
3. Collective Power Output 

1.  Use Machine Learning techniques to apply corrections to KPV  

2.  Begin creating estimates of power output by suburb in the ACT.  
This will require getting information from ActewAGL or the Clean 

Energy Regulator about where PV sites are located 
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2.2: Using        as a Predictor KPV 

•  With a KPV value calculated for one station, we can use it 
to estimate the current power output of another nearby 

station  
•  In order to do this accurately, we must have enough 

information about the nearby system (e.g. size, orientation) 
•  Figure 2d and 2e shows the absolute errors (kW/kWp) for a 

clear day and partly cloudy day, respectively 

Example:  Power Output from 5 Rooftop 
Systems in Canberra 

 

1. Rooftop PV Power Output  
•  The Problem:  Utilities and Network 
Operators need accurate estimates of 
real-time collective power output from 
residential scale rooftop PV.  However in 
Australia the vast majority of residential 
PV systems are not monitored in real time 
nor do they generate reports at regular 
intervals. 

Figure 1e Figure 1d 

Figure 1b 
•  The Traditional Solution:  High quality 
radiation sites ($50k system in Fig 1b) and 
‘Smart Meter’ systems are installed in the 
region of concern to monitor solar radiation 
and PV power output.  However an solution 
based on this network will not be scalable 
due to high costs.   

•  The Real Solution:  Monitor a selection 
of the +750k solar arrays installed in 
Australia with relatively low-cost data 
loggers (e.g. Fig 1c), using the PV systems 
themselves as your sensor network. From 
this data, you can then estimate the 
performance of the surrounding rooftop 
systems. 
 The Challenge:  Using the power output from one PV 

system to estimate the power output of a nearby system 
is not straightforward!  Each system has its own: 

• Installed Capacity 
• Location 
• Tilt and Orientation 

• Hardware (Modules, Inverters) 
• Shading 
• Soiling/Degradation 

 But of course the biggest challenge is the 
differences in performance caused by clouds! 
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2. Clearness Coefficient for PV 
2.1: Clear Sky Normalization Figure 1a 

Partly Cloudy 

Figure 1c 

•  Raw PV Power Output from a single PV site cannot 
directly be used to predict the performance of another site 

(Figure 1d).  
•  By using a Clear Sky Radiation Model, PV and Inverter 

Performance Models the theoretical ‘Clear Sky Output’ for a 
given PV system can be computed (Figure 2a) 

•  Then, by normalizing the measured power output (PPV) to 
the theoretical clear sky power output (PCLR), we can 

compare PV power output directly 

Clear Day Partly Cloudy 

KPV = PPV 
PCLR 

     Analysis of the Same 5 Rooftop Systems 

Figure 2b Figure 2c 

Figure 2a 

KPV 

 Creating accurate 
estimates of the 

current power output 
of collectives of non-

monitored rooftop 
PV systems is the 

first step in creating 
short term solar 

energy forecasts – 
one of our primary 

goals at NICTA  

An example of a map showing monitored PV sites 
in the ACT.  With the KPV concept and some 

machine learning science we will be able to create 
estimates of power output from rooftop sites in 

the surrounding suburbs 

 

 The next phase of this project: 
 

Figure 2d Figure 2e 

Figure 2f 

http://solarnick.info 


