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Time series classification in the energy domain

@ Load labeling
@ Classification of power system disturbances
@ Fault classification on transmission lines

Classification approaches for time series

@ The temporal component makes classification of TS
difficult.

@ A variety of methods have been proposed for TS
classification.
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Motivation

Missing data in energy domains

@ Missing data is common in time series from the energy
domain.

@ Data corruption and missing data in energy applications.
@ For example, malfunction of sensors.

@ Errors in the communication channels that transmit the
information.
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Missing data in the energy domain

@ Imputation methods are usually applied to treat missing
data.

@ There is an interaction between imputation methods and
classification algorithms.

R. Santana The impact of imputation methods on the classification of ho



Research questions

@ How data-imputation impacts the performance of
classification algorithms?

.

Missing data in the energy domain

@ To which extent the choice of an imputation method can
contribute to improve or deteriorate the accuracy of the
classifiers, in particular for the domain of time series
classification?
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TS classification problem

Non-Intrusive Load Monitoring (NILM)

@ T =<H,b,...,tn > represent a univariate time series.
@ {; € R and mis the number of observations.
@ D={t", 1, ..., 1"} is a set of ntime series.

@ Associated with each ¢ there is a class value
ce {f'1,l’2, aoo fk}.
@ k is the number of classes.

A\,

Classification problem

@ To find a function from the space of possible time series to
the space of possible class labels.

@ Each class corresponds to a household device.

@ The time series corresponds to the electricity usage
profiles of these devices.

\
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Classification problems

Name m n | k
ScreenType 1500 | 720 | 3
ElectricDevices 17852 9% | 7
LargeKitchenAppliances 1500 | 720 | 3
RefrigerationDevices 1500 | 720 | 3
SmallKitchenAppliances 1500 | 720 | 3

Table: Characteristics of the datasets in the experimental benchmark.
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Problem approach

Steps in the analysis
@ Introduce missing data in the different datasets.
@ Apply different imputation methods.

@ Evaluate the performance of different types of classifiers
for each imputation method and dataset.

@ Make conclusions.
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Imputation algorithms

Imputation methods

Imputer Description
ffill propagate the last valid value

mean mean value of valid values

nearest takes value of the nearest valid value
linear linear interpolation

polynomial | polynomial (order 2) interpolation
spline2 spline (order 2)
spline3 spline (order 3)
Table: Imputation methods used for the analysis.
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classification

Index Classifier Type Ref
1 ROCKET Convolution-based | [16]
2 Arsenal Convolution-based | [24]
3 CNN Deep learning [17]
4 KNN Distance-based [27]
5 Elastic_ensemble Distance-based [20]
6 ShapeDTW Distance-based [21]
7 BOSS_ensemble Dictionary-based [28]
8 WEASEL Dictionary-based [22]
9 TDE Dictionary-based [29]

10 Catch22 Feature-based [23]
11 freshPRINCE Feature-based [30]
12 HiveCoteV1 Hybrid [31]
13 HiveCoteV2 Hybrid [24]
14 TS_forest Interval-based [25]
15 c-RISE Interval-based [32]
16 | supervisedTS_forest Interval-based [33]
17 shapelet Shapelet [26]
Table: Classifiers used for the analysis.

R. Santana The impact of imputation methods on the classif



ScreenType

ElectricDev.

SmallKitchenApp.  RefrigerationDev. ~LargeKitchenApp

0.00

-0.014

—0.02 4

0.00

—0.01+

—0.02 4

0.00

—0.021

0.005 1

0.000

0.00 7

=0.011

—0.02 4

' '
¢ D
& N
&

Figure: Average accuracy loss (gain) from imputation methods.
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Imputer Screen | Electric Large | Refrig. Small
Type | Device | KitchenApp KitchenApp

None 3.47 4.07 4.71 2.35 3.12
ffill 3.82 3.93 3.82 2.88 3.94
mean 3.41 4.93 3.12 4.00 3.82
nearest 3.12 3.93 218 4.53 3.59
linear 3.58 4.29 3.88 4.00 3.24
polynomial 4.00 2.86 3.88 3.12 3.82
spline2 3.06 3.07 2.94 3.53 3.35
spline3 3.59 0.93 3.47 3.59 3.12
Table: Average ranking of the imputers for each problem.
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Figure: ElectricDevice dataset: Accuracies.
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Figure: LargeKitchenAppliance dataset: Accuracies.
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Figure: RefrigerationDevices: Accuracies.
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Conclusions

@ The effect of imputation is highly dependent on the type of
problem.

@ Imputation can improve the best absolute result among all
classifiers tested.

@ Imputation may act as a kind of regularization method,
helping to the generalization of the classifiers in some
problems.
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