
 

2-4 Dec 2025, Brisbane 

 

Revenue Sensitivity to PV Modelling Accuracy in the National Electricity Market 

Introduction 

The rapid growth of utility-scale photovoltaic (PV) generation in the Australian National Electricity 
Market (NEM) highlights the need for accurate time-series modelling[1], as revenue for market-
exposed plants often depends on alignment with the Regional Reference Price (RRP) rather than 
total output. Negative price events and widespread high DC/AC ratios further complicate the 
relationship between generation and revenue, raising an important question: what is the economic 
value of PV modelling accuracy in revenue forecasting? 

Existing modelling approaches range from simplified, fast-to-run methods to high-fidelity, 
computationally intensive frameworks. While some studies have explored their relative 
performance[2], evidence on how higher accuracy affects outcomes is sparse. This study partially 
fills that gap by analysing the value of accuracy under varying irradiance and temperature 
conditions[3]. It presents results using simulated PV generation data based on satellite weather data 
and spot prices published by the Australian Energy Market Operator (AEMO). 

Methodology 

Satellite weather data from SolarGIS was used to simulate PV generation at the Glenrowan solar 
farm site in Victoria with half-hourly RRP data from AEMO. PV outputs were first binned by irradiance 
and temperature, and DC power in each bin was then perturbed up to ±20% to represent varying 
levels of modelling error: 

𝑃𝐷𝐶,𝑡′ = (1 + 𝛿)𝑃𝐷𝐶,𝑡 (1) 

𝛿 ∈ {−0.20, −0.15, −0.10, −0.05,0, +0.05, +0.10, +0.15, +0.20} 

The perturbed values were passed through the AC model, including inverter clipping, to yield 
adjusted AC outputs. Economic curtailment was implemented by setting AC power to 0 when RRP 
< 0. Revenue is then computed as: 

𝑅 = ∑ 𝑃𝐴𝐶,𝑡′ ⋅ 𝑅𝑅𝑃𝑡 ⋅ 𝛥𝑡

𝑡

(3) 

With 𝛥𝑡 = 0.5 ℎ for half-hourly intervals. Figure 1 illustrates a representative day where generation 
and price profiles overlap, providing the basis for revenue outcomes. 

 

Figure 1. Representative day generation and RRP in spring 
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Results & Discussion 

The analysis first explored whether perturbations translate linearly into revenue deviations by 
examining representative irradiance–temperature bins. In some bins, such as the one shown in 
Figure 2(a), the relationship between simulated error and relative revenue change (% of baseline) 
was well approximated by a linear fit with high R² values. This allows slopes to be extracted that 
provide a practical interpretation: for these conditions, each 1% error in DC power corresponded to 
a modest change in annual revenue, though the exact value varied across bins. In other bins, 
particularly under high-irradiance conditions, non-linear behaviour was evident, as shown in Figure 
2(b). Piecewise fits captured the transition from an approximately linear response into a saturated 
regime, reflecting clipping or other limiting effects.  

In bins showing non-linear responses, piecewise fits were used to approximate the shift from a near-
linear region at larger negative biases to a flatter regime under clipping. Inspection of residuals 
suggested that this segmented approach could reflect transition patterns more clearly than a single 
linear fit. 

 

Figure 2. Examples of revenue sensitivity fits in representative irradiance–temperature bins: 
(a) linear behaviour, G = [600,700] W/m2, T = [25,30] °C; (b) non-linear behaviour, G = 
[900,1000] W/m2, T= [35,40] °C 

For bins with predominantly linear behaviour, the slope of the global linear fit was used in the 
heatmaps. For bins exhibiting non-linear responses, the slope from the negative-bias segment of the 
piecewise fit was extracted, as this region provides a more stable measure of sensitivity prior to 
clipping. The relative sensitivity map, shown in Figure 3(a), indicates that the impact of modelling 
errors is not uniform across operating conditions. Higher sensitivities tended to appear under 
moderate cell temperatures (around 20–30 °C) and irradiance levels above about 600 W/m², where 
perturbations of DC power by ±20% were associated with revenue deviations on the order of 1% of 
the annual baseline. By contrast, bins with low irradiance or more extreme temperature conditions 
generally showed smaller effects.  

 

Figure 3. Sensitivity heatmaps across irradiance–temperature bins: (a) relative revenue 
sensitivity; (b) energy-normalised sensitivity 
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The total energy generated in each bin is one of the dominant factors. Bins with higher irradiance 
and a high frequency of occurrence will generate more energy and so errors in those bins will be 
more consequential. An additional analysis considered the sensitivity values normalised by the total 
energy produced in each bin in Figure 3(b). Normalising by energy production suggests that the 
influence of some low-irradiance bins becomes more visible, while high-output bins remain important 
but not exclusively dominant. 

The results demonstrate that not all operating states contribute equally to the economic value of 
modelling accuracy. Certain combinations of irradiance and temperature appear more influential, 
while others show comparatively limited effects. It is expected but still worth noting that the most 
important conditions for modelling accuracy do not coincide with the STC conditions (25oC and 1000 
W/m2) at which most models are calibrated. The patterns observed here are specific to the 
Glenrowan site and the Victorian wholesale market, and similar analyses in other locations or market 
settings may highlight different sensitivities depending on local climate, price structures, and 
regulatory frameworks. This will be explored further in the final paper. 

In addition to the irradiance-temperature analysis, revenue sensitivity was binned by solar zenith and 
azimuth angle. This approach directly tested whether the economic value of modelling accuracy was 
higher during the energy peak sun hours of the day or during tail periods of morning and evening, 
which often feature higher spot prices. The analysis was conducted using the same methodology 
and site data binning, with 5° zenith and 10° azimuth angle for the bin size.  

The resulting relative revenue sensitivity heatmap in Figure 5 depicts that the highest sensitivity was 
not at the peak sun position, but rather at relatively moderate zenith angles, approximately at 30° to 
50° degrees. This suggests that modelling accuracy during the tail hours of the day is critical as they 
coincide with periods of high and volatile energy prices. Furthermore, the sensitivity is consistently 
high across the entire range of azimuth angles during the zenith band, indicating this phase is not 
dependent on the sun's orientation.  

 

Figure 4. Relative revenue sensitivity heatmap across zenith–azimuth bins 

An energy normalised sensitivity analysis was also conducted to assess the value of accuracy per 
unit of energy generation as shown in Figure 6. Normalising by energy production depicted a different 
pattern with the highest economic sensitivity per MWh now appearing at both very low and very high 
zenith angles corresponding to early morning and late afternoon sun position.  

This indicates that while these periods produce less total energy, each unit of energy is 
disproportionately valuable. Accuracy in modelling these low irradiance low/high angle conditions is 
critical, as errors translate to higher relative revenue impact per unit of energy sold due to their 
coincidence with high value pricing periods of the day. 
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Figure 5. Energy-normalised revenue sensitivity heatmap across zenith–azimuth bins 

Overall, the solar geometry analysis reveals that the value of modelling accuracy is time dependent. 
Absolute revenue is most sensitive to error during midday zenith angles, while revenue per MWh is 
most sensitive at extreme angles during the start and end of the day. 

Conclusion 

The analysis presented in this paper suggests that the economic value of modelling accuracy is 
unlikely to be uniform, with certain irradiance–temperature conditions appearing to exert 
disproportionate influence on revenue outcome When normalised by energy production, the results 
further highlight that accuracy may matter under a wider set of operating states than implied by yield 
alone.  

This is reinforced by solar geometry analysis binning by solar zenith and azimuth angles which 
highlights that accuracy is essential during the high value periods at the day’s start and end, as these 
time periods correspond to a relatively more premium value of energy. This means that a small 
absolute error in modelling for these time periods translates into a significantly larger financial loss 
relative to the energy produced.  

These findings suggest that condition-specific accuracy metrics could offer more useful guidance 
than aggregate annual yield when evaluating PV performance. Future work will extend the 
framework to multi-region case studies (NSW, QLD), employ condition-importance heatmaps to 
further identify situations where accuracy is most valuable, and explore applications in storage sizing, 
portfolio optimisation, and risk assessment for market-exposed renewables. 
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