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Abstract: The idea of Ubiquitous Power Internet of Things (UPIoTs) accelerates the development of
intelligent monitoring and diagnostic technologies. In this paper, a diagnostic method suitable for
power equipment in an interference environment was proposed based on the deep Convolutional
Neural Network (CNN): MobileNet-V2 and Digital Image Processing (DIP) methods to conduct fault
identification process: including fault type classification and fault localization. A data visualization
theory was put forward in this paper, which was applied in frequency response (FR) curves of
transformer to obtain dataset. After the image augmentation process, the dataset was input into the
deep CNN: MobileNet-V2 for training procedures. Then a spatial-probabilistic mapping relationship
was established based on traditional Frequency Response Analysis (FRA) fault diagnostic method.
Each image in the dataset was compared with the fingerprint values to get traditional diagnosing
results. Next, the anti-interference abilities of the proposed CNN-DIP method were compared with
that of the traditional one while the magnitude of the interference gradually increased. Finally, the
fault tolerance of the proposed method was verified by further analyzing the deviations between the
wrong diagnosing results with the corresponding actual labels. Experimental results showed that the
proposed deep visual identification (CNN-DIP) method has a higher diagnosing accuracy, a stronger
anti-interference ability and a better fault tolerance.

Keywords: Convolutional Neural Network (CNN); MobileNet-V2; fault localization; interference;
Frequency Response Analysis (FRA); diagnosis; power transformer

1. Introduction

With the advancement of intelligent power equipment and Ubiquitous Power Internet of Things
(UPIoT), it is urgent to study an accurate, intelligent, and adaptive fault diagnosing method suitable
for the interference environment [1]. The power transformer is an indispensable and vital part in a
power system, meanwhile, it is so fragile that numerous factors may lead to breakdown [2,3]. Research
on its health management is very important [4].

Previous studies proposed many useful transformer condition assessment techniques [5], among
which, Frequency Response Analysis (FRA) has received a great attention since there are many
advantages: It is a non-intrusive test and very sensitive, even slight, deformations could be displayed
on the response curves [6]. Research of transformer FRA diagnosing methods in recent years has
mainly focused on how to find a reliable algorithm to interpret the transformer status [7] by extracting
frequency response (FR) features of different kinds of faults [8,9]. Research on FRA compared in [10]
were divided into two categories: the first aspect focuses on transformer model simulations [7,11],
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including research on 2D [12] and 3D models [13] or equivalent circuit for transformers [14]. Works
in [15] proposed an artificial bee colony search algorithm to accurately represent the circuit parameters
of transformer windings. In [16], data acquired from measurements to deduce the design parameters
of single-phase distribution transformers was used, and then [17] further study of the parameter
estimation methods to achieve higher accuracies was done; and the second aspect is the researches on
diagnosing algorithms dealing with measured response data [18], which includes various statistical
indicators such as cross-correlation coefficient [19], extreme points [20], etc. For example, [20] used
M-sequence to describe the coefficients, poles, and zeros of transfer function, which were used for
diagnosis. These methods belong to the traditional research for FRA. They can obtain transformer
winding models and testing results, which provide theoretical supports for exploring the law of faults.
Traditional diagnosing methods could be helpful, but they are not intelligent enough and less adaptable
during the diagnosing procedures, because their criteria are limited to a certain transformer and call
for experienced personnel [21].

Researchers are also discovering more intelligent methods. Lots of trained algorithms were
adopted to identify faults in transformers, such as Probabilistic Neural Network (PNN) [22], Artificial
Neural Network [23] and Digital Image Processing (DIP) methods [24–26]. Trained networks have
shown effects during fault diagnosing processes, but their feature extraction abilities are still not
good enough to achieve high accuracies and can only address one specific issue [27]. Digital image
processing (DIP) methods could help standardize, automate, and enhance the fault interpretation
process [25]. In recent years, it has gradually attracted the attention of researchers. At present,
researchers who considered FRA diagnosing theories based on graphical representations mainly
include: Abu-Siada Ahmed [24,28,29], Zhongyong Zhao [21,30,31], and Aljohani Omar, [25,26,32].
Research in [30] combined a graph theory method (binary morphology) and extreme point extractions
to obtain diagnostic features of FRA. Graph theory methods are effective to cope with massive data [7]:
image processing methods adopted in [33] were used to locate transformer radial deformations, and
in [26] DIP were adopted to combine the magnitude with phase plots of the measured FRA signature
into one polar plot. Therefore, more features could be extracted, and the diagnosing results could be
more accurate. These DIP methods are relatively effective but the adaptabilities of these computation
processes are still not good. They could be considered as a combination of traditional diagnostic
methods + DIP. Researchers have not combined intelligent methods with DIP yet. Although some
researchers used shallow neural networks or optimization algorithms in Artificial Intelligence (AI) to
diagnose FR curves, they still needed to establish a set of rules for a specific dataset to find the regular
patterns. This procedure requires complicate tests and analyses of the devices to be diagnosed.

In general, current diagnostic methods still have the following problems:

(1) Existing diagnostic methods (traditional/AI or traditional + DIP) have poor applicability, they are
difficult to form uniform rules. They need to design diagnostic rules and methods according to the
equipment to be diagnosed [34]. Latest researches focused on the optimization of diagnostic rules
through intelligent algorithms [35]. But researchers have rarely combined intelligent methods
with DIP yet. Besides, even the intelligent methods are not adaptable.

(2) The background interferences are not taken into considerations. For offline FRA, after obtaining
the response curves, they need to be transmitted to an equipment with fault diagnostic algorithms
installed whether it is based on traditional methods, intelligent algorithms or the proposed
deep learning DIP processes. In addition, with the advancement of UPIoT, there have been
studies on online FRA in recent years [14]. In that case, the obtained data needs to be sent
directly to the cloud computation platforms for fault diagnosis. Whether in the case of offline or
online, the data set needs to be transmitted wirelessly or by wires before the diagnosis process.
Therefore, Researches on fault diagnosis of power equipment need to take background noises
into account [36,37]. Harsh interference would impose a significant impact on the quality and
reliability of data [38]. In recent years, Research on improving anti-interference performance
has made some progress [39]: for example, the noise reduction method [40], calculation of
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interference intensities [41,42] and noise reduction algorithms, such as the adaptive stochastic
resonance filter [43] and Hilbert time-time (IHTT) transformations [44]. But they are unavailable
for transformer FRA procedures because there exist only slight differences between the FR curves.
Fault characteristics would be overwhelmed during the de-noising processes. Besides, power
equipment such as transformers are in a high voltage, strong magnetic field environment, which
tend to generate relatively large environmental white noises. For these reasons, traditional FRA
diagnostic methods are difficult to put into applications: it is easy for the traditional diagnostic
methods to be submerged under noise and go out of order.

(3) Although there are lots of guidelines and articles to implement FRA, only in recent years a few of
them studied its localization methods [45,46]. It is necessary to provide positioning information
of the faults for further intelligent diagnosing systems. An effective fault localization method
is by comparing the tested FRA signatures of different winding sections with the fingerprint
curves: larger variation (longer distance) means that there is lower possibility for fault winding
in this area [46,47]. This idea was also used in the localization studies of partial discharge [48].
Works in [49] deduced the relationships between ladder network components and FR function,
obtaining the features at different nodes, so that fault location can be acquired. And there’s another
type of FRA localization method: by deliberately setting internal faults and then investigating
the influence of various fault locations to the FR curves [50]. The studies are belonging to the
traditional + localization methods, however, which require specific rules or inferences for different
transformers [51]. Fault localization via graphical method could standardize and visualize
diagnostic process, and reduce the interferences [52], which aroused attentions in recent two years.
The concept ‘fault identification’ includes both fault type classification and fault localization. The
current localization researches are based on statistical indicators, which are not intelligent enough
and have poor adaptability [53].

In addition, the fault diagnostic information has not been made full use in existing researches.
When the diagnosing result does not equal to the actual condition, it is necessary to excavate the
useful information.

In order to solve the problems (1)–(3) above, this paper proposed an intelligent fault diagnosing
and localization method for transformer FRA based on deep learning + DIP. A data visualization theory
and a deep learning method based on MobileNet-V2 were introduced to deal with fault identification
problems: including fault type classification and fault localization. Compared with previous researches,
proposed CNN-DIP method could standardize and facilitate the diagnosing process while achieving
higher accuracies because the deep CNN could extract fine features automatically. Furthermore, this
paper compared the anti-interference abilities of the proposed CNN-DIP method with the traditional
method. Deeper information of diagnosing results was analyzed so that even the wrong diagnosing
results could provide valuable information.

The rest of this paper are organized as follows: Section 2 introduced the proposed deep visual
identification (CNN-DIP) method and basic concepts. Section 3 conducted the experiments and
analyses to compare different methods. Finally, conclusions were given in Section 4.

2. Deep Visual Identification Method

The structure of the proposed deep visual identification (CNN-DIP) method is shown in Figure 1.



Sensors 2019, 19, 4153 4 of 19

Sensors 2019, 19, x FOR PEER REVIEW  4 of 20 

 

 

Figure 1. Graphical Abstract. The proposed deep visual identification (CNN‐DIP) method includes 

the first two steps. And the third step conducts the anti‐interference and fault tolerance analysis. FRA 

= Frequency Response Analysis; SNR = Signal‐to‐Noise Ratio. 

2.1. Acquisition of Transformer FRA Graphical Dataset 

The transformer of this paper was based on a customized winding, which is convenient for FRA 

and other fault diagnostic researches. It has 36 cakes, with 10 turns of continuous windings for a cake. 

It is suitable for the transformer which capacity is 100 kVA, the rated voltage of high voltage side is 

10 kV (current is 10 A), and the rated voltage of the low voltage side is 0.35 kV (current is 285.7 A). 

The winding parameters have been listed in detail in Table A1.   

The  specific  procedures  for  obtaining  ‘transformer  FRA  testing  dataset’  mentioned  in  the 

graphical abstract are shown in Figure 2.   

Figure 1. Graphical Abstract. The proposed deep visual identification (CNN-DIP) method includes
the first two steps. And the third step conducts the anti-interference and fault tolerance analysis.
FRA = Frequency Response Analysis; SNR = Signal-to-Noise Ratio.

2.1. Acquisition of Transformer FRA Graphical Dataset

The transformer of this paper was based on a customized winding, which is convenient for FRA
and other fault diagnostic researches. It has 36 cakes, with 10 turns of continuous windings for a cake.
It is suitable for the transformer which capacity is 100 kVA, the rated voltage of high voltage side is
10 kV (current is 10 A), and the rated voltage of the low voltage side is 0.35 kV (current is 285.7 A). The
winding parameters have been listed in detail in Table A1.

The specific procedures for obtaining ‘transformer FRA testing dataset’ mentioned in the graphical
abstract are shown in Figure 2.

The structures and material characteristics of the windings must be considered in simulation
model. And the winding disc is composed of flat Aluminum wire wrapped by insulation paper and
the structural support of the winding is composed of stay and resilient pads. The structures of the
winding and relative dielectric constants of the insulation materials are shown in Table A1.

The multi-FRA image in Figure 2 was obtained by constructing an equivalent circuit model through
MATLAB programs. First, according to the structural parameters of the transformer to be diagnosed,
the 3D model in Figure 2 was established, and the winding parameters were calculated. Then the
parameters were substituted into the equivalent circuit of transformer windings [12]. High-order
mutual inductances are tiny, and they are usually omitted [19]. The training dataset was formed by
combining the FR curves from different regions of the winding. At last, loops in programs were set to
automatically get a large number of data sets.

Finite element simulations were performed using the COMSOL Multiphysics simulation software.
After the transformer winding model being established, the corresponding materials were set. Electrical
parameters of the windings were calculated, including: the ground capacitance Cg; the disc to disc
capacitance Cs between the neighboring winding cakes; the self-inductance Ls of each wire cake of
the winding; the mutual inductance Mi(i+1) and Mi(i+2) between the cakes; the resistance R of each
cake of the winding and Rs, Rg the resistances in parallel with the series and ground capacitances,
respectively. When calculating parameters, assuming that no faults have occurred at first. Use 1 cake
in the 3D model to calculate the resistance R and self-inductance Ls. Use 2 cakes to calculate the mutual
inductance Mi(i+1) and capacitance Cs. Use the iron core and a cake to calculate the capacitance to
ground Cg. Take 3 cakes to calculate the second order mutual inductance Mi(i+2) (such as M13). The
values of insulation resistance of transformer windings (Rs, or Rg) are large (more than 1 MΩ) and
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nearly have no effects on FR characteristics. Therefore, they were set as a large value (Rs = 15 MΩ or
Rg = 70 MΩ [12]) in the paper.
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Figure 2. The dataset acquisition procedures, including winding area divisions, transformer modeling,
parameter calculations of equivalent circuit; obtaining the frequency response (FR) curves and
performing graphical representations.

The winding part (including all the entities, such as bond terminal, the pad, etc.) was divided into
fine meshes during the 3D simulation, the smallest unit of which is 20 mm; the air part is automatically
split. There exists a total of 48138 units with an average unit mass of 0.5267.

The major parameters obtained by solving the 3D models are shown in Table 1.
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Table 1. Calculated winding electrical parameters.

Ground
Capacitance Cg

Disc-to-disc
Capacitance Cs

Self-Inductance
Ls

Mutual Inductance
Resistance R

Mi(i + 1) Mi(i + 2)

30.05 pF 582.98 pF 0.101 mH 0.079 mH 0.053 mH 261 mΩ

In order to obtain the FR curve, an integrated transformer winding circuit model considering
mutual inductances and capacitances was established. Parameters of the same components in each
winding section are equal to each other. The input voltage signal U1 of the port was set as the
swept-frequency signal, and the output current signal of the other port was measured as Uout so that
the FR curve of the winding could be obtained, as shown in Equation (1):

L = 20lg

∣∣∣Uout( f )
∣∣∣∣∣∣U1( f )
∣∣∣ =

{
L( f )

}
(1)

where L is the transfer function, f is the testing frequency, U1 is the input voltage signal, and Uout is the
output voltage signal. If there is more than one detection point, the response curve of the detection
point k is marked as Lk, and the transfer functions acquired by all the detection points are combined
into an FR matrix L:

L =


L1
...

Lk

 (2)

In this paper, the transformer shown in Figure 2 is evenly divided into seven detection areas, and
the detection areas: i = 1, 2, . . . , N, (N = 7). The detection points are located at the end terminal of
each area.

2.2. Fault Localization Based on CNN or Space Relationship

We extracted the features of different FR curves in this section, while fault location varies. Because,
under the harsh interference environment of transformers, subtle changes of FR curves may be
submerged, it is necessary to carry out the study of a more profound and intelligent diagnostic method,
which is less to be affected by the interferences.

2.2.1. Basic Theories of MobileNet-V2 and the CNN-DIP Method

This section gives a brief idea about MobileNet-V2 architecture. The basic structure: ‘blocks’ of
the network are shown in Figure 3a.

The network architecture of MobileNet-V2 could operate under the condition without too
much calculation processing resources with higher diagnosis accuracy [54]. The bottleneck layer of
this network has an extension which includes the inverted residual connections [55]. This model
extends the concept of Width Multipliers introduced in MobileNet-V1, which proposed Depth-wise
Separable Convolutions [56]. Depth-Wise convolutions (in Figure 3b) and point wise convolutions (in
Figure 3c) replaced the Standard convolution filters (Figure 3d). MobileNet-V2 mainly proposed two
innovative improvements:

Inverted residuals: An 1×1 convolutional layer served as ‘expanded’ layer is added before the
Depth-Wise Convolution process, with the aim to increase the number of channels and to obtain
more features;

Linear bottlenecks: What is adopted finally is not layer Relu, but layer Linear, the aim of which is
to prevent Relu from damaging features. This is because for negative input, output of Relu is zero; and
its original features have been ‘compressed’, some of which would get ‘lost’ if repassing Relu.
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Figure 3a are two types of connecting structure blocks of the network. Aiming at stride = 1
and stride = 2, the block structure varies slightly, mainly to match the dimensions of shortcut: when
stride = 2, shortcut is not adopted.

Replacing the last layer of this network with learnable weights, a fully connected layer (FL)
for this network), with a new FL with the same outputs number equal to the number of classes
for diagnostic dataset. Then, the proposed CNN-DIP method in this paper only needs to input the
training or validation dataset obtained according to Figure 2 into the network for training and the
validation processes.
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2.2.2. Spatial-probabilistic Mapping Relationship Based on Traditional Method

Traditional FRA fault diagnosis method is to compare the FRA test curves of the transformer to
be diagnosed with the previous standard curve (the fingerprint) [57]. However, existing researches
based on this method basically only judge whether there exists a fault. In this section, we improved
the traditional method by comparing the peak features so as to obtain fault locations.

For each monitoring node, its FR is defined as formula (1). Find the peaks of each monitoring
node, i.e., the extreme values of each row in matrix L. Define the feature vector Lfeature as:

L f eature =
{

peak(L)
∣∣∣
keep extreme values

}
(3)
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Therefore, the response feature matrix was deduced as:

L f eature =


L1_ f eature

...
Lk_ f eature

 (4)

The Lfingerprint denoted the fingerprint results for each diagnosing point (in standard, normal
conditions), and Lk_feature represents the results of the k-th measurement point, which is on the other
terminal of the winding. Li_feature and Li_fingerprint represent the information of the i-th point, respectively.
The deviations between Lfeature and the fingerprint matrix Lfingerprint were calculated to localize faults by
a spatial-probabilistic mapping relationship. Therefore, the relevant fault localization probabilities are:

Pi =
1

ρ

√
N∑

i=1

∣∣∣Lk_ f eature − Lk_ f ingerprint

∣∣∣ρ (5)

where the parameter N represents the maximum number of features, which equals to the total number
of areas. The i-th area of the winding was represented by i. Therefore, Pi represents the relative
possibilities indicating that the i-th node is on a fault condition. ρ is a variable parameter: when ρ = 1,
formula (5) is based on the Manhattan distance, when ρ = 2, the Euclidean distance, and when ρ→∞,
Chebyshev distance. These distances are defined as Minkowski Distance. According to simulation and
comparisons, ρ = 2 achieved the best performance in this paper.

The algorithm described in (5) directly assigned the differences to the support of faults. If there
exist more than one measurement point, they are more sensitive and effective for nearer faults. A more
accurate possibility allocating algorithm was proposed by introducing the impact index δ, shown in
formula (6).

Pi±δ|δ=1,2,··· ,∆ =
1

1 + δ
1

ρ

√
N∑

i=1

∣∣∣Li_ f eature − Li_ f ingerprint

∣∣∣ρ (6)

where the impact index δ is determined by the deviations between the measurement and fingerprint
data, and the maximum value ∆ of the impact index δ is calculated by formula (7). This means that
while the deviations increased, the fault possibilities on this area would be smaller, and the distribution
of possibilities would be more scattered.

∆= INT

 ρ

√√√ N∑
i=1

∣∣∣Li_ f eature − Li_ f ingerprint

∣∣∣ρ
 (7)

where ‘INT( )’ represents the rounding operation. And if δ ≥ N, let δ = N.
Finally, the relative possibility index Pi was normalized to obtain the fault support index Pi

’

through formula (8):

Pi
′ =

Pi
N∑

i=1
Pi

(8)

2.3. Data Visualization Theory

Lots forms of dataset could be easily mapped into 2D or 3D coordinates and converted into images
through simple transformations (gray images for 2D datasets and colorful images for 3D). The specific
data visualization processes and their classifications are shown in Table 2.
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Table 2. Monitoring data visualization method.

Type of Data Example of Data Visualization Process Samples

Monitoring image No conversion required.
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The monitoring information was processed and extracted by means of digital image processing
(DIP). Denote the monitoring fault types as j and fault areas as i, then they were combined and written
as ‘ji’, and the corresponding label is Hγ. The label of the normal state is ‘00’, i.e., Hγ = {00, 11, 12,
..., ji}, γ = 1, 2, ..., l, and l is the total number of labels. According to Table 2, the type of FRA data is
‘waveform data’. As the fault locations changed, the complete (while k = 1, 2, . . . , N) FR matrices L
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Figure 4. Feature map of transformer FRs while fault and monitoring locations vary, where the Z axis
represents the normalized value, which is 20*log(the amplitude/the average value in normal state).

It could be observed from Figure 4 that there is a positive correlation between the locations of
measurement points and the fault winding sections. This phenomenon was clearly illustrated in
Figure 4. Figure 4 combined four-dimensional information of FRA testing results: the magnitudes
of resonances, frequencies, location of different monitoring nodes, and the location of different
deterioration areas. The brighter part of each surface showed that there might exist a fault because the
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transfer functions near this frequency range is abnormal, and response signals here decay strongly
faster than its surrounding areas. This significant characteristic can be utilized to extract deep features
through the visual identification methods.

3. Model Test and Results

Testing procedures in our work comprised three major parts. First, fault localization and
diagnosing results based on deep visual identifications (CNN-DIP) or spatial probabilistic mapping
relationships were obtained. And their diagnosing results were compared and analyzed while no
interference existed. Then, as the noises continued to increase, the fault diagnosis and positioning
effects of different methods were tested, and their capacities to resist interference were analyzed.
Finally, fault tolerance of these methods was tested.

In this paper, three fault types were set: the change of disc to disc capacitance Cs, the change of
self-inductance Ls, and the change of ground capacitance Cg. It should be noted that these variations
do not completely correspond to a certain type of fault. For example, the change in the disc to disc
capacitance Cs between the cakes may be caused by a change in the distance between discs or by the
winding deformations. In fact, the fault types could also be set as the gaps between cakes, the winding
deformations, etc.

3.1. Fault Identification Results without Considering Noises

3.1.1. Traditional Spatial-Probabilistic Model

The accuracies of the fault localizations were obtained via formula (6) and (8). First, in cases
without interferences, 1000 times of random simulation tests in total were conducted. The fault types
diagnosing accuracy was 74.0% and the accuracy of fault location is 83.4%. So, the total accuracy of
fault recognition is 61.7%, as shown in the first column in Figure 5.Sensors 2019, 19, x FOR PEER REVIEW  11 of 20 
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3.1.2. Deep Visual Identification via MobileNet-V2

The FR curves were transformed into images, as shown in Figure 2. After the image augmentation
process and the change of FL layers, they were input into the MobileNet-V2 for fault identification.
Specific categories and quantities of the dataset were shown in Table 3. The samples (00) in the first
row indicate the normal situations, and the remaining rows correspond to the three fault types for each
fault location. The number of samples for different fault types is the same, so it is three times the first
row. The dataset for fault identification based on MobileNet-V2 totally contained 5500 images each
time (for each Signal-to-Noise Ratio (SNR)), among which 80% were for training and 20% for testing.

The training and verification process of MobileNet-V2 model using the graphical dataset are
shown in Figure 6a.
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Table 3. Fault diagnosing dataset of transformers.

Labels Dataset Color Adjustment Rotate Crop Noises Sum

00 10 60 80 50 50 250
11/21/31 30 180 240 150 150 750
12/22/32 30 180 240 150 150 750
13/23/33 30 180 240 150 150 750
14/24/34 30 180 240 150 150 750
15/25/35 30 180 240 150 150 750
16/26/36 30 180 240 150 150 750
17/27/37 30 180 240 150 150 750

Total 220 1320 1760 1100 1100 5500

It can be seen from Figure 6a that the fault identification accuracy reached 91.67%, and the network
training process had a short rising period and could complete the training progress quickly. Since the
transformer windings actually includes dozens or even hundreds of discs, it is difficult to achieve
precise fault localization for each certain disc. Therefore, this paper studied the localization areas based
on the division of regions. When there is a fault disc, the parameters of its area would be abnormal. If
a more accurate localization result of the windings is necessary, the number of divided regions could
be increased, and accordingly the training dataset must also be increased.

Other training processes in Figure 6 are the cases after adding the interference, which would be
discussed in detail in the next Section.

3.2. Anti-Interference Analysis

In this section, the anti-interference abilities of transformer FRA diagnostic procedures based
on traditional methods or deep visual identification methods (CNN-DIP) were considered. Their
localization accuracies were tested and analyzed. Gauss White Noises were used in this paper to
represent background interferences.

Random noises characterize the additive interference signals generated by the strong magnetic
field on monitoring environments. In this paper, in convenience of description, the amplitude ratio
(signal-to-noise) is marked as the Signal-to-Noise Ratio: SNR.

For the measurement response matrix L f eature in formula (4), randomly additive noises with an
average absolute value of SNR are included.

Ltrans f er = L f eature + n(t) (9)

where Ltransfer indicates the data transported from measurement sensors to the computer or a
computation cloud, where fault diagnosis procedures are conducted. n(t) is a matrix with the
same size as Ltransfer. It contains the Gauss White Noises indicating the background interferences. This
type of noise is added to the primitive monitoring information: L f eature.

3.2.1. Traditional Spatial-Probabilistic Model

As the interference increasing continuously, the deviations of the fault diagnosing and localization
accuracies by the traditional method are shown in Figure 5. It can be seen that with the interference
increasing (increase of SNR), the diagnostic accuracies decreased sharply. When SNR raised to 0.2, the
diagnosing result (11.9%) almost reached the minimum value. So, the traditional method has poor
anti-interference abilities.

3.2.2. Proposed CNN-DIP Method

The fault identification accuracies (including fault-type diagnosis and fault location) when the
interference increased (SNR increased) were calculated by the proposed CNN-DIP method. The
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training processes of various interferences are shown in Figure 6b–d, which represent the cases when
SNR = 0.1, 0.3, and 0.5, respectively. For the convenience of observing, the fault identification accuracies
and some results when SNR = 0, 0.3, 0.5, 0.7, and 1.0 were listed in Figure 7. Five identification results
were randomly selected from the validation datasets for each SNR cases. It can be seen that when the
noise intensity was increased to 50%, the features of the dataset to be diagnosed are already cannot be
distinguished by the naked eye.
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It can be seen from the data in Figure 7 that the proposed CNN-DIP method based on deep visual
features has stronger anti-interference abilities, which attenuates to the minimum value until the SNR
reached 0.5. The proposed CNN-DIP fault identification method could simultaneously diagnose the
fault types and the fault locations under strong noises.

3.3. Deviation Distances of Diagnosis Error

In actual applications, the diagnostic results of fault locations would show a normal distribution
with the mean value being the actual fault and the variance being as small as possible. Even when
there are errors in the diagnostic results, it is still of reference value as long as the actual fault location
is close to the diagnosed location. This indicates that the fault localization results have different fault
tolerances. Therefore, in this section, the deviations of the localization results were compared via the
two methods in this paper, without considering the fault-type diagnosing results.

3.3.1. Traditional Method

For the traditional diagnostic method, the difference between the localization results of each tested
sample and the correct locations was recorded. For example, if the diagnosed fault winding is No. 5
and the actual fault is in No. 3, the fault distance would be 2; while the diagnostic result is the same as
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the fault location, the fault distance is ‘0′. Deviations in cases of different noise strengths (SNR keeps
increasing) were obtained by test, which were plotted in Figure 8. It could be seen from the figure that
when the interference is very small, the wrong localization results are usually small, which means the
localization results are more accurate. When the interference increases, the deviation increased sharply,
and the dispersion of the localization results becomes larger, which means that the reference of the
diagnostic results reduced significantly.Sensors 2019, 19, x FOR PEER REVIEW  15 of 20 
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Figure 8. Deviations between actual fault sections and the localization results by traditional method.

3.3.2. Proposed CNN-DIP Method

The fault recognition results with CNN-DIP method based on MobileNet-V2 under different noises
and interferences were calculated. The information of fault localization deviations was calculated by
the confusion matrix of the diagnosed results for each level of noise. When testing the fault tolerances,
the SNR was set to [0, 1] and the step size was set as 0.1. The final fault deviation curves are shown in
Figure 9.

It can be seen that when the interference (SNR) increased gradually, not only the accuracies
dropped obviously slower than the traditional method, but the deviations of fault diagnosing labels
also reduced significantly. This indicates that the fault localization results become more credible. Even
though there were possibly some faults, it would still provide valuable references. By comparing
the black lines in Figure 8 with Figure 9, which represented the sum of the fault probabilities of
correct fault location (deviation = 0) or adoptable deviation (deviation = 1), it can be seen that the
localization accuracies of the proposed CNN-DIP method (93.5%) increased significantly than that of
the traditional method (88%); moreover, with the increase of the noise, its accuracies decreased slowly,
it has a powerful capacity to resist interference. The diagnostic results showed that the CNN-DIP
method has higher reliability.
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4. Conclusions

In this paper, a novel fault identification (CNN-DIP) method combining deep learning algorithm
and DIP methods was proposed. The overall fault identification accuracies without background
noises raised from 61.7% to 91.67%. As the noises increased, the fault identification accuracies of the
proposed CNN-DIP method decreased much slower than the traditional one, which was 74.1% when
SNR = 0.2. In this case, the diagnostic accuracy based on traditional method was 11.9%. These results
illustrated two aspects: First, the feature extraction method based on deep learning could make the
FRA process much more effective and adaptive compared with traditional methods. On the other
hand, the proposed CNN + DIP method could be of better anti-interference ability. Considering if the
deviations between fault localization results with the corresponding actual fault locations = 1, it could
be considered as acceptable. In this situation, the fault identification accuracies raised from 88% to
93.5% (without background noises), and 46.5% to 80% (while SNR = 0.5), which means the method
proposed in this paper has better fault tolerance. The conclusions of this paper are as follows:

• The proposed fault identification method based on a lightweight Convolutional Neural Network
(MobileNet-V2) and DIP could improve the diagnostic adaptabilities and accuracies.

• Through noise analysis, the anti-interference ability of the proposed CNN-DIP method was
compared with that of the traditional method, which indicates that the proposed method has
good stabilities under strong interference.

• The fault localization deviations were studied. The results shown in Figures 8 and 9 indicated
that the proposed method has better fault tolerance and could provide more valuable supports.
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Appendix A

The structural dimensions and insulation parameters of the diagnosing transformer in this paper
are shown in Table A1.

Table A1. Dimensions of windings and the relative dielectric constants of insulation materials.

Structure Size/mm Structure Size/mm Material Relative Dielectric
Constant

Axial height 432 Pad thickness 10 Insulation
paper 2.6

The height of a
winding disc 6 The width of a

winding disc 36.5 pad 4.5

Inter diameter
of iron 196 Inter diameter

of disc 221 Strut 4.4

Outer diameter
of phenolic
paper tube

215 Thickness of
bond terminal 9 Bond terminal 4.4

Iron thickness* 0.1 Strut thickness* 4 Phenolic paper
tube 3.8

For visual explanations, the sizes of the 3D model in Figure 2 were marked, as shown in Figure A1.
Where the * represents that this parameter is simplified in 3D model.

Sensors 2019, 19, x FOR PEER REVIEW  17 of 20 

 

Inter diameter of iron  196  Inter diameter of disc  221  Strut  4.4 

Outer diameter of phenolic 

paper tube 
215 

Thickness of bond 

terminal 
9  Bond terminal  4.4 

Iron thickness*  0.1  Strut thickness*  4 
Phenolic paper 

tube 
3.8 

For visual explanations, the sizes of the 3D model in Figure 2 were marked, as shown in Figure 

A1. Where the * represents that this parameter is simplified in 3D model.   

 

Figure A1. Labeling of transformer model parameters. 

References 

1. Bedi, G.; Venayagamoorthy, G.K.; Singh, R.; Brooks, R.R.; Wang, K.C. Review of Internet of Things (IoT) in 

Electric Power and Energy Systems. IEEE Internet Things 2018, 5, 847–870. 

2. Faiz, J.; Soleimani, M. Assessment of Computational Intelligence and Conventional Dissolved Gas Analysis 

Methods for Transformer Fault Diagnosis. IEEE Trans. Dielectr. Electr. Insul. 2018, 25, 1798–1806. 

3. Li, A.Y.; Yang, X.H.; Dong, H.Y.; Xie, Z.H.; Yang, C.S. Machine Learning‐Based Sensor Data Modeling 

Methods for Power Transformer PHM. Sensors 2018, 18, 4430. 

4. Godina, R.; Rodrigues, E.M.G.; Matias, J.C.O.; Catalao, J.P.S. Effect of Loads and Other Key Factors on Oil‐

Transformer Ageing: Sustainability Benefits and Challenges. Energies 2015, 8, 12147–12186. 

5. Sikorski, W. Development of Acoustic Emission Sensor Optimized  for Partial Discharge Monitoring  in 

Power Transformers. Sensors 2019, 19, 1865. 

6. Meira, M.; Ruschetti, C.R.; Alvarez, R.E.; Verucchi, C.J. Power transformers monitoring based on electrical 

measurements: State of the art. IET Gener. Transm. Distrib. 2018, 12, 2805–2815. 

7. Shabestary, M.M.; Ghanizadeh, A.J.; Gharehpetian, G.B.; Agha‐Mirsalim, M. Ladder Network Parameters 

Determination Considering Nondominant Resonances of  the Transformer Winding.  IEEE Trans. Power 

Deliv. 2014, 29, 108–117. 

8. Hashemnia, N.; Abu‐Siada, A.; Islam, S. Improved Power Transformer Winding Fault Detection using FRA 

Diagnostics—Part 1: Axial Displacement Simulation. IEEE Trans. Dielectr. Electr. Insul. 2015, 22, 556–563. 

9. Hashemnia, N.; Abu‐Siada, A.; Islam, S. Improved Power Transformer Winding Fault Detection using FRA 

Diagnostics ‐ Part 2: Radial Deformation Simulation. IEEE Trans. Dielectr. Electr. Insul. 2015, 22, 564–570. 

Figure A1. Labeling of transformer model parameters.

References

1. Bedi, G.; Venayagamoorthy, G.K.; Singh, R.; Brooks, R.R.; Wang, K.C. Review of Internet of Things (IoT) in
Electric Power and Energy Systems. IEEE Internet Things 2018, 5, 847–870. [CrossRef]

2. Faiz, J.; Soleimani, M. Assessment of Computational Intelligence and Conventional Dissolved Gas Analysis
Methods for Transformer Fault Diagnosis. IEEE Trans. Dielectr. Electr. Insul. 2018, 25, 1798–1806. [CrossRef]

http://dx.doi.org/10.1109/JIOT.2018.2802704
http://dx.doi.org/10.1109/TDEI.2018.007191


Sensors 2019, 19, 4153 17 of 19

3. Li, A.Y.; Yang, X.H.; Dong, H.Y.; Xie, Z.H.; Yang, C.S. Machine Learning-Based Sensor Data Modeling
Methods for Power Transformer PHM. Sensors 2018, 18, 4430. [CrossRef] [PubMed]

4. Godina, R.; Rodrigues, E.M.G.; Matias, J.C.O.; Catalao, J.P.S. Effect of Loads and Other Key Factors on
Oil-Transformer Ageing: Sustainability Benefits and Challenges. Energies 2015, 8, 12147–12186. [CrossRef]

5. Sikorski, W. Development of Acoustic Emission Sensor Optimized for Partial Discharge Monitoring in Power
Transformers. Sensors 2019, 19, 1865. [CrossRef] [PubMed]

6. Meira, M.; Ruschetti, C.R.; Alvarez, R.E.; Verucchi, C.J. Power transformers monitoring based on electrical
measurements: State of the art. IET Gener. Transm. Distrib. 2018, 12, 2805–2815. [CrossRef]

7. Shabestary, M.M.; Ghanizadeh, A.J.; Gharehpetian, G.B.; Agha-Mirsalim, M. Ladder Network Parameters
Determination Considering Nondominant Resonances of the Transformer Winding. IEEE Trans. Power Deliv.
2014, 29, 108–117. [CrossRef]

8. Hashemnia, N.; Abu-Siada, A.; Islam, S. Improved Power Transformer Winding Fault Detection using FRA
Diagnostics—Part 1: Axial Displacement Simulation. IEEE Trans. Dielectr. Electr. Insul. 2015, 22, 556–563.
[CrossRef]

9. Hashemnia, N.; Abu-Siada, A.; Islam, S. Improved Power Transformer Winding Fault Detection using FRA
Diagnostics - Part 2: Radial Deformation Simulation. IEEE Trans. Dielectr. Electr. Insul. 2015, 22, 564–570.
[CrossRef]

10. Senobari, R.K.; Sadeh, J.; Borsi, H. Frequency response analysis (FRA) of transformers as a tool for fault
detection and location: A review. Electr. Pow. Syst. Res. 2018, 155, 172–183. [CrossRef]

11. Ahour, J.N.; Seyedtabaii, S.; Gharehpetian, G.B. Determination and localisation of turn-to-turn fault in
transformer winding using frequency response analysis. IET Sci. Meas. Technol. 2018, 12, 291–300. [CrossRef]

12. Chaouche, M.S.; Houassine, H.; Moulahoum, S.; Colak, I. BA to construction of equivalent circuit of a
transformer winding from frequency response analysis measurement. IET Electr. Power Appl. 2018, 12,
728–736. [CrossRef]

13. Gawrylczyk, K.M.; Trela, K. Frequency Response Modeling of Transformer Windings Utilizing the Equivalent
Parameters of a Laminated Core. Energies 2019, 12, 2371. [CrossRef]

14. Masoum, A.S.; Hashemnia, N.; Abu-Siada, A.; Masoum, M.A.S.; Islam, S.M. Online Transformer Internal Fault
Detection Based on Instantaneous Voltage and Current Measurements Considering Impact of Harmonics.
IEEE Trans. Power Deliv. 2017, 32, 587–598. [CrossRef]

15. Mukherjee, P.; Satish, L. Construction of Equivalent Circuit of a Single and Isolated Transformer Winding
from FRA Data Using the ABC Algorithm. IEEE Trans. Power Deliv. 2012, 27, 963–970. [CrossRef]

16. Kazemi, R.; Jazebi, S.; Deswal, D.; de Leon, F. Estimation of Design Parameters of Single-Phase Distribution
Transformers from Terminal Measurements. IEEE Trans. Power Deliv. 2017, 32, 2031–2039. [CrossRef]

17. Calasan, M.; Mujicic, D.; Rubezic, V.; Radulovic, M. Estimation of Equivalent Circuit Parameters of
Single-Phase Transformer by Using Chaotic Optimization Approach. Energies 2019, 12, 1697. [CrossRef]

18. Gomez-Luna, E.; Mayor, G.A.; Gonzalez-Garcia, C.; Guerra, J.P. Current Status and Future Trends in
Frequency-Response Analysis with a Transformer in Service. IEEE Trans. Power Deliv. 2013, 28, 1024–1031.
[CrossRef]

19. Saleh, S.M.; EL-Hoshy, S.H.; Gouda, O.E. Proposed diagnostic methodology using the cross-correlation
coefficient factor technique for power transformer fault identification. IET Electr. Power Appl. 2017, 11,
412–422. [CrossRef]

20. Luo, Y.F.; Gao, J.P.; Chen, P.; Hu, L.; Shen, Y.; Ruan, L. A Test Method of Winding Deformation Excited by
Pseudorandom M-Sequences—Part I: Theory and Simulation. IEEE Trans. Dielectr. Electr. Insul. 2016, 23,
1605–1612. [CrossRef]

21. Zhao, Z.Y.; Yao, C.G.; Tang, C.; Li, C.X.; Yan, F.Y.; Islam, S. Diagnosing Transformer Winding Deformation
Faults Based on the Analysis of Binary Image Obtained from FRA Signature. IEEE Access 2019, 7, 40463–40474.
[CrossRef]

22. Hong, K.X.; Huang, H.; Zhou, J.P. Winding Condition Assessment of Power Transformers Based on Vibration
Correlation. IEEE Trans. Power Deliv. 2015, 30, 1735–1742. [CrossRef]

23. Ghanizadeh, A.J.; Gharehpetian, G.B. ANN and Cross-correlation based Features for Discrimination between
Electrical and Mechanical Defects and their Localization in Transformer Winding. IEEE Trans. Dielectr. Electr.
Insul. 2014, 21, 2374–2382. [CrossRef]

http://dx.doi.org/10.3390/s18124430
http://www.ncbi.nlm.nih.gov/pubmed/30558208
http://dx.doi.org/10.3390/en81012147
http://dx.doi.org/10.3390/s19081865
http://www.ncbi.nlm.nih.gov/pubmed/31003527
http://dx.doi.org/10.1049/iet-gtd.2017.2086
http://dx.doi.org/10.1109/TPWRD.2013.2278784
http://dx.doi.org/10.1109/TDEI.2014.004591
http://dx.doi.org/10.1109/TDEI.2014.004592
http://dx.doi.org/10.1016/j.epsr.2017.10.014
http://dx.doi.org/10.1049/iet-smt.2017.0125
http://dx.doi.org/10.1049/iet-epa.2017.0418
http://dx.doi.org/10.3390/en12122371
http://dx.doi.org/10.1109/TPWRD.2014.2358072
http://dx.doi.org/10.1109/TPWRD.2011.2176966
http://dx.doi.org/10.1109/TPWRD.2016.2621753
http://dx.doi.org/10.3390/en12091697
http://dx.doi.org/10.1109/TPWRD.2012.2234141
http://dx.doi.org/10.1049/iet-epa.2016.0545
http://dx.doi.org/10.1109/TDEI.2016.005681
http://dx.doi.org/10.1109/ACCESS.2019.2907648
http://dx.doi.org/10.1109/TPWRD.2014.2376033
http://dx.doi.org/10.1109/TDEI.2014.004364


Sensors 2019, 19, 4153 18 of 19

24. Abu-Siada, A.; Islam, S. A Novel Online Technique to Detect Power Transformer Winding Faults. IEEE Trans.
Power Deliv. 2012, 27, 849–857. [CrossRef]

25. Aljohani, O.; Abu-Siada, A. Application of DIP to Detect Power Transformers Axial Displacement and Disk
Space Variation Using FRA Polar Plot Signature. IEEE Trans. Ind. Inform. 2017, 13, 1794–1805. [CrossRef]

26. Aljohani, O.; Abu-Siada, A. Application of Digital Image Processing to Detect Transformer Bushing Faults
and Oil Degradation using FRA Polar Plot Signature. IEEE Trans. Dielectr. Electr. Insul. 2017, 24, 428–436.
[CrossRef]

27. Nurmanova, V.; Bagheri, M.; Zollanvari, A.; Aliakhmet, K.; Akhmetov, Y.; Gharehpetian, G.B. A New
Transformer FRA Measurement Technique to Reach Smart Interpretation for Inter-Disk Faults. IEEE Trans.
Power Deliv. 2019, 34, 1508–1519. [CrossRef]

28. Abu-Siada, A.; Aljohani, O. Detecting incipient radial deformations of power transformer windings using
polar plot and digital image processing. IET Sci. Meas. Technol. 2018, 12, 492–499. [CrossRef]

29. Abu-Siada, A.; Radwan, I.; Abdou, A.F. 3D approach for fault identification within power transformers using
frequency response analysis. IET Sci. Meas. Technol. 2019, 13, 903–911. [CrossRef]

30. Zhao, Z.Y.; Yao, C.G.; Li, C.X.; Islam, S. Detection of Power Transformer Winding Deformation Using
Improved FRA Based on Binary Morphology and Extreme Point Variation. IEEE Trans. Ind. Electron. 2018,
65, 3509–3519. [CrossRef]

31. Zhao, X.Z.; Yao, C.G.; Li, C.X.; Zhang, C.; Dong, S.L.; Abu-Siada, A.; Liao, R.J. Experimental evaluation of
detecting power transformer internal faults using FRA polar plot and texture analysis. Int J. Elec. Power 2019,
108, 1–8. [CrossRef]

32. Aljohani, O.; Abu-Siada, A. Application of Digital Image Processing to Detect Short-Circuit Turns in Power
Transformers Using Frequency Response Analysis. IEEE Trans. Ind. Inform. 2016, 12, 2062–2073. [CrossRef]

33. Mortazavian, S.; Shabestary, M.M.; Mohamed, Y.A.R.I.; Gharehpetian, G.B. Experimental Studies on
Monitoring and Metering of Radial Deformations on Transformer HV Winding Using Image Processing and
UWB Transceivers. IEEE Trans. Ind. Inform. 2015, 11, 1334–1345. [CrossRef]

34. Devadiga, A.A.; Harid, N.; Griffiths, H.; Al Sayari, N.; Barkat, B.; Jayaram, S.; Ikeda, H.; Koshizuka, T.;
Taniguchi, Y. Winding turn-to-turn short-circuit diagnosis using FRA method: Sensitivity of measurement
configuration. IET Sci. Meas. Technol. 2019, 13, 17–24. [CrossRef]

35. Abbasi, A.R.; Mahmoudi, M.R.; Avazzadeh, Z. Diagnosis and clustering of power transformer winding
fault types by cross-correlation and clustering analysis of FRA results. IET Gener. Transm. Distrib. 2018, 12,
4301–4309. [CrossRef]

36. Queiroz, D.V.; Alencar, M.S.; Gomes, R.D.; Fonseca, I.E.; Benavente-Peces, C. Survey and systematic mapping
of industrial Wireless Sensor Networks. J. Netw. Comput. Appl. 2017, 97, 96–125. [CrossRef]

37. Kumar, S.A.A.; Ovsthus, K.; Kristensen, L.M. An Industrial Perspective on Wireless Sensor Networks -
A Survey of Requirements, Protocols, and Challenges. IEEE Commun. Surv. Tut. 2014, 16, 1391–1412.
[CrossRef]

38. Pradittasnee, L.; Camtepe, S.; Tian, Y.C. Efficient Route Update and Maintenance for Reliable Routing in
Large-Scale Sensor Networks. IEEE Trans. Ind. Inform. 2017, 13, 144–156. [CrossRef]

39. Le, T.N.; Pegatoquet, A.; Le Huy, T.; Lizzi, L.; Ferrero, F. Improving Energy Efficiency of Mobile WSN Using
Reconfigurable Directional Antennas. IEEE Commun. Lett. 2016, 20, 1243–1246. [CrossRef]

40. Liu, L.; Han, G.J.; Chan, S.; Guizani, M. An SNR-Assured Anti-Jamming Routing Protocol for Reliable
Communication in Industrial Wireless Sensor Networks. IEEE Commun. Mag. 2018, 56, 23–29. [CrossRef]

41. Tang, B.; Wen, Y.F.; Zhao, Z.B.; Zhang, X.W. Computation Model of the Reradiation Interference Protecting
Distance Between Radio Station and UHV Power Lines. IEEE Trans. Power Deliv. 2011, 26, 1092–1100.

42. Nedjem, Z.; Seghier, T.; Hadjadj, A. Study of the Influence of an Electromagnetic Field Close to a High-voltage
Line on the Human Being. In Proceedings of the 2014 International Conference on Electrical Sciences and
Technologies in Maghreb (CISTEM), Tunis, Tunisia, 3–6 November 2014.

43. Guo, J.; Lu, S.L.; Zhai, C.; He, Q.B. Automatic bearing fault diagnosis of permanent magnet synchronous
generators in wind turbines subjected to noise interference. Meas. Sci. Technol. 2018, 29, 025002. [CrossRef]

44. Pang, B.; Tang, G.J.; Tian, T.; Zhou, C. Rolling Bearing Fault Diagnosis Based on an Improved HTT Transform.
Sensors 2018, 18, 1203. [CrossRef] [PubMed]

http://dx.doi.org/10.1109/TPWRD.2011.2180932
http://dx.doi.org/10.1109/TII.2016.2626779
http://dx.doi.org/10.1109/TDEI.2016.006088
http://dx.doi.org/10.1109/TPWRD.2019.2909144
http://dx.doi.org/10.1049/iet-smt.2017.0412
http://dx.doi.org/10.1049/iet-smt.2018.5573
http://dx.doi.org/10.1109/TIE.2017.2752135
http://dx.doi.org/10.1016/j.ijepes.2018.12.045
http://dx.doi.org/10.1109/TII.2016.2594773
http://dx.doi.org/10.1109/TII.2015.2479582
http://dx.doi.org/10.1049/iet-smt.2018.5331
http://dx.doi.org/10.1049/iet-gtd.2018.5812
http://dx.doi.org/10.1016/j.jnca.2017.08.019
http://dx.doi.org/10.1109/SURV.2014.012114.00058
http://dx.doi.org/10.1109/TII.2016.2569523
http://dx.doi.org/10.1109/LCOMM.2016.2554544
http://dx.doi.org/10.1109/MCOM.2018.1700615
http://dx.doi.org/10.1088/1361-6501/aa92d6
http://dx.doi.org/10.3390/s18041203
http://www.ncbi.nlm.nih.gov/pubmed/29662013


Sensors 2019, 19, 4153 19 of 19

45. Tavakoli, H.; Bormann, D.; Engdahl, G. Localization of mechanical deformations in transformer windings
using time-domain representation of response functions. Int. Trans. Electr. Energy Syst. 2014, 24, 16–29.
[CrossRef]

46. Jahan, M.S.; Keypour, R.; Izadfar, H.R.; Keshavarzi, M.T. Locating power transformer fault based on sweep
frequency response measurement by a novel multistage approach. IET Sci. Meas. Technol. 2018, 12, 949–957.
[CrossRef]

47. Jahan, M.S.; Keypour, R.; Izadfar, H.R.; Keshavarzi, M.T. Detecting the location and severity of transformer
winding deformation by a novel adaptive particle swarm optimization algorithm. Int. Trans. Electr. Energy
Syst. 2019, 29, e2666. [CrossRef]

48. Nobrega, L.A.M.M.; Costa, E.G.; Serres, A.J.R.; Xavier, G.V.R.; Aquino, M.V.D. UHF Partial Discharge
Location in Power Transformers via Solution of the Maxwell Equations in a Computational Environment.
Sensors 2019, 19, 3435. [CrossRef]

49. Ren, F.Q.; Ji, S.C.; Liu, Y.; Shi, Y.H.; Zhu, L.Y. Application of Gauss-Newton Iteration Algorithm on Winding
Radial Deformation Diagnosis. IEEE Trans. Power Deliv. 2019, 34, 1736–1746. [CrossRef]

50. Khanali, M.; Hayati-Soloot, A.; Hoidalen, H.K.; Jayaram, S. Study on locating transformer internal faults
using sweep frequency response analysis. Electr. Power Syst. Res. 2017, 145, 55–62. [CrossRef]

51. Maulik, S.; Satish, L. Localization and Estimation of Severity of a Discrete and Localized Mechanical Damage
in Transformer Windings: Analytical Approach. IEEE Trans. Dielectr. Electr. Insul. 2016, 23, 1266–1274.
[CrossRef]

52. Lin, H.; Zhang, Z.W.; Tang, W.H.; Wu, Q.H.; Yan, J.D. Equivalent Gradient Area Based Fault Interpretation
for Transformer Winding Using Binary Morphology. IEEE Trans. Dielectr. Electr. Insul. 2017, 24, 1947–1956.
[CrossRef]

53. Zhang, Z.W.; Gao, W.S.; Kari, T.; Lin, H. Identification of Power Transformer Winding Fault Types by a
Hierarchical Dimension Reduction Classifier. Energies 2018, 11, 2434. [CrossRef]

54. Singh, B.; Toshniwal, D.; Allur, S.K. Shunt connection: An intelligent skipping of contiguous blocks for
optimizing MobileNet-V2. Neural Netw. 2019, 118, 192–203. [CrossRef] [PubMed]

55. Sandler, M.; Howard, A.; Zhu, M.L.; Zhmoginov, A.; Chen, L.C. MobileNetV2: Inverted Residuals and Linear
Bottlenecks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake,
UT, USA, 18–23 June 2018.

56. Howard, A.G.; Zhu, M.; Chen, B.; Kalenichenko, D.; Wang, W.; Weyand, T.; Andreetto, M.; Adam, H.
MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications. arXiv 2017,
arXiv:1704.04861.

57. Samimi, M.H.; Tenbohlen, S. Using the Temperature Dependency of the FRA to Evaluate the Pressure of the
Transformer Press Ring. IEEE Trans. Power Deliv. 2018, 33, 2050–2052. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1002/etep.1683
http://dx.doi.org/10.1049/iet-smt.2018.0003
http://dx.doi.org/10.1002/etep.2666
http://dx.doi.org/10.3390/s19153435
http://dx.doi.org/10.1109/TPWRD.2019.2919927
http://dx.doi.org/10.1016/j.epsr.2016.11.016
http://dx.doi.org/10.1109/TDEI.2015.005408
http://dx.doi.org/10.1109/TDEI.2017.006237
http://dx.doi.org/10.3390/en11092434
http://dx.doi.org/10.1016/j.neunet.2019.06.006
http://www.ncbi.nlm.nih.gov/pubmed/31299624
http://dx.doi.org/10.1109/TPWRD.2017.2691541
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Deep Visual Identification Method 
	Acquisition of Transformer FRA Graphical Dataset 
	Fault Localization Based on CNN or Space Relationship 
	Basic Theories of MobileNet-V2 and the CNN-DIP Method 
	Spatial-probabilistic Mapping Relationship Based on Traditional Method 

	Data Visualization Theory 

	Model Test and Results 
	Fault Identification Results without Considering Noises 
	Traditional Spatial-Probabilistic Model 
	Deep Visual Identification via MobileNet-V2 

	Anti-Interference Analysis 
	Traditional Spatial-Probabilistic Model 
	Proposed CNN-DIP Method 

	Deviation Distances of Diagnosis Error 
	Traditional Method 
	Proposed CNN-DIP Method 


	Conclusions 
	
	References

