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ABSTRACT
Similar power/similar loads identification using a non-intrusive
load monitoring (NILM) system is a challenging task due to overlapping characteristics of similar appliances. Therefore, we need to
identify robust features that are capable of distinguishing the events
of similar appliances effectively. Further, the developed NILM system/methodology need to be examined for different sampling rates,
since the performance evaluation of the algorithm with single sampling rate alone is not sufficient. In this work, we used four compact
fluorescent lamps (CFL) which are having same specifications configured in different electrical network combinations. We explored
locality constrained linear coding (LLC) based deep neural networks (DNN) to express the input feature vectors in terms of load
independent basis vectors in a higher dimensional feature space
to make the features robust for effective identification of similar
loads in a NILM system. Further, we examined the effectiveness
of LLC-DNN approach for the different sampling rates, 10 kHz, 25
kHz and 50 kHz respectively. From our study, it is observed that the
performance of the LLC-DNN has been consistent and improves
the similar appliances identification accuracy significantly with the
increase in sampling rates.

CCS CONCEPTS
• Computing methodologies → Neural networks; Support
vector machines; • Hardware → Energy metering.
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1

INTRODUCTION

The recent advancements in smart metering infrastructure (AMI)
has made significant developments in energy management of electrical utilities and renewable energy resources in buildings [3, 11].
Recently, smart meters are used in buildings to provide real-time energy consumption feedback to consumers continuously or in regular
time intervals [1, 12]. Many studies revealed that the feedback of
total energy consumption of building does not impact significantly
on the energy usage behavior of consumers towards reducing the
energy consumption or energy wastage. Subsequently, important
loads/appliances are monitored through separate sensors for each
appliances to get insights about the energy consumption of the
appliances. However, this approach is expensive and not feasible in
buildings due to the requirements of space, cables and sensors for
every loads. To overcome the drawbacks in the intrusive approach,
non-intrusive load monitoring (NILM) technique has been introduced for monitoring the events and energy consumption of the
appliances from a single energy meter which is connected to the
entry point of the main power supply in buildings [8].
NILM system performs appliance identification and energy disaggregation from the aggregated energy acquired through single
energy meter. Though the early developments in NILM methodologies are progressed in a slower pace, the recent advancements
in the smart metering infrastructure (AMI), smart grid and machine learning and deep learning algorithms have made significant
improvements in the NILM system performance [6]. Despite the
recent improvements in NILM methodologies [6, 15], there exists
many challenges towards developing accurate NILM systems [13].
NILM system performance depends on the factors such as appliance
type, number of similar power appliances and same appliances in
the network, sampling rate, etc. Further, many real-time challenges
need to be addressed when there is a change in the list of appliances
(newly added/replaced with some other) and appliance performance
degradation over its ageing in the monitoring environment.
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Generally, use of multiple similar loads in commercial/residential
buildings are common. Therefore, effective identification of similar
loads is essential in order to develop more accurate NILM system [6].
Gupta et al., experimented with four same model compact fluorescent lamps (CFL) from the same manufacturer for similar appliance
identification using electromagnetic interference (EMI) signals [7].
Gupta et al., reported that the magnitude of EMI signal changes as
the location of lamp changes in the electrical network. Further, the
spectra of four same lamps were not similar and there was a shift
in the spectra of lamps, but the stable mean and variance of the
Gaussian have been observed. Consequently, effective identification
of similar appliances becomes challenging when they are located
close to each other [2, 7]. Therefore, we need to identify robust
features and methodologies for effective identification of similar
appliances.
Sampling rate of the acquired aggregated energy plays an important role in the performance of NILM systems. Many researchers
have adapted different sampling rates from the range of lower sample (in Hz) to higher sample rates (in kHz/MHz) for developing
NILM system [1]. However, it is noted that most of the NILM algorithms in the literature are evaluated for single sampling rate only.
Huang et al. suggested that reporting of the algorithm performance
for a single sampling rate may not be sufficient for thorough performance evaluation of algorithms [9]. The study also reveals that the
computation time increases as the sample rate increases, and appliance classification accuracy decreases non-linearly as the sample
rate decreases [10, 14]. Therefore, we need to trade-off between the
NILM system performance and computation time, and sample rates
for developing effective hardware design configuration of NILM
device. This necessitates to evaluate algorithm performance under
different sampling rates for developing effective NILM system.
In this work, first we explore feature mapping based approach
to make input features robust across similar appliances in NILM
system. We use four CFL lamps having same technical specification
that are from same manufacturer. The lamps are placed close to
each other in the electrical network and they are turned on and off
individually and simultaneously in the 16 possible configurations.
Fundamental features are extracted and then expressed in terms of
load independent basis vectors using a feature mapping technique,
locality constrained linear coding (LLC) for effective similar appliances classification. Machine learning classifiers, support vector
machine (SVM) and deep neural networks (DNN) are used for appliance detection. From the literature [4, 5, 18], it is noted that LLC
has been experimented with linear SVM for its best performance
in different applications due to the linear coding process. Further,
it would be interesting to explore LLC features for capturing the
signature of the similar appliances in NILM system with the DNN
classifier that comprises of rectified linear unit (ReLU) in the initial
layers and softmax activation function for the output layer. Therefore, SVM and DNN are chosen as the appropriate classifiers for
experimenting with LLC features. Second, we analyse the reported
feature mapping based approach for non-intrusive similar load
identification under different sampling rates to check its effectiveness and therefore it would help in the hardware design of NILM
system for product development. In the subsequent sections, data
acquisition, feature extraction, methodology, and experiments and
results are discussed. The last section concludes the paper.
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DATA ACQUISITION AND FEATURE
EXTRACTION

For similar load identification, we used four CFL lamps of having
same technical specifications from the same manufacturer. Though
the lamps are identical in specifications, it would be appropriate
to term the loads as "similar" over identical since the lamps might
be nanometrically distinct. The specifications of lamps are listed in
Appendix. For data collection, four lamps are connected close to
each other and acquired the aggregated voltage and current signals
in sixteen possible electrical network configurations. In our test
bench, we acquired the data at 10 kHz and 50 kHz respectively
for evaluating the performance of NILM system. A single phase
high-speed measurement setup for voltage and current has been
designed using high speed ADC (ADS9224R), Magnelab 20 Amps
current transformers and Raspberry Pi. Initially, 230 V has been
stepped down to 2.3 V using resistor divider circuit, to fed into two
channel ADC board for voltage and current measurement. Signals
from the ADC has been transferred to Raspberry Pi using serial
peripheral interface (SPI) communication to store in the database.
The hardware setup/test bench for the experiments is shown in
Figure 1.

Figure 1: Hardware setup for non-intrusive load monitoring
of similar appliances
The voltage and current signals are collected at five time intervals (0, 5, 10, 15, and 20 mins) to incorporate heating effects of lamps.
For each time interval 2400 cycles of power signals are acquired.
To complete the data collection, this process has been repeated
for sixteen possible electrical network configurations by turning
on and off the four lamps individually and simultaneously. Subsequently, feature extraction and appliance identification are carried
out in Raspberry Pi for real-time monitoring of similar appliances
in the NILM system. In this work, features such as V𝑟𝑚𝑠 , I𝑟𝑚𝑠 , real
power (P), reactive power (Q), Power factor (PF), apparent power
(S), I𝑚𝑖𝑛 , I𝑚𝑎𝑥 , I𝑠𝑡𝑑 , I𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 , V𝑡ℎ𝑑 , and I𝑡ℎ𝑑 are extracted for load
identification. Further, we also use the similar dataset available
in the public domain [16] to check the effectiveness of the NILM
system. This dataset has been created by extracting fundamental
features from the signals acquired at the sample rate of 25 kHz
from the four CFL lamps having same technical specifications. The
data collection procedure of this dataset is also same as discussed
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in our dataset. We choose this dataset for examining the NILM
methodology for different sampling rates. The detailed information
of this dataset can be found in this paper [16]. Further, this open
source data set comprises of important fundamental features rather
than the raw signals. This dataset has the features such as P, Q, S,
PF, Irms, and first nine odd harmonic components for the analysis of similar load identification. In this paper, we develop feature
mapping based approach for effective identification of similar appliances in the NILM system. Further, we examine the methodology
under different sampling rates, 10 kHz, 25 kHz and 50 kHz to check
its effectiveness/robustness for designing the better NILM system.

3

METHODOLOGY

Feature mapping/feature transformation techniques plays an important role in making the features robust across the appliances in
NILM system. Generally, the extracted features exhibits non-linear
characteristics in the input feature space due to the multiple number
of similar power or similar appliances. Therefore, non-linear features may not fit effectively with available kernels. To overcome this
problem, feature mapping approaches have been explored in different applications (e.g., image recognition) for learning the non-linear
features. Sparse coding has been used widely in many applications
to represent the input non-linear features in terms of linear combination of basis vectors. A deep sparse coding based approach has
been experimented for NILM system [17]. However, many studies
revealed that the sparse coding is not computationally efficient
and it may select different basis for similar input feature vectors in
order to favor sparsity in the feature coding process. This results
in losing correlation between codes.
Wang et al., introduced locality constrained linear coding (LLC)
to overcome the limitations in sparse coding [18]. LLC explicitly
chooses k-nearest basis for similar feature vectors. Though LLC has
been introduced in image recognition application, in this work, we
explore the properties of LLC in non-intrusive load monitoring of
similar appliances for improving the performance of NILM system.
LLC learns basis vectors (dictionary) using Linde-Buzo-Gray (LBG)
algorithm in a unsupervised manner. LLC represents the input
feature vectors in terms of k-nearest basis vectors or codebooks.
In this coding process, first codebooks are obtained and then features are represented in terms of k-nearest basis vectors. Moreover,
LLC uses only few elements (sparse) to express the features. Figure
2 illustrates the graphical representation of LLC. The codebook
𝐵 = [𝑏 1, 𝑏 2, ..., 𝑏 𝑀 ] ∈ R𝐷×𝑀 , is computed from the 𝐷-dimensional
input feature vector 𝑋 = [𝑥 1, 𝑥 2, ..., 𝑥 𝑁 ] ∈ R𝐷×𝑁 using LBG algorithm. Consequently, input feature vectors are mapped into a 𝑀dimensional code. The obtained codebook captures the inherent
structures of input features. LLC can be expressed as:

𝑚𝑖𝑛

𝑁
Õ

𝐶˜ 𝑖=1

∥𝑋𝑖 − 𝑐˜𝑖 𝐵𝑖 ∥ 2

(1)

𝑠.𝑡 1𝑇 𝑐˜𝑖 = 1, ∀𝑖
where 𝐶 = [𝑐 1, 𝑐 2, ..., 𝑐 𝑀 ] represents codes. The shift invariant requirements in the LLC has been ensured by the constraint 1𝑇 𝑐˜𝑖 = 1.
LLC has been solved using constrained least square fitting problem
and thereby minimizing the error between mapped features and

Figure 2: LLC: Represents features in terms of appliance independent basis vectors (codebooks)
input feature vectors. LLC chooses k-nearest local basis to represent
the input features. Hence, LLC reduces the computation complexity
to 𝑂 (𝑀 + 𝑘 2 ) from 𝑂 (𝑀 2 ) (Sparse coding). In this paper, the input
features extracted from the raw signals are expressed in terms of
linear combination of k-nearest basis to obtain the appliance independent features that would help improve the identification of
similar appliances in NILM systems.

4

EXPERIMENTS AND RESULTS

In this section, we first discuss the development of baseline system for similar load identification using SVM and DNN classifiers.
Subsequently, performance improvement using a feature mapping
technique, LLC with the back-end classifiers are discussed. All the
experiments are conducted using the dataset acquired at different
sampling rates, 10 kHz (dataset I), 25 kHz [16] (dataset II), and 50
kHz (dataset III) respectively to check the effectiveness of NILM
system. Dataset acquired at 10 kHz and 50 kHz are created from our
experimental setup. From the dataset I and dataset III, 12 features
are extracted including the fundamental electrical and statistical
features as discussed in Section 2. Similarly, dataset II has 14 fundamental electrical features [16].

4.1

Baseline system

For baseline system, input features extracted from the datasets are
given as a input to the machine learning classifiers, SVM and DNN
respectively. In SVM, experiments are carried out with different kernels, linear, radial basis function (RBF), and polynomial to classify
similar appliances in NILM system. SVM constructs the hyperplane
that separates the data samples either in original feature space using
linear kernel or in the higher dimensional space using non-linear
kernels. In this work, we have formulated as a 16 class problem
since the data has been acquired from the four CFL lamps in 16
possible electrical network configurations by turning on and off
individually and simultaneously. The baseline system performance
with SVM kernels for three different sampling rates has been listed
in Table 1. From the experiments, it is observed that the overall
classification accuracy has been improved significantly for 50 kHz
data samples when compared with 10 kHz and 25 kHz datasets.
This trend has been consistent with the linear and RBF kernels.
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However, the performance of polynomial kernel shows that there
exists a non-linear relationship between the sampling rates and
overall classification performance.
Table 1: Baseline system performance using input features
under different sampling rates
Classifier
SVM

DNN

Parameters/
DNN layers
Linear
RBF
Polynomial
(512,256,64,16)

Overall Accuracy
10 kHz 25 kHz 50 kHz
41.63% 44.19% 72.26%
46.40% 48.73% 62.23%
43.56% 67.55% 60.60%
60.40% 69.32% 80.37%

Subsequently, experiments are carried out for DNN with the
input features. DNN is capable of capturing the linear and nonlinear relationships between the features and targets effectively.
The fully-connected network has been used for multiple number of
layers. Rectified linear unit (ReLU) and softmax activation function
are used for initial layers and output layers respectively. Other parameters such as Adam optimizer, cross entropy loss function, and
epochs (200 Nos.) are used for training the model. Backpropagation
algorithm has been used for training DNN. The experiments are
carried out with different parameters and selected the optimal parameters empirically for its performance. Table 1 lists the baseline
system performance of DNN for similar appliance identification under different sampling rates. The experimental results show that the
performance of DNN increases with the increase in sampling rates.
DNN achieves overall accuracy of 80.37% for 50 kHz sampling rate.
From the performance analysis of baseline system, it is noted that
the similar appliance identification accuracy has been improved
significantly with the increase in the sampling rates of the data.
However, still the performance of the baseline system need to be
improved for more accurate NILM systems.

4.2

Performance improvement using feature
mapping based approach

The baseline system performance reveals that the lower sampling
rate data is not much effective for similar appliance identification
in NILM system. As the sampling rate increases, the performance
of the baseline system increases, since the features extracted at
higher resolution captures the signature effectively. Despite the
higher sampling data, still the events of similar appliances are not
accurately distinguishable due to the non-linear characteristics in
the feature space. To overcome this problem, the input features are
expressed in terms of appliance independent basis vectors (codebooks) using the feature mapping technique, LLC for making the
features effectively distinguishable in new feature space. In this
experiment, fundamental and statistical features extracted from the
datasets are used to compute the appliance independent basis vectors. These basis vectors captures the inherent information about
the similar appliance which helps to identify the events of multiple similar appliances. Codebook is computed from the training
dataset, and then the input features are represented in terms of
k-nearest appliance independent basis vectors. During this process,
input features in the original space are mapped in to a new higher
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dimensional feature space, where the events of similar appliances
are effectively classified. The computed codebook is common to
test dataset. Therefore, the incoming test data samples will be represented using k-nearest basis vectors and then fed to the machine
learning classifiers, SVM and DNN respectively. The experiments
are performed for different codebook sizes and k-nearest neighbors
to obtain the best classification performance. It is observed that
the LLC represents the non-linear features in a higher dimensional
new feature space, where the non-linear characteristics of similar
appliances are classified effectively using linear kernel. Similarly,
LLC mapped features helps rectified linear unit (ReLU) in DNN
layers to learn the inherent patterns in the similar appliances effectively. From the experiments and results, it is observed that LLC
based deep neural networks (LLC-DNN) improved the performance
of similar appliance identification significantly when compared
to the baseline, LLC-SVM and other approaches listed in [2]. The
parameters for the SVM and DNN are chosen empirically for its
best performance. The performance of similar appliances identification using LLC under different sampling rates are listed in Table
2. LLC-DNN achieves the overall accuracy of 96.57% for 50 kHz
dataset with the DNN layers of (512, 256, 128, 64, 16) which is a
fully connected network.
Table 2: Improved system performance using LLC features
under different sampling rates
Classifier/
Parameters
LLC-SVM
(Linear kernel)
LLC-DNN
(512,256,128,64,16)

5

Sample
rate
10 kHz
25 kHz
50 kHz
10 kHz
25 kHz
50 kHz

Codebook
size
512
512
512
512
512
512

𝑘𝑁 𝑁
2
28
4
60
118
55

Overall
Accuracy
57.60 %
80.05 %
93.16 %
72.90 %
84.47 %
96.57 %

CONCLUSIONS

In this work, we presented locality constrained linear coding (LLC)
technique for non-intrusive load monitoring (NILM) application
to represent non-linear features in terms of appliance independent
basis vectors for making the events of similar appliances effectively
distinguishable in a new higher dimensional feature space. The
machine learning classifiers, support vector machine (SVM) and
deep neural networks (DNN) are used for similar appliances identification. The experiments and results show that the LLC-DNN
based approach outperforms the performance of the baseline and
LLC-SVM systems. Further, we also examined the effectiveness of
the NILM approaches under three different sampling rates, 10 kHz,
25 kHz, and 50 kHz respectively. The performance analysis of this
study shows that the similar appliances identification accuracy increases as the sampling rate increases. Moreover, the performance
of the reported NILM approach remains consistent and improved
significantly with the increase in sampling rates. Therefore, the
study of NILM approach for similar appliances identification under
different sampling rates would help trade-off between the NILM
system performance and sampling rates for selecting the optimal
hardware specifications for product development of NILM device.
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APPENDIX
CFL Specifications
Active power
Rated voltage
Electric current
Power factor
Light efficiency
Maximum enclosure temp
Ambient temperature range
Nominal supply frequency
Time to reach luminous flux
Luminous flux
Average life

4 Lamps (ours)
14 W
230 V
65 mA
0.85
51.42 lm/W
70◦𝐶
5 to 45◦𝐶
50/60 Hz
40 s (for 60%)
720 lm
6000 h

4 Lamps ([16])
15 W
127 V
190 mA
≥0.5
56.3 lm/W
85◦𝐶
5 to 45◦𝐶
50/60 Hz
60 s (for 80%)
844 lm
6000 h
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