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Classification Method of Multi-State Appliances in
Non-intrusive Load Monitoring Environment based on
Gramian Angular Field
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Abstract Non-intrusive load monitoring is a technology that can be used for predicting and classifying
the type of appliances through real-time monitoring of user power consumption, and it has recently got
interested as a means of energy-saving. In this paper, we propose a system for classifying appliances
from user consumption data by combining GAF(Gramian angular field) technique that can be used for
converting one-dimensional data to the two-dimensional matrix with convolutional neural networks. We
use REDD(residential energy disaggregation dataset) that is the public appliances power data and
confirm the classification accuracy of the GASF(Gramian angular summation field) and GADF(Gramian
angular difference field). Simulation results show that both models showed 94% accuracy on appliances
with binary-state(on/off) and that GASF showed 93.5% accuracy that is 3% higher than GADF on
appliances with multi-state. In later studies, we plan to increase the dataset and optimize the model to
improve accuracy and speed.
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Fig. 1. Schematic of event-based approach.
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Fig. 2. Schematic of state-based approach.
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