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Islanding Detection for Active Distribution Net-
works Using a WaveNet+UNet Classifier

Amirhosein Alizadeh, Seyed Fariborz Zarei, and Mohammadhadi Shateri

Abstract—This paper proposes an Al-based approach
for islanding detection in active distribution networks. A
review of existing Al-based studies reveals several gaps,
including model complexity and stability concerns, limited
accuracy in noisy conditions, and limited applicability to
systems with different types of resources. To address these
challenges, this paper proposes a novel approach that
adapts the WaveNet generator into a classifier, enhanced
with a denoising UNet model, to improve performance in
varying signal-to-noise ratio (SNR) conditions. In design-
ing this model, we deviate from state-of-the-art ap-
proaches that primarily rely on long short-term memory
(LSTM) architectures by employing 1D convolutional
layers. This enables the model to focus on spatial analysis
of the input signal, making it particularly well-suited for
processing long input sequences. Additionally, residual
connections are incorporated to mitigate overfitting and
significantly enhance the model’s generalizability. To ver-
ify the effectiveness of the proposed scheme, over 14 000
islanding/non-islanding cases are tested, considering dif-
ferent load active/reactive power values, load switching
transients, capacitor bank switching, fault conditions in
the main grid, different load quality factors, SNR levels,
changes in network topology, and both types of conven-
tional and inverter-based sources.

Index Terms—Active distribution networks, distribut-
ed generation, inverter-based resources, islanding detec-
tion, UNet denoising model, WaveNet model.

I. INTRODUCTION

Islanding is a condition where portions of the power
network become electrically isolated from the main
grid while continuing to generate and consume electric-
ity autonomously [1]. This presents a significant chal-
lenge for distribution system operators when dealing
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with active distribution networks [2]. From an electrical
perspective, islanding can lead to voltage and frequency
fluctuations, degraded power quality, and potential
damage to infrastructure components [3]. From a safety
perspective, islanding poses a considerable risk to line
workers who may be unaware of localized energized
islands during maintenance tasks [4]. Thus, it is essen-
tial to detect islanding conditions to ensure the reliabil-
ity of the system and protect personnel [5]. Islanding
detection methods encompass diverse categories in
terms of principles and techniques, including classical,
remote, and modern schemes [6]. All methods should
adhere to a detection time of up to 2.0 seconds based on
IEEE 1547-2018 [7]. Within classical methods, both
passive and active techniques exist. In the passive
method, variations in system parameters are monitored
based on measured signals [8], whereas the active
method injects power signal perturbations into the
power grid to increase sensitivity [9]. Examples of
classical methods include the adaptive rate of change of
frequency (ROCOF) islanding detection relay [10],
THD-based detection [11], impedance measure-
ment-based detection [12], injection approach based on
the maximum power point tracking concept for island-
ing detection in photovoltaic systems [13], feasibility
study of intentional islanding of conventional sources
[14], statistical feature for islanding detection in the
presence of inverters [15], and space vector domain
islanding detection [16]. In the second category, the
remote schemes rely on information exchange while
their processing technique is similar to classical meth-
ods [17]. In the third category, modern methods analyze
electrical signals using signal processing tools to iden-
tify islanding conditions [18], such as real-time wavelet
analysis [19] and artificial intelligence (Al)-based ap-
proaches, which use historical data to learn the islanding
patterns [20].

Recent work has emphasized the superiority of the
Al-based approaches [21], [22]. These methods can
learn complex nonlinear patterns and eliminate the need
for threshold adjustments required by other techniques
[23]. In [24], a technique using support vector machines
(SVM) is proposed for inverter-based distributed gen-
eration with 60 input features. Additionally, reference
[25] employs a K-nearest neighbors (KNN) methodol-
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ogy for islanding detection in grid-tied solar PV systems.
Such schemes have achieved an accuracy of up to 97%.
In recent years, recurrent neural networks (RNN) based
on long short-term memory (LSTM) have been pro-
posed [26], achieving accuracy values exceeding 99%.
Specifically, reference [27] proposes a microgrid is-
landing detection method using a multi-feature LSTM
network, while [28] includes an inverter-based source
and in [29], a scheme based on harmonic signals within
a multi-LSTM structure is used for islanding detection.
More sophisticated approaches, such as those in [29],
combine convolutional neural networks (CNNs) and
LSTM architectures to detect islanding in a system with
both inverter-based and synchronous-based sources.
Despite achieving islanding detection accuracy of over
99%, these models suffer from high computational
complexity and instability in noisy conditions [4], [30].

To further investigate the performance of islanding
detection methods, particularly in noisy conditions, the
LSTM-based methods in [27] and [31] achieve an is-
landing detection accuracy of 97% in SNR conditions of
30 dB. In [32], tests conducted on an IEEE13-bus net-
work with four resources result in a near-zero NDZ.
However, although noise conditions are examined up to
30 dB, the study does not provide accuracy metrics for
the proposed method. In contrast, reference [33] reports
an accuracy of 99.9% using the cubature kalman fil-
tering algorithm (CKFA) on an IEEE13-bus system
with two resources, but its performance in noisy condi-
tions is not evaluated. Similarly, reference [34] claims
an accuracy of 99.9%, no noise immunity is discussed in
its tests. The accuracies of methods in [35]—[37] de-
crease to 98%, 96.13%, and 96.66%, respectively, in
noisy conditions. In references [38] and [39], tests with
noise levels up to 30 dB result in accuracies of 98% and
97.09%, respectively.

To address these shortcomings, this study introduces
a novel method based on the WaveNet model for is-
landing detection [40]. WaveNet was originally de-
signed by Google DeepMind for autoregressive audio
generation through modeling the temporal dependen-
cies within audio data. The backbone of the proposed
model is an adapted WaveNet architecture, where the
original generator is transformed into a classifier by
adding a classifier head (i.e., a fully connected layer
with a sigmoid activation function). This modification
enables the prediction of the likelihood of islanding
occurrence. In designing this model, 1D convolutional
layers are employed, allowing it to analyze the input
signal spatially rather than relying on sequential de-
pendencies. This design choice avoids difficulties re-
lated to the modelling of long-term dependency often
associated with LSTM architectures, making the model
more efficient for analyzing long input sequences. Ad-
ditionally, residual (or skip) connections are incorpo-
rated which mitigate the vanishing gradient problem

and significantly enhance the model’s generalization
capacity. To ensure high detection accuracy even under
severe noise, a novel feature denoising step is intro-
duced by integrating a UNet model, which acts as an
adaptor for the WaveNet model, enabling reliable per-
formance across a broad range of signal-to-noise ratio
(SNR). The comparative analysis demonstrates that the
proposed single WaveNet model exhibits greater ro-
bustness to noise, with a complexity reduced by more
than half compared to existing state-of-the-art islanding
detection models. Furthermore, integrating WaveNet
with UNet denoising significantly enhances islanding
detection accuracy, achieving up to 98% accuracy even
in substantial noise levels with a 10 dB SNR. The ef-
fectiveness of the proposed approach is rigorously as-
sessed through comprehensive testing across diverse
real-world scenarios, including both islanding and
non-islanding conditions. Moreover, the validation
process employs a realistic test system incorporating
both conventional and inverter-based resources. The
key contributions of this study are as follows.

1) A novel islanding detection model is introduced
based on the WaveNet framework, wherein the genera-
tive architecture is adapted into a classifier to predict the
likelihood of islanding occurrence. By using 1D con-
volutional layers and incorporating residual connections,
the model spatially analyzes input signals, effectively
addressing the limitations of modelling the long se-
quential dependency in LSTM-based approaches. The
findings demonstrate that this adaptation achieves better
performance than state-of-the-art methods, while re-
ducing computational complexity by more than half. To
the best of our knowledge, this work represents the first
adaptation of WaveNet for islanding classification.

2) To enhance the robustness of WaveNet-based is-
landing detection in noisy environments, a feature de-
noising mechanism is proposed by integrating a
pre-trained UNet model. Unlike the conventional
pre-processing step, the UNet dynamically acts as an
adaptor for our WaveNet islanding detector during in-
ference, performing denoising without prior knowledge
of noise severity. This integration significantly im-
proves the model’s performance in severe noise condi-
tions, ensuring reliable operation across a wide range of
SNRs.

3) The performance of the proposed WaveNet-based
islanding detection, both stand-alone and integrated
with UNet feature denoising, is thoroughly evaluated
against state-of-the-art methods across diverse islanding
and non-islanding scenarios at different SNRs. The
proposed WaveNet model, when augmented with the
denoising UNet, demonstrates a significant perfor-
mance enhancement, achieving an accuracy greater than
98% at 10 dB SNR.

The subsequent sections of this paper are structured
as follows. Section II presents the test system and details
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the islanding simulation process, while Section III out-
lines the deep learning-based islanding detection clas-
sifiers, introducing the proposed WaveNet classifier
alongside the UNet denoising step designed to enhance
detection accuracy. Section IV details the experimental
findings, providing a comparative analysis with the
LSTM-based islanding classifier in terms of computa-
tional complexity and accuracy across varying noise
levels. Finally, Section V concludes the study by
summarizing the key findings and contributions.

This paper uses uppercase letters to denote random
variables and lowercase letters to signify specific real-
izations or values. The notation P(x) represents the
probability distribution of the random variable X, while
E [] denotes the expectation operator with respect to

the joint distribution of all pertinent random variables.
Additionally, E[Y]X] denotes the conditional expecta-
tion of Y given X. For a sequence of random variables,
or a time series, of length 7, denoted by

X"=X,,X,, - ,X,), the corresponding realization

is represented by x” =(x,, x,, -+ , X, ). The sigmoid

function is defined as o(z) =

1
— and the hyper-
e

a2z
bolic tangent function is given by tanh(z) = 1 e_QZ .
e

II. TEST SYSTEM AND ISLANDING SIMULATION

The system under study is based on the IEEE33-bus
test system, as illustrated in Fig. 1. This system com-
prises the utility distribution network, referred to as the
Grid, connected at node 1. It also includes a 250 kW
grid-connected photovoltaic plant, denoted as the PV
unit, connected at node 33, a 2 MW synchronous gen-
erator identified as DG, connected at node 18, and a
1.5 MW doubly-fed induction generator (DFIG) wind
turbine, referred to as Wind, connected at node 25. All
components are illustrated in Fig. 1, with their corre-
sponding parameters listed in Table .

The solar PV plant analyzed in this study has a ca-
pacity of 250 kW, with its technical specifications de-
tailed in Table 1. The system comprises 86 parallel
strings, each consisting of seven SunPower SPR-415E
modules connected in series. This configuration is
linked to an inverter using a three-level IGBT-based
design. The PV inverter is connected to a step-up
transformer (250 kVA, 3-phase, 250 V/25kV, T3).
Power is transmitted through a 4 km distribution line to
a step-down transformer (250 kVA, 25kV/400V,
3-phase, T2) and the 400 V side of this transformer is
then connected to node 33 of the distribution system
[41]. Additionally, a synchronous generator with a ca-
pacity of 3 MVA operates at 400V, 50 Hz, and
1500 rpm. Driven by a diesel engine, this generator is
linked to node 18, located 500 meters from the system.

A 1.5 MW variable speed DFIG wind turbine (575 V,
50 Hz) is integrated with the grid through a 1750 kVA,
3-phase, 400 V/575 V transformer (T4) located at node
25 [42].
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Fig. 1. Schematic of the modified IEEE33-bus standard test
system with grid-connected photovoltaic plant, synchronous
generator, and DFIG wind turbine.

TABLE1
PARAMETERS OF THE TEST SYSTEM

Parameters Values
PV arrays 86 times 7 modules
PV modules SunPower SPR-415E
DG system 3 MVA, 400 V, 50 Hz, 1500 rpm
Wind turbine 1.5 MVA, 575V, 50 Hz
Tl 25 kV/400 V; 10 MVA
T2 25 kV/400 V; 250 kVA
T3 250 V/25 kV; 250 kVA
T4 575 V/400 V; 1750 kVA

R1 and L1 for all lines 1.273 mQ/km; 0.9337 mH/km

RO and LO for all lines 38.64 mQ/km; 4.1264 mH/km
Load 1 1.2 MW; 0.3 MVAR; at node 22
Load 2 0.6 MW; 0.2 MVAR; at node 29

Data gathering is the fundamental step in imple-
menting islanding detection methods. Generally, sam-
ples of electrical quantities at the point of connection
between distributed generation and the distribution
system are measured and used. In this paper, the meas-
ured quantities at the point where the PV source is
connected to node 33 are considered. The measured data
include current and voltage waveforms sampled at a
frequency of 1 kHz. These sampled data are employed
to extract various electrical quantities that serve as ad-
ditional features for detection processes. In this study, a
set of five electrical features is used, including positive,
negative, and zero sequence voltages, ROCOF, and the
superimposed voltage waveforms. To explain the fea-
ture selection process, a literature review reveals that
there are approximately 63 available features encom-
passing parameters associated with voltage, current,
power, and their combinations. Because of the increased
computational demands and hindered detection speed
associated with using such a large number of features,
using all of them is not feasible, and it is necessary to
reduce the number of features and only select the most
effective ones.
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In this paper, the selection is narrowed down to the
five best features from an initial pool of 63, using fil-
ter-based strategies and wrapper-based feature selection
techniques [43]. The aim is to derive the resulting fea-
tures by combining subsets of the possible 63. Initially,
the 63 features are divided into groups of five to assess
the effect of each group. Four groups that yield the best
results are then identified, while the impact of each
remaining feature is evaluated individually. Subse-
quently, ten that produce the best outcomes are selected.
Finally, various combinations of five features from the
set of ten are assessed to identify the combination that
provides the best possible results as the final features.
These are then considered inputs for the proposed
UNet+WaveNet scheme. As a result, a combination of
five features, including positive, negative, and zero
sequence voltages, ROCOF, and superimposed voltage
waveforms, demonstrates superior performance among
all combinations and is chosen as the final set. This
reduction in the number of used features significantly
decreases computational burden. Figure 2 illustrates the
schematic diagram of the proposed approach, where the
measured three-phase voltage waveforms undergo
processing through the feature extraction block to
identify the necessary features for the UNet+WaveNet
scheme. In Fig. 2, section (1) represents three-phase
voltages measurement. Section (2) is feature extraction
block. Section (3) is Unet + WaveNet classifier. Section
(4) is islanding status signal output.

Three-phase

grid Features extraction
1 A block Proposed
TR _._.Method
~— DFT ;
Vel » i Islanded
; i out=l
1.1 = UNet for |
1 o csgﬁﬁgn i 1| denoising | j
Vo | the features :—‘
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Fig. 2. Block diagram of the proposed algorithm for the islanding
detection method.

Different scenarios for islanding and non-islanding
states are assessed to evaluate various conditions and test
the performance of the proposed method. In islanding
conditions, the evaluation involves opening CB1 (the
circuit breaker on the grid side) at node 2, intended to
isolate the test network from the primary electrical grid.
This test is conducted across 50 different active power
levels and 30 diverse reactive power settings, resulting in
a total of 1500 load configurations examined at various
points in the network. Additionally, different quality
factors ranging from 1 to 2.5 (in accordance with

international standards) and various network points with
differing distances between resources are used, all
yielding similar results. To further evaluate the effec-
tiveness of the proposed method within the zero-power
mismatch range, 605 distinct points of active power (P)
and reactive power (Q) are analyzed. This assessment is
conducted with an accuracy of 0.05% (within £0.008
p.u. for AP and £0.03 p.u. for AQ), and a precision of
0.001 p.u. for AP and 0.002 p.u. for AQ, ensuring
maximum precision in evaluating the proposed method.
Also, the system performance is specifically tested at
AP =0and AQ =0.

In non-islanding scenarios, various conditions are
tested, including: 1) the entry and exit of different loads
with varying qualities at different times and locations
within the network; 2) connecting and disconnecting
capacitor banks at various grid locations at different
timings and values; 3) applying different short-circuit
faults, including LG, LL, LLG, and LLL faults at dif-
ferent locations with varying resistances; 4) disconnec-
tion and reconnection of resources in adjacent feeders; 5)
changes in network topology by establishing a connec-
tion between nodes 25 and 29; and 6) considering var-
ious noise levels ranging from 40 dB to 5 dB across
seven distinct levels.

A total of 14 266 time-series data samples are gen-
erated, including 5132 islanded samples, with the re-
mainder categorized as non-islanded. Details regarding
data analysis and islanding detection will be discussed
in Section IV.

III. PROPOSED DEEP CLASSIFIERS FOR ISLANDING
DETECTION

In this section, the classification approach based on
deep neural networks for islanding detection is intro-
duced. This network receives a time series as input
which consists of features extracted from the voltage
and current of an active distribution network and returns
the likelihood of islanding occurrence at the output.

More precisely, consider the time-series X’ where for
each t e {1, 2,---,T}, X, takes values on R?, where d

refers to the number of features considered at time ¢. The
random variable Y is defined as the islanding label as-

sociated with each X", where Y €Y ={0, 1} and 1

refers to islanding. Thus, while p(y|x") is the true
probability distribution of the islanding labels given the
time-series features x’ , the goal of the deep neural
network classifier is to predict g(y|x")as an approxi-

mation of the true distribution p(y|x") through min-
imizing the Kullback-Leibler (KL) divergence [44]:
Py (Y 1XT)

1
g x| O

inf KL(p,+ 14,,:) = ;nf E|log

7x
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where the expectation is taken concerning the true dis-
tribution p;, . Solving the optimization problem (1) is

equivalent to minimizing F [—logqy‘ oYX T)] ,

known as the cross-entropy. Throughout this study, the
cross-entropy serves as the loss function, employed as
the objective function.

A. LSTM Classifier

RNNSs constitute a class of neural networks explicitly
tailored for sequential data. Each RNN unit processes an
input along with its hidden state from the previous time
step thus enabling the capture of the dynamics of se-
quential data over time. Figure 3(a) represents the
principles of RNNs, where both networks f and g are
modeled by fully connected (FC) layers. While RNNs
are adept at capturing short-term dependencies, they
struggle to retain information over longer sequences
because of vanishing gradients [45]. This limits their
practicality in scenarios requiring an understanding of
context beyond recent history. LSTM networks, intro-
duced in [46] and subsequently refined in [47], enrich
RNNs by integrating specialized memory cells and
gating mechanisms. LSTMs are equipped with the ca-
pability to selectively store and retrieve information
across extended sequences. (see Fig. 3(b)).
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0, 0,
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A

recurrent node recurrent node recurrent node
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Fig. 3. Recurrent architectures used in this work. (a) Vanilla
RNN unrolled over time. (b) LSTM cell showing input, forget,
and output gates.

There are three key components that enable
long-term modeling in LSTM including: 1) the forget

gate that controls the memory’s internal state and de-
termines whether to keep it (important information) or
flush it (remove the irrelevant information); 2) the
output gate that determines the impact of the cell on the
output at the current time; and 3) the input gate and
input node that determine how much information from
the input should be added to the memory. At the end, the
output of the cell, i.e., the hidden state (which will be
applied to the next time step) is generated. The equa-
tions representing the formulations of LSTM nodes at
time step ¢ are as follows:

f=o® +K'h_ +V'x)
i =o(b*+K'h_ +V'x)

=0 (b +Kh_ +Vx)
o, =c(b*+K°h_,+V°x,)

t

(9}

2)

G

h, =o, xtanh(c,)

t

:-flxcl—l+ll><lt

where b, K, and V represent biases, input weights, and
recurrent weights associated with each gate, respec-
tively. Stacking multiple LSTM layers and culminating
in a fully connected layer with sigmoid activation sig-
nificantly enhances the classification of the input time
series.

B. WaveNet Classifier

WaveNet is a generative model designed by Deep-
Mind for synthesizing raw audio waveforms [40]. Un-
like traditional methods that generate audio by model-
ing spectrograms or other high-level features, WaveNet
operates directly on the raw waveform data by auto-
regressive modeling of the audio probability distribu-
tion. More precisely, consider the sequence of random

variables X =(X,, X,,--, X, ) oflength T where for
each re{l, 2,---,T}, X, takes values on R’. Using
the chain rule of probability, p(x"), as the probability

distribution of sequential data X", can be written as
follows:

P(xT) = p(x)p(x, | X)) p(xp | X7,) ZHP(X, | %1,1)

t=1
)
where p(x, | x,,) = p(x,). Equation (3) is called the au-

toregressive modeling of p(x”), and WaveNet aims to

learn p(x") through modeling each of the conditional

probability terms. To this end, WaveNet employs a
dilated causal convolutional architecture, inspired by
the idea of dilated convolutions that effectively increase
the receptive field (the number of previous times that
impact the output at time f) without a corresponding
increase in parameters. To understand the concept of
dilated convolutions, considering a filter sliding over
the input data, it jumps with increasing gaps instead of
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only moving one step at a time. This is called a dilated
convolution. These gaps, or dilation rates, determine
how much context the model considers while making
predictions. In addition, to ensure the causality observed
in (3), WaveNet only uses information from the past to
predict the future. Thus, the core of WaveNet is its stack
of dilated causal convolutional layers (see Fig. 4).

P{xr |“’].H )

Output
dilation = 8
Hidden layer
dilation =4
Hidden layer
dilation =2
Hidden layer
dilation =1

Input

Fig. 4. An example of a stack of causal convolutional layers
inspired by [40].

The bold red arrows highlight the connections linking
the output at time ¢ with previous layers. This structure
allows for capturing the conditional term p(x, |x,,_,)

based on the latest 16 input time steps, which corre-
sponds to a receptive field of size 16.

To improve the strength of the WaveNet model, gated
activation units, an idea inspired by the LSTM gating
mechanism, is incorporated into designing WaveNet
[40]. More precisely, each convolutional layer is com-
posed of a gated activation unit which consists of two
parallel branches-one for the filter and another for the

gate. Assuming x’ and z” as the input and output of
the kth layer in the WaveNet network, the gated activa-
tion is modeled as follows:

z' =tanh(W,, -x") © oW, -x") 4)
where W, , and W, , are the filter and gate parameters

of the kth layer; and ®is the element-wise product or
Hadamard product. The filter-branch learns to extract
relevant features from the input, while the gate branch
controls the information flow. This helps prevent van-
ishing gradients and allows the WaveNet model to
capture complex dependencies.

On top of this gated activation, to facilitate the
learning of residual representations while simultane-
ously enhancing the ability to capture fine-grained
features, skip connections, also known as residual
connections, are used [48]. This simple idea enables the
direct transfer of information from input to output and
thus speeds up the convergence while enabling the
training of a deeper WaveNet model (see Fig. 5(a)).

So far, WaveNet for generating time-series samples
(e.g. audio) has been presented. To enable classification,
the output of the WaveNet model is connected to a fully

connected layer with one output and a Sigmoid activa-
tion function. The whole model is presented in Fig. 5(b).
In this model, the FC refers to a fully connected layer.

Wave block (k) Output of layer

—r

-
<

—(+)

' =tanh(W, - x YO oW, -x")

-

Causal conv 1D layer Causal conv 1D layer

Layer &

Residual/skip/shortcut connection

Input to layer
(a)

x")

p(Islanding

(b)

Fig. 5. WaveNet-based classifier for islanding detection. (a)
Gated activation unit with residual/skip connections inside a
WaveNet block. (b) Full WaveNet classifier with FC+sigmoid
head producing islanding probability.

C. Feature Denoising with UNet Model

The UNet architecture, initially proposed in [49] for
biomedical image segmentation, has been adapted for
various image processing tasks, including signal de-
noising. This paper presents an adaptation of the UNet
model tailored for 1D signal denoising using CNNs.
Comprising a contracting path (or encoder) followed by
an expansive path (or decoder), the UNet architecture
efficiently captures context and reduces spatial dimen-
sions through the contracting path, while enabling pre-
cise localization via the expansive path (see Fig. 6).

The numbers at the output of each layer represent the
size of the feature map. Note that in our pre-trained
UNet model, the length of the input features is reduced
by a factor of two at each UNet level in the encoding
path and then it is increased by a factor of two at each
level of the decoding path.
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Fig. 6. UNet framework for denoising islanding features.

The contracting path comprises multiple layers of
convolutional and max-pooling operations. Here, x
denotes the input signal, and C, represents the kth
convolutional layer with a kernel size of 3, and a recti-
fied linear unit (ReLU) activation function denoted by
o:

C.(x)=o(W, x+b,) 5)
where W, and b, are the learnable weights and biases
of the kth convolutional layer, respectively. The
max-pooling operation reduces the spatial dimensions
of the feature maps.

The expansive path consists of up-sampling followed
by convolutional operations. Let U, represent the kth

up-sampling layer, and D, denote the kth convolutional

layers. These are followed by up-sampling layers,
which increase the spatial resolution of the feature
maps.

U, (x) = Upsampling(x)
D,(x) =o(W/-x+b,)

where W, and b, are the learnable weights and biases of

(6)

the kth convolutional layer in the expansive path, re-
spectively. The UNet model is trained by minimizing a
reconstruction loss function, typically the mean abso-
lute error or mean squared error, between the output and
the clean (non-noisy) signal.

IV. RESULTS AND DISCUSSION

A. Data Simulation and Models Structures

This study uses a dataset comprising 14 266 time-series
data samples, each spanning a duration of 10 ms and in-
cluding five features, as detailed in Section II. The da-
taset is divided into training and test sets with an 80—20
split. During the training phase, 20% of the training data
is set aside as validation data to fine-tune hy-
per-parameters such as learning rate, number of layers,
and the number of nodes in each layer. Details of the
models’ structures are provided in Table II. To ensure
consistency and enhance model performance, the data is
standardized using statistical parameters derived from
the training dataset. Specifically, the mean and standard
deviation of each feature are calculated based solely on
the training data. These parameters are then used to
transform the training, validation, and test datasets.
Ensuring that all features have zero mean and unit var-
iance guarantees the model’s input features are appro-
priately normalized.

TABLE I
COMPREHENSIVE COMPARISON OF THE PERFORMANCE OF VARIOUS MODELS BASED ON
EVALUATION METRICS APPLIED TO TEST DATA SAMPLES

Model Model complexity Fl-score Balanced Precision Recall
accuracy
WaveNet classifier Total of ﬁye wave b'locks whe.re. each has 3 cor‘lvolutlonal layers 0.9988 + 0.9974 + 0.9977 + 0.9998 +
(ours) with filter size 32 (training parameters: 89 505) 0.0003 0.0009 0.0008 0.0010
Adam optimizer with learning rate 0.0002 ’ ’ ’ ’
(Lsf;gﬂocfli‘szlgff 4 LSTM layers with 64, 128 64, and 32 cells (training parameters; 09918+ 09830+ 09860+  0.9913 +
1271, [28]) ? 178 849) RMSprop optimizer with learning rate 0.001 0.0063 0.0049 0.0076 0.0098
Note: For each model, the average and standard deviation of five runs are presented.
In the context of the investigation, islanding condi- T, + Ty .
AAccuracy = ( )
T, +T + F, + F}

tion is categorized as the positive class (Class 1), while
the non-islanding case serves as the negative class
(Class 0). This binary classification setup allows to
analyze two distinct types of errors that each classifier
might make. The first error type corresponds to a false
positive (FP), signifying a false indication of islanding.
Conversely, the second error type represents a false
negative (FN), denoting a failure to detect an actual
islanding event. Assessing the effectiveness of any
classifier hinges upon minimizing these two error types.
Commonly, the optimization objective is achieved by
maximizing accuracy, defined as:

where 7, and T}, signifies true positives and negatives,
respectively; F, and Fy, denotes false positives and nega-

tives, respectively. However, in scenarios characterized
by unbalanced datasets (e.g., in our case where the test
dataset includes 448 islanding and 168 non-islanding),
accuracy can be misleading. The reason lies in the po-
tential for a no-skill model, which arbitrarily assigns the
majority class to all instances, to exhibit high accuracy.
To address this issue and provide a more comprehensive
evaluation, alternative metrics are used [50]:
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1 T, T,
B Balanced Accuracy =— — [— + N
2\T,+F, T +F
— T, P
Precision
T,+F, ®)
R = —TP
I
Recal TP + FN
_ Precision X RRecall
Fl-score P +R

Precision Recall

To rigorously evaluate the performance of the pro-
posed models in the study, the metrics outlined in (7) are
employed. These metrics provide a much clearer un-
derstanding of the classifiers’ capabilities in the pres-

ence of unbalanced datasets.

B. WaveNet Islanding Detection

In assessing the effectiveness of the WaveNet classi-
fier model, the primary focus is to prevent overfitting.
To achieve this, the model’s performance is closely
monitored using a validation dataset. Figure 7 visually
illustrates the evolution of the training and validation loss
functions across training epochs. An early stopping is
incorporated during training with a patience parameter
set to 10 to ensure that the model’s learning process is
terminated when no improvement is seen over a specified
number of epochs (10 in this case), thereby effectively
mitigating the risk of overfitting. Analysis of Fig. 7 re-
veals that the WaveNet model shows resilience against
overfitting. The loss functions converge to stable values
after a certain number of training epochs, highlighting
the model’s ability to generalize effectively.

At
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Fig. 7. An exemplar representation showcasing the loss of the
model during the training of the WaveNet classifier.

The comprehensive outcomes of all models, as
evaluated by the presented metrics, are summarized in
Table II. The models based on the methods described in
[27] and [28] are rigorously fine-tuned with the dataset
to optimize their performance for islanding detection.
This tuning ensured that each model is evaluated in
optimal conditions specific to the data distribution,
providing a fair comparison. The results in Table II are
reported as the mean and standard deviations of the
performance metrics across five independent runs. A
key finding in this analysis is the superior performance
of the proposed WaveNet-based classifier, which

achieves high accuracy with notably reduced model
complexity. Specifically, the WaveNet model uses
89 505 parameters, compared to the 178 849 parameters
required by the LSTM-based classifier. Despite its more
compact architecture, the WaveNet classifier demon-
strates a higher balanced accuracy, achieving an average
of 99.81%, outperforming other state-of-the-art meth-
ods. This efficiency in learning, coupled with high ac-
curacy, highlights the potential of WaveNet-based
models in real-time detection applications, where model
simplicity and computational efficiency are of im-
portance. Furthermore, the WaveNet classifier shows a
significantly lower standard deviation across perfor-
mance metrics than the LSTM classifier. This indicates
that the WaveNet model generalizes better to new data
and is less susceptible to performance fluctuations
across different runs and in noisy environments.

Figure 8 provides a visual comparison of the per-
formance of the WaveNet and LSTM classifiers through
receiver operating characteristics (ROC) and Preci-
sion-Recall curves. Figure 8(a) shows that the WaveNet
classifier has a higher precision across a range of recall
values compared to the LSTM classifier, indicating that
the WaveNet model consistently maintains a low false
positive rate even as it correctly identifies a greater
number of true islanding events. This behavior is critical
in scenarios where false positives (incorrectly signaling
islanding) can lead to unnecessary corrective actions,
disrupting operations and incurring additional costs.
Moreover, the WaveNet classifier’s Precision-Recall
curve shows a higher AUC, revealing its ability to
maintain high recall without significantly compromis-
ing precision. In Fig. 8(b), it can also be seen that the
WaveNet classifier not only has a higher AUC but also
has a higher TPR for small FPR values. This is im-
portant in islanding detection applications, where false
alarms (high FPR) can lead to costly and unnecessary
interventions, while missed detections (low TPR) can
result in critical safety risks.
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Fig. 8. A comparison between the proposed WaveNet classifier
and LSTM classifier inspired by [27], [28], conducted on test data
samples, focusing on two curves. (a) The precision-recall curve.
(b) The receiver operating characteristic curve.
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To establish a baseline, we are considering the
no-skill model, which is a dummy classifier that ran-

domly assigns class labels without considering the input.

As a result, the no-skill model has a true positive rate
that is equal to its false positive rate. Its precision-recall
curve appears as a horizontal line, representing the
proportion of positive (islanding) samples compared to
the total.

C. Islanding Detection with Features Denoising UNet

In this section, the robustness of the proposed
models is investigated empirically against noisy fea-
tures. To this end, the WaveNet and LSTM classifiers
are tested with noisy features to determine islanding
cases. Table III lists the performance of these models at
different noise levels based on balanced accuracy. As
expected, noisy features, especially after SNR 15 dB,
extensively degrade the models’ performance although
the WaveNet classifier is more robust to noisy features
than the LSTM classifier.

Based on this, the WaveNet islanding detector is
equipped with a pre-trained UNet denoising mecha-
nism that dynamically acts as an adaptor during infer-
ence, performing real-time denoising without requiring
prior knowledge of the noise severity. In this work, a
UNet model consisting of an encoder-decoder frame-
work with skip connections to preserve spatial infor-
mation during down-sampling and up-sampling opera-
tions is used. In the encoder part, two consecutive 1D
convolutional layers with 32 filters each and ReLU
activation function are employed, followed by
max-pooling with a pool size of 2 to down-sample the
input signals effectively. After that, two additional
convolutional layers each with 64 filters and ReLU

activation are applied, followed by a max-pooling layer.

This stage further abstracts features and serves as the
bottleneck of the network. The decoder confidently
up-samples the feature maps to the original input res-
olution. It starts with up-sampling followed by con-
catenation with feature maps from the corresponding
encoder stage. Then, two convolutional layers with 64
filters each and ReLU activation are applied. Another
up-sampling operation is performed, followed by
concatenation and two more convolutional layers with
32 filters each and ReLU activation. Finally, a 1D
convolutional layer with 6 filters (number of features)
generates the denoised output signals. In this work, the
UNet model is pre-trained at SNR 15 dB and is used for

all noise levels where the Adam optimizer with a
learning rate of 0.0002 optimizes the UNet parameters
by minimizing the mean absolute error (MAE) loss
function.

In Fig. 9, it is clear that the UNet model can minimize
the MAE loss function without overfitting. In addition,
the results of islanding detection with UNet feature
denoising at different levels of noise are presented in
Table III. The table shows that the LSTM-based classi-
fier exhibits a significant decline in accuracy as noise
level increases. For example, at 10 dB SNR, the LSTM
classifier’s accuracy drops to 93.77%, indicating its
sensitivity to moderate noise interference. In contrast,
the WaveNet+UNet classifier maintains an accuracy of
98.31% at the same noise level, demonstrating that the
integrated denoising UNet component effectively mit-
igates moderate noise and preserves critical features for
accurate islanding detection. In more severe noise condi-
tions, such as at 5 dB, the disparity between the two
models becomes even more pronounced. The LSTM
model’s accuracy declines further to 90.08%, a signif-
icant drop that indicates the model’s limited capacity to
filter out extensive noise. Conversely, the Wave-
Net+UNet model achieves an accuracy of 95.4% under
the same conditions, outperforming the LSTM-based
model by over 5%. Additionally, the smaller standard
deviation in the WaveNet+UNet model, especially in
high-noise settings, emphasizes the robustness and
adaptability of its denoising mechanism. This robust
performance underscores the efficacy of the UNet’s
denoising capability in preserving key features despite
high noise interference, enabling the WaveNet classifier
to make more accurate predictions.
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Note: The tiny gap between the training and validation losses
ensures that the model is not overfitting.

Fig. 9. The loss function of UNet denoising model versus train-
ing epochs.

TABLE III
COMPARING MODELS BASED ON BALANCED ACCURACY IN THE PRESENCE OF NOISE
Model 20dB 15dB 10 dB 5dB
LSTM classifier (state-of-the-art [27], [28]) 0.9698 + 0.0044 0.9612 £ 0.0081 0.9306 = 0.0204 0.8912 £0.0125
WaveNet classifier (proposed) 0.9889 £ 0.0023 0.9731 £ 0.0077 0.9390 + 0.0090 0.9166 = 0.0099
WaveNet classifier with denoising UNet (proposed) 0.9925 £0.0019 0.9907 £ 0.0069 0.9831 +£0.0073 0.9538 £0.0090

Note: Average and one standard deviation of five runs are displayed for each model.



ALIZADEH et al.: ISLANDING DETECTION FOR ACTIVE DISTRIBUTION NETWORKS USING A WAVENET+UNET CLASSIFIER 161

D. NDZ Analysis

A key criterion for islanding detection methods is the
non-detection zone (NDZ). In this area, the power im-
balance at the point of common coupling (PCC) is
evaluated when the islanding detection method is una-
ble to identify islanding in most cases. Typically, this
occurs within the zero active/reactive power mismatch
range. The values of AP and AQ are determined as:

AP =H ..~ By
AQ = QLoad - QDG

where P, and O, , represent the active and reactive

€))

power demands of the load; while A, and Q,, denote

the active and reactive power supplied by the resources.
To examine the critical range of the NDZ, 605 separate
islanding operating test points are conducted within
+0.008 p.u. for AP and £0.03 p.u. for AQ, performed
with a precision of 0.001 p.u. for AP and 0.002 p.u. for
AQ (zero and near-zero power mismatch). In Fig. 10,
the yellow area represents the zone where the NDZ test
has been conducted, while the blue dots represent events
in which the proposed method accurately identifies
islanding conditions. Only five islanding events,
marked in red, remain undetected. In this test, all ranges
with the specified accuracy have been evaluated, and all
points with AP = 0 and AQ = 0 have also been included
in this evaluation. This encompasses all aspects in con-
trast to [33], which exhibits a NDZ of 0.0125 p.u., and
[51], which presents a range of 0.09 p.u. Therefore, it
can be concluded that the proposed method has near
zero NDZ and can successfully detect islanding events
in almost any power mismatch condition.
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Fig. 10. NDZ analyses with 605 separate islanding operating test
points (zero and near-zero power mismatch)

V. CONCLUSION

In this paper, an innovative WaveNet classifier
equipped with a pre-trained denoising UNet is introduced

for islanding detection in active distribution networks.
Unlike other state-of-the-art models, such as LSTM,
which may face challenges such as gradient vanishing
and instability, the WaveNet classifier employs a
straightforward 1D convolutional architecture with
skip connections to enhance prediction accuracy while
ensuring stability. This approach uses fewer parameter
than LSTM, thereby improving the efficiency and
simplicity of the detection system while reducing im-
plementation costs. To address the challenges associ-
ated with islanding detection in noisy conditions, a
UNet model including an encoder-decoder framework
and skip connections is used. This strategy ensures the
robustness of the detection algorithm against signifi-
cant system noise, achieving an accuracy of 98.31%
even under a 10 dB SNR. The validation process in-
volves comprehensive testing across various real-world
scenarios, representing  both  islanding and
non-islanding conditions. These scenarios include dif-
ferent load active/reactive power values, load switching
transients, capacitor bank switching, fault conditions in
the main grid, diverse load quality factors, and varying
SNR levels. The use of a realistic test system and the
integration of both conventional and inverter-based
resources further strengthen the credibility of the
analysis. Overall, the proposed model showcases a
substantial improvement in islanding detection accu-
racy, particularly in noisy environments. Finally, a
comparative analysis with the state-of-the-art LSTM
classifier highlights the superiority of the proposed
approach in terms of lower model complexity, e.g.,
with 89 505 learning parameters for WaveNet com-
pared to 178 849 for LSTM, as well as greater stability
and generalization, evidenced by a significantly lower
standard deviation of evaluation metrics.
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