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Abstract

Non-intrusive load monitoring is currently used to analyze changes in the energy consumption of households. Due to the number of electrical
consumers, the associated superpositions and the variety of harmonic waves on the shop floor, current proceedings are not applicable in industrial
environment. In this paper, patterns in harmonic waves of four manufacturing plants are analyzed in the time and frequency domain. For machine
allocation, features were extracted and classified by k-means and support vector machines with an accuracy of 97.3 and 97.9 %. For comparison,

convolutional neural networks were trained with the harmonic profiles in the time domain with an accuracy of 98.7 %.
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1. Introduction

First introduced by Hart [1], many technologies were
developed in over more than 30 years of non-intrusive load
monitoring (NILM). There are approaches with sampling rates
from 1 Hz up to hundreds of kHz, some of them extracting
simple information like difference power signature, others are
looking for shapes of transient signatures or complex
information like harmonics or electromagnetic interference. [2]

For classification, Khalid et al. [3] generally distinguishes
four types of appliances:

e Type I: Two states of operation (on/off)

e  Type II: Multi-State appliance with finite operating
states

e Type III: Continuously variable devices

e Type IV: Permanent consumer devices

In NILM applications, the appliance signature can be steady
state or transient nature. A summary of methods, features and
requirements can be found at Zoha et al. [4].

During the long time of NILM research, there are now many
real systems in residential applications, but there is a lack of
research in industrial environment. Implementing NILM in

industrial processes leads to significant difficulties due to a high
noise level and a large variety of electrical consumers. In
industrial sites, manufacturing plants got many basic electrical
appliances, the noise caused by high power motors, fans and
invertors can be larger than threshold values in NILM systems.
Beyond industrial secrecy, the number of equipment types and
temporal patterns would make the research more difficult. [2,
5]

Static power converters are the largest nonlinear loads in the
industrial environment. They are used for a variety of purposes
e.g. electrochemical power supplies, variable speed drives or
arc furnaces. Those nonlinear loads change the sinusoidal
nature of the AC power current and cause a harmonic current
flow and consequently an AC voltage drop. Each harmonic
producing device can have a consistent or load depending
variable harmonic current emission characteristic. [6]

For nonlinear device detection, Akbar and Khan [7] and
Jonetzko et al. [8] analyzed the harmonic shape of the current
signal with high sample rates. The features for classification
were extracted by applying the Fast Fourier Transform (FFT).
Fuller [9] demonstrated the potential of current spectrum
analysis to detect electric machine failures and monitor multiple
machines.
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In advanced NILM research the time-frequency-domain was
examined for feature extraction with wavelet transforms [10].
Khalid et al. [11] trained neural networks with features from s-
Transform.

For very fast detections, Ugar et al. used discrete wavelet
transform (DWT) for feature extraction in combination with
Extreme Learning Machine [12]. Duarte et al. [13] monitored
the voltage for power quality detection using wavelets and
support vector machines. Bischa et al. [14] fed the signals to
autoencoder for feature extraction and compared the
classification of support vector machines (SVM) with
convolutional neural networks (CNN).

Hereinafter, a NILM application for machine or component
allocation in the industrial environment is discussed. Features
were extracted with FFT and classified by k-means and support
vector machines. In time domain, CNNs were trained with the
labeled data sets as well.

2. Methods
2.1. Initial Situation

The research subject was a HAUNI multifilter machine with
the main unit A and three auxiliary units B, C and D. Fig. 1
shows the four machines with their related current waveforms
connected to the main supply.

2.2. Data Acquisition

For data acquisition, a NI cDAQ-9171 USB-Chassis with a
simultaneous analog input module NI 9215 (4 channels, 100
kS/s, 16 bit, £10 V) and a bandwidth of 420 kHz (-3 dB) was
connected to a laptop with a LabView program. For fast
measurement, Fluke i200s Rogowski Coils with BNC
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Fig. 1. Schematic of the electric power supply with the related waveforms.

connector were used. They provide a measurement range up to
200 A at 10 mV/A.

2.3. Generating Labeled Data Sets

A moving average filter followed by a zero-crossing
detection algorithm was used in order to cut the signal into
single periods of a predefined length of 20 ms (2000 data
points) and 1 s (100000 data points) respectively, dependent on
the applied feature extraction and learning methods. As shown
in Fig. 2, the measured signals from the four single machines
were manually overlaid in all 15 possible combinations. The
permutation of k£ out of » machines without repeating can be
calculated by the binomial coefficient [15]. For k being a
number between 1 and »n the number of all possible
combinations 7. is given as the sum of these coefficients, see
equation 1. In this case 15 different data sets were generated.
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2.4. Data Analysis in Time and Frequency Domain

n
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To gain an overview over the statistical distribution, the data
sets were analyzed by median, 0.1-quantile and 0.9-quantile in
the time domain. In the frequency, first a FFT was used. For
advanced analysis, a DWT and a CWT were applied. More
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Fig. 2. Distribution of the Signals A, B, C, and D.
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details about the wavelet theory can be found in previous
research [16].

2.5. Machine Learning

Classical methods of pattern recognition include a process of
analysis and classification. The analyzer extracts an array of
significant features from the original data set by
transformations and mathematical operations, which have to be
defined by the user. There are a big amount of classification
methods. In this case k-nearest neighbors classifier (k-NNC)
and support vector machines (SVM) were used.

K-nearest neighbor classifiers are among the simplest
machine learning techniques and belong to the class of lazy
learning algorithms. For a given test sample the k nearest
training samples are determined by a distance function. The
class for the test sample is then assigned with a majority voting
among the labels. [17]

A Support Vector Machine (SVM) can be described as a
neuron trained by an algorithm that only considers samples of
the training data, which are closest to the class limits. Thus the
risk of over-fitting is reduced. For non-linear separable
problems, a transformation of the vector space, called kernel, is
performed. [18] [19]

2.6. Convolutional Neural Networks

In recent years, convolutional neural networks, short CNN,
have risen in popularity for recognizing patterns in data. They
are widely used for finding patterns in images, but have proven
their usefulness in automatic speech recognition (ASR) [20].

To better simulate real world problems, noise was added at
the training data set with a normal distribution to all samples.
Each training example consisted of the previously mentioned
2000 signal samples in the time domain with a 20 ms timespan.

2.7. Architecture for Modelling Machine Allocation

The initial idea for an architecture capable of modelling
machine allocation was based on one for modelling speech in
automated speech recognition, described in [21]. Similar to the
model described, the core of our architecture is built out of one
convolutional layer and one maximum pooling layer, organized
in a block. Additionally, a 30 % chance of dropout was applied
after each max pooling layer. Three of those blocks were used
in succession, followed by a fully connected layer, mapping the
features found in the previous blocks to output neurons.

The first block, has an input length equal to the full 20 ms
of one whole signal period. Features are found in this input and
passed on to the following blocks, sampled down further and
weighted, finally flattened and passed into the dense layer,
which maps found patterns to machines. This dense layer
utilizes the widely used sigmoid function as activation,
allowing for a probability-like output.

At training, all convolutional blocks were only trained for
one epoch. In successive epochs, the weights of those blocks

are frozen, reducing trainable parameters, thus saving
computation time.

3. Results
3.1. Data Analysis in Time and Frequency Domain

First, the four basic training data sets A, B, C and D were
analyzed for their statistical distribution and spectral harmonics
as shown in Fig. 3 and Fig. 4.

In Fig. 4 the selected features are marked by a dot. To show
the influence of higher harmonics, the 1% harmonic waveform
at 50 Hz is not shown and considered. For classification, the
highest four values above the 1% harmonic were selected.

To show the spectral distribution over all 15 combinations,
an inverse discrete wavelet transform (IDWT) and a continuous
wavelet transform (CWT) were generated as shown in Fig. 5
and Fig. 6. In Table 1 the related signal combinations for both
figures are shown.

—— Median

0.1-Quantile
0.9-Quantile

60 20
15
1,0

< <
£ £ 05
< )
g ‘g 0,0
E E-05
S - 5
o O.0
A5
0 2,0
0 5 10 15 20 5 10 15 20
3 i Time in ms 3

Time inms

2 290 1,
< < R
£ < [V
o o ‘ o1y 1
0 €0 N
e g ! ) e
5-1 5-1 AN
o o /

2 2

3 . 3

0 5 10 15 20 5 10 15 20
Time in ms Time in ms

Fig.3. Statistical distribution of the four basic data sets A, B, C and D.
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Table 1. Timesteps and signal combinations for CWT and IDWT

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

A A A A A A A
B B B B B B B B
C C C C C C C C

D D D D D D

In Fig. 5 the IDWT of the signal combinations is shown. In
order to fit the frequencies of interest (multiples of 50 Hz) into
the bandpass ranges, the signal was down sampled by the factor
3 to a new sample rate of 33333 Hz.

The calculated 10-level IDWT leads to a frequency range up
to ~32.5 Hz in the highest level. The main amplitude of 50 Hz
is part of level 9 with a frequency range from 32.5 Hz to
65.1 Hz. For the CWT the signal first was down sampled by
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Fig. 5. IDWT of the signal combinations with a Meyer wavelet with a
center frequency of 0.6902 Hz.
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Fig. 6. CWT of the signal combinations analysed with a morlet wavelet
with a center frequency of 0.8125 Hz.

taking every 8™ data point into account in order to reduce the
computing time. This led to a new sample frequency of
12.5 kHz. Fig. 6 shows the absolute values of the computed
wavelet coefficients over a frequency range from 80 up to
2000 Hz.

Such spectral analyses can help to identify the relevant
features in harmonics. From timestamp 2 till 7, the IDWT
shows between level 3 and 5 significant harmonics, in the CWT
in the frequency range up to 1000 Hz.

3.2. K-Nearest Neighbors

As described in the previous chapter, for classification the
highest four values above the 1% harmonic were selected as
features. The result for k-NNC is shown in Fig. 7.

In the k-NNC shown in Fig. 7 the distance metric was set to
Euclidean and distance weight to equal.

Confusion Matrix for: k-Nearest Neighbor
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Fig.7. Confusion matrix for KNN with an accuracy of 97.3 %.
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Confusion Matrix for: Support Vector Machine
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Fig. 8. Fine-Gaussian SVM with 97.9 % accuracy.

3.3. Support Vector Machine

Beside KNN a SVM was fed with the four harmonics and
their amplitude from FFT as well. In addition, 25 % of the 2000
datasets for each of the 15 different labels were holdout for
validation. The results are shown in Fig. 8.

For the analysis, the manual kernel scale was set to 0.7, the
kernel scale mode to manual, the box constraint level to 1.0 and
the multiclass method to one-vs-one.

3.4. Convolutional Neural Networks
Impact of number of convolutional blocks on loss

We tested several configurations of our model with differing
numbers of used convolutional blocks. As shown in Fig. 9, by
using three blocks, we achieved best accuracy, which replicates
the findings of Abdel-Hamid et al. [20]. By using less than
three blocks, we could not model the problem.
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Fig. 9. Impact of number of convolutional blocks on loss.

Impact of dropout

Dropout can be used as an easy way to prevent neural
networks from overfitting [21]. In our experiments, we could
observe this, too, and achieved minimal loss, when using a
dropout chance of 10 % to 30 %. Fig. 10 shows the influence
of the dropout.

Impact of alternative training methods on loss

When training the CNN, we decided to freeze all weights of
the convolutional blocks after the first epoch and only fine-tune
the weights for the fully connected layer in all following
epochs. Training the convolutional blocks for only one epoch
instead of more made no impact on the final loss as well as the
resulting prediction accuracy.

Impact of hyperparameters for the convolution blocks

Choosing hyperparameters for our convolutional blocks had
a big impact on the modeling capabilities of our architecture.
Most notably was the correct choice of activation function for
the convolution layers. We tested the commonly used sigmoid,
hyperbolic tangent and rectified linear unit activation functions
[22]. As shown in Fig. 11, using a rectified linear unit as
activation resulted in the lowest loss.

——0% |
S 0,
0,30 10 %
—20%
o 0251 30 %
8 —40%
> 0201 ——50%
g b =
@ 0151\
0,101
0.05 L2k X "wy»MWA'mm, ]
““0 200 a0 B0 80 oo 120 140
Epoch
Fig. 10. Impact of dropout.
05— —relu
“tanh
w 041\ sigmoid
7] \
fe! \
> 0,34
©
c
o 0.2
0,1
0,0 S ‘
0 20 40 60 80 100 120 140
Epoch

Fig. 11. Impact of activation.



74

Arnim Reger et al. / Procedia CIRP 67 (2018) 69 — 74

0,30 —— 100
—— 500
o 0,254 ——— 2000
w
°
> 020!
@ |
£
& 015
0,101
0,05
0 20 40 60 80 100 120 140

Epoch
Fig.12. Impact of number of neurons in the fully connected layer.
Impact of number of neurons in the fully connected layer

In our tests, we found that a layer of at least 100 neurons
activated by a sigmoid function works best. Using more than
500 neurons led to higher losses. In Fig. 12 the impact of the
number of neurons is shown.

Overall, we achieved a prediction accuracy of 98.7 % with
a binary loss value of 0.61 on our test set. To show the impact
hyperparameters on the produced loss and accuracy of our
architecture, we only changed one parameter at a time. We only
showed the ones with the biggest impact and omitted the ones
that provided only a marginal improvement.

4. Conclusion

With the presented NILM application for machine or
component allocation in the industrial environment high
accuracy rates were gained. With a three phase measurement,
150 training data sets per second can be acquired at a net
frequency of 50 Hz. With the feature extraction of the four
highest harmonics above the first, the harmonic current
emission characteristic shows sufficient accuracy by
classification with k-NN (97.3 %) and SVM (97.9 %). The
trained CNN got the highest accuracy with 98.7 %.

5. Further Work

The conducted tests made clear, that CNNs can model
machine allocation very well. The next steps will be the testing
of their capabilities for larger numbers of connected machines,
to prove their suitability in larger networks with more
manufacturing plants.

Another step will be the reduction of the network for an
application on embedded systems. Furthermore, we want to
train the network on data, sampled while only a single machine
is running and let it predict which machines are running when
multiple are operating. For that task, we need to further
improve the architecture.
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