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EXECUTIVE SUMMARY 

This report outlines lessons that Meridian Energy Australia and the University of Melbourne have 
recently learnt regarding our LIDAR-based forecasts, our non-LIDAR-based forecasts, and the 
forecasting process in general. Some of these lessons focus on the relationship between the hub 
height of the wind turbines and the LIDAR scan the forecast is based upon whilst others relate to 
physical characteristics of the LIDAR and the associated system hardware. This report also looks at 
the benefit of running a secondary forecast with a forecast horizon of 370 seconds which we found to 
further improve our performance against AWEFS underscoring the importance of semi-scheduled 
plant being able to submit their own forecast rather than being reliant upon AWEFS. 
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KEY LEARNINGS 
 

Lesson learnt No.1: Accurate wind speed extrapolation is critical for LIDAR-based 
forecasts, in particular within semi-complex to complex topography. 
Category: Technical                                                                            
Objective: Other (Use of LIDAR data in forecasts) 
Details: The topography surrounding the Mount Mercer wind farm is moderately complex and 
generally tending towards the South. When measuring the wind field along a conical surface, 
the sampling altitude of the LIDAR changes considerably according to which sector is being 
probed. Assuming wind vectors follow the topography, the wind field has to be extrapolated to 
hub-height before being propagated forward in time to produce forecast. Investigations 
showed that the accuracy of the LIDAR forecast is highly sensitive to the methodology used 
to extrapolate wind vectors to hub-height. In particular, rigorous wind speed extrapolation 
requires a priori knowledge of the atmospheric stability conditions at the time of forecast and 
these should be estimated with extreme care. 
Implications for future projects: Whenever possible, the forecaster using a scanning-head 
LIDAR should aim to probe the incoming wind field as close as possible to hub height to reduce 
the uncertainty associated with wind speed extrapolation. Hub-height extrapolation should 
account for atmospheric stability conditions and surrounding topography.  
 
 
 
 
 
  
Lesson learnt No.2: Forecasters using LIDAR should be aware of data availability 
limitation during critical periods. 
Category: Technical                                                                            
Objective: Other (LIDAR data availability) 
Details: We discussed in our previous lessons learnt reports the problem of LIDAR data 
availability under specific atmospheric conditions, in particular how the LIDAR performs poorly 
during rain events. We also showed the passage of a front is a major contributor to wind power 
ramps at the Mount Mercer wind farm. As frontal passages are commonly associated with rain 
showers, we found our LIDAR-based forecasts tend to perform very poorly during these critical 
periods, i.e. when accurate predictions are most needed. This decrease in visibility can be 
observed in Figure 1, which shows the measured incoming wind field both before (Fig. 1a) 
and after (Fig. 1b) rainy conditions. However, we also found evidence suggesting that large 
upward ramps may be forecastable based on the gradual decrease in the maximum clear 
vision range from the lidar, as shown in Figure 2. As such, there may be the opportunity to use 
the decrease of LIDAR visibility as a predictor for wind power ramps. 
Implications for future projects: Forecasts using LIDAR should be aware that poor visibility 
is often associated with high power generation fluctuations. However, it might be possible to 
use the progressive decrease of LIDAR’s clear vision range as an indicator of upcoming 
ramps. 
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Figure 1: Comparison of measured wind field in (a) clear conditions on (19Jan20 at 1930) (b) after rain on 

(19Jan20 at 2130). 

 
Figure 2: Measured power output (PMU) for the wind farm and maximum distance measured by the 

LIDAR (range gate) versus time. Note that drops in the max range gate measurement are closely followed 
by upward or downward ramps in farm power output. 

 
Lesson learnt No.3: Computation costs of LIDAR-based forecasts may vary 
significantly based on the forecasting strategy implemented. 
Category: Technical                                                                            
Objective: Other (Use of LIDAR data in forecasts)  
Details: We explored two approaches to LIDAR-based forecasting as part of this project. The 
first approach is physically based and includes a hub-height wind speed extrapolation module, 
a wind field reconstruction module, a propagation model and a direction-dependent 
probabilistic power curve model. The second approach uses deep learning methods, in 
particular Convolutional Neural Networks. Preliminary results suggest both methodologies can 
achieve equivalent forecasting skill. However, the physical approach requires heavy data pre-
processing such as filtering, wind field reconstruction and scan integrity checks. These steps 
are not essential when adopting a data-driven approach, which significantly reduces the 
forecast computation time. Instead, the computation-intensive steps in deep learning 
approaches are performed prior to forecast, i.e. during model training. 
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Implications for future projects: Remote sensing forecasting is a relatively new topic 
hindered by a lack of standards and guidelines. As such, forecasters using LIDAR should 
develop and test various methods to identify best-performing approaches. When choosing a 
forecasting strategy, particular attention should be given to the associated operational 
computation costs, as these may differ greatly.  
 
Lesson learnt No.4: Switching forecast to run consecutive forecasts that target the 
close of AEMO’s submission window further increased the forecast accuracy. 
Category: Technical                                                                            
Objective: Demonstrate the five-minute ahead self-forecasts are more accurate than the 
AWEFS forecast. 
Details: On 12Mar20 at 1400 we began to supply a secondary forecast targeted at the closure 
of the submission window for forecasting. Our primary forecast (with a 390 second forecast 
horizon), is the one that passed AEMO’s assessment, however, we also knew that reducing 
the forecasting horizon would further increase the accuracy of our forecast. This secondary 
forecast was targeted at the 370 second window. Our reasoning for targeting a forecast on 
the closure of the forecasting window was that we knew that our forecasting accuracy 
increases as the forecast horizon decreases. Further to this, we knew our existing 390 second 
forecast would have already been submitted and it had been observed to outperform AWEFS; 
thus we should expect to outperform AWEFS by a larger margin, even if the 370 second 
forecast was occasionally submitted too late (due to latencies in producing the forecast). We 
found that this led to quite an increase in forecast performance: we initially had MAE and 
RMSE of 2.69 MW and 4.90 MW, respectively with the single forecast (versus values of 2.96 
MW and 5.26 MW, respectively for AWEFS). After the change we decreased our MAE and 
RMSE to 2.55 MW and 4.30 MW, respectively (versus values of 3.04 MW and 5.11 MW, 
respectively for AWEFS). In other words, we went from a 9% MAE and 7% RMSE 
improvement from AWEFS to a 16% MAE and 16% RMSE improvement from AWEFS without 
a major change in our forecasting approach. 
Implications for future projects: Projects should consider sending both a forecast that will 
be safely accepted by AEMO as well as one close to the end of the submission window in 
order to minimise their forecasting error. 

 

(a) (b)
Figure 3: Cumulative MAE (a) and RMSE (b) for AWEFS and self-forecast since targeting the closure of 

the forecast submission window. 
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Lesson learnt No.5: Reduction of ancillary service charges from self-forecasting. 
Category: Commercial                                                                            
Objective: Demonstrate the potential commercial benefits of wind and solar farms investing 
in short-term, self-forecasting solutions. 
Details: Using the ARENA/AEMO supplied 5-minute RNEF and LNEF values as a guide, we 
have been able to duplicate the causer pays procedure. However, we have extended beyond 
the duplication procedure to estimate the financial savings from self-forecasting versus using 
AWEFS. We estimate that by self-forecasting in Weeks 4 – 33 of 2020 (excluding Week 7), 
we have saved 66% of the total amount of causer pays costs in those weeks. That is, had we 
not self-forecasted and relied on the AWEFS forecast we would have paid 1.5 times as much 
in ancillary service charges. To protect sensitive information, we have normalised our ancillary 
service payments per week by the maximum value in this span and plotted both the observed 
ancillary service charges and the estimated ancillary service charges had we been using 
AWEFS in Figure 4 below. It is interesting to note that despite AWEFS having larger 
forecasting errors than the self-forecast for all weeks considered; for three of the 30 weeks 
considered, AWEFS would have reduced our ancillary service charges. For five of the weeks, 
the ancillary service charges were comparable. For the remaining 22 weeks, our analysis 
suggests there is considerable financial incentive to self-forecast.  
Implications for future projects: Wind farm operators should self-forecast. Given enough 
time, the project should pay for itself with a reduction in ancillary service charges. This effect 
should also compound as more wind farms begin to accurately self-forecast; if the overall 
market requires less ancillary services, the overall cost of these services should decrease for 
all participants. 
 

 

Figure 4: Normalised ancillary services charge by forecasting methodology over time 
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Lesson learnt No.6: Pre-production environment does not offer a check for timely 
submission of a forecast. 
Category: Technical                                                                            
Objective: Demonstrate the ability to submit five-minute ahead self-forecasts via AEMO’s 
web based MP5F API. 
Details: Forecasters should be aware that the pre-production environment does not offer a 
check that a pre-production forecast was received in a timely manner (i.e. pre-production 
forecasts are accepted up to the start of the 300 second interval, whereas the production 
forecasts need to be submitted well before the interval begins). This can become an issue if 
the self-forecaster is testing/comparing a secondary forecast in pre-production to one in 
production. It is possible for the pre-production forecast to appear valid when in fact it was 
submitted too late for a production forecast. 
Implications for future projects: Projects testing pre-production forecasts should ensure the 
accuracy they observe is for forecasts that are submitted on time for the production window. 
This will need to be done manually by the project as the pre-production window does not do 
this. 
 
Lesson learnt No.7: Provision of secondary forecast location. 
Category: Logistical                                                                            
Objective: Demonstrate the five-minute ahead self-forecasts are more accurate than the 
AWEFS and ASEFS. 
Details: To prevent potential lapses in self-forecasts, participants should ensure they are 
using multiple forecasting locations which run in a redundant system. This redundant system 
would help self-forecasters manage potential network/power failures. 
Implications for future projects: Projects should ensure the provision sufficient funding to 
have a cloud based self-forecast, that would be more robust to network/power system failures 
associated with a central singular building location.  
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