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Abstract:

In recent years, the interest in conducting research on non-intrusive load monitoring is increasing strongly due
to the increase in electrical energy consumption. Numerous studies have underscored that the implementation
of non-intrusive load monitoring methods, apart from various advantages such as load response, increasing the
accuracy of load prediction, etc., will increase the level of cost savings for occupants of residential structures.
Recently, with the adoption of techniques grounded in deep learning, the use of these methods has also
increased in order to load disaggregation. However, the most important problem with these methods is the
need for complex hardware in order to train and examine the techniques. For this reason, it is necessary to
transfer the power signal sampled from the smart meter to data processing centers and be analyzed. In addition
to the need for high-speed communication networks, this also endangers data security. Accordingly, in this
article, a non-intrusive load monitoring method is presented based on extracting the feature matrix from the
instantaneous frequency signal obtained from the power signal of household appliances. The most important
feature of the presented method is to increase the accuracy of the classical KNN model. The presented method
has been analyzed using EMBED open-access data, which includes the consumption dataset from three
different apartments. The results show that the KNN model attains significantly enhanced accuracy when using
the feature matrix data introduced in this article compared to other feature extraction methods.
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