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Abstract. Active study has recently been conducted on Non-intrusive Load

Monitoring (NILM) system to construct a cost-efficient household energy
management framework. The conventional method, however, is not easily
applicable to appliances that exhibit a complex operating mode or multiple
states of power consumption. In this paper, we propose a NILM system that
considers especially multiple power states of appliance. The proposed system
profiles the power state of appliances based on the distribution of the real power
and apparent power of the device. We utilize the state transition probability
between power states, and use Hidden Markov model (HMM) for power state
recognition.
Keywords: Home Appliance Recognition, Load Disaggregation, Multi-state
Appliance, Non-Intrusive Load Monitoring

1

Introduction

Awareness of the energy usage of home appliances is an effective leverage to
encourage household residents to save energy [1], [2]. Active research has been
conducted to address issues of energy awareness related to home appliances,
especially in terms of reducing management costs. Non-intrusive Load Monitoring
(NILM) or Non-intrusive Appliance Load Monitoring (NALM) approach recognizes
working appliances and estimates their individual energy consumption by monitoring
the power draw measured at a single point. Accordingly, the NILM-based mechanism
is easy to install and cost-effective because it only requires a single usage of a power
meter for measurement of the whole domain. However, these schemes generally
suffer from low accuracy of appliance recognition, as well as low accuracy on load
disaggregation
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(a) Microwave oven (Type-1)

(b) electric fan (Type-2)

(c) laundry machine (Type-3)

Fig. 1. Power measurement of home appliances

To deal with this problem, previous work on NILM has specifically tried to
improve the accuracy of appliance recognition. Some studies have used external
sensors or devices to detect the binary (i.e., on/off) status of an appliance [3], [4].
Others identify appliances using various pattern recognition techniques [5], [6].
However, most previous still work on appliance recognition has assumed that an
electric appliance has a simple set of operating states (i.e., on/idle/off) and consumes
constant power in operation. Here, this assumption is arguable because many
appliances—such as plasma TVs, washing machines, and rice cookers—have several
operating modes and multiple power states.
In this paper, we propose a NILM technique that specifically considers home
appliances with multiple power states. Our system uses a single point of sensing
without additional sensors; hence, it inherits the advantages of the conventional
NILM approach. To disaggregate loads accurately among the appliances, we propose
a method to profile and recognize the power state of appliances based on the
distribution of the real power and apparent power of the device. We specifically
consider the transition probability between power states in multi-state appliances, and
use HMM to recognize the state accurately.

2

Preliminary Findings: Multiple Power States

We conducted preliminary experiments to analyze the power consumption patterns of
several home appliances. Fig. 1 shows the results of these experiments. Based on the
power patterns of the appliances, we categorize the devices into three groups. The
first group, Type-1, comprises the appliances that consume a constant amount of
power continuously when activated. Devices in this group have a binary power state,
where they are either active or idle.
The second group, Type-2, represents appliances that exhibit multiple operating
modes, but consume a constant amount of power at each operating mode. For instance,
electric fan, shown in Fig. 1(a), has three different operating modes. The Type-2
devices usually operate in a mode set by user; hence, the power consumption is stable
until the operating mode changes.
The last group of appliances, Type-3, has sequential power modes. The laundry
machine, shown in Fig. 1 (c), belong to this group. Type-3 appliances have a
sequence of operation modes that consume different amounts of power depending on
the state. For example, the laundry machine sequentially performs a washing process,
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a rinsing process, followed by a spin dry process. Due to these sequential power states,
a conventional NILM system is not really applicable in this case, and significantly
degrades the overall accuracy of appliance recognition and load disaggregation.

Fig 2. System overview

3

Non-Intrusive Load Disaggregation System

The objective of the proposed system is to recognize the power states of appliances
with multiple operating modes, and accordingly disaggregate the power consumption
(i.e., loads) of appliances. Our approach uses both the distribution of power
consumption and the transition probability between the power states of appliances.
We profile the power state of appliances using the distribution characteristics of real
power, as well as the apparent power consumption of appliances. In order to
recognize appliance with multiple power state accurately, the transition probability
between the power states is computed based on the profile data. Finally, the proposed
system recognizes the power state of appliances with HMM. Fig. 2 gives an overview
of the proposed system. The system comprises an appliance profiler and appliance
recognizer. The appliance profiler trains the appliance characteristics as a set of power,
while the appliance recognizer detects the appliance state for load disaggregation.
3.1 Profiling appliances
To generate the profile of the appliance state, the appliance profiler (1) performs
signal segmentation to detect the steady-states, (2) extracts meaningful features to
generate a state signature of each steady-state, (3) clusters the steady-states into
representative groups (i.e., power state)
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Steady-state detection. First, the signal is segmented into steady-states by measuring
the difference among the sequences of consecutive samples. To determine the
segmentation point within consecutive samples, we modified the MinMaxSteadyState algorithm [7]. Given the sequence of samples s, i.e., 𝒔𝒕 = (𝒙𝒕−𝑾+𝟏 , … , 𝒙𝒕 ), at
time t with window W, the scheme estimates the similarity between 𝒔𝒕 and 𝒔𝒕−𝑾 as
follows:

(a) original power trace

(b) generated Power states

Fig 3. Profiling the rice cooker

𝑆𝑡𝑎𝑏𝑙𝑒, 𝑖𝑓 𝑑𝑚𝑎𝑥 < 𝜀 𝑎𝑛𝑑 𝑑𝑚𝑖𝑛 < 𝜀
,
(1)
𝑈𝑛𝑠𝑡𝑎𝑏𝑙𝑒, 𝑒𝑙𝑠𝑒
where 𝑑𝑚𝑎𝑥 is the difference between 𝑚𝑎𝑥(𝑠𝑡 ) and 𝑚𝑎𝑥 (𝑠𝑡−𝑊 ) , dmin the
difference between 𝑚𝑖𝑛(𝑠𝑡 ) and 𝑚𝑖𝑛(𝑠𝑡−𝑊 ), and 𝜀 the threshold of the similarity.
The sequence of samples is considered as the steady-state if the scheme produces
stable. When the scheme produces unstable, we filter out the signal, since it is not
viable for representing the characteristics of the appliance.
𝑓(𝑠𝑡 , 𝑠𝑡−𝑊 ) = �

Feature extraction. We then extract the meaningful features of the steady-state to
�⃗ using the features of the
generate a state signature. We defined the state signature 𝒇
distribution of power consumption, expressed as:
𝑓⃗ = �𝜇𝑟𝑒𝑎𝑙 , 𝜎𝑟𝑒𝑎𝑙 , 𝜇𝑎𝑝𝑝 , 𝜎𝑎𝑝𝑝 �,
(2)
where 𝜇 is the average, 𝜎 the standard deviation, and real and app indicate the real
power and the apparent power, respectively. The apparent power is useful in
distinguishing appliances that consume similar amounts of real power.
Clustering power states. Finally, the appliance status is represented as a finite set of
power states. We cluster the steady-states with similar signatures into a representative
group, i.e., power state. To estimate the similarity between two states, we use the
Hellinger distance [8], which represents the distance of two distributions. The metric
is computed as:
𝐻(𝑠𝑖 , 𝑠𝑗 ) = 1 − �

2𝜎𝑖 𝜎𝑗

𝜎𝑖 2 +𝜎𝑗 2

𝑒

−

2
2 2
1(𝜇𝑖 −𝜇𝑗 )
4 𝜎𝑖 2 +𝜎𝑗 2

,

(3)

where 𝜇𝑖 and 𝜎𝑖 are the average and standard deviation of 𝑠𝑖 .
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3.2

Recognizing appliances

Based on the profile data, the appliance recognizer uses HMM to determine the
current status of each appliance in terms of power state, and disaggregates the power
consumption in real time. In general, HMM infers the hidden states from the
observations, using the observation probability as well as the state transition
probability. Both the real and the apparent power consumptions are observed in our
system. We compare the power distribution derived from the combined power state of
appliances with overall power distribution in a house. Here, the similarity is regarded
as the observation probability of HMM.
State transition probability. We compute the state transition probability based on
the profile data. In case of the appliance with multiple power states (Type-3), we use a
specific set of operations to compute the transition probability since the appliance
exhibits a regular pattern of sequential operation. For example, a rice cooker repeats
cyclic operations, such as heating, pressure, and cooking. By using the transition
matrix, the system accurately recognize the sequential states of rice cooker. On the
other hand, the transition probability of Type-1 and Type-2 appliances cannot be
computed, because the operation mode is manually changed by user. Therefore, we
use uniform distributions in the state transition probability.
Observation probability. This metric is the possibility that a certain combination of
power states represents the observed power consumption in a target place (i.e., house).
We first generated the state signature of current steady-state. The problem is, then, to
decompose the current power consumption into a combination of power states. Given
�⃗𝒄 , we find the
the profile F and the state signature of current power consumption 𝒇
observation probability of the appliance status S, expressed as follows:
𝑠11 ⋯ 𝑠1𝑗
𝑓⃗11 ⋯ 𝑓⃗1𝑖
⋮
⋱
⋮
⋱
⋮ � ≅ 𝑓⃗𝑐 ,
𝑆 ⊗𝐹 = �
� ⊗ � ⋮
(4)
𝑠𝑖1 ⋯ 𝑠𝑖𝑗
⃗
⃗
𝑓𝑗1 ⋯ 𝑓𝑗𝑖
where 𝑠𝑖𝑗 indicates the recognized power state, 𝑓⃗𝑖𝑗 the j-th state signature of the i-th
appliance, and ⊗ the composition operation of two distributions. Here, sij =
∑𝑗𝑘=1 𝑠𝑖𝑘 = 0 or 1 and ∑𝑖𝑢=1 ∑𝑗𝑣=1 𝑠𝑢𝑣 is unknown. In other words, one appliance
cannot be set to multiple power states at the same time, and the system should infer
the number of acting appliances.
To solve this problem, we define the depth d as the number of appliance in
𝑗
operation, computed as 𝑑 = ∑𝑖𝑢=1 ∑𝑣=1 𝑠𝑢𝑣 . We consider that the maximum
difference of d is 1 between the previous status S at time t-1 to status S, and the
current status S at time t. That is, the states of multiple appliances cannot be changed
simultaneously. The method finds the observation probability P as:
(5)
P(𝑆𝑥 ) = 𝐻�𝑆𝑥 ⊗ 𝐹, 𝑓⃗𝑐 �,
where 𝑆𝑥 is a variant from the previous status S within 𝑑 ≤ 1. In other words, the
current status can be generated by changing one appliance’s state from the previous
one. We regard the status 𝑆𝑥 as one state of HMM in our system.
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Power state recognition. The proposed system uses HMM to recognize the power
states of each appliance. We find the optimal status of appliance which produces the
maximum product of state transition probability and observation probability. In order
to find the optimal status, we use a forward algorithm which is a kind of Dynamic
Programming. Given the transition probability 𝒂, and the observation probability 𝒃,
the probability of state 𝜹 is expressed as:
(6)
𝛿𝑡 (𝑗) = 𝑚𝑎𝑥1≤𝑖≤𝑁 𝛿𝑡−1 (𝑖)𝑎𝑖𝑗 𝑏𝑗 �𝑓⃗𝑡 �,
where 𝛿𝑡 (𝑗) indicates the probability of state j at time t, i the previous state, N the
number of states, and 𝑓⃗𝑡 the observed power signature of whole house at time t. The
optimal status 𝑆 ′ is expressed as:
(7)
𝑆 ′ = arg max1≤𝑖≤𝑁 𝛿𝑡 (𝑖).
This means that the appliance status at time t is the state with the highest probability.
Our method looks for the optimal appliance status recursively in real time.
Load disaggregation. The power consumption is now disaggregated into each
appliance based on the recognized status S. We used a simple metric of ratio among
the power consumptions of each appliance. For instance, if the total power
consumption is 110W and the system recognizes three appliances in operation—state
A (10W), state B (20W), and state C (70W)—the power consumption ratio is 1:2:7.
The disaggregated power of each appliance is then 11W, 22W, and 77W, respectively.
We used this ratio metric, instead of the direct use of power, to handle the error from
unstable states.

4

Evaluation

We evaluated each component of the proposed system using two experimental setups:
single appliance recognition and a multiple version of this recognition. The system
was also validated with real deployment in a household. For single-point sensing, we
deployed Energy Monitoring Node [9], which contains a split-core current
Table 1.

Home appliances used in the experiments.

Appliance
Microwave
oven
Coffeepot
Refrigerator
Air
conditioner
Hair dryer
Rice cooker
Laundry
machine

Appliance description
Number
Real power
of states
(W)
[1100,1200
2
]
[1650,1700
2
]
2
[0,100]

Apparent
power (W)
[1100,125
0]
[1700,175
0]
[0,150]

2

[0,500]

[0,550]

4
6

[200,1450]
[20,550]

5

[0,1800]
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State recognition accuracy
Recall
Precision
OA
(%)
(%)
(%)
100

100

100

100

100

100

100
99.7

100
99.6

100
99.7

[350,1500]
[20,600]

99.8
90.7

99.9
97.3

99.8
96.9

[0,1850]

94.8

90.3

90.8
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transformer and voltage adaptor to measure current and voltage. Table 1 shows the

Fig 4. Load disaggregation accuracy according to the number of appliances.

appliances used in the experiments.
Prior to running complicated experiments, we initially validated the functionality
of the proposed system in a simple setup; that is, the user is allowed to operate up to
one appliance at a time. For this experiment, we generated a set of profiles for the
seven appliances in advance, and conducted power state recognition for each
appliance. We used a precision and recall metric to evaluate the accuracy of state
recognition. To evaluate the accuracy over whole operation time, we defined the
overall accuracy (OA) as follows:
1, 𝑖𝑓 𝑔𝑡 = 𝑝𝑡
1
𝑂𝐴 = ∑𝑇𝑡=1 𝛿(𝑔𝑡 , 𝑝𝑡 ) , where 𝛿(𝑔𝑡 , 𝑝𝑡 ) = �
,
(8)
𝑇
0, 𝑒𝑙𝑠𝑒
where 𝑔𝑡 and 𝑝𝑡 are the states of ground truth and the recognition result at time t.
As shown in Table 1, the proposed system successfully recognized the power state of
single appliances.
Now, we analyzed the performance of the system in relation to the number of
appliances in operation. A large number of appliances may derive low accuracy
because of the complexity in load disaggregation. Fig. 4 shows the accuracy of the
proposed system according to the number of appliances. The system correctly
recognized 18±20% of cases throughout all the experiments, although the accuracy
decreased as the number of appliances increased. The system derived approximately
51% error if seven appliances were in operation at the same time. The result shows
that the system exhibits relative large error if the user operates multiple appliances
simultaneously.

5

Conclusion

In this paper, we proposed a NILM system that specifically considers appliances with
multiple power states. We defined a power state using the distribution of power
consumption. The system first trains the appliance characteristics as a set of power
states and computes the state transition probability in offline training. It then uses
HMM with power distribution and state transition probability to recognize the power
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state of multiple appliances. Our experiments showed that the proposed system
correctly estimates the power states and energy consumption of multiple appliances.
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