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Abstract
The online classification of grid disturbances is an important prerequisite for an automated
and reliable operation of power transmission systems. Most of the state‐of‐the‐art ap-
proaches assume that all classes are already known in the training phase and cannot handle
new disturbance events, which appear in the application phase and lead to severe mis-
classifications. To mitigate this shortcoming, the disturbance detection is investigated as an
open classification task and a novel recurrent Siamese neural network architecture is
introduced to identify and locate known and unknown disturbance events from phasor
measurements. Extending preliminary work, a probabilistic distance‐based classification
approach with an integrated rejection mechanism is presented, which enables to learn
class‐dependent decision boundaries and margins to reduce the open‐set risk. A detailed
performance analysis is presented including multiple benchmark methods in different
closed‐set and open‐set classification tasks for a simulated power transmission system.
Additionally, a limited and full observability of the grid with phasor measurements are
addressed in the experiments.

1 | INTRODUCTION

1.1 | Disturbance classification based on
phasor data

The reliable operation of power transmission systems is en-
dangered by the increased replacement of conventional power
plants with renewable energy sources as well as the utilisation
of active equipment and loads. This reduces the dynamic re-
serves and increases the grid load and the risk of critical grid
situations. Disturbances like generator outages or line trips can
lead to severe power supply disruptions and cause system in-
stabilities if not handled properly by curative actions (e.g.
remedial action schemes). The use of phasor measurement
units (PMUs) increases the observability of dynamic or tran-
sient events in power transmission and distribution systems.
Phasor measurement units provide time‐synchronised fre-
quency, voltage, and current measurements with a high tem-
poral resolution (typically between 10 and 50 frames per
second) from multiple sensors in the grid. As a major appli-
cation field, the PMU‐based disturbance classification

automatically identifies and locates different disturbance events
(e.g. line or generator trips) in the grid by analysing PMU
signals with machine learning methods. This enables the acti-
vation of pre‐calculated and precise countermeasures, like
curative actions, to mitigate failure cascades or large‐scale
power supply disruptions and restore a stable system opera-
tion and power supply [1–4]. Some exemplary PMU frequency
and voltage magnitude signals for a simulated generator outage
event are given in Figure 1.

Conventional disturbance classification approaches typi-
cally follow a two‐stage design. In the localisation step, the
PMU sensor with the highest proximity to the disturbance
event is selected by comparing the signals from all PMUs in the
grid. This usually requires a full observability of the grid with
PMUs. Afterwards, a classification method (e.g. decision tree or
support vector machine) is applied to the signals from the
relevant PMU sensor to estimate the disturbance type using
hand‐crafted features [5–10].

Different deep learning methods, such as convolutional or
spiking neural networks, have also been investigated for the
identification task [11–13].
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As a major drawback, all of these approaches are subject to
the closed‐set assumption, such that all disturbance events or
classes are already known during the model training. Especially
in large power systems with many grid components and in-
terconnections, a large number of different disturbance events
can occur during the model application.

The creation of a complete and representative training
dataset based on simulations or historical measurements may
become infeasible [9]. Additionally, only a fraction of all
possible disturbance events (critical contingencies) are relevant
for the power system operation to activate suitable counter-
measures. Without a proper treatment, observations from
previously unseen disturbance events are falsely assigned to
one of the known disturbance classes and lead to severe mis-
classifications as well as falsely activated countermeasures
during the power system operation.

1.2 | Siamese neural networks for open
classification tasks

Open‐set classification or open classification deals with multi‐
class classification problems, if only a fraction of all existing
classes are known during the model training. To do this, an
open‐set risk formulation has been introduced in ref. [14] to
account for the misclassification of observations with a high
distance or low probability compared to the training instances of
the known classes. Especially in the context of neural networks,
several open classification methods have been proposed
including an open‐max layer [15], a One‐Vs‐Rest sigmoid layer
[16], the open deep network [17], and different adversarial
generative methods [18, 19]. Siamese neural networks (SNNs)
have been successfully applied in a variety of tasks, including
face recognition, object tracking, or person re‐identification

showing advantages to learn robust and discriminative feature
embeddings [20–23]. In general, SNNs follow a distance‐based
learning approach by minimising the distances d+ between the
samples from equal classes (positives) and maximising the dis-
tances d− between the samples from different classes (nega-
tives). To achieve this, various loss formulations are proposed,
including rank‐based losses such as contrastive loss [24], triplet
loss [25], and various extensions (e.g. quadruplet loss [26], multi‐
class n‐pair loss [27], constellation loss [20], or magnet loss [28])
as well as classification‐based losses [29–33]. As also mentioned
in ref. [21, 34], the discriminative training in SNNs can lead to
advantages in the open classification setting. The resulting
compact boundaries around the known classes in SNNs can
reduce the open‐set risk and improve the separation between the
samples from known and unknown classes. Some existing open
classification approaches of SNNs include the adaptation of
classification‐based losses [21], a triplet loss with an extreme
value theory‐based rejection [34], and prototype‐based con-
volutional neural networks [35].

1.3 | Main contributions and paper
organisation

This study proposes a robust disturbance classification
approach based on Siamese recurrent neural networks to
mitigate misclassifications due to unknown events, which is not
addressed by current disturbance classification methods [5–8,
10–13]. Additionally, neural network‐based classification
models do not rely on handcrafted features, can be trained
end‐to‐end for a large number of disturbance classes, and show
superior computational speed compared to conventional clas-
sification techniques like Support vector machines (SVMs) or
decision trees [36]. To solve the simultaneous disturbance
identification and localisation problem from ref. [36], Siamese
Sigmoid Networks (SSNs) are introduced as the end‐to‐end
deep learning architecture to classify known and unknown
disturbance events in power transmission systems under the
assumption of a full or limited PMU observability. In contrast
to ref. [37], the fully trainable SSN approach allows to auto-
matically learn class‐dependent threshold distances and margins
m, which leads to compact decision boundaries around the
classes with a reduced open‐set risk—see Figure 2.

In contrast to other open‐set neural network approaches,
SSNs can be trained on known classes only without the need
for an extensive hyper‐parameter tuning or post‐processing
procedure. In particular, the paper’s contributions can be
summarised as follows:

� extends the double‐sigmoid classifier approach from ref.
[37] to automatically learn class‐dependent threshold dis-
tances and margins with an additional selection vector and a
custom penalty loss formulation

� allows the consideration of varying intra‐class and inter‐class
variances in large classification problems

� introduces an efficient multiple‐negative sampling training
strategy to improve the model convergence and accuracies

F I GURE 1 Phasor measurement unit (PMU) frequency and voltage
magnitude signals for a simulated generator outage over 10 s.
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� evaluate SSNs against multiple benchmark methods for
different closed‐set and open‐set disturbance classification
tasks

The paper is organised as follows. Section 2.1 introduces
the basic classification task considering known and unknown
disturbance events. Afterwards, the basic SSN architecture as
well as a detailed description of the proposed encoder network
are given in Section 2.2. Section 2.3 explains the binary clas-
sification approach based on double sigmoid functions and
Section 2.4 describes the SSN sampling and training proced-
ures. The simulated power transmission system, the evaluation
metrics, and the benchmark methods are given in Section 3.
Section 4.1 presents the test scenarios and Sections 4.2 and 4.3
describe and discuss the disturbance classification results for
the SSN and benchmark methods under closed‐set and open‐
set assumptions. Section 5 gives a short summary and outlines
possible future work.

2 | SIAMESE SIGMOID NETWORKS FOR
THE OPEN DISTURBANCE
CLASSIFICATION

2.1 | General problem formulation

As introduced in ref. [36], the disturbance classification com-
prises the identification yType and localisation yLoc of multiple
disturbance events y by analysing the frequency xtF and voltage
magnitude xtU signals from M PMUs in the grid over a fixed
time span T:

X ¼
h
xtFð1Þ; x

t
Uð1Þ;⋯; xtFðMÞ; x

t
UðMÞ

it¼T

t¼0
ð1Þ

y¼
h
yLoc; yType

i
ð2Þ

Compared to existing approaches [6–8, 11, 12], this allows
a simultaneous identification and localisation of grid distur-
bances with full or a limited PMU observability. All K distur-
bance classes are summarised within the class configuration C.
In the open disturbance classification, an additional ‘container’‐

class CU must be added to the class configuration to capture
disturbance events, which are unknown during the model
training, so that

C ¼ ½C1…CK ;CU �: ð3Þ

2.2 | Basic architecture and encoder
network

For each disturbance event, the PMU signals are simulated for
a predefined time range and are evenly sampled using a fixed
number of windows W with T time steps. As shown in
Figure 3, the support instances are selected as the first sample
at the beginning of a given disturbance tS. The support in-
stances XS of all disturbance classes C and operational points
are collected in the support set S. The remaining samples until
the end of the disturbance tE are declared as query instances
XQ and are collected in the query set Q.

Based on the preliminary work in ref. [37], the SSN con-
sists of two model branches with shared parameters to estimate
the class affiliation of a query instance XQ by the comparison
with multiple support instances XS with a known class affilia-
tion y. The basic model architecture is given in Figure 4.

Representative feature vectors fS and fQ are extracted with
the encoder network fEnc. using one or multiple gated recurrent
unit (GRU) layers parametrised by θG and an attention‐based
embedding function parametrised by θE:

fS=Q ¼ fEnc:
�
X S=Q;N ; θG; θE

�
with fS=Q ∈ ℝP: ð4Þ

Afterwards, the Manhattan distance d is calculated between
the support and the query feature vector:

d ¼
X

p∈P

�
�
�f pS − f pQ

�
�
�: ð5Þ

F I GURE 2 Main principle of threshold distances (a) and class‐
dependent modelling (b) in Siamese Sigmoid Networks. F I GURE 3 Selection of support and query instances for a disturbance.
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This distance is converted into a binary probability vector
p̂
B
, which consists of a matching probability p̂Pos and a non‐

matching probability p̂Neg. For this, a double‐sigmoid func-
tion is used as a classifier fClass parametrised by θL:

p̂
B
¼ fClass

�
d; θL

�
with p̂

B
¼
h
p̂Pos; p̂Neg

i
ð6Þ

Two cases can arise depending on the classifier results:

� the support and query instance belong to the same class
(positive) if d → 0, p̂Pos → 1, and p̂Neg → 0 or

� the support and query instance belong to different classes
(negative) if d → ∞, p̂Pos → 0, and p̂Neg → 1.

More detailed information about the classifier function is
given in Section 2.3.

The class affiliation of the query instance ŷ is estimated
from the maximum of the matching probabilities of all support
instances p̂

Pos
within the support set S following a simple One‐

Vs‐Rest strategy. The query instance is rejected if the
maximum matching probability is below the rejection proba-
bility pR = 0.5 such that:

ŷ¼

(
maxp̂

Pos
> pR : argmax

S
p̂
Pos

reject
: ð7Þ

All model parameters θG, θE, and θL are learned jointly via
backpropagation using the training procedure from
Section 2.4.

The GRU encoder extracts a representative feature vector f
from the multivariate PMU frequency and voltage magnitude
signals X. The detailed model architecture is given in Figure 5.
For each time step t, the GRU layer computes a hidden state
vector ht based on the normalised PMU values xt. Afterwards,

an embedding module calculates the feature vector f as
weighted sum of the hidden state vectors with f ¼

P

t
αtht. The

time‐dependent attention weights αt correspond to the soft-
max normalised score value st, which are calculated with a
single‐layer feedforward neural network and tanh activation
function parametrised by θE. These parameters can be time‐
dependent (local embedding) or time‐independent (global
embedding). Alternatively, the score values can be calculated by
a simple comparison with the last hidden state vector hT using
a cosine similarity (cosine embedding) or a dot product (dot
embedding). More detailed information is given in ref. [38].

2.3 | Distance‐based classification with
class‐dependent double sigmoid functions

A novel, probabilistic classifier based on double sigmoid
functions is proposed to compute the matching and the non‐
matching probability from a distance value. The general idea
is illustrated in Figure 6. A positive sigmoid function declares
all samples as positives (ŷB ¼ 1), if they fall below the positive
threshold distance dThr,pos with d ≤ dThr,pos. On the other side,
a negative sigmoid function declares all samples as negatives
(ŷB ¼ 0), if they exceed the negative threshold distance dThr,neg
with d > dThr,neg. The difference between the positive and

F I GURE 4 Basic architecture of the Siamese Sigmoid Network‐based
disturbance classification approach. GRU, gated recurrent units; SNN,
Siamese Sigmoid Networks.

F I GURE 5 Gated recurrent unit (GRU)‐based encoder network with a
global embedding module.
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negative threshold distance corresponds to the margin m,
which increases the separation between the positives and
negatives for the given support instance.

The conversion from distances into binary probabilities is
based on a simple linear logit model. The positive sigmoid
function models the matching probability p̂Pos and the negative
sigmoid function models the non‐matching probability p̂Neg
with individual weights and biases as given in Equations (8)
and (9):

p̂PosðdÞ ¼
1

1þ expð − ðwPosd þ bPos þ b0ÞÞ
ð8Þ

p̂NegðdÞ ¼ 1 −
1

1þ exp
�

−
�
wNegd þ bNeg þ b0

�� ð9Þ

considering the additional constraints wPos/Neg < 0 and
bPos/Neg ≥ 0. Besides the trainable classifier parameters
θL ¼

�
wPos=Neg; bPos=Neg

�
, an additional bias b0 has to be pre-

defined to set the maximum matching probability at d = 0.
This is done with the hyper‐parameter ε (matching probability
error tolerance) as a maximum acceptable error probability:

b0 ¼ −ln
� ε
1 − ε

�
: ð10Þ

The positive and negative threshold distances dThr,pos and
dThr,neg correspond to the decision boundaries of the two bi-
nary classifiers. The values can by derived from the learned
weights and biases by setting p̂Pos ¼ 1 − p̂Pos ¼ 0:5 and
p̂Neg ¼ 1 − p̂Neg ¼ 0:5:

dThr;neg ¼ −
bNeg þ b0

wNeg
and ð11Þ

dThr;pos ¼ −
bPos þ b0

wPos
: ð12Þ

Consequently, the margin can be calculated with

m¼ dThr;neg − dThr;pos: ð13Þ

To further increase the flexibility of the classification
method, the weights and biases are made class‐dependent such
that wPos=Neg → wC

Pos=Neg and bPos=Neg → bCPos=Neg. As a result,
the margin becomes class‐dependent as well with m → mC .
This is done by selecting the classifier parameters according to
the class label C of the current support instance. A selection
vector s is proposed as additional input to the model including
binary encodings of the class label (e.g. sðC1Þ ¼ ½ 1 0 0 � for
C ¼ ½C1;C2;C3�). This selection vector is multiplied with the
outcomes of all K binary classifiers to get the correct proba-
bility values.

For the model training, binary cross‐entropy is used for
both sigmoid functions and the results are summed up in the
double binary cross‐entropy loss LDCross as follows:

LDCross ¼ yB ⋅ log
�
1 − p̂Neg

�
þ
�
1 − yB

�
⋅ logp̂Neg

þ yB ⋅ logp̂Pos þ
�
1 − yB

�
⋅ log

�
1 − p̂Pos

� ð14Þ

To ensure a good separation between the positive and
negative samples, an additional margin penalty loss LMargin is
introduced to control the margin values. This is done by
minimising the ratio between the positive and negative
threshold distances as follows:

LMargin ¼ −βMargin
dThr;pos

dThr;neg − dThr;pos
ð15Þ

with the additional constraint dThr,neg ≥ dThr,pos⋅(1 + ρ) and ρ
as hyper‐parameter (margin error tolerance). As a result, high
margins m can be achieved by either decreasing the positive
threshold distance or by increasing the negative threshold
distance. Without this penalty loss (βMargin = 0), the margin
would remain at m ≈ 0 such that dThr,neg ≈ dThr,pos. Thus, the
resulting total loss LSSN of the SSN follows by

LSSN ¼ LDCross þ LMargin: ð16Þ

2.4 | Training with multiple negatives

To address the challenge of sampling informative positives and
negatives during the model training [39], an efficient online‐
sampling strategy is adopted from ref. [27]. Within each
training batch, a positive query XQ+ is randomly sampled for a
given support instance XS. The negative queries XQ− are taken
from the other support instances. This procedure is repeated
for all K classes leading to K − 1 negative samples for each
support instance. Hence, the batch size equals to the number
of classes K. The resulting loss values from the positives and
negatives equally contribute to the total loss for a given
batch L. The training procedure is presented in Algorithm 1.

F I GURE 6 Basic principle of a double sigmoid classifier to convert
distances into probabilities.
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3 | SIMULATION SETUP

3.1 | Generic power transmission system

As already described in ref. [36], dynamic grid simulations from
a generic power transmission system are used to extract the
PMU frequency and voltage magnitude signals at all 400 kV
busbars.

Algorithm 1 Training procedure for Siamese
Sigmoid Networks with multiple negative sampling

Input: class configuration C, support set S,
(training) query set QTr
Output: Binary probability vector p̂

B
, Batch

loss L
for class label y in C do

Select XS at random from S
Features (support) fS ← fEnc

�
XS;θG;θE

�

Choose positive query XQþ at random
from QTr
Features (positive) fQþ ← fEnc�
XQþ;θG;θE

�

Distance (positive) dþ ←
�
�fS − fQþ

�
�

Binary probability vector p̂
B

← fClass
ðdþ;θL

�

Loss value L← L þ 1
KLSSN

�
yB; p̂B

�

Add XQþ to positive query set Qþ
end for
for class label y in C do
Select all XQ+ from Qþ with yQ ≠ y as XQ−
Add all XQ− to negative query set Q−
for XQ− in Q− do

Features (negative) fQ− ← fEnc�
XQ−;θG;θE

�

Distance (negative) d− ←
�
�fS − fQ−

�
�

Binary probability vector p̂
B

← fClass
�
d−;θL

�

Loss value (negative)
Lneg ← Lneg þ LSSN

�
yB; p̂B

�

end for
Loss value L← L þ 1

KLneg

end for

The grid topology includes in total 21 substations and 68
transmission lines with additional voltage regulators, power
system stabilisers, and protection systems. In total, the available
database consists of 440 simulated contingencies at seven
operational points with different generation and load condi-
tions. The following disturbance types are considered within this

study: base load power plant outages (BLPP), steam power plant
outages (SPP), low (<50% of the maximum capacity) and high
(>50% of the maximum capacity) load losses (LL), low (<50%
of the maximum capacity), and high (>50% of the maximum
capacity) PV losses (PV), line trips (L) and short circuits at 10%
(SC10), 50% (SC50), and 90% (SC90) line length.

3.2 | Evaluation metrics and benchmark
models

To assess the performance of SSNs for the open disturbance
classification, the following performance metrics are calculated
according to ref. [40]:

� classification accuracy of the known classes ηACC,K,
� classification accuracy of the known and unknown classes

ηACC,
� F1‐score with macro averaging of the known classes ηF1,K,

and
� F1‐score with macro averaging of the known and unknown

classes ηF1.

Thus, the true positives of the unknown classes are
excluded from the calculations of ηACC and ηF1. For a better
evaluation of the SSN results, three benchmark methods are
chosen for the simulation studies.

For the closed‐set investigation, the SSN method is
compared with a GRU triplet network using a hard negative
online‐mining (Triplet‐1NN) oriented at ref. [25]. Here, the
classification is performedwith a standard 1‐Nearest‐Neighbour
approach and the GRU encoder is taken from Section 2.2.
Additionally, a conventional two‐step PMU disturbance classi-
fication procedure (SSFD‐SVM) is implemented from ref. [8],
which combines a strongest signal and fault detection (SSFD)
algorithm with a support‐vector‐machine and requires a full
PMU observability. From an extensive literature research, this
approach shows the most competitive performance for the
PMU‐based disturbance classification problem among other
traditional classification techniques like decision trees or Naïve
bayes. For the open‐set investigations, the deep‐open classifier
(DOC) from ref. [16] has been implemented and combined with
the GRU encoder network. To compare the performance of the
SSN and benchmark methods over different datasets, the critical
distances are computed according to ref. [41] using Friedman
and post‐hoc Nemenyi tests.

4 | SIMULATION STUDIES

4.1 | Test scenarios and hardware
considerations

To assess the classification performance for known and un-
known disturbance events, multiple test scenarios are

6 - KUMMEROW ET AL.



considered with different class configurations. A correspond-
ing overview is given in Table 1.

Scenario S1 includes a closed‐set classification problem
with 54 known disturbance events. In that case, five opera-
tional points were selected for the model training and two
other operational points for the model application. Scenarios
S2–S4 assume additional unknown disturbance events in the
test data (open‐set problem) but use the same five opera-
tional points for the model training and application. For each
scenario, a limited (a) and full (b) PMU observability of the
grid is investigated. For a better understanding, Figure 7
shows the grid topology along with the observable PMUs
and predicted disturbance events for scenario S.1a. All test
scenarios assume a post‐disturbance time of 10 s (pre‐
disturbance values are neglected), a PMU signal time reso-
lution of 40 ms (equals 25 f.p.s. PMU reporting rate), and a

window size T of 50 time steps (equals 2 s). For all training
runs, early stopping [42] is used as a regularisation method
with a maximum of 1000 epochs. All tests are performed on
a 2.8 GHz CPU machine with 16 GB RAM.

4.2 | Class assignment and rejection
behaviour of SSNs

For different training runs of scenario S.1a, Figure 8 shows the
class‐dependent margins mC when changing the margin pen-
alty weight βMargin. As to be expected, in case of βMargin = 0,
the margin becomes mC ≈ 0 for all disturbance classes, such
that dC

Thr;pos ≈ dC
Thr;neg. Despite the big differences in the

margin values between the disturbance classes, high values of
βMargin increase the margin values on average and lead to a
better separation between the positives and negatives for all
disturbance classes. Additionally, Figure 9 shows the average
threshold distances dThr,pos, dThr,neg, and the margin m from
the same experiments.

As suggested in Section 2.3, an increase in βMargin mini-
mises the dThr,pos values and maximises the dThr,neg values at
the same time, which leads to a growing separation between
the positives and negatives for each class.

TABLE 1 Overview of the test scenarios

Scenario PMUs Known classes Unknown classes

S.1a 13 54 ‐

S.1b 21 (all) 54 ‐

S.2a 13 24 27

S.2b 21 (all) 24 27

S.3a 13 54 60

S.3b 21 (all) 54 60

S.4a 13 108 116

S.4b 21 (all) 108 116

F I GURE 7 Grid topology, observable phasor measurement units
(PMUs), and predicted disturbance events for scenario S.1a.

F I GURE 8 Learned class‐dependent margins of a Siamese Sigmoid
Network (SSN) in case of scenario S.1a.

F I GURE 9 Learned average threshold distances and margin of a
Siamese Sigmoid Network (SSN) in case of scenario S.1a.
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The influence of βMargin on the training accuracy ηACC,K for
different embedding types in case of scenario S.1a is given in
Figure 10. As it can be seen, the local embedding achieves the
highest classification accuracies especially for βMargin = 0.1
and βMargin = 0.2. Also with global and cosine embeddings,
high accuracies arise and outperform the performance of the
SSN without an embedding module (‘None’: last hidden state
hT is used as feature vector) by 2%–4%. The correct choice of
βMargin affects the SSN performance on known and unknown
disturbance classes. This can be seen for scenario S.2a in
Figure 11. High test accuracies for known and unknown classes
arise for βMargin = 0.1 and indicate that a good separation
between the positives and negatives improves the assignment
and rejection behaviour of SSNs. As a consequence, high
βMargin values minimise the positive threshold distances and
lead to compact decision boundaries around the known classes
and further reduce the open‐set risk (see also Section 1.2).

A further investigation of the SSN classification perfor-
mance is given in Figure 12 by comparing the average F1‐
scores for known and unknown disturbance events in case
of scenario S.2a. During the SSN training, high ηF1,K values can
be observed for almost all disturbance events of above 91%.
For the test data and especially in the case of short circuit
events (SC50 and SC90) and PV losses (PVHigh and PVLow), the
ηF1,K values decrease significantly due to generalisation errors

to 81% on average. Taking into account the unknown classes,
the F1‐scores ηF1 further decrease to 58% for short circuit
events and to 35% for PV losses.

4.3 | Classification results under closed‐set
and open‐set assumptions

The comparison between the SSN and benchmark methods is
based on the 10‐fold cross‐validation results of the optimal
hyper‐parameter configurations. The optimal hyper‐parameters
(e.g. learning rate, batch size, and GRU hidden units) were
chosen according to the maximum achievable validation ac-
curacy ηACC,K.

The corresponding classification accuracy and F1‐score
results of the test data for scenarios S.1a and S.1b are given
in Table 2. As it can be seen, the SSN and Triplet‐1NN
methods show higher accuracies and F1‐scores compared to
the GRU‐DOC and SSFD‐SVM methods. The Triplet‐1NN
method achieves the highest F1‐scores (75.37% for S.1a and
78.27% for S.2a) and shows very similar accuracies compared
to the SSN method (76.99% for S.1a and 81.48% for S.2b).
The SSFD‐SVM method obviously performs very poorly with
accuracies and F1‐scores below 40%. A full PMU observability
(scenario S.1b) increases the accuracies and F1‐scores of about
3% compared to a limited PMU observability (scenario S.1a).

F I GURE 1 0 Training accuracies for different margin penalties and
embedding types of a Siamese neural network (SNN) in case of scenario S.1a.

F I GURE 1 1 Test accuracies for different margin penalties of a
Siamese neural network (SSN) in case of scenario S.2a.

F I GURE 1 2 Average F1‐scores according to the disturbance type for
a Siamese neural network (SSN) in case of scenario S.2a.

TABLE 2 Results with known disturbance events

Method Scenario ηACC,K ηF1,K

SSN S.1a 76.99 73.73

S.1b 81.48 77.65

GRU‐DOC S.1a 75.23 69.01

S.1b 77.01 71.49

Triplet‐1NN S.1a 77.01 75.38

S.1b 80.38 78.27

SSFD‐SVM S.1b 38.83 37.73

Note: The bold values indicate the best performance results for the scenario.
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Additionally, Figure 13 shows the critical distance diagram
for scenarios S.1a and S.1b using the test accuracy results ηACC,K
from all cross‐validation runs. Except for the Triplet‐1NN
method, significant differences can be observed between the
SSN and benchmark method results. Without considering par-
allel processing, the average inference computational time for
the SSN method takes 32.63 ms per support sample and
94.83 ms for a final prediction. Lower computational times can
be achieved in case of the GRU‐DOC (10.81 ms) and Triplet‐
1NN (19.13 ms per support sample and 90.51 ms for a final
prediction) methods.

The comparison between the SSN andGRU‐DOCmethods
in case of known and unknown disturbance events is given in
Table 3. In case of the scenarios S.2a and S.2b, the SSN method
achieves slightly better accuracies for known disturbance events
ηACC,K of about +1.6% compared to the GRU‐DOC method.
In case of the classification accuracies ηACC with additional
unknown classes, the SSNmethod significantly outperforms the
GRU‐DOC method of about +16%. The differences in case of
the F1‐scores ηF1 are a bit smaller with +6.3%. Similar results
can be seen for the scenarios S.3a and S.3b, where the SSN
method achieves +11.75% higher ηACC values and +4.6%
higher ηF1 values than that of the GRU‐DOC method.

In case of a high number of known and unknown distur-
bance classes (S4.a and S4.b), the SSN method still gives better

results compared to the GRU‐DOC method in most cases
(+11.2% higher ηACC values and +3.8% higher ηF1 values).

5 | CONCLUSION AND OUTLOOK

Siamese Sigmoid Network or SSN is presented in this study as a
new classification approach to detect known and unknown
disturbance events from multivariate PMU frequency and
voltage magnitude signals. Based on GRUs and additional
attention mechanisms, the method uses class‐dependent double
sigmoid functions with trainable margins to achieve an efficient
discrimination between multiple disturbance events in the grid
considering an open‐set classification regime. For a generic
power transmission system, the results show on pair perfor-
mance with state‐of‐the‐art triplet networks as well as that SSN
significantly outperforms traditional PMU disturbance classifi-
cation approaches. With additional unknown disturbance
events, considerable higher accuracies and F1‐scores can be
achieved compared with an existing open‐set classification
method for different class configurations. These results are
shown for a limited and full PMU observability of the grid.

In future work, the method should be evaluated for power
transmission benchmark datasets (e.g. IEEE‐39‐bus system) as
well as actual PMU measurements taking into account mea-
surement errors or data quality issues. Also, SSN should be
compared against other open‐set classifications and PMU
disturbance classification benchmark methods. Due to the Si-
amese model architecture and the discriminate training regime
in a binary setting, new disturbance events can be added to the
support set of the classification model without requiring a
completely new model training. This enables an adaptation of
the classification model for new disturbance events during the
model application and should be investigated in future exper-
iments. It should be noted that SSN can also be implemented
for other classifications or object recognition tasks, including
audio/speech or text signals.
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ACRONYMS AND NOMENCLATURE
Acronyms
BLPP base load power planet
DOC deep open classification
GRU gated recurrent unit
L, LL line, load loss
PMU phasor measurement unit
SC short‐circuit

F I GURE 1 3 Critical distance diagram for the closed‐set disturbance
classification using the test accuracy of known classes ηACC,K.

TABLE 3 Results with known and unknown disturbance events

Method Scenario ηACC,K ηACC ηF1

SSN S.2a 93.54 67.88 74.29

S.2b 93.80 69.58 73.85

S.3a 81.09 58.32 57.27

S.3b 84.56 62.50 60.64

S.4a 87.30 64.64 68.44

S.4b 90.11 69.60 72.51

GRU‐DOC S.2a 91.93 52.23 67.94

S.2b 92.24 53.18 67.57

S.3a 78.05 46.65 52.48

S.3b 81.04 50.68 56.20

S.4a 87.38 54.87 65.35

S.4b 89.10 57.00 68.09

Note: The bold values indicate the best performance results for the scenario.
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SNN siamese neural network
SPP steam power plant
SSFD strongest signal and fault detection
SSN Siamese sigmoid‐network
SVM support vector machine
Nomenclature
L loss
C actual disturbance class
C class configuration
d distance
dThr,neg negative threshold distance
dThr,pos positive threshold distance
f feature vector
K number of classes
M number of PMUs
m margin
p̂
B

binary probability vector
p̂Pos matching probability
p̂Neg non‐matching probability
S, Q support (S), query (Q) set
T number of time steps
X, XS, XQ input, support (S), query (Q) matrix
y, yB class label, binary class label (B)
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