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Abstract—This paper develops a non-intrusive load monitoring
(NILM) method in future shipboard power systems (SPS) using
discrete wavelet transform-based convolutional neural networks
(CNN). We have applied the proposed NILM method to a two-
zone medium voltage direct current (MVDC) SPS, with multiple
appliances in each zone such as pulsed load, radar load, motor
load, and hotel load. The input to the proposed NILM model
only includes the current signal of generators, which will be first
processed by a discrete wavelet transform, to form a coefficient
matrix that represents the status of all the appliances in each
zone. Then, a CNN model is adopted to monitor the load in real
time by solving a multi-class classification problem. Results show
that the proposed wavelet-based CNN model for NILM could: (i)
determine the status of all appliances with an overall accuracy
of more than 97%, and (ii) monitor specific pulsed loads with
an accuracy of more than 98%.

Index Terms—Convolutional neural networks, discrete wavelet
transform, medium voltage DC, non-intrusive load monitoring,
shipboard power system.

I. INTRODUCTION

N ext generation navy shipboard power systems (SPS) will
consist of enormous number of electric components, such

as integrated power systems (IPS) for electric propulsion,
weapon loads, and general support systems, where they are
demanding more power than in the past. In addition, the U.S.
Navy aims to operate future navy ships more intelligently with
fewer crew members, which is significantly more complex
than today’s ships [1]–[4]. Meanwhile, with the increasing
number of components, load monitoring becomes one of the
most important concerns in the operation of SPS. Since some
specific loads in future navy SPS can present unique power
consumption patterns (e.g., pulsed loads), an efficient load
monitoring scheme that can actively monitor all kinds of loads
in real time without triggering any false fault detection is
essential.

Recently, new improvements in current sensors lead to sig-
nificant advancements in load monitoring techniques. Specif-
ically, non-intrusive load monitoring (NILM) becomes more
popular due to its easy implementation, lower costs, and
privacy-preserving features. In NILM, the electrical signals
(e.g., current) are measured at an aggregated point such
as smart meters in houses or output current of generators.
Then the sampled current signals are used to monitor the
power consumption of each component using disaggregation

techniques. In NILM, there is no need to install current sensors
for every single component, while the aggregated signal has
the essential features of all current signals.

A. Literature Review

The approaches in NILM could be generally grouped into
two categories. The first group of NILM approaches rely
on using steady state quantities, such as active and reactive
power in steady state, to estimate the ON/OFF status and
the power consumption of each component. For example,
Laughman et al. [5] proposed to use active and reactive power,
i.e., P and Q, as basic variations in the P-Q plane. However,
voltage variations from external sources may cause overlap for
different components in the P-Q plane. The biggest concern
on this type of method is the lack of ability to follow the
transients. The second group of NILM approaches focus more
on dynamic performance, which are capable of following
both steady state and transient load signals. For example,
Leeb et al. [6] used a short-term Fourier transform (STFT)
to disaggregate the current signal. However, STFT may lose
some low-frequency features due to the uncertainty principle.
References [7], [8] proposed a discrete wavelet transform
(DWT) approach for feature extraction, which showed that
DWT can better handle the transient than STFT. The studies
used Daubechies (db) filters to decompose the original signal
into approximation and detailed coefficients.

After extracting features from the current signals, NILM can
be defined as a classification problem that separates the ag-
gregated signal into its sources. To this end, different methods
have been explored in the literature to solve the problem. Kim
et al. [9] have used hidden Markov models for classification,
by generating and training a hidden Markov model for each
class (i.e., each appliance). Recently, machine/deep learning
models have been widely applied to NILM. For example, a k-
nearest neighbor model has been used in [10], [11] to classify
wavelet transform coefficients for solving the NILM problem.
In [12], a decision tree classifier uses DWT coefficients
and energies to monitor the loads. In more complex NILM
problems, deep neural networks (DNN) [13], convolutional
neural networks (CNN) [14], [15], recurrent neural networks
[16], and transfer learning [17] have been explored for NILM.
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NILM has also been explored in the literature for load
monitoring in SPS. For example, Lindahl et al. [18] used a
feedforward neural network to separate engine room loads on
a real low voltage AC shipboard power system model, with
a 99% recall on average. Maqsood et al. [19] implemented a
STFT for pulsed load monitoring in SPS, which showed an
over 90% accuracy for that specific load. Cox et al. [20] used
a finite-state machine to track power transitions from the main
control panel, which can detect the on/off status of different
electro-mechanical loads in the SPS. Nation et al. [21] used
real-time voltages and currents of the engine room main panel,
with a transient sensitive model, to separate the input data into
individual loads, which can identify specific automated load
events (especially the on/off load event).

To further improve the NILM technique for future navy
ships, in this paper, we develop an NILM technique based
on discrete wavelet transform and CNN for MVDC shipboard
power systems. First, AC currents of all generators in the SPS
are monitored and sampled as an aggregated signal, and a
discrete wavelet transform is applied to extract the essential
features from these current signals. Then, a CNN model is
developed to disaggregate the wavelet transform current signal
of the generators, and determine the status of each appliance
by solving a classification problem. In addition to the proposed
wavelet-based CNN model, two benchmark deep learning
models, i.e., feedforward DNN and long short-term memory
(LSTM) based NILM, are also implemented for comparison.

The rest of this paper is organized as follows: Section II
explains the proposed wavelet-based CNN model for NILM
in MVDC SPS. Section III describes the simulations and
discusses the NILM results of a case study. Section IV
concludes the paper and discusses potential future work.

II. WAVELET-BASED CNN FOR NILM IN MVDC
SHIPBOARD POWER SYSTEMS

A. Two-zone MVDC Shipboard Power System

In this study, we use a two-zone MVDC shipboard power
system to evaluate the proposed NILM method. The MVDC
SPS model has been presented by the Electric Ship Research
and Development Consortium (ESRDC) [22] and simulated in
MATLAB Simulink [23]. The model contains two 36 MVA AC
generators which supply a 12 kV two-zone MVDC network.
Since all the loads are aggregated in the ESRDC model, we
have modified the model to provide more details on different
types of loads. In the modified model, five types of loads,
including the motor load, pulsed load, radar load, hotel load,
and propulsion load, are considered in each zone, which
represent all types of power consumption in an MVDC SPS.
Figure 1 illustrates the overall structure of the modified two-
zone MVDC SPS.
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Fig. 1: The topology of a two-zone MVDC SPS.

B. Feature Extraction

Feature extraction methods generally have a trade-off be-
tween time and frequency resolutions, which is called the
uncertainty principle. For example, the short-term Fourier
transform (STFT), a widely used method for feature extraction
in time-series signals, has a high resolution in the frequency
domain while no resolution in the time domain. In other words,
two signals with same frequency indices but different timing,
will have the same STFT coefficients. Wavelet transform has
been widely used in time-frequency analysis, which allows
the feature extraction process to employ different frequencies
while considering the time domain features. As a result, both
types of features, i.e., low frequency features that are related
to the time domain and high frequency features that are
detectable in the frequency domain, could be represented in
the output coefficients.

In this study, the “dmey” wavelet transform has been
adopted due to its high capability of detecting sharp transients
in the input signal. The “dmey” wavelet transform is able to
adequately extract features from simulated and even real input
data to detect any pulsation within the signal. The wavelet
transform decomposes the signal into approximation and detail
coefficients as follows [24].

Qϕ[j0, k] =
1√
M

∑
t

x[t]2j0/2ϕ[2j0t− k], (1)

Qψ[j, k] =
1√
M

∑
t

x[t]2j0/2ψ[2jt− k], (2)

where the normalization factor for wavelet transform is con-
sidered as M = 2J , while j=1,2,...,J and k=1,2,...,2j . Figure 2
shows an example of 400 samples from the generator currents
and their corresponding approximation and detail coefficients.
In this example, a pulsed load starts to operate at sample
200; the detail coefficients present a distortion in the generator
current at sample 200 to represent the pulsed load.
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Fig. 2: The approximation and detail coefficients of DWT with
a pulsed load example.

C. Convolutional Neural Networks

In this work, a CNN model is adopted with the inputs
from the wavelet transform current signal, to solve the NILM
problem. The proposed CNN architecture contains four con-
volution layers and two pooling layers, followed with the
flattening and fully connection layers to detect the status of
each appliance in the SPS. Figure 3 shows the overall structure
of the proposed CNN architecture. The CNN architecture is
designed to extract the features from input data by applying
various kernel filters on the data. These filters, e.g., the core of
each convolution layer, are the fundamental operators in CNN.
The output characteristics from a convolutional layer can be
obtained by applying the kernel filter as follows [25].

Y lj = f(
∑

s∈Mj(l−1)

∑
(u,v)∈K(l)

W s
js(u,v)x

(l−1)
s

(c+ u, r + u) + b
(l)
j ),

(3)

In (3), K(l) = {(u, v) ∈ N2|0 < u < Kw, 0 < v < Kh},
where Kw and Kh are the size of width and height of the
kernel filter for that convolution layer, respectively, and l
represents the index number of the current convolution layer.
It should be mentioned that, to leverage the capability of the
convolutional layer, multiple filters should be applied on a

single input to extract different types of features from the
input, which will significantly increase the volume of data.
To extract the most valuable features in the input signal, the
max pooling layer (after the convolution layer) chooses the
highest value inside a filter operator as follows.

Y lj = down(Y
(l−1)
j ), (4)

where down indicates that a square filter with the size of n×n
scans the entire output of the convolution layer and selects the
highest value among the n2 values. The max pooling layer can
significantly reduce the volume of data while keeping the most
important features. Multiple convolution and pooling layers are
placed one after the other, and then a flattening layer is used
to put all the rows in the extracted feature matrix into one
row, followed by a fully connected layer. The fully connected
layer increases the non-linearity with the goal of detecting any
hidden features in the processed data. Equation (5) shows the
mathematical operation of the fully connected layer. The last
fully connected layer maps all the extracted features from the
input data to the desired output that is readable for the users.

olj = f(

n∑
i=1

x
(l−1)
i wji

(l) + b
(l)
j ) (5)
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Fig. 3: The CNN architecture adopted in the NILM model.

III. CASE STUDY

A. Data Generation

The initial two-zone MVDC model from MATLAB has
aggregated loads in each zone. We have modified the model
to be able to simulate different types of future SPS loads.
Specifically, in each zone of the MVDC model as shown
in Fig. 1, a radar load, a pulsed load, a motor load, and a
hotel load are modelled with their specific characteristics as
presented in Table I.

TABLE I: Characteristics of each component in the MVDC
SPS model

Model characteristics
Power (kW) Period (Secs.) Pulse width

Pulsed load 500 5 2.5%
Motor load 575 20 50%
Radar load 350 ± 300 5 2%

General load 800 10 75%



The modified MVDC SPS model is simulated for 40 sec-
onds in MATLAB Simulink. All the AC and DC voltages and
currents are sampled with the rate of 4 kHz. The goal of NILM
is to determine the operational status (i.e., ON or OFF) of
all the appliances with only using the current signals of the
generator. To this end, the AC current signals of the generator
are considered as the input to the NILM model. The network
is considered to be balanced, thus the three waveforms of the
currents of each generator are the same. Thus, to reduce the
dimensionality, the sampled data from one line of generator
is sufficient as the input data. In addition, it is considered
that each zone of SPS has its own NILM system. This is
because the rated power of appliances could be different in
two different zones. Thus, it is highly recommended to have
a local load monitoring system in each zone. By considering
these assumptions, the final input data to the NILM method
is the single line current of the generator in each zone.

Four kHz sampling rate in 40 seconds generates 160,000
data points from the generator current for the whole simulation
time horizon. The first step is to pre-process the data using the
discrete wavelet transform, which decomposes the input signal
into wavelet coefficients. To this end, a moving window that
contains 400 samples slips from the beginning of the current
signal. It should be mentioned that the 400 samples are equal
to 0.1 second, which means the responsiveness of the model in
the time domain is 0.1 second. In other words, if the status of
an appliance is changed, the NILM model can determine the
new status in 0.1 second. According to Table I, there are four
appliances in each zone, where the status of each appliance
can be ON or OFF. In addition, the propulsion motor has
a continuous power consumption, and we have divided the
propulsion motor consumption into 11 categories from 0 to
100% of the rated power with a 10% interval. With the status
of all the appliances being considered, it can be 2× 2× 2×
2× 11 = 176 classes.

Due to the complex structure of the problem, two sim-
plifying assumptions have been made. First, the propulsion
motors consume more than 85% of the generated power. Thus,
the ON/OFF status and power consumption of propulsion
motors can be calculated through a mean calculation of the
current signal. Hence, it is possible to accurately determine the
consumption of propulsion system from 0 to 100% with a 10%
interval. Hereinafter, we focus on the rest of the appliances
whose consumption is not obvious from the general overview
of the generator current signals. Thus, the number of classes
has decreased from 176 to 16. In addition, it is considered that
pulsed loads and radar loads have narrow time bands. To this
end, the simultaneous “ON” status of these two appliances
are neglected. Therefore, another 4 classes are eliminated.
Consequently, the ON/OFF status of all the appliances are
forming 12 classes in the NILM problem. Each window
(consisting of 400 samples) has a specific label from 0 to 11,
which determines the status of each appliance. Particularly, the
last sample of the 400-samples window represents the label of
that window. Then, we generalize the label to the entire sample
window. If there is a change in the status of appliances from

one sample to the next sample, it can be detected by the NILM
method.

B. Data Pre-processing

A discrete wavelet transform is applied to the sample
window based on the method described in Section II. The
specific DWT function considered here is “DMEY” with 4
levels of decomposition. Each wavelet transform generates
4 approximation coefficients sets and 4 detail coefficients
sets. Each set of approximate or detail coefficients has the
same number of elements with the sample window, i.e., 400
coefficients. From the generated sets, the last approximate
and all detail coefficients are chosen to form a vector of
coefficients. All the chosen coefficients are put into one row,
and this row is the output of wavelet transform for that specific
sample window, with a size of 1 × 2000. This new vector is
put in the first row of the coefficient matrix, and the related
label of that specific sample window is put in the output
label matrix. The sample window will move to the next 400-
samples window to repeat the wavelet transform procedure
and complete the wavelet coefficient matrix gradually. At the
end, the wavelet coefficient matrix has 159,600 rows and 2,000
columns, where each row represents the wavelet coefficients
of a 400-samples window. On the other hand, the output label
vector has 159,600 elements which represent the status of each
appliance at each sample window.

This coefficients matrix is the input to the CNN model,
where a 1D convolutional kernel processes the matrix to solve
the NILM classification problem. It should be mentioned that,
the first layer of the CNN model is SMOTE, where this
layer balances the number of the output label classes through
copying the labels that are less appeared. Since the duration
of pulsed loads and radar loads when they are ON is very
short, relatively fewer samples from these classes will appear
in the coefficient matrix. Thus, the SMOTE layer copies these
types of labels to ensure that all output classes have the same
number of rows in the input matrix. After this SMOTE layer,
the number of the rows increases from 159,600 to 698,388.
From the 698,388 rows, we randomly choose 80% for training
(558,710) and 20% for testing (139,678) for NILM.

Figure 4 illustrates the process on how the coefficient matrix
is generated. In the specific window presented in the figure, a
pulsed load runs at sample 200. The detail coefficients show
how the wavelet decomposition can detect the pulsed load.
The distortion in the detail coefficients related to the start of
pulsed load running is indicated by a red arrow.

C. NILM Results and Discussion

To evaluate the accuracy of the proposed wavelet-based
CNN method for NILM, two other deep learning-based bench-
mark NILM methods have been adopted for comparison, i.e.,
a feedforward fully connected DNN and a LSTM-based NILM
method. The inputs to both DNN and LSTM models are also
the coefficients matrix generated by the wavelet transform,
which is the same as the CNN model. The three deep learning
models are trained and tested based on the simulated data as



Current 
Window Signal 

(n samples)

Approx. 1 Detail 1

Approx. 2 Detail 2

Approx. 3 Detail 3

Approx. 4 Detail 4

A4,i Y1
.
.
.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

0 1000 2000 3000 4000 5000
Samples

-2000

-1000

0

1000

2000
Am

pe
re

 (A
)

Current of generator 1

0 100 200 300 400
-2000

-1000

0

1000

2000
400 samples of Generator current

0 100 200 300 400
-20

-10

0

10

20
Detail 4 Coefficients

0 100 200 300 400
-2000

-1000

0

1000

2000
Approximate 4 coefficients

16

Sp
ec

ifi
ca

lly
 

Pu
lse

d 
lo

ad

D4,i D3,i D2,i D1,i

Fig. 4: The coefficients matrix generation procedure.

shown in Fig. 4. All simulations are run on a laptop with
Core i7 - 1.5 GHz CPU, 16 GB RAM, and NVIDIA GeForce
MX230 GPU. All the power flow and operation simulations
are conducted in MATLAB Simulink and the neural networks
models are implemented using the TensorFlow library.

Each deep learning model is trained with 100 epochs
and the “adam” optimizer is used to determine the hyper
parameters of each model [26]. The NILM problem is a
multi-class classification problem. Thus, we have adopted the
“categorical crossentropy” as the loss function with the metric
of “accuracy”.

Table II compares the training accuracy, testing accuracy,
and loss for the three learning models. It is seen that the
wavelet-based CNN can have up to 97% accuracy in detecting
the status of different loads, which could significantly enhance
the load monitoring capability in future MVDC SPS.

Figure 5 shows the confusion matrix of the wavelet-CNN
based NILM method. In the confusion matrix, the diagonal
elements represent the number of labels that are correctly

TABLE II: The training and testing accuracies of the three
deep learning models for NILM

Model Training accuracy Testing accuracy Loss
Wavelet-DNN 55.32% 40.23% 1.142

Wavelet-LSTM 81.7% 76.42% 0.543
Wavelet-CNN 96.7% 97.0% 0.097

classified, and others represent the number of labels that
are misclassified. The confusion matrix indicates that a large
portion of samples are correctly classified. Take Label 4
(highlighted in the figure) as an example, which is related
to the status of a pulsed load, the wavelet-based CNN method
has shown a more than 98.5% accuracy in detecting the pulsed
load. The behavior of a pulsed load is similar with that of a
fault in MVDC systems, thus it is critically important to accu-
rately monitor this type of loads to avoid triggering any fault
prevention mechanisms. Based on the confusion matrix, other
standard evaluation metrics [27], including precision, recall,
and F1-score, are also calculated to show the effectiveness of
the wavelet-CNN based NILM method.

precision =
TP

TP + FP
(6)

recall =
TP

TP + FN
(7)

F1 = 2× precision× recall

precision+ recall
(8)

where TP, FP, and FN stand for true positive, false positive,
and false negative in the confusion matrix, respectively. For
the specific Label 4 with pulsed loads, the precision, recall,
and F1-score are 0.985, 0.996, and 0.99, respectively.
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Fig. 5: Confusion matrix of the wavelet-based CNN method
for NILM.

IV. CONCLUSION

In this study, a discrete wavelet transform convolutional neu-
ral networks model was developed for non-intrusive load mon-
itoring (NILM) in MVDC shipboard power systems (SPS).
The developed NILM model used the real-time current of



generators in each zone, to determine the status of different
appliances. The NILM method was applied to a two-zone
MVDC SPS, and the results showed that the wavelet-CNN
based NILM model could accurately detect over 97% load
scenarios among the 140,000 total testing scenarios, which
performed significantly better than the two benchmark NILM
models based on feedforward DNN and LSTM. More impor-
tantly, the proposed wavelet-CNN based NILM method could
accurately detect critical loads (e.g., pulsed loads) in future
SPS.

As potential future works, the proposed NILM model could
be applied to more complex models such as four-zone MVDC
SPS, where battery energy storage and high power energy
storage could be added. In addition, the proposed NILM
method could be combined with fault detection and network
reconfiguration models to form an intelligent MVDC SPS
network monitoring system.
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