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A New Technique Combining Semi-supervised and Active Learning
for Non-Intrusive Load Monitoring

Non-Intrusive load monitoring (NILM), Semi-supervised learning,
Active learning, Event classification

The current work introduces a new technique that leverages both the semi-supervised and
active learning together to the benefit of non-intrusive load monitoring (NILM), which is the
procedure used to disaggregate the contributions of different appliances in a building. The main
idea is that semi-supervised learning improves the results of active learning aiming to decrease
the need to the user. Two different approaches were utilized, one used active and reactive power
features and the other used current waveform harmonics to use them later in the machine

learning model.
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Abstract

Non-intrusive load monitoring (NILM) is that procedure used to disaggregate the
contributions of different appliances in a building. Various techniques in the literature use
supervised and unsupervised learning for disaggregation. Very few works utilize the semi-
supervised or active approaches. The two approaches are used in case of training data scarcity. It
is known that semi-supervised learning depends on the most certain samples to build the model.
On the other, hand the active learning relies on most uncertain samples as it consults the user or
the expert.

The current work introduces a new technique that leverages both the semi-supervised and
active learning together, so it benefits from the merits of both learning models. The main idea is
that semi-supervised learning improves the results of active learning aiming to decrease the need
to the user. Two different approaches were utilized, one used active and reactive power features
and the other used current waveform harmonics to use them later in the machine learning model.

Results show that when using the proposed technique, the number of queries can be reduced
to fifth without losing more than 4% of accuracy. Also, the mixed technique reached 6% more
accuracy than semi-supervised approach and up to 5% more accuracy than active only technique.



Chapter 1 : Introduction

Energy crisis and global warming are two major problems facing most of the economies in
the current era, so new policies are introduced to mitigate the issues resulting from those hard
problems. Increase in the demand for more energy makes clean sources of energy insufficient to
cover different residential and industrial needs. This leads to make the use of fossil fuels still
inevitable for scaling powerful economies regardless of the dangerous consequences on people
and the planet. The combustion of more fossil fuels increases the volumes of greenhouse gases
which are believed to be the major reason for climate change. So, it is apparent that there is a need
to manage power consumption in a more efficient way and not only using non-conventional
sources for power generation. Hence, if the demand of energy is reduced by efficient consumption
management improves the status of energy crisis leading to more development for human kind.

Energy demand is currently erupting, and it is forecasted to grow further, on the other hand
the need of lower the costs comes to the surface. This is crucial for residential, industrial and
commercial sectors, so a feedback system with detailed consumption reports shows its
effectiveness [1].

According to the UNEP Global Status Report [2], 31% of energy consumption is due to the
buildings sector. Similar statistics [3] show that about 40% of US energy consumption is utilized
by the buildings sector. Hence, the different trials to reduce the energy consumption will, for sure,
have huge economic benefits. One of these trials, is the ability to monitor a building’s consumption
of electricity in a detailed way reaching the appliance level.

Appliance load monitoring is the technique used to monitor individual appliances electricity
utilization. It can be categorized into intrusive load monitoring ILM and non-intrusive load
monitoring NILM. In the ILM case, sensors are placed at each electrical appliance and measures
the exact consumption of electricity. This method results in an accurate monitoring strategy, but it
is expensive to apply to every device in a single household which makes it economically
impossible. The other NILM technique flourished with the spread use of smart meters that it
requires only measurement at the mains of a household leaving the need of huge ILM budget
behind.

NILM appeared as an economic alternative for ILM technique, but it imposed new challenges
such as how to detect the operation of different appliances from a single waveform and the
accuracy that this results in. Different approaches used machine learning themes for tackling the
issue, that are still in progress nowadays for better identification and detection of different
appliance behaviors. Because of the economic value, NILM attracted researchers in other energy
sectors such as water and gas [4].

NILM developed since firstly introduced by Hart [5] in the eighties when it was hard to
progress more due to hardware limitations. Nowadays, the improvement in metering capabilities
[6] and computing hardware led to more informative measurement and adoption of more
sophisticated machine learning schemes like neural networks [7] and sophisticated hidden Markov
models [8].
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Figure 1.1: NILM process

NILM process is mainly composed of four stages as depicted in Figure 1.1. First, the electrical
signal is sampled where the sampling frequency depends primarily on the measurement device [9].
Second, event, such as a device turned on or off, is detected using probabilistic or heuristic
approaches [10]. Third, features describing this event are extracted, which may be steady or
transient state features [11] and [12] depending on the sampling frequency used in the first step.
Fourth, the event is classified to know which appliance it belongs to.

The classification stage is done through machine learning algorithms by training a classifier
to get a hypothesized function that can classify different event classes. Two well-known types of
machine learning are supervised and unsupervised learning, the first one is used for prediction and
the other is used for description of the structure of data. The classification is one of the categories
of supervised learning, but for the sake of training a classifier some input data with known labels
must be provisioned.

In the case of NILM likewise most of data nowadays, there are some labeled datasets but
also there is a massive low-cost amount of unlabeled data [13] produced by the measurement
devices.

Hence, semi-supervised learning comes handy that it can exploit both labeled and unlabeled
data which can lead to better results as shown in [14]. Another approach is to actively query the
user to label the more informative unlabeled instances which is called active learning as conducted
by [15] and [16].

The objective of the current thesis is to discuss the effect of merging both semi-supervised
and active learning techniques and to show its ability to surpass the individual usage of any of the
two techniques and also the supervised learning techniques in case of scarcity of training data.

The thesis is divided into five chapters. The current chapter provides an overview of the whole
work. The second chapter contains the literature survey that has in-detail insights about the NILM
from its early beginning, passing by different algorithms used till the current available datasets.
The third chapter describes the proposed algorithm and BLUED dataset which is used entirely in
the results. The fourth chapter describes different experimentation scenarios as well as the results.
The final chapter concludes the work and lays some ideas for future.



