance. The energy 
balance uses Landsat-derived Normalised Difference Vegetation Index (NDVI) and Land Surface 
Temperature to scale reference evapotranspiration (ET) from daily climate grids, producing 
spatially explicit daily ET estimates at 30 m resolution. The water balance applies Richards' 
equation to simulate vertical water movement through multiple soil layers, driven by precipitation, 
ET, and soil hydraulic properties derived from digital soil maps. The model is calibrated with 
downscaled Soil Moisture Active Passive (SMAP) soil moisture estimates (1 km spatial 
resolution). Two data scenarios are considered in terms of the underlying soil data: a data-limited 
scenario relying on national datasets such as the Soil-Landscape Grid of Australia (SLGA) and a 
data-abundant scenario incorporating on-farm soil maps derived from field sampling. 
Water-limited yield potential is estimated using the French and Schultz water-use efficiency 
framework, where yield potential equals water-use efficiency multiplied by available water minus 
losses. Available water integrates transpiration accumulated from the ET product up to a decision 
point, PAW from the water balance model at the decision point, and quantiles of climatological 
rainfall for the remainder of the season. This approach is illustrated for a 560 ha wheat paddock 
in eastern Australia, during the 2023 growing season, with nitrogen fertiliser decision points at 
sowing (22 May) and early stem elongation (Z31, 5 June). 
Results showed that the on-farm soil map (data-abundant scenario) produced more spatially 
detailed PAW estimates compared to SLGA (data-limited), with whole-profile improvements in 
accuracy of 10 mm and bias of 9.6 mm. Both data scenarios generated yield potential maps with 
spatial patterns broadly consistent with observed 2023 yield map, with the data-abundant 
scenario capturing within-paddock variability more effectively. Across 178 independent soil 
moisture probe sites nationally, the SWEB model achieved a median correlation of 0.73 and 
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median accuracy of 0.07 v/v. These results demonstrate that spatially variable, water-limited yield 
potential maps can be generated operationally for any dryland paddock in Australia at 30 m 
resolution with 5–10 days latency. This capability supports improved in-season decisions around 
nitrogen management, crop variety selection, and input allocation, and provides a foundation for 
integrating soil water nowcasting into precision agriculture platforms. 
The data-limited approach can be applied globally as it is based on NASA remote sensing 
platforms (Landsat, SMAP) and there are both global and country-specific options for soil and 
weather grids equivalent to the Australia versions used here. 
Keywords. root-zone soil moisture; crop evapotranspiration; precision agriculture; yield 
potential 

Introduction 
Water availability in the crop root zone is one of the primary determinants of crop growth, yield 
formation, and water-use efficiency across Australian grain-growing regions. While rainfall 
provides the primary input of water, crop performance is governed by the balance between root-
zone soil moisture (RZSM), which represents water stored within the depth accessible to roots, 
and crop evapotranspiration (ET), which represents the combined water loss through plant 
transpiration and soil evaporation. Understanding both variables, and their interaction, is essential 
for effective monitoring of crop water status for better decision making. 
In practice, substantial within-field variability in RZSM and ET is commonly observed due to 
spatial differences in soil texture, soil depth, topography, and historical management. These 
variations can lead to markedly different crop water stress responses within the same paddock, 
even under uniform rainfall conditions. However, many existing monitoring approaches fail to 
capture this heterogeneity at scales relevant to farm management. Point-based soil moisture 
measurements provide direct information on RZSM but are spatially sparse and difficult to 
upscale, while regional satellite or model-based products often operate at resolutions too coarse 
to resolve paddock-scale variability. 
Remote sensing has improved the ability to monitor actual ET at high spatial resolution, providing 
valuable insight into crop water use and stress conditions (Anderson et al., 2012; Senay et al., 
2013). ET integrates atmospheric demand, crop condition, and soil water availability, making it a 
powerful indicator of agricultural water stress. However, ET alone does not directly quantify how 
much water remains available to crops in the soil profile. Without an explicit representation of 
RZSM, it can be difficult to distinguish between short-term atmospheric effects and longer-term 
soil water limitations, particularly during critical growth stages. RZSM, by contrast, provides a 
direct measure of the water available for crop uptake and is strongly linked to yield variability and 
drought impacts (McNally et al., 2017; Seneviratne et al., 2010). Yet RZSM cannot be directly 
observed from satellites at the spatial and temporal resolutions required for agricultural decision-
making. As a result, there is a clear need for modelling approaches that combine satellite-derived 
ET information with physically based representations of soil water dynamics, enabling consistent 
estimation of both ET and RZSM across scales. 
To address this gap, the Sydney Soil Water-Energy Balance (SWEB) model was developed by 
explicitly linking surface energy processes with subsurface soil water balance processes. By using 
satellite-informed estimates of actual ET as a key driver of soil water depletion, SWEB ensures 
that crop water use reflects real crop and atmospheric conditions. At the same time, the soil water 
balance component tracks infiltration, storage, redistribution, and drainage within the root zone, 
allowing estimation of how long available soil water can sustain crop demand. For Australian 
agriculture, a scalable framework such as SWEB supports improved monitoring of within-field and 
regional water dynamics, enhanced understanding of spatial drivers of crop stress, and more 
informed management of water-limited systems. 
In this work we illustrate the present SWEN and illustrate its use for making pre- and in-season 
estimates of seasonal yield potential using water-use efficiency equations (French and Schultz, 
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1984). 

The Sydney soil water-energy balance (SWEB) model 
SWEB is a process-based modelling framework developed to estimate daily within-field crop ET 
and RZSM by integrating satellite observations, weather data, and soil physical properties. The 
model is designed to support agricultural water management by providing spatially explicit 
information on soil water availability and crop water stress across farming systems. SWEB 
consists of two tightly coupled components: a surface energy balance (SEB) component that 
estimates actual ET, and a soil water balance (SWB) component that simulates water storage 
and movement within the soil profile. 

 
Fig. 1. Artwork illustrating the SWEB components (generated by ChaGPT). 

SEB component: estimation of crop water use 
The energy component of SWEB estimates actual ET, which represents the total water loss from 
the land surface through plant transpiration and soil evaporation. This component is driven by 
satellite-derived land surface temperature (LST) from the Landsat 8/9 missions (Irons et al., 2012; 
Roy et al., 2026), which provide thermal observations at a spatial resolution (100 m, resampled 
to 30 m) suitable for resolving within-field variability in Australian grain systems. Landsat LST is 
combined with gridded meteorological inputs from the SILO database (Jeffrey et al., 2001), which 
supplies spatially consistent climate variables, including radiation, air temperature, vapour 
pressure, and FAO-56 reference evapotranspiration (ETo). Together, these datasets enable 
physically consistent estimation of actual ET (ETa) that reflects both crop condition and 
atmospheric demand at paddock-relevant scales. 
In principle, the model determines how much of the available atmospheric demand for water is 
actually met by the crop–soil system. When crops are well-watered, canopy temperatures tend to 
be lower and ET approaches the reference rate; under water stress, canopy temperatures 
increase and ET is reduced. The crop ET is estimated by scaling a reference ET, following the 
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operational simplified surface energy balance (SSEBop) model (Senay et al., 2013 2022): 
𝐸𝑇! = 𝐾" × 𝐸𝑇# (1) 
𝐾" = 𝐾"$ + 𝐾% (2) 

where 𝐸𝑇# is the reference FAO56 ET obtained from the SILO weather grids (Jeffrey et al., 2001); 
𝐾" is the crop factor as described in (Allen et al., 1998), which can be divided into two 
components—𝐾"$ (basal crop coefficient representing primarily plant transpiration) and 𝐾% 
(evaporation coefficient that represents the contribution of evaporation from soil to total ET). The 
resulting ETa can be estimated at a resolution consistent with that of the input Landsat data, i.e., 
30 m spatial resolution. The ETa estimates represent actual water use, rather than potential 
demand, and therefore account for limitations imposed by SM availability, crop condition, and 
management (e.g., irrigation). 

SWB component: root-zone water dynamics 
The soil water balance component of SWEB tracks how water enters, moves through, and is 
stored within the soil profile. The soil is represented as a series of vertical layers extending from 
the surface to the maximum rooting depth. 
In a simplified version, soil water storage on a daily time step is updated based on: 

𝑅𝑍𝑆𝑀&'( = 𝑅𝑍𝑆𝑀& + 𝐼& − 𝐸𝑇!,& ∙ 𝑓%*!+ − 𝐷& (3) 

𝐼& = 𝑃& ∙ 𝐶,-.,/ (4) 

𝑓%*!+ =
𝐾%
𝐾"

(5) 

where 𝑅𝑍𝑆𝑀& is RZSM at day 𝑡 (mm) and 𝑅𝑍𝑆𝑀&'( is the RZSM on the next day; 𝐼& is the rainfall 
infiltration into the soil (mm/day), which can be obtained from rainfall data 𝑃& together with a 
infiltration coefficient 𝐶,-.,/; the SEB component 𝐸𝑇!,& (mm/day) needs to be scaled by a soil 
evaporation fraction 𝑓%*!+, which is the ratio between 𝐾% and 𝐾"; 𝐷& is drainage/percolation out of 
the root zone (mm/day). 
The model uses established soil physical relationships to represent how water moves between 
soil layers, accounting for soil texture, porosity, and hydraulic conductivity. SWEB is designed to 
be flexible with respect to soil inputs and can ingest any digital soil map (DSM) that provides basic 
textural information (e.g., sand and clay fractions) and soil depth. Soil hydraulic parameters are 
derived using pedotransfer functions (PTFs) (Saxton and Rawls, 2006), enabling consistent 
estimation of soil water retention and hydraulic conductivity across spatial scales. Upper limits on 
soil water storage ensure that soils cannot hold more water than their physical capacity, while 
drainage removes excess water beyond the root zone.  
In the model the Soil and Landscape Grid of Australia (SLGA; Malone and Searle, 2021a, 2021b) 
is used as the baseline national soil dataset, allowing for the model to be applied anywhere. 
Where available, it is possible to use on-farm soil data such as digital soil maps (DSMs) generated 
from machine learning methods or geostatistics. On-farm soil data provides more realistic 
representation of soil hydraulic properties at the on-farm scale. 

Integration of energy and water proceses 
A key strength of SWEB is the explicit linkage between SEB (surface process) and SWB 
(subsurface process) dynamics. ETa estimated from the SEB component is used as a direct sink 
of water in SWB. In this way, crop water use is constrained both by atmospheric conditions and 
by the amount of water actually available in the soil. This integration allows SWEB to capture 
important agricultural processes, such as monitoring crop water use during dry periods and 
waterlogging, and differences in water availability across soil types and landscapes. 
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Calibration of SWEB 
SWEB needs to be spatially calibrated to ensure optimal within-field simulation performance. The 
calibration of SWEB employs a differential evolution optimisation algorithm to estimate three key 
parameters: 𝑓%*!+, 𝐶,-.,/ and 𝑘0,... The objective function minimises the root mean square error 
(RMSE) between observed and simulated SSM at 50 mm depth over a specified calibration period 
(based on SMAP – see below). Parameter bounds are constrained as follows: 

• 𝑓%*!+ ∈ [0,  1] representing the fraction of total ETa allocated to surface evaporation; 
• 𝐶,-.,/ ∈ [0,  1] being a coefficient for precipitation infiltration into surface layer; 
• 𝑘0,.. ∈ [0, 101] being a diffusivity scaling length factor in the Brooks-Corey formulation. 

The optimisation process uses differential evolution with a population size of 10, maximum 30 
iterations, and convergence tolerance of 10-3, requiring a minimum of 30 valid observation points 
for reliable parameter estimation. Currently SWEB is calibrated against surface SM retrievals from 
the Soil Moisture Active Passive (SMAP) mission (Entekhabi et al., 2010), which is adjustable and 
can be calibrated to on-farm soil water sources such as SM probes. 

Operation settings through National Computational Infrastructure (NCI) 
SWEB has been deployed through Australia’s NCI’s Gadi supercomputer infrastructure to enable 
continental-scale RZSM modelling for Australia’s grain growing regions (Fig. 1). SWEB’s Python-
based ProcessPoolExecutor architecture facilitates parallel execution across the national-scale 
SM monitoring sites (Figure 2), with each site calibration requiring independent optimisation runs 
that can be distributed across NCI’s computing nodes. The outputs of SWEB could be distributed 
(subject to computational cost) as an open collection through the NCI Thematic Real-time 
Environmental Distributed Data Services (THREDDS) Data Service, providing supports for 
national agricultural and hydrological decision-makings. 

 
Fig. 1. The spatial distribution of a collated national-scale SM monitoring network for Australia. 
The dot points in various colours represent the sites from different SM monitoring networks. The 
land cover map is obtained from the ESA WorldCover 10 m v200 (Zanaga et al., 2022). The red 
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polygon delineates the grain growing regions.. The blue polygon delineates the Murray Darling 
Basin. 

Validation of SWEB outputs 
For the national-scale validation, the spatial distribution of SWEB’s performance metrics across 
the Australia (Fig. 2) shows distinct national-scale patterns related to climate zones and 
landscape characteristics. RMSE values (panel a) display a clear longitudinal gradient with lowest 
errors (0.05-0.07) in western regions and higher errors (0.09-0.11) in southeast Australia. 
Correlation coefficients (panel b) show good performance (0.70-0.85) across most regions with 
highest correlations in southeast Australia, suggesting regional differences in model structure 
adequacy.  

 
Fig. 2. National-scale spatial distribution of model performance metrics showing (a) RMSE and 
(b) correlation coefficient, with clear longitudinal gradients reflecting major climate zone transitions 
across Australia. 
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Fig. 3. (a–b) histograms and (c–d) violin plots showing national-scale frequency distributions 
and variability of model performance metrics (RMSE and correlation). 

Model performance metric distributions at the national scale are displayed in Fig. 3. RMSE 
distribution (panel a, c) is dual-modal and centre-skewed with most values concentrated between 
0.05-0.08, indicating consistently good model accuracy across diverse Australian conditions. 
Correlation distribution (panel b, d) shows a strong peak around 0.75 and minimal values below 
0.55, demonstrating robust relationships across the continent. 

Site-specific yield-potential estimation 
A 560 ha wheat field in eastern Australia during the 2023 growing season was used to illustrate 
SWEB for site-specific yield-potential estimation. Figure 5 shows maps of whole-profile plant 
available water (0–1 m) for 22 April and 5 June 2023. These dates correspond to sowing and Z31, 
both of which are common times for nitrogen fertiliser application. Two estimates are presented: 
the first uses national digital soil maps (SLGA) to derive soil hydraulic properties, and the second 
uses on-farm digital soil maps (on-farm DSM). We refer to the first as the data-limited scenario 
and the second as the data-abundant scenario, in which a grower has invested in on-farm data 
collection. Assuming the on-farm DSM is correct, the root mean square error is 10 mm and the 
mean error is 9.6 mm for the SLGA. Furthermore, the PAW maps from the data-abundant scenario 
show more variability than those from the data-limited scenario. 

 
Fig. 5. Maps of whole-profile plant available water (0–1 m) at key decision points under the data-
limited and data-abundant scenarios. 
Water-limited yield potential in Australia is typically estimated for wheat using a water-use-
efficiency equation where 23 kg grain yield per mm of water (French and Schultz et al., 1984). 
This is usually calculated from seasonal rainfall with a loss term of 110 mm to account for 
evaporation, runoff and excess drainage. Rather than using rainfall alone, we use the following to 
estimate available water: 

• plant available water from SWEB at the decision point; 
• the sum of transpiration (from SWEB) from sowing to the decision point; and 
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• climatology based on past records to estimate rainfall from the decision point to harvest. 
In the example below, we use a decile 2 rainfall (the 20th quantile rainfall based on 
historical records)  as a conservative estimate of rainfall and water-limited yield potential. 

The yield-potential maps are shown in Figure 6. Bias in the PAW estimates from the national soil 
data led to overestimation of yield potential compared with SWEB using on-farm soil data. 
Furthermore, when compared with the yield map, the national soil data produced relatively 
uniform yield-potential estimates, whereas the on-farm soil data captured more spatial variability. 
Therefore, for variable-rate nitrogen management, this example suggests that using SWEB with 
on-farm soil maps is preferable. 
 

 
Fig. 6.  Observed wheat yield and yield potential for each decision point in a data-limited and 
data-abundant scenario. 

Conclusions 
In this paper, we present SWEB, a practical and scalable modelling framework for monitoring crop 
water status across Australia’s grain-growing regions by explicitly linking surface energy 
processes with subsurface soil water dynamics. By integrating high-resolution satellite 
observations, nationally consistent climate data, and physically based soil representations, SWEB 
provides spatially explicit estimates of ET and RZSM at paddock-relevant scales. A national-scale 
validation against multiple independent soil moisture monitoring networks shows that SWEB 
performs robustly across diverse climates, soils, and management systems, supporting 
confidence in its national applicability. Importantly, we illustrate how near-real-time estimates of 
PAW generated by SWEB create a direct pathway to yield forecasting, nutrient management, and 
risk-based decision making in water-limited environments. 
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