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Abstract
Non-intrusive appliance load monitoring (NIALM) technology enables to detect the amount of power usage of each
home appliance with single point sensing. In order to improve the performance (i.e., disaggregation/classification
accuracy), features such as real power and harmonic components of electrical current of appliances are considered.
However, taking more features into an account for better performance also increases the total cost of NIALM-related
system. In this paper, a cost effective approach for NIALM is presented. With measured real power data sampled at
low speed (about 1~2 Hz) from a single power line, classification of home appliances with high accuracy (about
80%) is achievable based on the proposed NIALM mechanism. The proposed mechanism is based on the real power
time window pattern during a transient state and the real power level in a steady state after transition. The
performance of the proposed mechanism is evaluated through simulation; classification accuracy is improved by 28%
compared to the conventional NIALM approach based on real power delta scheme and 17% compared to the time
window pattern.
Keywords: NIALM, home appliance, classification accuracy, disaggregation, real power time window pattern, real
power level, steady state, real power delta value

1. Introduction
In the power and energy system areas, there have been many efforts in establishing efficient energy
management in order to resolve problems incurred from the energy shortage issues. The concept of smart
grid is one of the solutions to the rising problem. In the concept of smart grid, information of every grid
component should be accessible, and all the components comprising the power grid should support twoway communication [1]. Based on available information on the grid, utility companies are able to
schedule power transmission and provide information services (e.g., energy usage information in a
particular household) to customers in a residential area. Recognizing current energy status or information
provides benefits not only to the utility companies but to the customers as well; study [2] showed that
residents in the United States are able to save energy from 10 to 15 percent just by knowing how much
they are using it.
Methods to monitor the power usage of a customer from a power line can be categorized into three:
distributed direct sensing, single point sensing, and intermediate sensing [3]. The distributed direct
sensing method requires a sensing device (such as smart plug) for each home appliance. The monitored
data from this method is very accurate. However, the cost of installation and maintenance for the
distributed direct sensing method is quite expensive (at least USD 150). Apart from the distributed direct
sensing method, the single point sensing method requires only one sensing device for monitoring power
usage of every home appliance. The accuracy of this method is known to be relatively low compared to
the distributed direct sensing method, but the expected cost of installation and maintenance is much lower
than the previous method. This encourages the electrical power industry to pay a huge attention to the
single point sensing method. The method is well known as non-intrusive appliance load monitoring
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(NIALM). With NIALM system, successful disaggregation of power usage of each appliance from a
signal can en achieved with a single point sensing device. There are two major factors, such as accuracy
and cost, which are carefully considered and analyzed in NIALM research due to the fact that there is a
tradeoff between the accuracy and cost. The powerful benefit of NIALM is cost effective, but the
distributed direct sensing method is more accurate than NIALM. Thus, there have been tremendous
efforts on improving the accuracy of NIALM [4]-[7]. In the early stage of NIALM research, real power
and reactive power values are used for disaggregating power usage of each appliance [4]. In order to
improve accuracy, Reference [5] introduced another factor, monitoring of power transient. Reference [6]
utilized pattern matching of electrical current harmonic components. Additionally, the frequency analysis
of data, sampled at high frequency (~1 MHz), is considered for monitoring voltage noise generated by
SMPS (switching mode power supply) of certain types of appliances in [7]. Lastly, the intermediate
sensing method, is somewhere between direct and single point sensing.
In NIALM system, the total cost of a system increases as the sampling rate of data increases. This is
mainly due to the fact that the hardware cost for the high speed sampling is high, and the overall system
complexity for the large-scale data processing with high speed is also high. In a certain case where the
data sampling rate is extremely high, the cost for NIALM could be larger than the distributed direct
sensing method. Therefore, for the realization and practical use of NIALM system, minimizing the total
cost with relatively high and acceptable accuracy is critical.
In order to achieve low cost system with high accuracy, the proposed framework considers both
features of real power time window pattern and real power level in the steady state. Those two
considerations are formulated as an optimization problem. The main contribution of this paper is
summarized as follows. The proposed disaggregation/classification method delivers high accuracy (i) by
considering the real power time window pattern if an error in the measured data. In addition, (ii)
considering the real power level in the steady state resolves the irregular time window pattern caused by
multiple appliances operating simultaneously.
The remainder of this paper is organized as follows. In Section 2, an overview of a conventional
NIALM approach and its limits are described. In Section 3, the cost effective algorithm for NIALM is
proposed. In Section 4, the performance evaluation for the proposed framework is discussed based on
simulations which consist of a power meter and seven different appliances, and the conclusion is drawn in
Section 5.

Fig. 1. Block diagram of the NIALM system

2. Conventional Real/Reactive Power Approach and Its Limits
2.1. Brief overview of NIALM
Apart from the distributed direct sensing, NIALM requires a single point measurement of an electrical
signal. A measured analog signal is then digitized and goes through the event detection. An event detector
with certain criteria estimates whether appliances has turned on, off, or changed its operating mode.
When the system recognizes an event, it extracts features of appliances from the observed signal. Rather
than using raw data, using extracted feature for the remaining process helps to reduce the complexity of
computation. Based on the extracted features and trained classifier, the system disaggregates the power
usage of each appliance from the monitored signal which contains the power usage of every appliance
that are currently operating. There are several methods such as MIP (mixed integer programming) and
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FHMM (factorial hidden Markov model) for disaggregating the power usage. Fig. 1 describes the overall
structure of the NIALM system.
Pioneering work in NIALM research area was first introduced by George Hart in the 1980s [4]. In the
study, the electrical power consumed by each appliance is disaggregated through a single sensor based on
power delta value (e.g., the amount of power level change when a certain appliance turns on or off); he
especially noted the real power delta and the reactive power delta values at a certain time instance. This
approach is based on the assumption that the real and reactive power delta values are different with
respect to different types of operating appliances. These features from each appliance can be represented
as a P-Q map (real power on the x-axis and reactive power on the y-axis). Fig. 2 shows one of the
examples of P-Q maps based on observed data.
1200
Vacuum is on
Vacuum changes its state
Dryer is on
Dryer changes its state
Microwave oven is on
Rice cooker is on

Reactive Power [VAR]

1000

800

600

400

200

0

0

200

400

600
Real Power [W]

800

1000

1200

Fig. 2. A P-Q map example; all possible P-Q points of four appliances (vacuum, dryer, microwave oven, rice cooker)
are plotted.

The reason for considering both real and reactive power is that these two features increase the diversity
of the characteristic. For example, vacuum, microwave oven, and dryer have the similar power level
about 1,150 W on the x-axis (real power level). On the other hand, those appliances have different
reactive power level on the y-axis; the reactive power of dryer is about 50 VAR, that of the microwave
oven is about 430 VAR, and that of the vacuum is about 1000 VAR. These huge differences on the
reactive power can help the NIALM system to disaggregate appliances correctly.
2.2. Limits of the conventional method
Even though the conventional NIALM system considers two aspects of appliances, those two features
are not enough to disaggregate each appliance from a single monitored signal without introducing some
errors. This problem is well described in the Fig. 2. Three points are crowded around the 200 W on the xaxis; especially, the points indicating ‘Vacuum status changes’ and ‘Dryer is on’ are close to each other.
Thus, if the observed value is slightly changed by dynamics of sensing environment, the system could
detect the event as ‘Dryer is on’ even though it is actually ‘Vacuum changes its status’ in reality. In
addition, measuring the reactive power directly or computing it from the measured real power and power
factor causes the cost and complexity of NIALM system to increase.
3. The Proposed Mechanism
In order to overcome the limits of the conventional method, several new approaches in NIALM have
been introduced; Reference [6] considers the harmonic components of electrical current, and Reference
[7] introduced the monitoring of voltage noise from appliances equipped with SMPS (switching mode
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power supply). Considering certain features, such as harmonics and high frequency noise components of
appliances in the frequency domain, definitely overcomes the limits of conventional methods in terms of
accuracy, but it increases the total cost of the system. In order to analyze up to 10th harmonic components
of electrical current, more than 1.2 kHz sampling rate is required. For analyzing voltage noise from SMPS,
about 1 MHz sampling rate should be supported. These high speed sampling rate requirements all
increase the system cost and complexity since advanced ADC (analog-to-digital converter) is needed.
Additionally, large scale data process and network with high speed should be supported as well.
The increased cost and complexity could not be aligned with the motivation of NIALM, which is the
cost reduced system for monitoring power consumption of all individual appliances. For this reason, a
new cost effective NIALM mechanism is proposed to overcome the limits of the conventional approaches.
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where, Ptwji is the jth trained real power component of a time window of the kth state of the ith appliance
k
Psteady
i is the trained real power edge value of the kth state of the ith appliance in the steady state
j
Ptw is the jth real power component of a monitored time window
Psteady is the monitored real power value in the steady state
J is the total number of time window components
N is the total number of appliances, and Ki is the total number of all states of the ith appliance
Equation (1) is the proposed classification algorithm for the cost effective NIALM system. The
algorithm tries to minimize the L1-norm difference between observed power level and the linear
combination of the trained power level of all appliances. The left term of the cost function indicates the
L1-norm difference of real power time window during a transient state in which certain appliances could
be turned on/off, or changes its status. The right term of the cost function indicates the L1-norm
difference of the real power level during a steady state period in which power fluctuation of all working
appliances becomes stable.
The first constraint indicates that the formulated optimization problem is MIP (mixed integer
programming), and so, each variable represented by xik indicates power on/off or various mode of each
appliance. The second constraint represents that all appliances are restricted to have only one state during
the observed time period; for example, two states, ‘Vacuum turns on’ and ‘Vacuum changes its state from
a strong mode to a weak mode’ could never happen simultaneously.
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The formulated optimization problem in Eq. (1) is not linear. In order to reduce the complexity, LP
relaxation techniques are introduced for reformulating the problem as a linear problem [8]. For the L-1
norm, a new variable tj is introduced, and for the discrete variables xik , the discrete condition is relaxed
as the linear condition. The reformulated problem is described in Eq. (2).
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4. Simulation Results
4.1. Simulation scenario
In this section, the performance of the proposed algorithm is evaluated with simulation. Fig. 3
represents the simulation environment. The power line from the wall outlet is connected to the input part
of the power meter, and the power cable of a power strip is connected to the output part of the power
meter. All of the considered appliances such as a vacuum, microwave oven, lamp, TV, dryer, heater, and
rice cooker receive the necessary power from the strip. For measuring electrical current, voltage, and real
power, the power meter is connected to the system in series. The measured data at the power meter side is
used for the processing the classification at the PC side, and the data is transmitted through a serial
communication RS-232C. The data is analyzed and utilized in the remaining processing - from the event
detection to the classification which is implemented in the PC.

Fig. 3. The simulation environment for NIALM.

For evaluating the performance of proposed algorithm, the classification result is compared with both
algorithms based on the real power time window and the real power delta value. In this simulation,
overall accuracy is the metric for the classification accuracy of NIALM [9]. The overall accuracy is
defined as Equation (3). For the detail terminology, please refer to [9].

all 

Ndis
Ndis

N true Ndet  N wro  N miss

(3)

where Ndet  Ntrue  Nwro  Nmiss .
There are three simulation cases: single appliance operation, two appliances operation, and three
appliances operation. For the reliability of the result, each case is repeated about 100 times. For the single
appliance case, ‘on’ and ‘off’ of every seven device is repeated individually. For the two appliances case,
‘on’ and ‘off’ of the following pairs is repeated; a pair of microwave oven and rice cooker, that of a lamp
and a TV, that of the heater and TV. For the three appliances case, ‘on’ and ‘off’ of the group, a lamp,
heater, and TV, is repeated. The pair for the two or three devices is selected with the consideration that
multiple appliances operating simultaneously is highly probable in reality.
4.2. Comparison of accuracy
The accuracy result of three scenarios is summarized in the Table 1. The accuracy of the proposed
scheme is greater than other two schemes. For the real power delta scheme, accuracy is relatively lower
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than other two methods because it performs the classification with observed data sampled at only one
time instance. On the other hand, the other two schemes disaggregate the power usage of each appliances
with the sequence of monitored data (e.g. observed within the time window length), which adds more
feature and ensures more accurate disaggregation. Microwave oven, heater, vacuum, and dryer consume
similar level of the real power. This causes the low classification accuracy. In addition, the transient time
of the heater is more than one minute while other appliances are about less than 5 seconds. This long
transient time makes it hard to disaggregate the heater exactly when heater is working alone or with other
appliances.
Table 1. Accuracy performance result
Case

Case 1

Case 2
Case 3

Microwave oven
Rice cooker
TV
Heater
Vacuum
Dryer
Lamp
Microwave oven + rice cooker
Lamp + TV
Heater + TV
Lamp + heater + TV

Proposed scheme
100
100
100
77
21
100
100
92
100
36
58

Accuracy (%)
Time window scheme
96
100
100
20
17
91
100
86
47
10
31

Real power delta scheme
20
100
100
22
12
57
100
33
100
19
11
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Fig. 4. Trained time window pattern samples (sampling speed: 2 samples/1sec); including the time window pattern of
microwave oven, rice cooker, heater, TV, vacuum, dryer, and lamp

Fig. 4 shows the trained time window patterns of several appliances, and it also explains the error of
time window scheme thoroughly. Some of the patterns look similar, and there is no large difference in
power level; the patterns of the vacuum and dryer show the problem aforementioned. This causes the
degradation of classification accuracy for the time window method. In addition, the time window pattern
appears to be irregular when multiple appliances are working simultaneously. This problem is not
negligible for disaggregating vacuum, so that the accuracy is the lowest among all considered appliances.
This could be because appliances mutually have an influence on each other’s power usage, or because the
capacity of a single power strip is not enough to provide electricity for all appliances that are currently
under operation. The analysis of this problem is beyond the scope of this study, but it is one of the best
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future work topics in NIALM research area. The proposed method considers the real power level in the
steady state which improves the accuracy for the multiple devices cases compared to the time window
scheme.
5. Conclusion
In this study, we propose a new algorithm for NIALM. The main purpose of the proposed method is to
increase the accuracy in a low cost NIALM system, which performs power usage classification with real
power data sampled at low speed (about 2 Hz). The proposed method utilizes the time window pattern of
the measured real power during the transient state and the real power level in the steady state. The time
window pattern ensures the high accuracy performance even if there is an error introduced in the
observed data. In addition, the real power level in the steady state ensures high accuracy level when the
monitored time window pattern for the multiple devices working case appears to be irregular. The
formulated MIP (mixed integer programming) optimization problem considers those two factors. The
problem is also reformulated as a linear problem with several LP relaxation schemes. The simulation
result verifies that the proposed method improves the overall accuracy about 17% compared to the time
window approach and about 28% compared to the real power delta approach.
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