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1 INTRODUCTION 

High spatial (household) and temporal (up to few seconds) resolution energy consumption data gathered 

by smart meters provide a detailed user consumption profile. This enables an accurate characterization of 

the energy consumption share and patterns of end-uses, which, in turn, constitute the basis for the math-

ematical modeling of individual and collective user behaviors.  

Within the enCOMPASS project, Work Package 3 addresses energy end-use disaggregation, which aims at 

decomposing the aggregate (i.e., whole household) energy consumption data collected from a single meas-

urement point into energy end use categories, to understand how, when and where energy is used. Beside 

using this information for building mathematical models of the user behavior, the generated knowledge 

can be also directly provided to customers, municipalities and energy utilities, so that: 

1. household’s components have a detailed knowledge on their energy usage. For instance, through 

the enCOMPASS platform, customers can log into a web page to view their hourly consumption, as 

well as charts on their energy end-uses patterns across major end-use categories (e.g., washing 

machine, dishwasher, cloth dryer, fridge) and they can be alerted of occurring consumption anoma-

lies. Furthermore, personalized hints for reducing energy consumption can be directly delivered by 

means of the recommender system, that will be described in Deliverable D4.2 First user behavior 

modeler and recommender; 

2. customers can be informed on potential savings in differing the usage of some energy using appli-

ances (e.g., washing machine and dishwasher) to peak-off hours, or in replacing low-efficient appli-

ances into high-efficient ones, and personalized rewards schemes can be then proposed to stimu-

late customers to adopt energy saving actions. 
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2 STATE OF THE ART ON ENERGY END-USE CHARACTERIZATION 

There is a rich literature on automatic disaggregation methods (known as Non Intrusive Appliance Load 

Monitoring -NIALM- algorithms) aiming at decomposing the aggregate household energy consumption data 

collected from a single measurement point into device-level consumption data without requiring a limited 

interaction with the user. The first algorithm for NIALM was proposed by Hart in 1992 (Hart, 1992). Hart’s 

approach is based on the segmentation of the aggregate power signal into successive steps, which are then 

matched to the appliance signatures. However, this method is not able to detect multistate appliances and 

it is neither able to decompose power signals made of simultaneous on/off events on multiple appliances. 

Since Hart’s contribution, the problem of Nonintrusive Appliance Load Monitoring has been extensively 

studied in the literature. The survey papers (Zoha, Gluhak, Imran, & Rajasegarar, 2012) and (Zeifman & 

Roth, 2011) give a complete review on the state-of-the-art of NILAM methods, which can be classified into 

two main categories: optimization based and machine learning based approaches. The methods based on 

sparse coding (Figueiredo, Ribeiro, & de Almeida, 2013), (Dong, Ratliff, Ohlsson, & Sastry, 2013) and integer 

programming (Suzuki, Inagaki, Suzuki, Nakamura, & and Ito, 2008), (Camier, Giroux, Bouchard, & 

Bouzouane, 2013) belong the first category, while the approaches discussed in (Srinivasan, Ng, & Liew, 

2006), (Zia, Bruckner, & Zaidi, 2011), (Parson, Ghosh, Weal, & Rogers, 2012), (Johnson & Willsky, 2013), 

which make use of Hidden Markov Models and Artificial Neural Networks belong to the second category. 

All of the aforementioned algorithms have generally shown good performance in estimating the fraction of 

energy consumed by each appliance, however most of them lack in skill in accurately reconstructing the 

power consumption trajectories over time. This represents a serious drawback, since: (i) no information on 

the time of use of each appliance can be derived, and so feedback on potential savings in differing the us-

age of some devices to peak-off hours cannot be provided; (ii) anomalous events, such as a device consum-

ing an exceptional amount of power over an extended period, can be barely detected; (iii) it is not evident if 

the accuracy in the estimate of the fraction of energy consumed by each appliance is due to fortuitous bal-

ancing mechanisms. 

Our proposed approach, fully described in (Piga, Cominola, Giuliani, Castelletti, & Rizzoli, 2016), exploits the 

assumption that the power demand profiles of each appliance are piecewise constant over time (as it is 

typical for energy use patterns of household appliances), and takes advantage of the information on the 

time-of-day probability in which a specific appliance is likely to be used. The disaggregation problem is 

treated as a least-square error minimization problem, with an additional (convex) penalty term aiming at 

enforcing the disaggregated signals to be piecewise constant over time. Besides being able to handle situa-

tions where multiple appliances are operating simultaneously, the proposed algorithm is able to recon-

struct the consumption trajectories over time, thus overcoming the main drawback of the disaggregation 

methods available in the literature. 
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Table 3: RSE values for each appliance computed for the two testing periods 

Sampling 

rate (min) 

winter summer 

 HPE FRE CDE FGE EQE HPE FRE CDE FGE EQE 

1 0.1012 0.6394 0.0746 0.4076 0.0496 0.0557 0.1833 0.0142 0.1746 0.0498 

2 0.1001 0.0594 0.1003 0.0594 0.0498 0.4323 0.2043 0.0750 0.1854 0.0591 

5 0.2266 0.3102 0.2781 0.3114 0.0632 0.6837 0.2249 0.1289 0.1332 0.0581 

10 0.2414 0.2657 0.2939 0.3394 0.063 1.553 0.2364 0.2865 0.149 0.0634 

15 0.1945 0.3343 0.2679 0.3457 0.0641 1.4266 0.217 0.279 0.1684 0.0607 

 

Table 4: EEFI vs AEFI (percentages) of each appliance computed for the two testing periods 

Sampling 

rate (min) 

HPE FRE CDE FGE EQE 

AEFI EEFI AEFI EEFI AEFI EEFI AEFI EEFI AEFI EEFI 

winter 

1 54.84 53.79 5.15 5.53 16.06 15.88 12.59 15.54 11.37 9.26 

2 54.82 55.82 5.18 4.30 16.09 15.24 12.55 15.79 11.36 8.84 

5 55.07 62.40 5.16 3.26 15.74 10.42 12.66 15.22 11.37 8.70 

10 54.77 62.38 5.08 3.06 16.20 10.75 12.63 15.16 11.32 8.65 

15 55.19 61.58 5.30 3.20 15.11 11.11 12.85 15.31 11.55 8.79 

Summer 

1 24.98 26.44 8.68 6.18 12.24 14.67 32.32 35.03 21.78 17.68 

2 24.54 27.18 8.32 5.59 13.60 14.91 31.97 35.55 21.56 16.77 

5 24.67 28.91 8.33 5.08 13.57 14.21 31.82 34.95 21.60 16.86 

10 24.79 31.76 8.36 5.06 13.61 11.78 31.60 34.91 21.64 16.49 

15 24.58 31.38 8.60 5.53 13.28 11.99 32.09 34.53 21.46 16.57 
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Table 5: EEFI vs yearly AEFI (percentages) of each appliance computed for the two testing periods 

Sampling 

rate (min) 

HPE FRE CDE FGE EQE 

AEFI EEFI AEFI EEFI AEFI EEFI AEFI EEFI AEFI EEFI 

winter 

1 54.84 

 

55.05 

 

5.15 

 

4.12 

 

16.06 

 

15.29 

 

12.59 

 

14.19 

 

11.37 

 

11.35 

 

2 54.82 5.18 16.09 12.55 11.36 

5 55.07 5.16 15.74 12.66 11.37 

10 54.77 5.08 16.20 12.63 11.32 

15 55.19 5.30 15.11 12.85 11.55 

summer 

1 24.98 

 

55.05 

 

8.68 

 

4.12 

 

12.24 

 

15.29 

 

32.32 

 

14.19 

 

21.78 

 

11.35 

 

2 24.54 8.32 13.60 31.97 21.56 

5 24.67 8.33 13.57 31.82 21.60 

10 24.79 8.36 13.61 31.60 21.64 

15 24.58 8.60 13.28 32.09 21.46 

   








