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We proposed an extensive benchmark of 

actual state-of-the-art time series classifiers 

applied to detect various appliances using 

different very low-frequency smart meters 

consumption datasets.

Introduction: key idea of the paper
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▪ Individual Smart Meters are mainly adopted around the worlds

Motivation: widespread adoption of Smart Meters

▪ Individual Smart Meters record electricity consumption at a very-low frequency (>1min),  
in average, one data point recorded every 15min or 30min.
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More than half (56%) electricity customers in the European Union, had a smart meter

installed in their home:

o To bill more accurately the clients

o To better manage the smart grids
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Challenge: Appliance Detection Problem

▪ Detecting automatically appliances owned by customers

▪ It’s become crucial for electricity suppliers to know this information

1. To segment the consumer base and therefore propose personalized offers 

that meets the client’s need (increase client retention/statisfcation).

2. To advise customers to rationalize their electricity consumption and help 

them toward the energy transition.
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▪ Challenge related to NILM (Non-Intrusive Load Monitoring):

Challenge: Appliance Detection Problem

▪ However, appliance detection differs from NILM studies in two main aspects:

1. Our problem concerns knowing if a household owns a specific appliance, not when the 

appliance is in an « on » state.

2. Most of the studies related to NILM are conducted at a high-frequency sampling level 

(one point every second or even more).

A problem well studied in the literature, it aims to identify the power consumption, pattern, or on/off

state activation of individual appliances using only the main consumption series.
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▪ Impact of the smart meters reading

1. Loss of unique appliance patterns: usual pattern recognition algorithms are not usable at a 

very-low sampling frequency.

2. Consumption time series aggregate multiple appliance signals that run simultaneously,

making it hard to distinguish different signatures.

Challenge: Appliance Detection Problem
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▪ Given the proliferation of very-low frequency meters and the need to detect

appliances, we want to study the effectiveness of existing approaches on this problem.
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Proposed Methodology

▪ Idea : cast this challenge in a time series classification problem

Time Series 
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Electricity suppliers conduct surveys on subsets of customers, using these data to train a

Machine Learning model to extract relevant features and detect appliances

automatically.

Training 

phase
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Proposed Methodology

▪ Idea : cast this challenge in a time series classification problem

Trained Time 

Series Classifier

Recorded electricity consumpiton 

time series of a new (unseen) house

…
These algorithms can then be used on new (unlabeled) electricity consumption
data/customers.
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▪ Various time series classifiers exists in the litterature, 

based on different approaches

Proposed Methodology: Time Series Classifiers

❑ Nearest-Neighbor based classifiers
KNN with Euclidian distance 

KNN with Dynamic Time Warping

❑ Motifs discovery based classifiers
Shapelets Transform Classifier

❑ Dictionnary based classifiers
BOSS

BOSS ensemble

cBOSS ensemble

❑ Tree based classifiers
Time Series Forest 

RISE

DrCIF

❑ Random Convolutional based classfiers
Rocket

MiniRocket

Arsenal

❑ Deep-learning based classifiers
ConvNet

ResNet/ResNetAtt

InceptionTime
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▪ We implemented a framework to assess the following interrogations

Proposed Methodology: Our Framework

1. According to the variety of time series classifiers in the literature, which is

the best to detect appliances? Is there one classifier better for a particular

type of appliance?

2. Wich appliances can be accurately detected at 30min sampling 

frequency?

3. More generally, how does the Smart Meters reading impact the appliance

detection score?

4. What is the impact of the data size on the detection quality?
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▪ Selected datasets for the benchmark

Datasets

REFIT

• High frequency (6sec)

• 20 houses

• 7 different appliances 

UKDALE

• High frequency (8sec)

• 5 houses

• 4 different appliances 

ISSDA – CER dataset

• Very low-frequency (30min)

• 4335 houses

• 6 different appliances 

EDF 1

• Very low-frequency (30min)

• 1553 houses

• 9 different appliances 

EDF 2

• Very low-frequency (10min)

• 1260 houses

• 6 different appliances 

NILM datasets

Survey datasets 
(labeled)

▪ Total of 13 different types of appliances through the different datasets.



1. ComparaisonResults: Overall results at 30min sampling frequency
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▪ Global results for all classifiers, using 30min resampled data

▪ Best classifiers
o InceptionTime (detection quality)

o ConvNet/ResNet (balance between detection quality and running time) 

Average detection score (F1-Score Macro) Average running Time (Training + Inference) 

▪ Most detectable appliances at 30min

• Heater

• Water Heater

• Electric vehicle

• Cooker

• Type of heater

• Dishwasher

• Tumble Dryer

• Computer/Television

• Microwave

• Kettle

• Oven

• Washing Machine



1. ComparaisonResults: Influence of sampling rate 

▪ Average impact of the sampling frequency on all cases of detection of

the REFIT and EDF 2 datasets.
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o In average ≃ 10 points when the sampling rate drops 

from 1min to 30min.

o  ≃ 4 points drop between 15min and 30min.

All Classifier (Avg.)

Legend:

▪ Using 1min sampled data improved the detection score drastically, using 15min
sampled data help to detect many appliances better.



Results: Influence of data size

▪ Average impact of data size on different appliance detection cases using the REFIT

dataset.

14

(a) Desktop Computer (b) Microwave

For different appliances and sampling frequencies, we compared the influence of the

data size: number of houses vs. percentage of data used by houses.

▪ Using different sources (i.e., houses) is more reliable than many data from a few houses.

All rate (Avg.)
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▪ We proposed and implemented a framework for assessing the performance of wide 

variety of time series classifiers across many different datasets and appliance 

detection cases. 

▪ Deep-learning based classifiers outperform other approaches regarding accuracy 

and scalability.

▪ Certain appliances can be accurately detected, even at 30min sampling frequency. 

EDF, the main French electricity supplier, already uses these algorithms.

▪ However, using 1min sampled data improved the detection score drastically, and

suppliers need to target a minimum of 15min for the Smart Meter reading to detect

many appliances better.

Conclusions



Thank you !

Contact: adrien.petralia@gmail.com
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1. ComparaisonAppendix A: Datasets description
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▪ Datasets description: Left side : datasets characteristics (number of time series, sampling

frequency, time series length). Right side : selected appliance detection cases through the five
datasets; for each case, the table summarizes the number of time series available (♯TS)and the

imbalance degree of the test set for the case (IB Ratio). A slash indicate that no data are

available for this case/dataset.



1. ComparaisonAppendix B: Overall results at 30min sampling frequency
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Quality detection results (F1-Score Macro)
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