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Abstract The aim of non-intrusive appliance load
monitoring (NIALM) is to disaggregate the energy
consumption of individual electrical appliances from
total power consumption utilizing non-intrusive methods.
In this paper, a systematic approach to ON-OFF event
detection and clustering analysis for NIALM were
presented. From the aggregate power consumption data
set, the data are passed through median filtering to reduce
noise and prepared for the event detection algorithm. The
event detection algorithm is to determine the switching of
ON and OFF status of electrical appliances. The goodness-
of-fit (GOF) methodology is the event detection algorithm
implemented. After event detection, the events detected
were paired into ON-OFF pairing appliances. The results
from the ON-OFF pairing algorithm were further clustered
in groups utilizing the K-means clustering analysis. The K-
means clustering were implemented as an unsupervised
learning methodology for the clustering analysis. The
novelty of this paper is the determination of the time
duration an electrical appliance is turned ON through
combination of event detection, ON-OFF pairing and K-
means clustering. The results of the algorithm implemen-
tation were discussed and ideas on future work were also
proposed.

Keywords non-intrusive appliance load monitoring,
event detection, goodness-of-fit (GOF),K-means clustering,
ON-OFF pairing

1 Introduction

Non-intrusive appliance load monitoring (NIALM) dis-
aggregates the total power consumption into individual

electrical appliances, which is switched ON and OFF [1].
From the disaggregated data, the energy usage of
individual electrical appliance can be determined [1,2].
The NIALM methodology is implemented according to

the operational model states of the electrical appliances
[1,3,4]. The appliances model states are two states of
operation— either switched ON or OFF; finite state
machine (FSM)— repeatable switching pattern with finite
number of operating states, for example refrigerator, hair
dryer and cooker; continuously variable— infinite number
of operating states, for example induction motor, fluor-
escent lamp and electric vehicle battery; and permanent
consumer devices— another category of appliances which
remain in operation throughout the day or weeks and
consumed energy constantly, for example home alarm
system and smoke detector [3,4].
To analyze the signature from the NIALMmethodology,

the appliance signatures need to be known. An appliance
signature is the quantifiable value of the total load that
provides information on the operating state of the
individual appliance in the load [1]. The appliance
signatures are categorized into steady-state signatures,
transient signatures and others type of signatures [1,3–5].
The NIALMmethodology utilizes steady-state signature

analysis by obtaining steady-state features during the
operation of the electrical appliances [1]. To study
NIALM, various steady-state methods have been proposed
including power change [1,4,6], time and frequency
domain characteristics of V-I waveforms [4,7,8], V-I
trajectory [4,9,10], and steady-state voltage noise
[4,11,12].
In the power change method, the features are the real

power and the reactive power in NIALM for tracking the
switching ON or OFF operation of the electrical appliances
[1]. The advantage of this method is that it can identify
high power load appliances easily. Moreover, it also
requires low sampling rate. However, the low power
appliances will be difficult to differentiate due to the
overlapping of real and reactive power in the plot of
reactive power versus the real power feature space [4,6].
To overcome the challenges for the low power
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appliances in the power change method, the time and
frequency domain characteristics of voltage (V), current (I)
and waveforms have been proposed [4,7,8]. With this
analysis, special appliance features, namely, the peak and
root mean square current and voltage values, the phase
differences and power factor information are utilized to
determine the status of an appliance. Therefore, the
resistive or inductive load of an appliance can be easily
identified. However, this method requires high sampling
rate and is not able to separate overlapping of switch ON
events.
Another method is to perform a V-I trajectory to group

electrical appliances [4,9,10]. Each of the electrical
appliance will have its unique V-I trajectory plotted by
utilizing the normalized current and voltage values. The
shape features of a V-I trajectory and the distinctive V-I
curves allow a detailed classification of electrical appli-
ances. However, this method requires intensive computa-
tional power and is unable to identify the distinctive V-I
curve for smaller electrical loads.
Another approach has been proposed in the steady-state

method which is the steady-state voltage noise [4,11,12].
This method analyzes the steady-state voltage noise
produced once the electrical appliance starts operation. In
this method, motor-based appliances are easier to be
identified because these appliances produce synchronous
voltage noise. Besides, the identification of simultaneous
switching events can be detected with higher accuracy.
However, this method requires additional hardware for
measurement and it is sensitive to the wiring structure of
the appliance and environment.
In transient signature, a small variation, either in power

or current, is linked with the switching ON of appliances
that provide signature for researchers to study [5].
Researcher discovered that the transient signature is linked
to the nature of the electrical appliances and this can be
utilized as the signature of the appliance [13–15]. The
transient signature analysis can be categorized into
transient power [4,7,14,16,17], start-up current transients
[4,6,16] and high frequency sampling of voltage noise
[4,11,18].
The novelty of this paper is the determination of the time

duration an electrical appliance is turned ON through
combination of event detection, ON-OFF pairing and K-
means clustering. This contribution is simple and intuitive
and yet extremely useful for user.

2 Methodology

The objective of this paper is to describe the approach of
ON-OFF event detection and clustering analysis in a
systematic manner for non-intrusive appliance load
monitoring (NIALM). To monitor the efficient usage of
electricity, the NIALM method was utilized.
In the algorithm, the event-based methodology was used

[19]. The first step was the power measurement. The power
measurement data were obtained from the REDD data set
[20]. The REDD data set contains two columns of data
type, the coordinated universal time (UTC) timestamps as
integers and power readings in apparent power (VA) of the
appliances on the circuit. This was followed by median
filtering. This step was conducted to remove noise from the
data. The outcome of filtering was a smoother data with
less impulsive noise, which allowed easier identification of
events in the subsequent stage of processing. The median
filtering was a two stage filtering with different window
sizes. The first stage was to improve the signal to noise
ratio (SNR). In the second stage, the filter exploited the
nonlinearity of the median filter to remove impulsive noise
[21].
The next task in the NIALM methodology was the event

detection, whose purpose was to determine the time when
an appliance changed state (for example switched ON or
OFF). In this paper, the ON-OFF based approach [1,22]
and the goodness-of-fit (GOF) methodology [19,23] was
combined to detect events in the total power consumption
data. The ON-OFF pairing approach was based on the
grouping of ON-OFF pairs of each of the appliances on the
circuit. The GOF methodology was based on the χ2

statistical test. It was used to compare two populations of
data samples. In event detection, if the first data sample
came from pre-event and the second data sample
originated from post event, then there should be a
quantifiable difference between the two samples. This
difference could be evaluated using the χ2 statistical test.
The reason for adopting this method is its simplicity and
improved performance as reported in other studies [2,23].
After the completion of the event detection, cluster

analysis was performed on the detected events to group
similar events into the same cluster. Detected events
consisted of pairs of power consumption when an
appliance was turned ON (positive value) and turned
OFF (negative value). Detected events from the same
appliance shared similar positive and negative power
consumptions. To group these events, K-means clustering
was performed on the pairs of positives and negatives
power consumption values. Figure 1 shows the flowchart
of the methodology implementation.

3 Algorithm

3.1 Appliance signature data

In this paper, the REDD data set was utilized and the data
used were labeled as house 1 which have 20 monitoring
points consisting of whole home monitoring (2 mains) and
various other electrical appliances. The electrical appli-
ances consist of electronics, lighting, refrigerator, disposal,
dishwasher, furnace, washer dryer, smoke alarms, bath-
room, kitchen outlets and microwave. The data set consists
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of the total apparent power consumption in unit Volt-amp
(VA) recorded every 1 s.

3.2 Median filtering

After the data set from house 1 was loaded into the
MATLAB folder, median filtering was performed twice in
the algorithm. The first median filtering algorithm was
used to reduce the noise, while the second one was used to
smoothen the signal for processing in the subsequent
stages. The data used in the filtering process are up to
100000 data points.

3.3 Event detection

The event detection methodology used in the algorithm
was the GOF methodology [19,23]. As the data set used
was from the continuous power data, the data was
separated into n-samples of frames. The frames could be
identified as pre- and post- event frames. In this paper, the
event detection algorithm was to detect the switching
“ON” or “OFF” of electrical appliances. Besides, the
algorithm would determine the time this switching “ON”
or “OFF” occurred.
The GOF method aimed to establish that for some

available probability distribution, a set of data could be
derived from it. The GOF test utilized the chi-square test or
χ2 test [23]. Equation (1) was implemented using
MATLAB.

lGOF ¼
Xn

i¼1

ðyi – xiÞ2
xi

: (1)

For the calculation, lGOF = χ2 was equated. The formula
of lGOF used was in Eq. (1). The data sample xi was the
sample from the pre-event window and yi was the data
sample from the post-event window. A total number of n

data samples in the pre-event window were compared
with a total number of n data samples in post-event
window to determine the amount of deviation of both
population of data sample. Equation (1) quantified this
deviation. If an event took place, the value of lGOF was
expected to be high.
For comparison with the calculated value lGOF, the chi-

square distribution table, χ2 ¼ χ2α,df , value for alpha, α =
0.01 and 0.05 were used. For every calculated chi-square
test, if lGOF ¼ χ2α,df , an event was detected. From the event
detected, the total sum of false positive was calculated
from Eq. (2) [19].

ΔPe ¼
1

w3

Xeþw2þw3

i¼eþw2þ1

PðiÞ – 1

w1

Xe – 1

i¼e –w1

PðiÞ: (2)

where the term w1, w2 and w3 are the window lengths of the
signal, w1 and w3 are used to determine the pre- and post-
events means, and w2 is used to allow a delay for the
transient before it reaches steady-state.
The total power for the false positives ΔPFPS is shown in

Eq. (3) [19]. To determine the total false positive, the
power which was less than 50 W was considered noise in
the signal analysis [24]. The total sum of false positive was
the value that the algorithm detected as an event, even
though through manual inspection of the signal, that
portion of signal was not an event but signal noise.

ΔPFPS ¼
X

f 2F

ΔPf

�� ��, (3)

where F is the set of all false positives.

3.4 ON-OFF pairing

In the algorithm, the ON/OFF appliance model was
utilized [1,22]. The ON-OFF pairing methodology used
in the algorithm was performed after the GOF. In the
algorithm, the cluster positive members were separated
from the cluster negative ones. Next, the algorithm
scanned each of the cluster positive members and
calculated the current cluster positive member and the
next cluster negative one. If the calculated values of both
cluster were less than 10% difference, therefore both the
cluster positive member and cluster negative one is a
switching ON and OFF event [22]. Cluster positive
members were the detected events with positive power
consumptions corresponded to the switching ON of the
appliances. On the other hand, cluster negative one were
the detected events with negative power consumptions
corresponded to the switching OFF of the appliances.

3.5 K-means clustering

The K-means clustering methodology, one of the popular

Fig. 1 Flowchart of methodology implementation
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methods of unsupervised learning [25,26], was used in the
algorithm. The number of clusters, K, was initialized to 3.
The number of clusters was the number of centroid. K-
means iteratively assigned a pair of ON-OFF events to the
cluster with its centroid closer to the power consumption
values of the ON-OFF event. The centroids of all clusters
were calculated. The process repeated itself until no
change to the cluster memberships appeared. The purpose
of performing K-means clustering was to group similar
ON-OFF pairs (i.e. the events with similar poser
consumption values) into the same cluster, since similar
ON-OFF events have greater likelihood of originating
from the same appliance or the same state.

4 Results

4.1 Event detection results

Figure 2 demonstrates the aggregated power consumption
versus time with window size n used in GOF event
detection when K was set to 3. The blue square boxes
indicate that an event is detected.
There are several false detections in the detected events.

Therefore, all noises for power consumption of less than
50VA were filtered out. The result obtained from the
algorithm, that is, apparent power versus time is depicted
in Fig. 3.

4.2 ON-OFF pairing result

From the ON-OFF pairing algorithm, the pairs of switch-

ing ON and OFF event of the appliances were identified, as
displayed in Fig. 4. The ON-OFF pairing algorithm was
performed on the clusters of the apparent power consump-
tion detected in the preceding step, that is, the GOF event
detection algorithm.

4.3 K-means clustering result

From the ON-OFF pairing results, the data were set to three
clusters. In the K-means algorithm implementation, three
clusters have been formed, as exhibited in the result of the
cluster in Fig. 5.
Based on the result in Fig. 5, the combination of the

GOF event detection, ON-OFF pairing and K-means
cluster analysis methodology made it possible to identify
the switching ON and OFF events based on the cluster of
the electrical appliances. The time difference between a
pair of ON-OFF event was the time duration that the
appliance was turned on. This information is useful to
inform the user the amount of electricity consumed by each
appliance and time duration of the use. It is also useful for
utilities to create an itemized billing of electricity
consumption that lists down all appliances and the time
durations of the use of each appliance.

5 Conclusions

In this paper, a systematic approach toward ON-OFF
event detection and K-means cluster analysis were
performed for NIALM. The result for the GOF event
detection indicated that the algorithm was able to filter out

Fig. 2 Aggregated power consumption versus time with window size n used in GOF event detection set to 3
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the noise and detect the edge of the events. Subsequently,
from the GOF event detection results, an ON-OFF
algorithm was performed to obtain the ON-OFF pairs of
the events detected. The K-means algorithm was able to
identify the ON-OFF paired events into pre-set clusters

accordingly. With this proposed combination of methodol-
ogy, the future work will focus on the classification of
detected events into appliance categories utilizing classi-
fication methods such as k-nearest neighbor or naïve Bayes
methods.

Fig. 4 Pairs of switching ON and OFF event of appliances

Fig. 3 Apparent power versus time
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