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1 Introduction 

Energy disaggregation is a computational technique for estimating the power demand 

of individual appliances from a single meter, which measures the combined demand of 

multiple appliances. There are two ways to obtain this information: using devices that 

measure the consumption of each device individually (through intrusive monitoring, 

which is may be inconvenient and costly), or by inferring this information from the total 

electricity consumption measured by a smart meter or another central meter device 

(non-intrusive monitoring methods, which may be complex and time consuming). As 

the intrusiveness of monitoring may be an obstacle, we tested three algorithms for non-

intrusive load monitoring to address this issue. 

2 State of art 

Hart (1992) initiated the topic of load disaggregation in the 1980s. Since that, several 

approaches have been developed. Baranski and Voss (2004b) proposed an algorithm 

where unsupervised methods were used. It groups the detected events and uses the ge-

netic algorithm to match the events to the devices. Weiss et al. (2012) used supervised 

methods, which means that pre-classified data is required to realise an experiment. This 

approach extracts events from the aggregated consumption and finds best combination 

comparing with the signatures of the devices. Parson et al. (2012) develop a semi-su-

pervised method where a factorial HMMs is trained using prior knowledge of different 

devices to disaggregate the aggregated consumption. 

3 Parson algorithm 

In our work, the aim was to study how non-intrusive load monitoring (NILM) algo-

rithms behave in detecting the activation or deactivation of the appliances. We analysed 

the previously mentioned three algorithms but our focus was at Parson’s algorithm. The 

selected algorithm follow a semi supervised method and disaggregates the appliances 

one by one. It uses as input the aggregated consumption of the house and a general 

model (GM) of the appliance to disaggregate. The GM has the mean of the device con-

sumption at the state on and off, the variance in that states and the probability of tran-

sition between states. This is the interesting part of the algorithm. During the training 
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phase, the algorithm uses the GM to find favorable periods, where the pattern of the 

device that we want to disaggregate emerges, and use that information to adjust the 

initial GM. Given this, the algorithm is able to disaggregate the appliance successfully 

and extract it from the aggregated consumption and allowing new patterns to appear. 

For the experiments, we chose an existing framework, NILM-Eval, and one dataset 

(REDD). It has data of individual appliances and the aggregated consumption of each 

house of 6 American houses, 

4 Experiments and results 

To use REDD dataset it was necessary to adapt the dataset and make some changes in 

the GM of the appliance. Since the appliance selected to disaggregate was the fridge, a 

new value for the two means (on/off) was chosen (we did not change the variance and 

the probability of transition because there were already pre-predefined parameters for 

that appliance) and different training hours were use. We decided to change the number 

of training hours since the number of consecutive days in the dataset to perform the test 

was very small (on average, five consecutive days for training and another five for test) 

and an increasing of the number of hours on training enhances the accuracy of the in-

ference. However, we concluded that given a certain number of training hours the re-

sults started to be worst due to overfitting. In general, the algorithm detected the per-

formance of the device with high precision as depicted in Fig. 1 and 2. 

 

Fig. 1 - Three hours of training 

 

Fig. 2 - Five hours of training 

5 Conclusions 

With the experiments carried out, we concluded that data pre-processing techniques are 

fundamental to guarantee a better quality of the analysis and estimation of the algo-

rithms for load disaggregation. It was also determined that is very important to have, at 

least, one week of consecutive days to train, in order to obtain consistent results. 
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