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Abstract—This paper investigates a new application of Capsule
Neural Network (CapsNet), in combination with Constant-Q
Transform (CQT), for insulation fault signal detection in High
Voltage (HV) power plants. First, a mapping from insulation
fault time-series signals to time-frequency images is obtained
using the CQT, providing both time and frequency information.
Different ways of exploiting the resulting complex-valued CQT
are proposed; the CQT magnitude as a 1-channel image and
the real-imaginary values of the CQT as a 2-channel image.
This paper presents novel work in HV condition monitoring by
utilising the CQT and CapsNet methods. Feature extraction and
classification, from the produced CQT spectrum, is performed
by CapsNet and the Residual Neural Network (ResNet). A per-
formance comparison between both models, shows that CapsNet
outperforms the ResNet in terms of classification accuracy with
lower computation. The reduced computation and improved
classification accuracy proves ideal, for system implementation on
an edge embedded device incorporated in an Internet of Things
(IoT) arrangement.

I. INTRODUCTION

Condition monitoring is crucial to power generation, as the
High-Voltage (HV) and mechanical equipment used to carry
out power generation are prone to faults. When these faults
are incurred the fallout causes many unwanted issues, such
as; costly power outages of electrical network systems, safety
hazards, fines, and legal issues [1]. Condition monitoring not
only provides the ability to avoid these problems through
fault prevention, it also creates a more efficient maintenance
process by preventing over maintenance, this maximises busi-
ness profits when implemented. Electromagnetic Interference
(EMI) is a measurement used to detect Partial Discharge (PD)
in HV systems [2]. PD measurement and analysis methods are
commonly used for monitoring insulation deterioration in elec-
trical equipment [3], if such deteriorations are left uncorrected
they may cause system failures. The EMI fault diagnostic
process involves the measurement of the EMI signals which
undergo manual expert analysis to identify the presence of
faults in HV equipment [4], this method is carried out online
and does not require the HV system to be powered off. The
ability to use an Internet of Things (IoT) based, automated,
accurate, and continuous condition monitoring systems would
provide the highly beneficial outcomes of online precise and

early fault detection. Therefore, this research aims to create
an intelligent system, by utilising Artificial Intelligence (AI)
techniques, to be deployed on an edge embedded device within
an IoT system. The system would reduce dependence on staff
and have continuous online functionality while simultaneously
providing both HV condition monitoring experts and non-
experts the ability to confidently interpret the operational data.
The creation of this system consists of two sections; data pre-
processing and classification. The former consists of finding
the Constant-Q Transform (CQT) of the EMI signals using
methods found in [5], the produced CQT spectogram consists
of high-frequency resolution electrical discharge signals at
individual time steps. The latter consists of implementing a
Capsule Neural Network (CapsNet) architecture to classify
the collected EMI signals, there are 5 fault classes which are
prevalent in the EMI data. CapsNet was originally introduced
by [6], with their first implementations being used for the
handwritten digit detection and image reconstruction problem.
They showed not only the ability to perform better than the
state-of-the-art methods but also included the ability to recog-
nise and classify overlapping digits. Since their introduction,
CapsNet architectures have been used in several classification
problems [7] [8] which demonstrate that CapsNet outperforms
the state-of-the-art Deep Learning networks. The conclusions
drawn from the research exploring these architectures provide
a strong basis to explore further benefits of CapsNet in various
applications.

Previous work in HV condition monitoring with Deep
Learning systems has been carried out in [1] [9], which
employed Convolutional Neural Network (CNN) for fault
classification. Work carried out in [10] outlined the benefits
of approaching the HV condition monitoring problem with
an IoT based solution, using such an approach allowed for
interconnected sensors and monitoring equipment with real-
time analysis, allowing quick fault location detection and con-
tinuous monitoring of several sites. [11] Shows the dynamic
nature of an IoT approach showing that this approach in the
field can be designed to be extendable and versatile to be
updated with regards to the requirements. IoT based works
in the HV asset monitoring field have added more to the



automation of the condition monitoring task, allowing the pre-
viously discussed benefits of having a continuous monitoring
approach to be more feasible, showing that by combining
AI and IoT technologies, systems can be made to utilise
the most efficient approach benefiting the health and safety
of workers while also providing benefits for business. The
works mentioned have provided good arguments to explore
the use of AI in an IoT approach to HV condition monitoring.
The approach in this study provides a comparison between
the Residual Neural Network (ResNet) used in [9] and the
CapsNet approach, on the CQT images. With the system which
provides the most desirable results, the system with the highest
accuracy and lowest computation, being implemented on an
IoT embedded device. CapsNet attempts to improve upon
CNNs by replacing the max-pooling layer, which loses spatial
information, using dynamic routing and replacing the scalar
outputs of CNNs with vector output Capsules [6]. This study
explores the benefits produced by this alternative approach
in HV condition monitoring and finds that the novel approach
outperforms previously implemented methods in the field. Fig.
1 shows how the IoT system can be implemented, this study
will focus on the operations outlined inside the edge embedded
device.

Fig. 1: Overall System, Showing Data Collection from HV
Plants Edge Embedded Device Operations and IoT communi-
cation

The structure of the remainder of this paper is outlined
as follows: Section II- Introduces the CQT and explains its
derivation, Section III- Introduces and explains CapsNet and
their functions, Section IV- Provides a description of the
data and experimental methods, including the obtained results,
Section V- Discusses and concludes the proposed methods,
providing some insight to future work.

II. CONSTANT-Q TRANSFORM (CQT)

First, the notation is defined for scalars as lowercase and
uppercase, vectors as bold lowercase, and matrices as bold

uppercase. The CQT consists of a bank of filters that have
centre frequencies fk defined as:

fk = fmin × 2k/P (1)

where P is the number of filters per octave and k is the spectral
component of CQT. The frequency fmin must be chosen to
satisfy the Nyquist criteria [5]. The window length Mk varies
inversely with frequency and is calculated as:

Mk =
fs

∆fk
(2)

fs is the sampling frequency and ∆fk = fk(21/P − 1) is
the bandwidth. The ratio of the frequency to the bandwidth is
required to be a constant called the Q factor:

Q =
fk

∆fk
(3)

Based on these constraints, the CQT spectrum X for the kth

component of a signal x is calculated as:

Xk =
1

Mk

Mk−1∑
n=0

Ω(k,n)xn · e
−j2πQn
Mk (4)

Ω(k,n) represents the Hamming window [12] at the kth and
nth spectral and temporal components respectively.

The constant Q factor helps to achieve a time-frequency
spectogram with high-frequency resolution at low frequencies
and high temporal resolution at high frequencies. This property
is the main reason for CQT application to audio signals as it
better reflects the resolution in the human auditory system
[13]. EMI experts often analyse the measured signals by
listening to the audio version of the signals [14]. The CQT of
the electrical discharge signals at each time step produces a
complex 2D input for the CapsNet, this is used to provide a 2-
channel complex input and a 1-channel magnitude input, used
in the implementations outlined in IV. Fig. 2 illustrates the
example CQT output of two different insulation fault signals
used in this work, where the first CQT image shows the
magnitude, followed by the real then the imaginary parts of
the CQT.

III. CAPSULE NETWORKS

CapsNet algorithms are designed to be an alternative to tra-
ditional CNNs, they have shown to work well with classifica-
tion problems [15]. This performance enhancement is achieved
by providing the ability to communicate through layers while
holding information about spatial relationships between fea-
tures. Most CNNs attempt to reduce the spatial size of the
representations by pooling to decrease the computation of the
network however, this loses some valuable spatial information.
The loss in spatial information comes from pooling after the
convolutional layer. CapsNet attempts to overcome this loss
by implementing dynamic routing, the design is based on
human vision and its capability to ignore irrelevant details
[6] [16]. CapsNets differ from standard CNNs due to their
structure, in contrast to the latter their layers are divided into



Fig. 2: CQT Output (Spectrogram, Real and Imaginary Re-
spectively) of Micro-sparking (left) and PD (right) Signals

many groups of neurons which are called ‘Capsules’. The
Capsules carry out voting by outputting a vector that defines
the probability of a feature being present and its orientation,
votes are accounted for and are used to decide on feature
presence. The routing process in CapsNet provides many
benefits, as it allows communication and agreement between
Capsules, and is crucial to its performance. Tying Section
II with this section, the overall implementation is illustrated
in Fig. 3, which will analyse multiple EMI signal types that
will be described in Section IV. The building components of
CapsNet are described in detail as follows.

A. Convolution

Convolutional layers are used to extract a feature map
from an input image. Equation (5) shows the properties of
a convolutional layer, X representing the input CQT image,
K being the filter of size x1 × x2 and letting L and N
to be the length and width of the image respectively, these
values were fixed at L = 84 and N = 8 as they pro-
vided the best computation and accuracy trade-off. Where
r = 0, 1, ....., N −1, z = 0, 1, ....., L−1. After the addition of
the bias q, the layer outputs are created to be non-linear, this
is achieved by using an activation function f

(
·
)
. The input

information may also consist of more than a single channel

(C ≥ 1), C represents the number of channels in the input
data.

(X ∗K)m,n = f
( x1−1∑

m=0

x2−1∑
n=0

C∑
h=1

X(m+r,n+z,h)K(m,n,h) + q
)

(5)

The CapsNet architecture described in this paper was proposed
in [6]. It consists of two convolutional layers; 1) Conv2D 1
layer is used to convert the original channel pixel intensities to
activity values for local feature detectors, the result is then the
input of ‘Primary Caps’ which is the first Capsule layer. With
activation function ReLU: f

(
·
)

= max (0, x), 2) Conv2D 2
layer found in all Capsule layers, with activation function
Linear: f

(
·
)

= x.

B. Capsule input and output vectors

The total input of the Capsule sb, input s of Capsule b in the
next layer1, is calculated using (7) by finding the weighted sum
of all prediction vectors ûb|a, which are computed using the
Capsule outputs of the previous layer ua and a transformation
matrix Wab, as shown in (6).

ûb|a = Wabua (6)

sb =
∑
a

cabûb|a (7)

All of the produced prediction vectors are multiplied by
a corresponding coupling co-efficient cab, the sum of the
resultant vectors gives the total input to the next Capsule layer.
The coupling co-efficients are produced by ‘dynamic routing’
[6]. The coupling co-efficients between layer a and b sum to
1 and are found through a ‘routing softmax’ with initial logits
gab, equivalent to the log prior probabilities that Capsule a
should be coupled to Capsule b, this relationship is shown in
(8). This can be learned concurrently with the learning of the
various weights, the log priors (gab) are solely dependant on
the type and location of both Capsules in layer a and b, with
d being the class Capsule of the feature.

cab =
exp (gab)∑
d exp (gad)

(8)

The original coupling co-efficients are redefined per iteration,
this is carried out by measuring the agreement between the
current output vb and the prediction vectors ûb|a. This agree-
ment is the corresponding scalar product of vb and ûb|a, this
value is treated as a log likelihood and is subsequently added
to the initial logit gab, outlined in (9). Producing new values
for the coupling co-efficients connecting a Capsule in layer a
to layer b.

gab ←− gab + ûb|a · vb (9)

1When discussing Capsule layers, a and b will be used to represent a
Capsule in the present Capsule layer and a Capsule in the ensuing Capsule
layer respectively.



Fig. 3: CapsNet Architecture, Based on 1 Channel CQT Input

Capsules attempt to represent the probability of their fea-
tures being present in input data by producing a vector, with
magnitude 0→ 1. Vectors with a magnitude close to the value
1 correspond to Capsules which occur with high probability
in the input and those with a value close to 0 correspond to
Capsules which do not occur in the input. In order to meet this
criterion a ‘Squash’ operation is calculated on sb, to obtain
the output vector vb of Capsule b as shown in (10). Fig. 4
shows the relationship between input and output vectors and
the procedures to compute them.

vb =
‖sb‖2

1 + ‖sb‖2
sb
‖sb‖

(10)

Fig. 4: Vector Input and Output Diagram, Showing Routing
and Weighted Summation

C. Dynamic routing

Routing is one of the main contributors to the perfor-
mance boost provided by CapsNet, it allows Capsule layers
to communicate. Capsules in layers a are given the ability
to communicate with layers b, this is done by routing by
agreement and in this paper the used algorithm is ‘dynamic
routing’ [6] illustrated in procedure 1. The algorithm decides
how to carry out this communication by changing the scalar
weight cab which multiplies the output vector from the lower
Capsule layer, producing the input to the higher level layer.
The weight cab has several important properties; each weight
applied is non-negative, the sum of all low-level Capsule
weights is equal to 1, the number of weights is equal to the
number of higher level Capsules and the weights are updated
at every iteration of dynamic routing.

Procedure 1 Dynamic Routing

1: procedure ROUTING(ûb|a, r, l)
2: for all Capsule a in layer l and Capsule b in layer
l + 1 : gab ← 0

3: for r iterations do
4: for all Capsule a in layer l: ca ← softmax(ga)
. (8) computes the softmax

5: for all Capsule b in layer (l+1): sb ←
∑

a cabûb|a
6: for all Capsule b in layer (l+1): vb ← squash(sb)
7: for all Capsule a in layer l and Capsule b in layer

(l + 1): gab ← gab + ûb|a.vb
return vb

D. CapsNet loss

During training the total loss value is computed as:

loss =

D∑
d=1

td max(0, p+ − ‖vd‖)2

+ λ(1− td) max(0, ‖vd‖ − p−)2 (11)

where D is the total number of classes, λ is a constant used to
produce numerical stability and is set to λ = 0.5 along with
p+ = 0.9 and p− = 0.1 for the experiments in this paper,
as recommended in [6]. The true label td is equal to 1 when
an instance of class d is present and it is equal to 0 when the
class is not present. The λ value is used as a down-weighting to
avoid initial learning from shrinking the lengths of the activity
vectors of all the class Capsules [6].

IV. EXPERIMENTAL SET-UP

A. The dataset

The data used in this work were collected from real-
world assets including generators, isolated phase bus, feed
pumps, and transformers, operating at HV power plants. The
data measurement was designed to gather information on
potential insulation and mechanical faults occurring within
assets to address the problem and allow trending for future
decisions. The data are in form of time-resolved signals that
were measured using the EMI technique [17], which follows



TABLE I: Structure of the ResNet Model

Layer Kernel Depth Stride Operation
1 7x7 32 2 Conv
2 3x3 - 1 MaxPool
3 3x3 32 1 Residual Block x 2
4 3x3 64 1 Residual Block x 2
5 3x3 128 1 Residual Block x 2
6 3x3 256 1 Residual Block x 2
7 Average Pool, Fully Connected, SoftMax

the Comite International Special des Perturbations Radioelec-
triques (CISPR)16 standard [18], to measure the radiated or
conducted EMI through high-frequency current transformer.
The signals are sampled at a rate of 24000 samples per second
and are analysed and labelled by an EMI expert to identify
the type of occurring fault [19]. Labels are assigned, by
EMI experts, to each signal providing four different insulation
faults called arcing, corona, PD, and micro-sparking, and four
non-fault measurement events such as process and random
noise, data modulation, etc. The latter were grouped under
one category as ‘non-significant’. This provides a total of
five categories to classify. The total number of arcing signals
is 546, corona: 59, PD: 5057, micro-sparking: 433, and the
remaining ”non-significant” category contains 1873 signals.

B. Fault classification using CapsNet

The CQT of the collected EMI signals is used to obtain the
time-frequency spectogram, which results in a 2D complex
entity. Therefore, the authors propose two ways of exploiting
the CQT spectogram. The first is to obtain the magnitude
of the complex entity which results in a L × N image.
However, this method discards phase-related information. The
second approach is to exploit both the magnitude and phase
information by separating the values of the real and imaginary
parts providing a 2 channel image of dimension L×N×2. The
CapsNet model described in the previous section is used as a
classifier for the EMI data, taking as its input the magnitude or
the complex CQT. The performance of these two methods are
compared along with a ResNet-18 version of implementation
[20]. Here, four implementations are compared:

1) |X| input for CapsNet (1 channel).
2) X input for CapsNet (2 channel).
3) |X| input for ResNet-18 (1 channel).
4) X input for ResNet-18 (2 channel).

The employed CapsNet architecture is illustrated in Fig. 3 and
a ResNet-18 architecture is provided in Table I. All models
were implemented using Tensorflow [21] and Keras [22] as
multi-class classifiers, where binary cross-entropy loss was
used for ResNet and the margin loss described in 11 was used
for the CapsNet. Adam optimiser was used for both networks
over 100 epochs however, it was observed that the training
loss did not improve after 50 epochs for CapsNet. The data
presented in Section IV-A was split into (70, 15, 15)% for
training, validation, and testing respectively. The training data
was unbalanced, therefore automatic class weighting was set

TABLE II: Performance Comparison of CapsNet (1 & 2) and
ResNet (3 & 4). Best Performance is Presented in Bold Font.

Implementation Test accuracy % Training time Total # params
1 97.4 40min48sec 2,231,040
2 96.8 40min50sec 2,233,344
3 96.6 9h13min15sec 2,801,157
4 93.14 9h40min14sec 2,801,445

in Keras training. The proposed algorithms were trained and
tested using an RTX 2080 Ti Graphics Processing Unit.

System performance is evaluated in terms of classification
accuracy (acc) of the test data, defined as:

acc =
1

H

H∑
i=1

A
(
ŷi = yi

)
(12)

A
(
ŷi = yi

)
=

{
1 ŷi = yi

0 otherwise
(12a)

where H is equal to the number of testing samples, ŷ is the
prediction output vector and y is the ground truth label vector
for all samples. In order to assess the computation performance
of the networks, the training time and the total number of
parameters per network are calculated. Each model training
used the same computation resources (one GPU) under the
same conditions.

C. Results

The classification accuracy, training time and the total
number of parameters are presented in Table II for the im-
plementations discussed in Section IV-B. It is observed that
CapsNet outperforms the 18-layer ResNet in the classification
task for a lower training time, although the number of total
parameters is closely similar for both networks. The number
of parameters is highest in the CapsNet dynamic routing step,
as the Capsule inputs in the next Capsule layer are calculated
through a transformation weight matrix on the output of the
Capsule observed in the current Capsule layer (see (6) and
algorithm 1). Since the log priors and weights during routing
are updated in parallel, this brings a computation time benefit
over ResNet. The routing is performed through 3 iterations
and the CapsNet architecture is very shallow compared to the
ResNet-18. The latter performs the forward pass and back-
propagation in series which reduces training time, especially
if the network architecture is deeper. The system with the
greatest accuracy and lowest computation is chosen to be
implemented on the embedded edge device in an IoT system,
shown in Fig. 5, to monitor HV equipment conditions.

V. CONCLUSION

Insulation fault signal classification was performed using the
CQT combined with CapsNet. The network achieved higher
classification accuracy than the ResNet at lower computation
time. It was demonstrated that the parallel weights and prior
logs update during CapsNet training improve the training time.



Fig. 5: IoT-Based HV Equipment Monitoring System

The high classification accuracy and lower computation of
CapsNet proves it to be a feasible algorithm to be implemented
in real-world applications, such as an edge embedded device in
a IoT system used for machine health diagnostics in the power
industry. Future research should investigate the inference time
difference between both networks, in a hardware platform.
Further studies could be conducted to implement the complex
CQT with a complex-valued CapsNet [23], and explore the
application of CapsNet to alternative forms of data for power
system condition monitoring.
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