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Abstract—This paper proposes an AI-based scheme for is-
landing detection in active distribution networks. By reviewing
existing studies, it is clear that there are several gaps in the
field to ensure reliable islanding detection, including (i) model
complexity and stability concerns, (ii) limited accuracy under
noisy conditions, and (iii) limited applicability to systems with
different types of resources. Accordingly, this paper proposes
a WaveNet classifier reinforced by a denoising U-Net model
to address these shortcomings. The proposed scheme has a
simple structure due to the use of 1D convolutional layers
and incorporates residual connections that significantly enhance
the model’s generalization. Additionally, the proposed scheme
is robust against noisy conditions by incorporating a denoising
U-Net model. Furthermore, the model is sufficiently fast using
a sliding window time series of 10 milliseconds for detection.
Utilizing positive/negative/zero sequence components of voltages,
superimposed waveforms, and the rate of change of frequency
provides the necessary features to precisely detect the islanding
condition. In order to assess the effectiveness of the suggested
scheme, over 3k islanding/non-islanding cases were tested, consid-
ering different load active/reactive powers values, load switching
transients, capacitor bank switching, fault conditions in the main
grid, different load quality factors, signal-to-noise ratio levels, and
both types of conventional and inverter-based sources.

Index Terms—Active Distribution Networks, Distributed gen-
eration, Islanding detection, Inverter-based resources, U-Net
denoising model, WaveNet model.

I. Introduction

ISLANDING is a condition where portions of the net-
work Embrace independence from the main grid by au-

tonomously generating and utilizing electricity. [1]. This
presents a significant challenge for distribution system opera-
tors when dealing 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]. On the safety front,
islanding poses a considerable risk to line workers who may
be unaware of localized energized islands during maintenance
tasks [4]. Given these implications, it is imperative to detect
islanding conditions to uphold the dependability of the system
and protect the personnel [5]. Islanding detection methods
encompass diverse categorizations in terms of principles and
techniques, including classical schemes, remote schemes, and
modern schemes [6]. All methods should adhere to a detection
time of up to 2.0 seconds based on IEEE 1547-2018 [7].
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Within classical methods, both passive and active techniques
exist. In the passive method, changes in parameters using the
measured signals are monitored [8], whereas the active method
injects power signal perturbations into the power grid to
increase sensitivity [9]. Adaptive ROCOF islanding detection
relay [10], THD-based detection method [11], impedance
measurement based detection method [12], An injection ap-
proach based on the maximum power point tracking concept
is essential for islanding detection in photovoltaic systems.
[13], feasibility study of intentional islanding of conventional
sources [14], a statistical feature for islanding detection in
the presence of inverters [15], space vector domain islanding
detection [16] are some of the methods available in this
category. In the second category, the remote schemes rely
on information exchange while their processing technique is
similar to classical methods [17]. In the third category, modern
methods analyze electrical signals using signal processing
tools to identify islanding conditions [18] and Artificial Intel-
ligence (AI) based approaches utilize historical data to learn
the islanding patterns [19].

Recent works have emphasized the superiority of the AI-
based approaches [20], [21]. These methods can identify
complex nonlinear systems and eliminate the need for constant
threshold adjustments required by other techniques [22]. By
using signal processing to extract features, intelligent computa-
tional methods can accurately detect critical scenarios, such as
zero mismatches between active and reactive power, switching
events, noisy systems, and grid faults. In the work proposed
by Matic-Cuka et al. [23], a technique using Support Vector
Machines (SVM) is proposed for inverter-based distributed
generation with 60 input features. Additionally, Vyas et al.
[24] employed a K-Nearest Neighbors (KNN) methodology
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 proposed [25], resulting
in accuracy values exceeding 99%. More precisely, Xia et
al. [26] proposed a microgrid islanding detection using a
multi-feature LSTM network, Abdelsalam et al. [27] included
an inverter-based source, and in [28] a scheme based on
harmonic signals within a multi-LSTM structure was used
for islanding detection. More sophisticated approaches, e.g.
in [28], combined Convolutional neural networks (CNNs) and
LSTM architectures to detect the islanding for a system with
both inverter-based and synchronous-based sources. Despite
achieving an islanding detection accuracy of over 99%, these
models suffer from a large computational complexity and
instability in noisy conditions [29]–[35]. For example, in [36],

ar
X

iv
:2

41
0.

13
92

6v
1 

 [
ee

ss
.S

P]
  1

7 
O

ct
 2

02
4



2

[37] the islanding detection accuracy decreased to 97% under
Signal-to-Noise Ratio (SNR) conditions of 30 dB.

To address these shortcomings, this study introduces a novel
method based on the Wavenet model for islanding detection
[38]. WaveNet was originally designed by Google DeepMind
for autoregressive audio generation through modeling the
temporal dependencies within audio data. The backbone of our
proposed model is WaveNet where we connect its last layer to
a dense (fully connected) layer with a sigmoid activation func-
tion, thus enabling the prediction of the likelihood of islanding
occurrence. Despite the simple structure of the WaveNet due
to using 1D convolutional layers, the WaveNet classifier incor-
porates residual connection (or skip connection) which makes
it strong enough to mitigate the vanishing gradient problem,
thus significantly enhancing the model’s generalization capac-
ity. The proposed scheme ensures high detection accuracy
even in the presence of significant noise. This is achieved
by integrating a feature denoising step, employing a U-Net
model, into the detection algorithm. The comparative analysis
demonstrates that our single Wavenet model exhibits greater
robustness to noise, with a complexity reduced by more than
half compared to existing state-of-the-art islanding detection
models. Furthermore, the combination of Wavenet with U-Net
denoising substantially enhances islanding detection accuracy,
achieving up to 98% accuracy under significant noise levels
with a 10 dB signal-to-noise ratio (SNR). It is pertinent to
underscore that the effectiveness of the suggested scheme
will be rigorously evaluated through testing across various
real-world scenarios, encompassing both islanding and non-
islanding conditions. Moreover, the validation process will
incorporate a realistic test system featuring conventional and
inverter-based resources. The key contributions of this study
are listed below:

- We present a novel islanding detection model founded
upon the deep generative Wavenet framework, wherein
the final layer is adapted to facilitate islanding detection.
Our findings demonstrate superior performance in com-
parison to state-of-the-art methodologies, coupled with a
computational complexity reduced by more than half. To
the authors’ knowledge, This pioneering study introduces
WaveNet for islanding classification for the first time.

- We incorporate a feature denoising step, leveraging a pre-
trained U-Net model, and demonstrate its substantial en-
hancement of the robustness of Wavenet-based islanding
detection in environments characterized by severe noise.

- The performance of our Wavenet-based islanding de-
tection, both standalone and in conjunction with U-Net
feature denoising, is comprehensively evaluated against
state-of-the-art methods across varying islanding and
non-islanding scenarios at different signal-to-noise ratios
(SNR). Our Wavenet model augmented with denoising
U-Net exhibits a notable enhancement, achieving an
accuracy exceeding 98% at an SNR of 10 dB.

The subsequent sections of this paper are structured as
follows: Sec. II outlines the test system and the specifics of the
islanding simulation. Sec. III delves into the presentation of
the deep islanding detection classifiers. Here, we introduce our

Wavenet classifier alongside the U-Net denoising step aimed
at enhancing islanding detection accuracy. The experimental
findings of our proposed models are detailed in Sec. IV,
where a comparative analysis with the LSTM islanding clas-
sifier is conducted, considering computational complexities
and accuracy across varying noise levels. Finally, Sec. V
offers concluding remarks to summarize the key findings and
contributions of this study.

Notation and conventions. We employ uppercase letters
to denote random variables and lowercase letters to signify
specific realizations 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 expectation of Y given X.
For a sequence of random variables, or a time series, of
length T , denoted by XT = (X1, X2, . . . , XT ), the corresponding
realization is represented by xT = (x1, x2, . . . , xT ). The function
inf(·) refers to the Infimum function, the sigmoid function is
defined as σ(z) = 1

1+e−z , and the hyperbolic tangent function is
given by tanh(z) = 1−e−2z

1+e−2z .

II. Test System and Islanding Simulation

The test network of this paper (which is similar to the
one proposed in [36], [39]) comprises the Utility distribution
system referred to as the Grid, a 250 kW Grid Connected Pho-
tovoltaic Plant denoted as the PV Unit, a 2 MW synchronous
generator identified as DG, and a 1.5 MW DFIG Wind Turbine
as Wind, all of which are detailed in Fig. 1 with the parameters
listed in table I.

Fig. 1. Schematic of the test system.

The solar PV plant investigated in this study, with a capacity
of 250 kW, is located 2 km away from B1 Bus and linked to
the PV Bus through a transformer. Its technical specifications
are outlined in Table 1, comprising 86 parallel strings, each
composed of seven modules of Sun Power SPR-415E with
a series connection. The PV system employs a three-level
IGBT leg with PWM unit control for conversion [40]. Voltage
transformation to 25 kVAC is accomplished by a 250 kVA
3ϕ 250V/25kV transformer. Additionally, another 250 kVA
25kV/400V 3ϕ transformer establishes the connection between
the PV system and the PV Bus. The synchronous generator, a
3 MVA machine operating at 400 V, 50 Hz, and 1500 rpm, is
driven by a diesel engine and linked to the DG bus, situated
500m away. Furthermore, a 2 MW DFIG Wind Turbine with
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variable speed operation is integrated with the Grid at Bw

Bus [41].

TABLE I
Parameters of the Test System

Parameters Values

PV arrays 86′times7 modules

PV modules SunPower SPR-415E

DG system 3 MVA, 400 V, 50 Hz, 1500 rpm

T1 25 kV/400 V; 10 MVA

T2 25 kV/400 V; 5 MVA

L1,L3 4 km

L4 2 km

L2 500 m

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

R0 and L0 for all lines 38.64 mΩ/km; 4.1264 mH/km

Load 1 1.2 MW; 0.3 MVAR

Load 2 0.6 MW; 0.2 MVAR

A. Data gathering

For the purpose of islanding detection, it is necessary
to sample the electrical quantities of the PV bus including
current and voltage samples, normally with the 1 kHz sampling
frequency. Using the sampled data, some electrical quantities
are extracted, which are used as supplementary features for
detection processes. In this study, a set of six well-accepted
electrical features was used, including positive/negative/zero
sequences of voltages, rate of change of frequency (ROCOF),
and superimposed voltage waveforms. For the selection of
these features, the process began with an examination of over
60 primary features from previous studies, which included
voltage, current, and power parameters, as well as their com-
binations and derivatives. Due to the complexity that would
arise from using all features, a subset was chosen for testing
and processing. To identify the most effective features, a
combination of filter-based and wrapper-based methods was
employed [42]. Initially, the features were filtered based on
statistical characteristics, followed by an assessment of their
performance. This approach streamlined the selection process,
leading to the optimal feature combination for the best results.
In the end, positive/negative/zero sequence components of
voltages, superimposed voltage waveforms, and the rate of
frequency change were selected for their superior performance
and simplicity across various test scenarios.

Fig. 2 shows the schematic diagram of the suggested ap-
proach, where the measured three-phase voltage waveforms
undergo processing by the feature extraction block to iden-
tify the necessary features for the proposed WaveNet+UNet
scheme. Due to space constraints, the details of the feature
extraction blocks are not extensively elaborated upon, as they
are well-established in the current literature.

Fig. 2. Block diagram of the proposed algorithm for islanding detection
method: (1)- measuring three-phase voltages, (2)- feature calculation, (3)-
Unet + WaveNet classifier, and (4)- islanding status signal output.

To assess the islanding scenarios and obtain the data,
a test procedure is executed, which involves opening CB1
(grid-side circuit breaker) to isolate the grid from the main
electrical network. This test is conducted across 50 distinct
loads, each with varying active power levels, and 30 diverse
reactive power settings. A total of 1500 load configurations
were examined, all connected to the main bus (B1). Also,
non-islanding detection is evaluated by testing the subsequent
scenarios, including switching a substantial linear load, con-
necting/disconnecting the capacitor banks, observing grid fault
impacts, and modifying the Load Quality Factor

(
LQF

)
. In this

work, a total of 3080 time-series data samples are generated
that include 2211 islanding cases and the rest non-islanding
samples. Details regarding the 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 the deep
neural networks for islanding detection is introduced. This
network receives as input a time series which are features
extracted from the voltage and current of an active distribution
network and returns at the output the likelihood of islanding
occurrence. More precisely, consider the time-series XT where
for each t ∈ {1, 2, . . . ,T }, Xt takes values on Rd. Here d refers
to the number of features considered at time t. In addition, let’s
define the random variable Y , associated with each XT , as the
islanding label with Y ∈ Y = {0, 1} where 1 refers to islanding.
Thus, while p(y|xT ) is the true probability distribution of the
islanding labels given the time-series features xT , the goal
of the deep neural network classifier is to predict q(y|xT )
as an approximation of the true distribution p(y|xT ) through
minimizing the Kullback-Leibler (KL) divergence [43]:

inf
qY |XT

KL(pYXT ∥qYXT ) = inf
qY |XT
E

log
pY |XT (Y |XT )
qY |XT (Y |XT )

 , (1)

where the expectation is taken concerning the true distribution
pYXT . Solving the optimization problem (1) is equivalent to
minimizing E[− log qY |XT (Y |XT )], known as the cross-entropy.
Throughout this study, the cross-entropy serves as the loss
function, employed as the objective function.
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A. LSTM Classifier

Recurrent Neural Networks (RNNs) 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 capturing the dynamics of
sequential data over time. Fig. 3 (a) represents how the RNN
works. In this figure, 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 due to vanishing gradi-
ents [44]. This limits their practicality in scenarios requiring an
understanding of context beyond recent history. Long Short-
Term Memory (LSTM) Networks, introduced by Hochreiter
and Schmidhuber in [45] and subsequently refined in [46],
enrich RNNs by integrating specialized memory cells and
gating mechanisms. LSTMs are equipped with the capability
to selectively store and retrieve information across extended
sequences. (see Fig. 3 (b)).

Fig. 3. Schematic of (a) the recurrent neural network and (b) an LSTM cell
diagram at time step t.

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 determines whether to keep
it (important information) or flush it (remove the irrelevant
information); (ii) the Output gate that determines the impact
of the cell on the output at the current time; and (iii) Input gate
and input node that determine how much information from the
input should be added to the memory. After all, the output of
the cell, i.e., the hidden state (which will be applied to the next
time step) would be generated. The equations representing the
formulations of LSTM nodes at time step t are as follows
(equation (2)):

ft = σ(b f + K f ht−1 + V f xt)

it = σ(bg + Kiht−1 + V ixt)

c̃t = σ(bc̃ + K c̃ht−1 + V c̃xt)
ot = σ(bo + Koht−1 + Voxt)
ct = ft × ct−1 + it × it
ht = ot × tanh (ct)

(2)

Here, b, K, and V represent biases, input weights, and
recurrent weights associated with each gate, respectively.
Stacking multiple LSTM layers and culminating in a fully
connected layer with sigmoid activation significantly enhances
the classification of the input time series.

B. WaveNet Classifier

WaveNet is a generative model designed by DeepMind for
synthesizing raw audio waveforms [38]. Unlike traditional
methods that generate audio by modeling spectrograms or
other high-level features, WaveNet operates directly on the
raw waveform data by autoregressive modeling of the audio
probability distribution. More precisely, consider the sequence
of random variables XT = (X1, X2, . . . , XT ) of length T where
for each t ∈ {1, 2, . . . ,T }, Xt takes values on Rd. Here d refers
to the number of features considered at time t. Using the
chain rule of probability, p(xT ) the probability distribution of
sequential data XT can be written as follows:

p(xT ) = p(x1)p(x2|x1) . . . p(xT |x1:T−1) =
T∏

t=1

p(xt |x1:t−1) (3)

where we define p(x1|x1:0) := p(x1). The equation (3) is
called the autoregressive modeling of p(xT ) and the WaveNet
aims to learn p(xT ) 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 t)
without a corresponding increase in parameters. To understand
the concept of dilated convolutions, consider a filter sliding
over the input data, but instead of moving one step at a
time, it jumps with increasing gaps. 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 causality observed in equation (3), the
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).

To improve the strength of the WaveNet model, gated acti-
vation units, an idea inspired by the LSTM gating mechanism
is incorporated into designing WaveNet [38]. More precisely,
each convolutional layer is composed of a gated activation
unit, which consists of two parallel branches – one for the
filter and another for the gate. Assuming xT and zT as the
input and output of the kth layer in the WaveNet network, the
gated activation is modeled as follows:

zT = tanh(W f ,k · xT ) ⊙ σ(Wg,k · xT ) (4)
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Fig. 4. An example of the stack of causal convolutional layers inspired
from [38]. The depicted bold red arrows distinctly delineate the connections
orchestrating the relationship between the output at time t and the preceding
layers. Notably, this configuration enables the acquisition of the conditional
term p(xt |x1:t−1) based on the most recent 16 input time steps, corresponding
to a receptive field of size 16.

where W f ,k and Wg,k 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
would help prevent vanishing gradients and allow the WaveNet
model to capture complex dependencies.

Fig. 5. Schematic of (a) the gated activation units and residual connections
used at each layer of the WaveNet, (b) the proposed WaveNet classifier for
Islanding detection. In this model, the FC refers to a fully connected layer.

On top of this gated activation, to facilitate the learning of
residual representations while simultaneously enhancing the
ability to capture fine-grained features, skip connections, also
known as residual connections, are utilized [47]. 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, the WaveNet for generating time-series samples (e.g.
audio) was presented. To enable classification, the output of

the WaveNet model is connected to a fully connected layer
with one output and a Sigmoid activation function. The whole
model is presented in Fig. 5 (b).

C. Feature Denoising with U-NET Model

The U-Net architecture, initially proposed by Ronneberger
et al. [48] for biomedical image segmentation, has been
adapted for various image processing tasks, including signal
denoising. This paper presents an adaptation of the U-Net
model tailored for 1D signal denoising using convolutional
neural networks (CNNs). Comprising a contracting path (or
encoder) followed by an expansive path (or decoder), the U-
Net architecture efficiently captures context and reduces spa-
tial dimensions through the contracting path, while enabling
precise localization via the expansive path (see Fig. 6).

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

The contracting path comprises multiple layers of convolu-
tional and max-pooling operations. Here, x denotes the input
signal, and Ck represents the k-th convolutional layer with a
kernel size of 3×3 and a rectified linear unit (ReLU) activation
function denoted by σ:

Ck(x) = σ(Wk · x + bk) (5)

where Wk and bk are the learnable weights and biases of
the k-th convolutional layer, respectively. The max-pooling
operation reduces the spatial dimensions of the feature maps.

The expansive path consists of upsampling followed by
convolutional operations. Let Uk represent the k-th upsampling
layer, and Dk denote the k-th convolutional layers are followed
by upsampling layers, which definitively increase the spatial
resolution of the feature maps.

Uk(x) = Upsampling(x)
Dk(x) = σ(W ′k · x + b′k)

(6)

where W ′k and b′k are the learnable weights and biases of the
k-th convolutional layer in the expansive path, respectively.

For precise localization, skip connections are essential as
they concatenate feature maps from the contracting path with
corresponding feature maps in the expansive path.
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TABLE II
Comprehensive comparison of the performance of various models based on evaluation metrics applied to test data samples. For each model, the average and

standard deviation of five runs are presented.

Model Model complexity F1-score Balanced accuracy Precision Recall

WaveNet classifier (ours)

Total of five Wave Blocks where each
has 2 convolutional layers with filter size 32

(Training parameters: 63,105)
Adam optimizer with learning rate 0.0002

0.9989 ± 0.0007 0.9981 ± 0.0015 0.9991 ± 0.0011 0.9987 ± 0.0011

LSTM classifier (state-of-the-art [27], [36])
4 LSTM layers with 64, 128, 64, and 32 cells

(Training parameters: 178,849)
RMSprop optimizer with learning rate 0.001

0.9915 ± 0.0057 0.9863 ± 0.0046 0.9938 ± 0.0032 0.9893 ± 0.0133

Finally, the U-NET model is trained using stochastic gradi-
ent descent (SGD) algorithms to minimize the mean absolute
error (or mean squared error) loss function.

IV. Results and Discussion

A. Data Simulation and Models Structures

This study employs a dataset of a total of 3080 time-
series data samples, each spanning a length of 10 ms and
encompassing six features, as detailed in Section II. The
dataset is partitioned into two distinct sets: training and test
datasets, with an 80-20 ratio. Throughout the training phase,
20% of the training data samples serve as validation data
to fine-tune the hyperparameters associated with each model,
such as learning rate, number of layers, and number of nodes
in each layer. The details regarding the models’ structures are
listed in table II.

In the context of our investigation, we categorize the is-
landing condition as the positive class (Class 1), while the
non-islanding case serves as the negative class (Class 0). This
binary classification setup allows us 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, this optimization objective is achieved by
maximizing accuracy, as defined below:

accuracy =
T P + T N

T P + T N + FP + FN

where TP signifies true positives, and TN denotes true neg-
atives. However, in scenarios characterized by imbalanced
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 potential 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 [49]:

Balanced accuracy = 0.5 ×
[

T P
T P + FN

+
T N

T N + FP

]
Precision =

T P
T P + FP

Recall =
T P

T P + FN
(7)

F1-score = 2 ×
Precision × Recall
Precision + Recall

To rigorously evaluate the performance of the proposed
models in our study, we will employ the metrics outlined in
equation (7). These metrics provide a much clearer understand-
ing of the classifiers’ capabilities in the presence of imbalanced
datasets and varying error costs.

B. WaveNet Islanding Detection

In assessing the effectiveness of the WaveNet classifier
model, our foremost consideration is to prevent overfitting.
To accomplish this, we meticulously monitor the model’s
performance. To this end, Figure 7 visually captures the
evolution of the training and validation loss functions across
training epochs. Furthermore, as a precautionary measure,
we implement early stopping during training with a patience
parameter set to 10. This ensures that the model’s learning
process is terminated If no improvement is seen over a
specified number of epochs, effectively safeguarding against
the potential pitfalls of overfitting. Analysis of Fig. 7 reveals
that the WaveNet Model exhibits resilience against overfit-
ting. Evidently, the loss functions demonstrate a convergence
to stability after a certain number of training epochs. This
observation underscores the model’s capacity to generalize
effectively, thus contributing to its suitability for the given task.

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

The comprehensive outcomes of all models, as gauged by
the evaluation metrics, are concisely presented in Table II.
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These results are confidently based on the mean values and
one standard deviation derived from five distinct runs. Notably,
an insightful observation emerges from this table: the novel
WaveNet classifier model, which boasts a significantly lower
model complexity ( i.e. 63, 105 learning parameters for the
WaveNet model compared with 178, 849 learning parameters
for the LSTM model), notably surpasses the state-of-the-art
LSTM classifier in performance. In addition, it can be seen
that the standard deviation of the evaluation measures for the
LSTM classifier is much higher than the WaveNet classifier.
It means the WaveNet is much more stable and has a better
generalization.

To further illustrate the contrasting performances of these
models, we turn to the visual representations of their Receiver
Operating Characteristics (ROC) curves and Precision-Recall
curves, depicted in Fig. 8. More specifically, Fig. 8 (a) rep-
resents that the WaveNet classifier has the highest area under
the curve (AUC) while from Fig. 8 (b) it can be seen that the
WaveNet classifier not only has the higher AUC but also has
a higher TPR for small FPR values.

Fig. 8. A comparison between the proposed WaveNet classifier and LSTM
classifier [26], [27] conducted on test data samples, focusing on two curves: (a)
the precision-recall curve and (b) the receiver operating characteristic curve.
To establish a baseline, we are considering the no-skill model, which is a
dummy classifier that randomly 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 U-NET

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

In response to this, we equip the WaveNet with a pre-
trained U-NET denoising. In this work, a U-NET model
consisting of an encoder-decoder framework with skip con-
nections to preserve spatial information during downsampling

and upsampling operations 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 downsample the input signals
effectively. After that, two additional convolutional layers with
64 filters each and ReLU activation are applied, followed by
max-pooling. This stage further abstracts features and serves
as the bottleneck of the network. The decoder confidently
upsamples the feature maps to the original input resolution. It
starts with upsampling followed by concatenation with feature
maps from the corresponding encoder stage. Then, two con-
volutional layers with 64 filters each and ReLU activation are
applied. Another upsampling 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 U-NET model is pre-trained
at SNR 15dB and is used for all the levels of noise where
the Adam optimizer with a learning rate of 0.0002 optimizes
the U-NET parameters by minimizing the mean absolute error
(MAE) loss function.

In figure 9, it is clear that the U-NET model can minimize
the MAE loss function without overfitting. In addition, the
results of islanding detection with U-NET feature denoising
at different levels of the noise are presented in Table III. From
this table, it can be seen that our proposed WaveNet+U-NET
model can significantly improve the islanding detection accu-
racy even when the features are extensively noisy.

Fig. 9. The loss function of U-NET denoising model versus training epochs.
The tinny gap between the training and validation losses ensures that the
model is not overfitting.

V. Conclusion

In this paper, an innovative WaveNet classifier equipped
with a pre-trained denoising U-Net was introduced for island-
ing detection in active distribution networks. Unlike state-of-
the-art e.g. LSTM model, which may encounter challenges
like gradient vanishing and instability, the WaveNet classifier
employs simple 1D convolutional structure layers with skip
connections to enhance prediction accuracy while ensuring
stability. This approach reduces parameter usage compared
to LSTM, thereby increasing the efficiency and simplicity of
the detection system and ultimately lowering implementation
costs. To tackle the issue of islanding detection in noisy grids,
a U-Net model with an encoder-decoder framework and skip
connections is utilized. This strategy guarantees the robustness
of the detection algorithm against significant system noise,
achieving an unprecedented accuracy of 98.37% even under 10
dB noisy conditions. The validation of this method involved
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TABLE III
Comparing models based on balanced accuracy in the presence of noise. Results show performances on test data samples. Average and one standard deviation

of five runs are displayed for each model.

Model 20 dB 15 dB 10 dB 5 dB

LSTM classifier (state-of-the-art [27], [36]) 0.9746 ± 0.0031 0.9630 ± 0.0056 0.9377 ± 0.0110 0.9008 ± 0.0148

WaveNet classifier (ours) 0.9892 ± 0.0031 0.9729 ± 0.0074 0.9388 ± 0.0101 0.9102 ± 0.0112

WaveNet classifier with denoising U-NET (ours) 0.9927 ± 0.0047 0.9903 ± 0.0075 0.9837 ± 0.0076 0.9540 ± 0.0093

testing various real-world scenarios representing both island-
ing and non-islanding conditions, encompassing different load
active/reactive power values, load switching transients, capac-
itor bank switching, fault conditions in the main grid, diverse
load quality factors, and varying signal-to-noise levels. The
incorporation of a realistic test system and the integration of
both conventional and inverter-based resources further bolster
the credibility of the analysis. Overall, our proposed model
showcases a substantial improvement in islanding detection
accuracy, particularly in noisy environments. Finally, a com-
parison is drawn with the state-of-the-art LSTM classifier,
demonstrating the superiority of the proposed scheme in terms
of lower model complexity (i.e., 63,105 learning parameters
for WaveNet compared to 178,849 learning parameters for
LSTM) as well as stability and generalization (significantly
lower standard deviation of evaluation measures compared to
LSTM).
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