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Recipient Name  Windlab Limited 
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This Project received funding from ARENA as part of ARENA's Advancing Renewables Program - 
Short Term Forecasting funding round.

EXECUTIVE SUMMARY 
This project proposes to understand a number of aspects of a system of upstream measurements and 
forecasting methodologies that would make use of information about the future wind that is embedded 
in the flow upstream of a wind farm.  Some of the questions asked are technical or scientific in nature 
while others are more about the economic viability of implementing such a system.  During this 
reporting period, two LIDARs installed at the Kiata Wind Farm continued to build a database of wind 
measurements from near the surface up to turbine hub height, at a number of locations around the 
wind farm.  Using this data analysis was done and a number of experiments were undertaken to begin 
to answer the key questions posed by the project.  During this reporting period we found that wind 
trajectory tracing methods based on backtracking air parcel trajectories from wind turbine nacelles can 
be used to accurately produce a trajectory probability density map.  This map can be used to locate 
the optimum locations for upstream measurements.  In addition we found from simple one-
turbine/one-direction machine learning forecast models, that low level measurements, as low as 
10-20m, are effective in developing such a forecast system.  This means that upstream 
measurements can be made quite inexpensively.  This has significant implications for the economics 
of such a

https://arena.gov.au/news/9-million-funding-to-enhance-short-term-forecasting-of-wind-and-solar-farms/
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system.  And finally, like all exploratory endeavours, we learned that the raw accuracy metrics from 
forecast algorithms were being strongly degraded by edge cases and incompatibilities with AEMO’s 
error calculation methodology – a situation we are currently addressing. 

KEY LEARNINGS 

Lesson learnt No. 1: Edge Cases and Validation Environment 

Category: Technical  

Objective Demonstrate the five-minute ahead self-forecasts are more accurate than the AWEFS and 
ASEFS 

Initially Windlab used raw RMSE/MAE scores from our machine learning algorithms for 
assessing a number of machine learning algorithms used in creating a production 5-minute 
forecast.  These metrics suggested that obtaining objective scores better than persistence 
would be easily achievable.  In reality, a number of cases not accounted for in the machine 
learning algorithms and variance/uncertainty introduced in the system caused by the 
mismatch between 4-second and 1-minute sampling times, have degraded the error scores 
much more than anticipated.  We have now built a framework for objective testing that 
closely as possible replicates the AEMO environment in which the error metrics are 
calculated. 

Lesson learnt No. 2: Choosing Measurement Locations 

Category: Technical  

Objective Demonstrate the potential commercial benefits of wind and solar farms investing in short-
term, self-forecasting solutions 

This project is reliant on choosing one or more measurement locations upstream from a wind 
farm at which predictions are to be made.  Here upstream means in the statistical mean or 
prevailing wind direction.  To optimally locate the upstream measurements there are two 
methods available, both involve tracking wind trajectories - upstream from wind turbine 
locations or downstream from a measurement device.  The latter is of little value as it would 
require an iterative method of measuring and moving the location of the measurements.   
Therefore we need to ask the question; can we chose optimal locations before the 
measurement devices are put in place, using turbine wind measurements in a backtracking 
methodology – as was done before this study was undertaken.  With several months of 
LIDAR measurements in hand at a number of locations around the Kiata Wind Farm, we 
have shown that these methods are largely equivalent.  An expected caveat is that the 
measurements must be representative of a full year to avoid the effects of seasonality. This 
can be done by either using a full year of measurements or statistically compensating for the 
seasonality. 
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Lesson learnt No. 3: Sensitivity of Forecast Accuracy to Measurement Height 

Category: Technical and Commercial 

Objective Demonstrate the potential commercial benefits of wind and solar farms investing in short-
term, self-forecasting solutions 

This project was formulated on the notion that in any practical/commercial implementation of 
the concept, upstream measurements would not be taken using expensive LIDARs.  Instead 
the upstream measurements would likely be collected from relatively low meteorological 
towers.  This would be done for the sake of keeping the costs of data collection low.  This is 
particularly important given that the cost of installing a meteorological mast increases 
roughly with the square of the mast height.  For example, if the upstream measurements can 
be obtained using 20m towers, the cost would be roughly one quarter of the cost of 
obtaining the measurements from a 40m tower, and so on.   

Turbulence in the atmosphere contains motions with length scales that diminish with 
decreasing height, according the von Karman’s mixing length hypothesis.  That is, turbulent 
eddies at hub height will be much larger and last longer before they are dissipated 
compared to those closer to the ground, at 10m for example.  Therefore, as turbulent 
motions are largely random we expect the correlation between wind speed measurements 
at turbine hub height and those taken at the LIDAR location to decrease with decreasing 
measurement height at the LIDAR.  As forecast models such as those being built and 
deployed here depend on high levels of correlation, one expects that as measurements from 
lower and lower heights at the LIDAR are included in the model input data, the increase in 
the accuracy from including upstream measurements will diminish relatively.  This leaves the 
question, how low can measurements be made and still positively affect the forecast 
algorithms enough to be useful in a low-cost measurement-forecast system. 

In one-turbine/one-direction forecast models, the accuracy of the forecast is sensitive to the 
height at which the included LIDAR wind measurements are taken.  However, it appears 
that the accuracy of the forecast does not diminish with decreasing measurement height so 
quickly as to preclude their use at measurement heights of 10-20m.  This opens the door to 
very inexpensive measurements.  A more refined economic model than we currently have 
will determine what the allowable cost of making measurements will be.   




