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Abstract: Nonintrusive Appliance Load Monitoring (NIALM) is used to analyze individual’s house
energy consumption by distinguishing variations in voltage and current of appliances in a household.
The method identifies load consumption of each appliance from the aggregated home energy
consumption. NIALM will also provide information of load consumptions of each appliance by
indirectly detecting the abnormal changes of appliance usage. The proposed NIALM approach is
based on features extraction from load consumptions measurements of electrical power signals in
order to classify appliance’s state of operation. In this work, we have improved the identification
accuracy and the detection of appliances based on their operational state by employing Machine
Learning (ML) technique; namely k-nearest neighbor (k-NN) classification algorithm. The dataset
used to perform this process is from the publicly available (PLAID) of power, voltage and current
signals of appliances from several houses. This is used as benchmark data set. The PLAID dataset is
collected and processed for each appliance and our classification results based on k-NN algorithm
achieved high accuracy and is able to gain cost-effective solution. In addition, the result shows that
k-NN classifier is a proven as an efficient method for NIALM techniques when compared with other
proposed different ML options. Based on the used dataset, the average F-score measure obtained
using the k-NN classifier is 90%. Possible reasons behind these findings are discussed and areas for
further exploration are proposed.

Keywords: non-intrusive load monitoring (NIALM); smart meter; k-nearest neighbor (k-NN);
appliance classification; PLAID dataset; V-I trajectory
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1. Introduction

In todays and future technology trends, there is a lot of interest to expand smart devices that are
compatible with Internet of Things (loT) [1] based system design. Research work within this area
aims to connect devices with most appropriate way towards the development of smart and safe living
and smart city technologies [1,2]. In addition, innovative technological systems, as smart homes and
smart grids, have enhanced automation limited duties to develop rapidly with the adaptation of new
technologies to their applications [2]. The communication between home appliances of consumers is
improved by installing advanced technology such as smart plug and smart meter [3,4]. The solution
enables real-time monitoring and remote controlling capability of appliances on the consumer
premises.

10T enabled smart grid is offering a reliable, high quality, flexible, and cost-effective energy
supply. Advancement of information technology applications on electrical grid have been
empowered real-time data acquisition and data analysis. These application are supported by a new
kind of sensor technology for monitoring of the transmission control system [1-3] from distribution
network to individual homes. Furthermore, combination of smart grid and smart meter allows
proliferation of advanced demand-side management applications. Load profiling with smart meter
indirectly can be also used for supporting services for senior citizens and their growing demand for
living self-independently. However, the existing systems for health status monitoring based on
profiling appliance’s power consumption is still immature. So far, health monitoring system is
accomplished by either wearables or sensor-based systems [4—7]. There is a limited number of
proposal from the research associated with smart meter data analyzing towards assisting personal
health care system [8-10]. Smart meters and advance metering infrastructure, unlike 10T wearables,
have capacity of analyzing a huge amount of data in real-time [4,5] for a number of houses and
supporting a number of services and applications for homes. The goal of this work is to select an
identification method for identity detection of appliances with the target to be cost-effective and
accurate. This is based with the implementation of the classification of the energy load patterns. The
collected energy measurements using smart meter and associated analysis can provide an
abnormality detection scheme and to be usable for future eHealth monitoring application. The
method is promising because it permits a cost-effective improvement that can empower an extensive
modification on the eHealth system [9,10].

This particular work targets on NIALM system for the appliances level of energy consumption
that is based on a single-phase smart meter or socket connected for total aggregated measurements.
Utilization of NIALM has a competitive advantage because of its easy installation on the existing
electrical system without performing structural modification. The identification appliances and their
load consumption can be detected from central system and can be also controlled for minimizing
energy costs and maximizing user's monitoring system at lower cost. The main contributions of this
work are:

« Comparison of different classification algorithms and demonstration of suitability of k-NN
as most suitable classifier for most of the appliances used in the household.

« Improvement of NIALM techniques to distinguish the signature of different appliances and
their practical behavioral pattern problems based on the aggregated measurement of the house hold.

« Employment of k-NN algorithm to evaluate and to show the performance for accuracy.

NIALM approach delivers a cost effective solution to monitor appliances with a single metering
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unit. It also can provide an important information on the appliances during on their on/off status. The
information can be beneficial for an activity monitoring system for elderly people, our main research
that is not be discuss much in this paper. However, appliances identification is to be used for
following up the real-time health status and for serving as a tool for elderly living independently
without caregivers by staying in their own homes. This paper further focuses on the approach of
using machine learning for NIALM classification, in order to detect or classify the appliances from
the aggregate power consumption with a high-level accuracy performance.

The rest of the paper is organized as follows. Section 2 presents the background and related
work of the appliances identification techniques and describes the k-NN algorithm. Section 3
discusses the NIALM system and the k-NN algorithm for NIALM classification. Experimental
results and implementation analysis are presented in Section 4. Finally, Section 5 summarizes the key
result and further steps for research in this work.

2. State of art and background
2.1. Appliance load monitoring (ALM) system

ALM system has two categories: 1) Intrusive Load Monitoring (ILM), 2) Non-Intrusive Load
Monitoring (NILM). In the next paragraphs, we described these two methods in brief:

ILM method require a group of sensors attached to each appliance to show information about
the appliance load measurement used for functions of appliances load monitoring and classification.
The connections of sensors and each appliance through smart plugs [11] provide more accurate
measurement than NILM system. The drawback of ILM method is its cost, which is considered to be
very high due to the installation complicity of due to the multiple sensor configurations. In the
research [12], ILM approach is used as middleware on Atlas and OSGi [12] platform which was
implemented to detect a single appliance solution for reduction of costs, as shown in Figure 1. This
method can identify real-time controlling and monitoring of household status by detecting each
appliance connected to their own smart plug. The proposed framework of two ALM system types is
as shown in the Figure 1.

s J—

| Detecting |
4| Single |
| Appliances |

'

Figure 1. NILM Frame work and ILM Framework [12].
NILM approach identifies energy consumption of each appliance through a connection of a

single meter that is attached to center of the house node of electrical system network. NILM concept
was originally developed by George Hart during the 80s [13] and have been deployed for expansion
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of a non-intrusive system to monitor the power consumption of a specific appliance from the power
load of the central control system of the electrical network. The method needs very high frequency
(for PLAID dataset, 30 kHz) for data communication than ILM methods. It also requires computing
a more complex algorithm for identification of the appliances. The process for appliance
identification has following phases as described below:

« Data Acquisition and processing phase: It starts from the measurements of current, voltage
and power consumption and de-noising the obtained measurements. These measurements are used
for detection of the appliances by feature extraction. The electrical load measurement is taken at a
certain frequency for best result of load pattern identification. Nowadays, smart meters are the more
common tools for measuring load consumption. With smart meter, one can obtain pattern and even to
distinguish features, starting from data acquisition phase of data collection.

» Appliances Feature Extraction phase. The feature is extracted from the signals associated
with the voltage and current measurements of appliance and their corresponding current and voltage
waveforms in order to compute reactive and active power states. Further, appliance signature for
event detection can be extracted from on / off state change of appliances on the power consumption
measurements. The identification of initial appliance state changes, and t power level analysis detects
the state of the appliances from on to off or vice-versa. The load features can be extracted based on
load signatures using various methods [14-17], in order to provide appliances signature information.
Basically, the method [15] based on a numerical perspective meaning using statistical analysis
methods in order to distinguish different appliances that are typically expressed in form of vectors
and dimensions to determine the amount of features. Then, the selected features can increase the
NILAM system classification capability. The real power (P) and reactive power (Q) of the appliances
are developed by analyzing physical load characteristics of the turn-on operation of the transient
energy and the traditional steady-state power features [16]. The feature extraction can be processed
with different method as we described in previous section, in order to gain an accurate appliance
dataset that can be used for the process of the next phase.

« Load recognition phase: The load recognition process matches the appliances load
consumption features and with the features in the database that is obtained from the appliance
operating event. The initial appliance state is important for understanding about appliance
current-voltage pattern in order to choose an appropriate classification method from either supervised
or unsupervised algorithms. The identification procedure is done through classification that is
grouped with electrical appliances based on pattern of the current or V-1 trajectory features. On this
paper after comparing different machine learning methods, the classification we used is based a
training data model. The identification / classification of the appliances is performed by using the
k-nearest neighbor’s classifier (k- NN) algorithm.

2.2. K-nearest-neighbors classifier (k- NN) overview

K-NN is one of ML algorithms that is used for solving classification and regression problems.
The algorithm uses a supervised and instance-based learning algorithm that has been presented
by [18], in the early 1950s. k-NN classifier usually used for pattern recognition, image recognition,
data mining, text categorization, and predictive analysis. Researchers [18] have proposed k-NN
classifier method that uses a memory area for training stage, and its classification space is at least the
same as the training area. In that case, the processing time needed for classification steps of k-NN
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method can be greater than that of the training steps. The main computation of k-NN classifier
algorithm is based by the distance calculation between the training dataset and the testing dataset of
each element, and by concurrently categorizing instance of measurements. Through years, many
researchers have developed and presented k-NN [13], on the NIALM analysis [18-20]. The k-NN
classifier described on [19] followed the procedures for labeling of testing instances from a majority
vote of nearest neighbors of each point and by recommending items of neighboring of unknown
values. The labeling of the features followed the nearest neighbors in order to label the value of
predictable features. On another research a Probabilistic k-NN (Pk-NN) [20] algorithm was used to
compare temperature and humidity sensor datasets. The Pk-NN classifier performance was high and
achieved accuracy was acceptable. The algorithm is considered as the easiest and the most common
algorithm for processing and allocation of the stored data in the memory. It is also used with a
comparison of a new database to perform accurate classification. Even from 19th, distance- weighted
k-NN rule in [20] has been shown to motivate selection of the size of k-NN for improving the
classification performance. Nowadays, k-NN have been demonstrated [21,22] to be an accurate,
relevant and competent classifier method for text categorization, pattern recognition, image
recognition.

3. Materials and method
We propose that NIALM classification method can be used for monitoring household’s

appliance power consumption. We used the PLAID [23] dataset as benchmark, and processing
scheme of appliances classification as shown in Figure 2 below.

Raw Data ( PLAID)

Training Data

Feature
Extraction

Classification Appliance
Mode Class

Current Samples

Voltage and I

Collection

Classification
Algorithm

Testing Data

Figure 2. Steps for appliance classification.
3.1. Appliance acquisition and processing

PLAID dataset [23] is an open publically available dataset that contains voltage and current
measurements from 60 houses in the USA located at Pittsburgh, Pennsylvania and are collected at
sampling frequency 30 kHz. The data contains the energy consumption of 11 kinds of appliances
from 55 houses. The data was collected during the summer of 2013 and winter of 2014 and has 1074
sample datasets. The load consumption measurement of each appliance indicates the different
instances and variable model of collection can be able to characterize each appliance type. On
average 5 instances or measurements have performed for each appliance by considering each of the
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corresponding state of transition. Table 1, shows the summary of datasets [24] for each appliance.
The measurement data are processed and extracted with an interval of a second to cover both the
steady-state action and for some appliances with the available startup transient [25]. The PLAID
dataset is used here as benchmark dataset for evaluating various approach to classification of various
appliances in household. The identification of appliance power usage and pattern have been executed
in diverse systems as explained in the paper [26] and based on event-based methodology for
NIALM [27]. The collected data considered the measurements for the steady and transient states of
the appliance. However, the transient event state is sampled at high frequency whereas the steady
state is extracted from low frequency sampled of power measurements. The collected data
preprocessed with different stages such as de-noising, filtering, harmonic component separation,
signal synchronicity, etc. to be able to indicate an accurate and sensible information.

Table 1. Number of instances and appliances for each appliance type [24].

Appliance type Number of  Appliance type Number of
Instance Instance

Compact fluorescent lamp 175 Fridge 38

Vacuum cleaner 38 Incandescent light bulb 114

Hair dryer 156 Fan 115

Microwave 139 Washing Machine 26

Air conditioner 66 Heater 35

Laptop 172 Total 1074

3.2. Appliances signature and features

NIALM is a methodology used to disaggregate total power consumption into individual
electrical appliance load. To measure the aggregated signal, the appliances are activated one after
another by monitoring the deactivation [26]. The features for the electrical signature is used from the
publicly available PLAID data set are extracted by the combination of identifying the on or off state
of and events of appliances and by event detection. The feature extraction can be processed from
signature of appliances that are measured separately while each appliance is at on/off event state, i.e.
the parameters are taken by measuring the load consumption of each appliances one at a time. The
feature extraction is based on the V-I trajectory (voltage/current), and steady state measurements of
devices before and after the event. It is also a crucial step to find a recognition mechanism for
appliances during the transient threshold crossing point from on/off state or vise verse state. Overall,
the data processing stage is responsible for delivering the filtered data to the event detection stage
with the electrical parameters such as harmonic components, reactive power, and transient and active
power waveforms. The recognition feature of the appliances is different upon event change of
appliances state. For this work, as we stated earlier the experiments are done from NIALM, publicly
available smart meter PLAID [24] dataset. Our aim is to perform analysis of the correlation between
NIALM and the activity detection of consumers with accurate results. The process of identification is
done according to the characteristics of the appliance operating states [26,27]. (1) two operating
states as on/off; (lamp), (2) multistate (finite state machines) with multistate and a repeated operation;
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(washing machine), and (3) the infinite state that operates for longer time, day, week, operations;
(mobile phones). The type of appliances according to their load consumption pattern is shown in
Figure 3.

On/Off Type Multistate Type Infinite-state Type
' S2

Power

S3

Time

Figure 3. Different appliances types based on their energy consumption pattern [26].

In all types of states, the signature of the load indicates a specific information for recognizing
each appliance separately. In summary, appliance’s signature is categorized according to steady-state
signatures and transient signatures of the appliances.

3.2.1. Steady-state signatures

The signature shows mode of the event from aggregate power measurements. The
measurements from the energy load of appliance are processed and extracted for analyzing appliance
load behavior. We obtained the plot of Figure 4, from the given PLAID [24] current and voltage
measurements for each appliance.

3.2.2. Transient state signatures

The signature of appliances is depending on the nonlinear variation state of operation of
appliance state. It means that when the appliance is turned on, an instant flow of current appears, as
is shown in Figure 5b, which describes transient event of the current pattern. In that case the
amplitude of current will be much more than the level of steady-state current [20]. In addition, the
onset happens with the change of patterns during the on switching of the selected appliances on
transition of operating transition [27-30]. Such events for the appliances appears when the appliance
change its power state, e.g. during transients of charging, boiling, rotating, etc. Normally, offset is
caused by appliances switch off with a quick step to down to zero power or other similar way for
cutting of power. As an example if the power is off immediately but washing machine motor is
operating generator until mechanical stop. The parameters of these states indicate over or under
shoots of power amplitude when turned on, and rise/fall time and settling time. For low power
appliances, the power change will be visible at real power (P), reactive Power (Q) of the feature as
shown as over lapping space as in Figure 5(b). The real power is the amount of energy consumed
during operation and for the reactive load there is no any real power load. However, devices that
have an electric motor when they turned on, produce a transient event and they have a non-sinusoidal
current during operation as shown in Figure 5(a).
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Figure 4. Appliances steady state signature (VI-trajectory, voltage, and current waveform).
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Figure 5. (a) Current waveform of a vacuum cleaner at transient state (b) Example of P-Q plane
of the load distribution of the appliances [19,24].

3.3. Feature extraction

Applying feature extraction on the appliances signature of load consumption, can help to
categorizes loads by distinguishing similar V-I trajectories of appliances. This is depending on the
type of the appliance state and signature, as described in the section above on the appliance signature
and features. Mainly, the appliance features are categorized according to steady state and transient
state features including the non-traditional signatures. The steady state variation can also depend on
power change between real and reactive power. The non-traditional signatures are often obtained
from the mixture of traditional appliance features based on routine of the overall power consumption
measurements. The recognition module spots on/off state change of the devices by distinguishing the
load variations as described above. Additionally, it shows actions on the change of state (steady state
or transient state) that is described as in subsections above. Appliance feature extraction and their
state translations discussed in the previous literature [25-27] and we summarize this in Figure 6.

Electric

signature
— ]
: Steady
::;::::: signature
e = =
| X |

& Harmonic Fundamental i

Shape ts Fr Voltage noise
= Duration Power
— Size Current
__Von?g:‘:';oise Power factor

Figure 6. Classification of appliance features for energy disaggregation.

The feature extraction thus is based on signature of appliances, as shown in Figure 6, which are
classified by appliance steady and transient signatures. The transient describes the edge, trend,
duration, and phase of the signature, while the steady state shown with current, the voltage and
frequency components of appliances. However, as we described earlier our feature extraction method
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is based on the voltage and current readings obtained from the PLAID dataset which is used for
appliances signature. The feature set includes the parameters such as peak power and current, and
RMS current by considering steady state signatures of the appliances [26,27]. Figure 4 shows the
voltage and current trajectory (V-1) of 11 appliances that are classified by steady and transient
signatures of the appliances. The V-1 trajectory can create a visible signature or pattern or appliance.
We use the plot of the visual features for classification of the appliance. Equation 2, states the
resultant wave of the period for voltage (v) and current (i) that were developed over time at a
sampling frequency (fs) and grid frequency (fg) [28].

Op =[o(p), (pt1)...., p(p+d-1)]"€R’, g € {i,v} (1)
where d is the number of samples per period fs/fg), p is point at a time, ¢y, is the resultant wave.
3.4. k-NN for appliance classification

The PLAID dataset is obtained from readings of one smart meter per household for load
consumption of the appliances. The feature has extracted and a combination of features to be used for
NIALM and classification of appliances on daily bases. The recognized patterns of features and the
classification can help to recognize each appliance based on the operation signature of specific state
of the appliances during a definite period operation.

The results of the appliances classification are depending on the valuable and effective
processing method and by identifying features from the available PLAID smart meter dataset. The
pattern can be recognized by the operating and estimated energy consumption of each type of the
appliances. We verified the accuracy of classification by matching with the available set of features.
Here the quantity of the input data is not a factor for the accuracy but it depends rather on the quality
of the available information in terms of the feature extraction of the appliances [24,31]. For the load
classification mainly machine learning algorithms and optimization and machine learning algorithms
used the supervised and unsupervised methods for the classifications. In the study, as also shown
below in Figure 7, we have investigated various classification algorithms that are used for features of
the smart meter load measurement in order to find out suitable classification algorithms for the
dataset. Among them [18] k-Nearest Neighbors (k-NN), Random Forest (RForest), Decision Tree
(DTree), Gaussian naive Bayes (GNB) and logistic regression classifier (LGC), have been checked
[18]. These multiple classifiers are applied to the dataset on the previous study [18]. The steps of
presentation of these classifiers have been proved with various sets of the extracted input features
from the measurements taken using smart meters. Some of the features that are used for identifying
the appliances, for the classification purposes have both transient and steady state features, as we
already mentioned in the previous sections. The binary VI-trajectory is used as a feature because of
being the most capable feature extracted from the previous study achieved on PLAID [18]. This
feature is created by plotting voltage compared to current of an instance by giving a binary a 0 or 1
value according the existing model of the trajectory.

Figure 7, shows a plot on comparison of the different ML algorithm, for the purpose of
identifying the accurate and suitable algorithm and the classification accuracy is changes with the
sampling frequency. The result is based on the PLAID dataset as input and application software
based with Python3 code representation and other necessary packages of R studio as illustrated in
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GitHub [24]. The k-NN and RF showed best performance among the other classifier method.
However, and k-NN classifier suits the classification of active or reactive power input features. Even
RF seems to be better in result at Figure 7, but we do not use it according to the analysis done by the
previous work [32]. It was demonstrated that the k-NN achieved higher accuracy both for
imbalanced and balanced datasets, similar to PLAID high frequency dataset, than RF. In addition, we
choose for the appliance classification method based on the k-NN procedure since it shows the best
result and the algorithm is broadly used as the classification algorithm with accurate
implementation [33]. k-NN is simple and effective classification algorithms and we show on the
confusion matrix [34] its performance evaluation. It shows that k-NN matrix has higher recognition
accuracy for the NIALM methods. For the unbalanced dataset in Table 1, k-NN gives better
performance by automatically detecting either linear or non-linear distributed data set. Hence, it
tends to perform very well with many data points. In addition, the algorithm is used as a data-mining
algorithm for feature extraction and pattern recognition including its classification of the features can
be easily implement with low error rate.

Accuracy

—
*—e
—y
b
+—

Sampling Frequency

Figure 7. k-NN classifier accuracy comparison on PLAID dataset.

Figure 7, indicates the different algorithms classifications accuracy vs the sampling frequency
(kHz) plot that are processed on the PLAID dataset measurement for classifying the household
appliances.

The dataset, using NILAM has classified the total power consumption of household into
individual appliance consumption (fridge, air conditioner, etc.).

Our method using k-NN for classification of events can be summarize as follows:

« Detection of events: Events are variations of total consumption, which caused by the change
of state of an appliance. Different signal processing algorithms can detect events.

» Clustering of events: Events detected are further clustered, e.g. we try to group events that
are likely to come from the same change of state of the appliances. The unsupervised machine
learning in particular the k-NN algorithms is used at this stage.

« Modeling of appliances: With the clusters obtained above and time series analysis, appliance
models are built. An appliance model regroups clusters to representing a change of state of the
appliance. The supervised machine learning in particular k-Means algorithms is used at this stage.
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» Tracking of appliances consumption: Once appliance models built, it is possible to track the
behavior of each appliance from the load consumption of this appliance at each time.

Neighbors-based classification is a type of the instance-based learning, which does not construct
a general internal model, but simply stores instances of the training data [37]. Classification is
computed from a majority vote of the nearest neighbors of each point. A query point is assigned to
the data class, which has the most of representatives within the nearest neighbors of the particular
point [37]. k-NN algorithm is the most common technique to implement the nearest neighbor
classification in where k is an integer value. However, the optimal choice of the value of k is highly
data-dependent [35]. Various matrices have been evaluated to determine the distance for categorizing
query points in a training dataset [36—38].

However, the k-NN computation of the algorithms is developed by using the distance measure
between training dataset and the testing dataset of each element or means identify the k nearest
neighbors of a test point. There are many ways to measure the distance between attributes in testing
set and training set. The most significant ones is Euclidean equations is shown in equation (1) [39].

Euclidean: D(X,y)=((X1-Y1)% (X2.y2)*+.....+ (X2.y2)*)¥? )

From the formulas, for a definite of nearest number of k, and the unknown dataset x and a
distance metric D, and k-NN checks all over the dataset and compute D among x and every training
assignment. The new instance is classified by a common selecting its neighbors and by labeling and
allocating to the same the class, the instants with maximum shared between their k nearest
neighbors [39]. With k = 1, for instance, the case is just allocated to the class of its nearest neighbor.
The nearest neighbor search is a challenging task in multidimensional data. The important factors in
the nearest neighbor search (k-NN) are adapting the runtime with accuracy for practical and feasible
huge datasets

To summarize shortly the procedure for k-NN classification; it starts by processing the PLAID
dataset and extracting its features based in the state of the appliances. The extracted dataset will be
categorized into training and testing sets. The similarity will be calculated according to the closest
test samples in the training set and by labeling of the new data point with a result of the nearest K
data points in the training dataset. Later, the outcome of neighbors and closest neighbors are labeled
for unknown data. In that case, the appliance classification based on the k-NN input by knowing the
samples on the dataset output and the result, or the output will be on the majority label and we use
the same common k-NN algorithm or characterize the NIALM methods [40]. The next sections will
discuss the evaluation metrics of the classification of k-NN algorithm for the implementation.

3.5. Evaluation metrics

The PLAID dataset that is composed of 11 appliances (vacuum cleaner, microwave, compact
fluorescent lamp, fan, laptop, fridge, hairdryer, heater, incandescent lightbulb, air conditioner, and
washing machine) on them on-off state are considered for this model. We discard the washing
machine from our evaluation because of the lack of data and due to the appliance has a variable
current waveform which not constant during the process. The other issue was from the PLAID data
was not possible to separate the testing dataset from the whole training dataset. However, for the
purpose of evaluating the training and the testing was performed on the whole dataset and a higher
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training accuracy was obtained. Using our program, we divided the training and testing data
proportion that is kept as 90%: 10% throughout the entire of this procedure.

The VI-binary image is used as input to confirm the classification accuracy. The accuracy
evaluation metrics is extensively applied for assessing the classification routine. It mainly helps for
analyzing of misleading assumption mostly for unnecessary datasets [23]. The parameters for the
confusion matrix [34] are obtained from True Positive (TP) and True Negative (TN) for calculating
performance evaluation described on Table 2. The TP & FN are considered when the appliances are
on and off respectively.

Table 2 . Confusion matrix parameters.

Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

The performance outcome which is calculated from true positive rate measurements are defined
as sensitivity or recall parameters and the precision is the positive predicted value. Formula (7)
shows the calculation for precision and recall value [34]. The evaluation criteria are distinguishing by
performance evaluation indicator to consider the classification accuracy with the pointers of
accuracy [34], error rate, G-mean and F-measure that are calculated as shown below:

2 _ TP+TN 0
Ay = TP Y FP+TN + FN

F _ 2xPrecisionxRecall )

MEASUTe = “p ecision + Recall
G —mean = VPrecision + Recall (6)

The precision and the recall can be evaluated from the matrix as:
Precision = —— , Recall = — (7)
TP+FN TP+ +FN

4. Results and performance analysis

The confusion matrix that displays the classification of each appliance for the k-NN algorithm is
shown in Figure 8. For evaluation of k-NN the data set is divides as testing and training dataset. The
90% of the dataset are taken for training purpose and the rest 10% for testing. The k-NN algorithm
has identified, or classified, the appliances from the NIALM dataset very well. However, it is not
reliable for some of the appliances because of different reasons: the sample data used are insufficient,
and lack of the algorithm ability in identifying the multi-state appliances and the appliances with
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similar power consumption profiles. However, the accuracies of the identification taken by our
experiments are acceptable in case of almost all the appliances. For the appliances (vacuum cleaner,
fluorescent lamp, AC, bulb, fan, microwave, hairdryer) the identification number of are mostly
dispersed on the central sloping of the matrix. This is indicating when the rate of true positive is
more, and the accuracy achieved with the k-NN algorithm is as shown high. From the confusion
matrix, for some of the energy consumption of the appliances (laptop, fridge, heater), there is a false
positive detection rate, which is high. This case happened for the reasons that are mentioned above
and may be -also depend on selection of k values. The F-measure and the G-mean rate based on the
performance of K-NN should be considered. However, the algorithm proposed in this paper has a
high F1 value and an accuracy from 93% up to 100% is achieved in most cases with the
implementation of k-NN algorithm. The confusion matrix as shown in Figure 8, gives more details
on the appliances accuracy for the 1-NN configuration and Table 3 shows appliance performance
evaluation by the overall F-measure and G-mean value of k-NN classifier.

CFL | Lepop | Miswwae | Haidre | Vecon | Fridge | keme | Ibw | Fen | AC

Prediected Label

Figure 8. The normalized confusions matrix k-NN classifier.

Table 3. Appliance’s F-measure and G-mean values from k-NN classifier.

Appliance F-Measure G-mean
Compact FL 0.99 1
Laptop 0.72 0.75
Microwave 1 1
Hairdryer 1 1
Vacuum Cleaner 1 1
Fridge 0.68 0.73
Heater 0.23 0.21
Il bulb 0.97 0.97
Fan 1 1
Air-conditioned 1 1
Total 0.9 0.94

Table 4 and Figure 9 present the comparisons of our F-measure matrix result, with the previous
result of Convolutional Neural Network (CNN) [41] that was based on the PLAID dataset on
NIALM and classification of the appliances. The CNN classifies is better for recognizing of
appliances from transient power state signal than k-NN.
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Table 4. F-score comparisons of our result (k-NN) with CNN for appliances identification.

Appliances K-NN (our result) CNN [41]
CFL 99 % 96%
Laptop 2% 98%
Microwave 100% 93%
Hairdryer 100% 79%
Vacuum 100% 98%
Fridge 88% 97%
Heater 24% 82%
1 bulb 97% 81%
Fan 100% 60%
AC 100% 47%

On the other hand, F-measure and G-mean are the performance evaluation metrics for appliance
classification. In Table 3 comparison of F- measure of our k-NN classifier and CNN shows that the
k-NN algorithm have more accuracy than CNN for the PLAID dataset appliances classification.
Figure 9 below shows how for most of the appliances identification (CFL, microwave, hair dryer,
vacuum, fridge, Incandescent light bulb(lbulb), fan and AC), the performance of classifier was
extremely good with 100% classification accuracy for each appliances The CNN classifier
performance for NIALM detection of appliances for transient power signal data was higher than
KNN. However, for the majority of classification of the appliance k-NN was higher.
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Figure 9. Comparison of F-measure on k-NN and CNN algorithm for appliances identification
results.

5. Discussion and conclusion

NIALM based open dataset PLAID [23,24] shows a promising result for analyzing variations
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between current and voltage and detecting the energy consumption of each appliance from a single
point aggregated measurements. The extracted features from the voltage-current trajectory are
implemented with the k-NN classifier in order to recognize the appliances. The accuracy matrix
F-score average equals to 90%. The supervised learner based k-NN implementation has a better
performance of accuracy than the rest of the compared machine learning algorithm to classify and to
detect each appliance. The k-NN classifier shows that accuracy of the classification is depend on the
size of the appliances training datasets. The paper shows the on/off state and event detection of the
appliances with the deployment of k-NN classifier has acceptable accuracy for the identification of
the appliances. The result of the appliances identification can show that NIALM, besides being an
effective technique for advanced demand side management with appliances identification, can be
also operated for ambient assisted living by providing indirectly information about the activity and
health status for each household from the detected appliance usage. We can show this assumption
further as the load consumption and the monitoring system we proposed can recognize the associated
activities (cleaning, cooking, sleeping, etc.) of the user on daily basis. Therefore, the method can rely
better on the information of the event of the activities and the duration of the appliance usage. In
addition, we discovered the appliance energy consumption can be used to consumers monitoring
systems with the implementation of machine learning. NIALM can identify the energy consumption
of specific appliances with low cost power meter plug that are connected from the central control
system.

In this paper we presented an approach to classify appliances with NIALM techniques by
distinguishing signature of different appliances and their behavioral pattern based on disaggregated
total energy consumption data to individual appliance specific energy load. The comparison of
different classification algorithms have demonstrated that k-NN is most suitable classifier for most of
appliances used in the household. Our analysis summarizes the identification performance can be
done based on the operational states of the appliances. Finally, the implementation of the k-NN
algorithm for PLAID dataset appliance classification has a potential scalability for detecting activity
of the occupant and for monitoring their daily routines.

For the future, there will be more discussion about the further steps on facilitating effective
behavioral detection using NIALM. Further studies are needed to demonstrate the processing and
identification events on the effective hardware implementation of NIALM with k-NN that can be
more suitable for detecting transient state appliances based a smart meter dataset. Thus providing low
cost scalability for system development.
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