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ABSTRACT Frequency response analysis is a powerful tool for mechanical fault diagnostics in power 

transformers. However, interpretation schemes still today depend on expert analyses, mainly because of the 

complex structure of power transformers. One of the fundamental shortcomings of experimental 

investigations is that mechanical deformations cannot be managed on real transformers to obtain data for 

different scenarios because they are too destructive. To address this issue in a systematic way, the current 

research used a specially designed laboratory transformer model that allows mechanical defects to be 

introduced so its frequency response can be evaluated under different conditions. The key feature of this 

model is the non-destructive interchangeability of its winding sections, allowing reproducibility and 

repeatability of frequency response measurements. Numerical indices were compared over key performance 

indicators (linearity, sensitivity and monotonicity). The analysis indicated that comparative standard 

deviation offered promising results for evaluation of mechanical deformations on the laboratory winding 

model given its monotonic behaviour, sensitivity and linear increase with fault severity. Additionally, support 

vector machine learning, radial basis function neural network and the statistical k-nearest neighbour method 

were used for fault classification with different strategies and configurations. While limited data from 

different transformers are used in the available literature, the approach discussed here considers 371 

measurements from the same transformer model. The test results are supportive and demonstrate great 

accuracy when machine learning is used for winding fault classification. 

INDEX TERMS Condition monitoring, frequency response analysis interpretation, machine learning, 

numerical indices, power transformers, radial basis function, support vector machines. 

I. INTRODUCTION 

Power transformers are essential assets of electrical power 

networks, and monitoring their operating condition is crucial 

for functional and economic reasons. Regular monitoring to 

ensure incipient failure is detected at the earliest stage is 

vital. Power transformers are vulnerable to through faults, 

which can result in significant mechanical forces on the 

active parts. In addition, insulation degradation due to ageing 

may cause a reduction in clamping pressure, increasing the 

risk of mechanical damage [1, 2]. Mechanical forces beyond 

the design limits of the transformer may cause deformations 

in the windings. Once such deformations occur, the 

transformer’s ability to withstand further mechanical forces 

originating in a potential overcurrent is greatly reduced due to 

localized electromagnetic stresses [3]. 

Nowadays, there are many non-intrusive monitoring and 

diagnostic techniques available to detect incipient power 

transformer failures. These techniques evaluate the effects of 

different faults and can be implemented without requiring 

transformer disassembly. Frequency response analysis (FRA) 

is one of these methods, and it is currently commonly used in 

the electrical industry for condition assessment of transformer 

windings. From the very first studies [4], FRA has 

demonstrated its sensitivity for detecting mechanical and 

electrical failure modes [1, 5]. 



This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/ACCESS.2021.3076154, IEEE Access

 

VOLUME XX, 2017  

FRA compares current and reference frequency response 

measurements of a power transformer. Ideally, the reference 

measurements are obtained just before transformer 

energization, and subsequent monitoring over the years 

provides a continuous evaluation of the condition of the 

windings. Whenever reference traces are unavailable, traces 

from sister units (identical transformers) or other phases of 

the same transformer (in the case of three-phase 

transformers) can also be used. Deviations between current 

and reference measurements can indicate electrical or 

mechanical damage to transformer active parts. 

Though FRA measurement procedures have been 

thoroughly studied at the international level in working 

groups of the IEEE [6], CIGRE [1] and the IEC [7], result 

interpretation still depends on expert analyses. Some of the 

quantitative interpretation methods proposed so far fall into 

three groups: numerical indices, white box physical models 

and artificial intelligence algorithms [8]. 

The frequency response of a transformer depends to a 

large extent on the type of transformer and its power rating, 

voltage rating, phase connections, winding design, etc. This 

means basic and fundamental principles using simple 

geometrical models, to guide the quantitative analyses. 

This paper explores different measurements taken on a 

laboratory transformer model to study FRA interpretation. 

The model allows different deformations to be introduced 

and their influence on frequency response can then be 

evaluated. Four different fault modes (the fault extent 

varying) were introduced to the winding model: axial 

displacement (AD), radial deformation (RD), disc space 

variation (DSV) and short-circuited turns (ST). Numerical 

indices were then computed for quantitative interpretation of 

the different arrangements. The research also considered 

different frequency bands for application of the numerical 

indices, evaluating the sensitivity of the frequency range for 

numerical index calculations.  

Machine learning classifiers were also compared over 

different architectures for an improved and objective fault 

classification. The classifiers use index calculation at target 

frequency bands as input for diagnosis of winding faults. 

Three main diagnostic categories were investigated: 

detection of fault occurrence; determination of fault type; 

determination of the fault type and extent. 

II. FREQUENCY RESPONSE ANALYSIS 

FRA is a powerful tool for detecting mechanical changes in 

the active part of a power transformer. Since a transformer can 

be considered a complex network of RLC components [9] 

(resistance of the winding, inductance of the coils and 

capacitance of insulation layers and to the ground), variation 

in frequency response may indicate a physical change inside 

the transformer. 

A frequency response is obtained by injecting a sinusoidal 

waveform at the reference point and measuring the amplitude 

and phase shift at the response point [1]. FRA traces can be 

represented in terms of amplitude (HdB) (dB) and phase shift 

(φ) (degrees), as shown in (1) and (2) 

HdB=20∙ log
10

(Vm/Vr ) (1) 

φ=φ(Vm)-φ(Vr) (2) 

where, Vm is the response voltage and Vr is the reference 

voltage [1]. Amplitude (HdB) is widely used for interpretation 

purposes and numerical indices calculations. 

There are also multiple measurement types depending on 

where the reference and response points are connected. The 

measurement types can be separated into two main groups: 

end-to-end measurements and interwinding measurements. 

End-to-end measurements are obtained when the signal is 

applied to one end of the winding and the response is measured 

at the other end of that same winding. Interwinding 

measurements are obtained when the signal is applied to one 

winding and the response is measured at another. The 

frequency response traces discussed in this paper were 

produced by an end-to-end open circuit measurement 

configuration and in some cases by an end-to-end short-circuit 

measurement, as described in [6]. 

The challenge when utilizing FRA to diagnose transformer 

active parts is mainly in the correct interpretation of deviations 

from current and reference measurements. Studies 

investigating FRA interpretation use numerical indices [10, 

11], white-box modeling [12, 13] and artificial intelligence 

algorithms [14-17] to objectively assess frequency response 

traces obtained from real cases [8, 18], laboratory experiments 

[19] and simulation studies [20-22]. Different approaches for 

the interpretation of FRA measurements are reported in recent 

literature on the application of intelligent classifiers. For 

instance, the combination of numerical indices and intelligent 

classifiers is explored in [16, 23-26]. References [16, 23] use 

numerical indices as input to neural networks and discuss the 

use of support vector machine (SVM) for fault type 

recognition in power transformers. Reference [24] presents a 

method for locating shorted turns with FRA interpretation 

again based on numerical indices and SVM. However, the 

databases on which most of the studies reported in the 

literature are based are limited and the transformers types 

diverse.  

The components of a transformer (tank, core, winding type, 

insulation type and so forth) also have an impact on its 

frequency response. Accordingly, the effects of transformer 

structures are explored in the literature [8, 21]. Reference [22] 

examines the identification of winding type by SVM. 

Transformer insulation plays a major role in frequency 

response, with liquid insulation changing the permittivity of 

the material, increasing capacitances and, as a result, shifting 

resonances to lower frequencies [27]. Meanwhile the 

migration of moisture into solid insulation has been reported 

to shift resonances to higher frequencies [28]. 

Nonetheless, the most common method of frequency 

response interpretation remains the visual comparison of 

reference and faulty traces. Numerical indices are applied to 

obtain a better quantitative interpretation. In the approach 
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proposed in this paper, frequency bands of interest (those 

where measurements deviate) were determined by visual 

inspection of the traces, and numerical indices were evaluated 

over these frequency bands. The frequency bands of interest 

and the best-performing numerical index were subsequently 

used as machine-learning input to achieve an objective 

interpretation of fault modes in FRA measurements. 

A. FRA INTERPRETATION BASED ON NUMERICAL 
INDICES 

Frequency response interpretation based on numerical indices 

is used to quantify differences between investigated and 

reference traces. Different indices [5, 10] evaluated over key 

performance indicators (such as linearity, monotonicity and 

sensitivity [29]) are suggested in the literature. 

This research used some of the most promising numerical 

indices to evaluate frequency response measurements [8]. A 

description of these indices is presented in Table 1. 
TABLE I 

SUMMARY OF NUMERICAL INDICES USED IN THIS RESEARCH 

Index  Description Equation 

CCF The cross-correlation factor quantifies the linear 
dependence between two data sets. Its value is 

closer to 1 if there is large positive correlation 

between the data sets and closer to zero in case of 
a weak correlation. 

(3) 

LCC Lin’s concordance coefficient measures the 

agreement between two variables. A value near 1 
indicates a strong concordance, a value close to 

zero denotes a weak concordance, and a value near 

-1 denotes strong discordance. 

(4) 

CSD Comparative standard deviation is zero in case of 

a complete match of traces, and there is no upper 

limit value. For amplitude deviations, this index 
has lower sensitivity [8, 30]. 

(5) 

SSE The sum squared error calculates the square of the 

distance between two traces. A value close to zero 
means a good match of traces, and there is no 

upper limit value. The index has shown low 

sensitivity for amplitude deviations [8], though its 
sensitivity is improved when amplitude deviations 

occur around resonance points [11]. 

(6) 

SSRE The sum squared ratio error uses the squared ratio 
error between two traces. A value of zero indicates 

a good match of data, and there is no upper limit 

value. Like other squared sums, this index   
presents less linear behaviour [8]. 

(7) 

The numerical indices described in Table 1 and used in this 

paper are calculated in equations (3) to (7), where, X and Y 

are the magnitude vectors of reference and investigated 

frequency responses respectively, X(i) and Y(i) are the i
th

 

element of these vectors and N is the number of data points 

CCF=
∑ (X(i)-X̅)(Y(i)-Y̅)N

i=1

√∑ (X(i)-X̅)2N
i=1  ∑ (Y(i)-Y̅)2N

i=1

 
(3) 

LCC=

2
N

∑ (X(i)-X̅)(Y(i)-Y̅)N
i=1

(Y̅-X̅)2+
1
N

∑ (X(i)-X̅)2N
i=1 +

1
N

∑ (Y(i)-Y̅)2N
i=1

 (4) 

CSD=√
∑ [(X(i)-X̅) -(Y(i)-Y̅)]2N

I=1

N-1
 (5) 

SSE=
∑ (Y(i)-X(i))

2N
i=1

N
 (6) 

SSRE=

∑ (
Y(i)
X(i)

-1)
2

N
i=1

N
 (7) 

where, X̅=1/N ∑ X(i)N
i=1  and Y̅=1/N ∑ Y(i)N

i=1 . 

Not only must the numerical index that will be used to 

evaluate the frequency response traces be selected, but the 

frequency band to which this index is applied must be 

determined as well, and this can be challenging. Different 

methods can be used, the simplest being to evaluate the entire 

frequency range in the same way, as described in [31, 32]. This 

approach, however, can result in a lack of sensitivity to 

deviations in a small range of the frequency response. Division 

of the frequency range into sub-ranges is, accordingly, usually 

explored [7, 33]. To achieve an independent frequency range 

subdivision, the study described in [29] suggests a frequency 

window that sweeps the total frequency range, evaluating 

some of the traces at each window step. 

B. FRA INTERPRETATION BASED ON MACHINE 
LEARNING 

Machine learning and neural networks are intelligent 

algorithms frequently used to classify patterns by learning 

from examples. Given their adaptive characteristic, these 

classifiers have been widely used for fault diagnostics in 

power transformers [16, 23, 34]. 

Two approaches are used for network learning by example: 

unsupervised and supervised learning. With unsupervised 

learning, there is no need to supervise the network and provide 

target outputs to match inputs. With supervised learning, the 

network is provided with a target output for each input vector 

injected. Based on the computed output error (difference 

between the target output and the estimated output), the 

network adjusts its synaptic weights using heuristic algorithms 

at each iteration. 

This paper compares several well-known and widely used 

machine learning classifiers: radial basis function (RBF) 

neural network, support vector machine (SVM) and the 

statistical k-nearest neighbour (k-NN). These models have 

become very popular in recent years because of their ability to 

solve problems in classification, regression and other 

applications in different areas. 

1) RADIAL BASIS FUNCTION  

RBFs are feed-forward multilayer structures. The output node 

is a decision based on a linear combination of the RBF outputs 

computed by the hidden layer neurons. Each RBF neuron 

stores a prototype information vector and then compares the 

input vector to its prototype. The output of each neuron is a 

value between zero and 1, which is a similarity measure. If 

the input is equal to the prototype, then the output of that 

neuron will be 1. The response tends to zero as the difference 

between the input and the prototype increases. The shape of 

the RBF neuron’s response is a bell curve, as illustrated in 

the network architecture diagram in Fig. 1. 
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FIGURE 1.  Radial basis function neural network architecture. 

 

2) SUPPORT VECTOR MACHINE 

The SVM is a supervised learning model with associated 

learning algorithms. Even though SVMs were first applied to 

binary class problems, they can also be applied to multiclass 

problems by using one-versus-one and one-versus-all heuristic 

methods to split and transpose the multiclass into a binary 

classification problem. The SVM model is considered a 

generalization of linear classifiers when classifying a set of 

linearly separable patterns (xi) from two classes: C1 and C2. 

This is achieved by positioning an appropriate hyperplane as 

a decision boundary satisfying the equation g(x)=wtx +b=0, 

where w is the weight vector and b is the bias or threshold. All 

pattern data xi with g(xi)>0 are assigned to C1 and those with 

g(xi)<0 are assigned to C2. However, SVMs choose the linear 

separator with the largest margin, centered between two 

hyperplanes described by equations (8) and (9): 

h1(xi)=wtxi+b ≥1, for xi ∈ C1 (8) 

h2(xi)=wtxi+b ≤-1, for xi ∈ C2 (9) 

The distance between the hyperplanes h1 and h2 is the 

margin, and all points that lie on h1 or h2 are called support 

vectors. To take into account the non-separable data xi, a slack 

variable ξ
i
 is incorporated to give more relaxation at the 

constraints, yielding a compact form of the previous equations 

as follow: 

y
i
(wtxi+b) ≥1-ξ

i
, for i=1, 2, …N, (10) 

with y
i
=1 if xi ∈ C1 and y

i
=-1 if xi ∈ C2. 

The margin to be maximized is then equal to 1/‖w‖, and the 

primal formulation of the SVM task is to find the optimal 

weights and bias that will minimize the cost function defined 

in (11) 

φ(w,b,ξ)=
1

2
wtw+ρ ∑ ξ

i
N
i=1 , (11) 

while satisfying the constraints in (10), with ξ
i
≥0 for 

i=1, 2, …N. The parameter ρ, referred to as the regularization 

parameter, controls the penalty of non-separable points. 

Using the method of Lagrange multipliers and formulating 

the optimization problem from a dual problem perspective, the 

objective function (12) to be maximized is obtained [35]. 

Q(α)= ∑ 𝛼𝑖

𝑁

𝑖=1
-

1

2
∑ ∑ y

i
y

j
αiαjxi

Txj

N

j=1

N

i=1

. (12) 

The equation (12) is subjected to the constraints ∑ y
i
αi=0N

i=1  

and 0≤αi≤ρ for all i, where αi is a set of Lagrange multipliers. 

The SVM algorithms use a set of mathematical functions 

that are defined as kernel functions. In SVM models, kernel 

functions are used to transform the non-linear space into a 

higher dimensional linear space, changing the objective 

function as follows: 

Q(α)= ∑ αi

N

i=1

-
1

2
∑ ∑ y

i
y

j
αiαjkernel(xi,xj)

N

j=1

N

i=1

. (13) 

The software used to train the SVM model is based on the 

iterative single data algorithm (ISDA) solver [36]. The cost ρ 

applied to the misclassification in training data is defined as 1. 

The regularization parameter for smoothing is fixed at 1/N, 

where N is the number of observations. Each class is then 

centred by its mean value and scaled by its standard deviation. 

Before evaluation of the kernel(xj,xk), where xjand xk are the 

training datasets, an appropriate factor is selected 

automatically by the software to scale the data and 0.1 is added 

as kernel offset. 

For this research, three popular kernel functions were 

considered: linear, Gaussian and polynomial. A one-versus-

one heuristic method (or coding design) and a one-versus-all 

method were tested for SVM classification algorithms. The 

kernel functions were investigated and compared using default 

SVM methods. The functions explored in this paper are shown 

in equations (14) to (16). The linear kernel function is defined 

as: 

G(xj,xk)=xj
'xk, (14) 

the polynomial kernel function with order p=3, is defined as: 

G(xj,xk)=(1-x
j

'
xk)

p
, (15) 

the Gaussian kernel function is defined as: 

G(xj,xk)=e

(−
‖xj-xk‖

2

σ2
)

, 
(16) 

where the standard deviation (σ) is set to 1. 

3) K-NEAREST NEIGHBOUR 

In machine learning, k-NN is a non-parametric algorithm used 

for classification and regression. Based on similarity 

measures, the k-NN algorithm assigns the test pattern in the 

category to the class which has the majority of nearest 

neighbours. Though k-NN is considered the simplest 

algorithm, in practice the learning vector quantization (LVQ) 

algorithm seems more appropriate and simpler. LVQ is based 

on a reduced number of prototypes that can be estimated using 

the k-means algorithm. LVQ classification is based on the 

similarity measure of the test pattern and the prototypes 

representing each category. 

The k-NN function is only approximated locally, and the 

only parameter of the algorithm is the number of neighbours 

(k) considered for classification, where k is a positive integer. 

If k=1, the input is assigned to the class of that single nearest 

neighbour. For the best algorithm performance, a 

normalization of the database is often required. A data set with 

different physical units or different scales can seriously 

undermine the accuracy of the algorithm [37]. 
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III. LABORATORY WINDING MODEL AND REFERENCE 
MEASUREMENTS 

Measurements were taken from 1 kHz to 1 MHz on a 

laboratory winding model with removable sections using a 

commercially available FRA instrument. The model was 

designed and manufactured to enable short-circuits and 

different mechanical deformations [19]. 

The laboratory winding model used for this study is of 

uniform structure, that is, same conductor throughout the 

winding and an equal number of turns per winding section. 

The model has solid, non-grated insulation and was designed 

specifically for FRA testing: that is, there are no power or 

voltage ratings for the model. 

Fig. 2 shows the model and its connection schematic. The 

transformer model is composed of two windings, the outer coil 

(winding 1) with 448 turns divided into 16 sections (28 turns 

per section) and the inner coil (winding 2) divided into three 

concentric and fixed layers with 76 turns each, a total of 228 

turns in this winding. 

The inner diameter of winding 1 is 300 mm, its radial 

dimension is 8.5 mm and its height is 511.3 mm. Winding 2 

has an inner diameter of 259 mm, a radial dimension of 9 mm 

and a total height of 530 mm. The outer winding of the 

transformer model has 16 sections. These sections facilitate 

defect introduction at different locations. 
All FRA measurements discussed in this paper were taken 

with an air core and concentrically arranged coils, as shown in 

Fig. 2. The reference measurements (healthy winding) for 

windings 1 and 2 are presented in Fig. 3. The curves in Fig. 3 

serve as reference for comparison with fault modes. 

As Fig. 3 shows, the first anti-resonance for the open circuit 

measurement appears at a frequency around 25 kHz for both 

windings. A magnetic core, not present in this laboratory 

model, would create a high-magnetizing inductance and a first 

anti-resonance frequency below 1 kHz. The short-circuit 

measurement matches the open circuit measurement at over 

150 kHz, in both windings. Since the faults were introduced 

on winding 1, the open-circuit measurement taken from 

winding 1 was used in this research to compare faulty and 

healthy states. 

 

(a) 

    

(b)                                                    (c) 

FIGURE 2.  Model for laboratory tests: (a) winding photo, (b) dimensions 
and (c) connections schematic. 

 
 
 

  

(a) 

 
 

 

(b) 

FIGURE 3.  FRA reference measurements at (a) winding 1 and (b) winding 2. 
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IV. FAULT ANALYSES 

For this research, four different fault modes were introduced 

in winding 1: three mechanical deformations and one 

electrical fault. Six levels of each fault were tested to verify 

the evolution of the fault in the frequency response. Fig. 4 is a 

sketch representation of the fault modes. 

A. AXIAL DISPLACEMENT 

Axial displacement (AD) faults were created by adding 

spacers at the bottom of winding 1, resulting in vertical 

displacement between winding 1 and winding 2. The AD fault 

started with 6 mm spacer (AD 1) and increased the spacers in 

steps of approximately 5.4 mm up to 34 mm (AD 6). Fig. 5.a 

shows the frequency response for reference and the AD fault 

steps. 

B. RADIAL DEFORMATION 

Radial deformation (RD) faults were created by replacing 

healthy sections of winding 1 by deformed ones. The model 

has sixteen identical healthy sections. Six radially deformed 

sections were used to replace healthy sections and introduce 

radial deformation to the model. The RD fault started by 

replacing one healthy section with a deformed one, and then 

replaced one more for each fault step in the positions indicated 

in Fig. 4.c., such that RD 1 has one deformed section and RD 6 

has six. Fig. 5.b shows the frequency response for reference 

and RD faults. 

C. DISC SPACE VARIATION 

Disc space variation (DSV) faults were created like the AD 

faults, but the spacers were added between sections at three 

different positions, as shown in Fig. 4.d. The first DSV fault 

level (DSV 1) has 6 mm spacer between sections 2 and 3. DSV 

2 has 11.4 mm spacer between the same sections. The next 

DSV fault steps were created by adding first 6 mm and then 

11.4 mm spacers between sections 8 and 9. The last two steps 

were created by adding 6 mm (DSV 5) and then 11.4 mm 

(DSV 6) spacers between sections 14 and 15. Spacers were 

always added without removing those for the previous levels, 

increasing the fault extent at each step. Fig. 5.c shows the 

frequency response for reference and DSV faults. 

D. SHORT-CIRCUITED TURNS 

The final fault, the shorted turns (ST) fault, is an electrical fault 

created by generating a short-circuit between turns of 

winding 1. The ST fault started with a short-circuit of section 

2 of winding 1 (ST 1), for a total of 28 turns shorted. For ST 2 

the turns of sections 2 and 3 were shorted, for a total of 56 

turns shorted. Shorted turns continued to be added to 

winding 1 until sections 2, 3, 8, 9, 14 and 15 (ST 6) were all 

shorted, for a total of 168 turns shorted. At each level, the 

shorted sections were added without correcting those of the 

previous levels, so the impact of shorted turns all along 

winding 1 could be observed. Fig. 5.d shows the frequency 

response for reference and the six ST fault levels. 

 

(a)                                    (b)                                   (c) 

 

(d)                                  (e) 

FIGURE 4.  Winding model representation of fault modes: (a) healthy 
state; (b) axial displacement; (c) radial deformation; (d) disc space 
variation; and (e) shorted turns. 

 

Fig. 5 shows frequency responses for the different faults 

analyzed in this study. As the figure demonstrates, the faults 

have different impacts on frequency response. The first 

resonance at 25 kHz was not affected by the mechanical 

deformations, but the shorted turns had a substantial effect in 

this region. This is mainly because the lower frequency 

region is dominated by the main inductance of the 

transformer and the ST fault reduces this inductance 

significantly. Reducing coil inductance results in frequency 

response displacement towards higher frequencies, as clearly 

shown in Fig. 6.e. The next anti-resonance point along the 

frequency response curve, at around 54 kHz, is less affected 

by the faults. In fact, this point is not even much affected by 

the ST fault, though the entire frequency range (1 kHz to 

1 MHz) is greatly affected by this electrical fault.  
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(a) 
 

(b) 

 
(c) 

  
(d) 

FIGURE 5.  FRA measurements for the different fault modes: (a) axial displacement; (b) radial deformation; (c) disc space variation; and (d) shorted 
turns. 

 

The last frequency region of interest is 400 kHz to 700 

kHz, where a resonance at 450 kHz and an anti-resonance at 

500 kHz are present (these resonance frequencies are 

observed in the healthy winding). This particular frequency 

range (400 kHz to 700 kHz) was affected by all faults 

(mechanical and electrical), as shown in Fig. 6. 

Each of the faults affected the frequency range from 

400 kHz to 700 kHz differently. As a result, this frequency 

was used to calculate indices for quantitative evaluation of the 

faults. However, unlike the mechanical faults, the ST fault did 

not present a clear deviation pattern at this frequency band, as 

shown in Fig. 6. The frequency range from 20 kHz to 50 kHz 

was thus used to evaluate ST faults, since the deviation pattern 

is clearer in this region. 

The curves in Fig. 7 show the numerical indices calculated 

from equations (3) to (7) for the different levels of fault in the 

frequency range from 400 kHz to 700 kHz for the mechanical 

faults and the range from 20 kHz to 50 kHz for the ST fault. 

Note that the indices CCF and LCC are evaluated as 

CCF*=1-CCF and LCC*=1-LCC to simplify comparison with 

other indices. Also, to facilitate indices comparison, a 

normalization was performed, each index value being divided 

by the maximum value of its group to obtain a rescale between 

zero and 1. 

All the indices evaluated presented monotonic behaviour 

for the different faults; that is, for higher levels of the fault, the 

indices presented their highest value. In addition, the indices 

all appeared to be linear, though some indices in general are 

not linear: for example, when the indices include squared 

calculations. The sensitivity of the indices was not consistent, 

especially at the lowest fault level, which most indices were 

unable to detect. The CSD index, however, showed good 

sensitivity, even at the lowest fault level, for all faults, with a 

value of at least 18% when comparing the first deformation 

step with the last step up in all cases. Furthermore, the CSD 

index showed the best overall results for this analysis given its 

monotonic, linearity and sensitivity behaviour. 

Fig. 8 shows an analysis of the frequency ranges used for 

the index calculations. Frequency ranges from the first 

resonance (20 kHz to 50 kHz), the first anti-resonance (50 kHz 

to 100 kHz) and the deviations in fault analysis (400 kHz to 

700 kHz) are compared to the Chinese standard [33] frequency 

band divisions: 1 kHz to 100 kHz; 100 kHz to 600 kHz; and 

600 kHz to 1 MHz. 
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(a) 

 

(b) 

 

(c) 
(d) 

 

(e) 

FIGURE 6.  Frequency response at a frequency range affected in fault mode: from 400 kHz to 700 kHz for (a) axial displacement, (b) radial deformation, 
(c) disc space variation and (d) shorted turns; and from 20 kHz to 50 kHz for (e) shorted turns.
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(a) 

 

(b) 

 

(c) 

 

(d) 

FIGURE 7.  Numerical index analyses for fault modes (a) axial displacement; (b) radial deformation; (c) disc space variation; and (d) shorted turns. 

 

 

(a) 

 

(b) 

FIGURE 8.  Numerical indices and frequency range evaluation for (a) axial displacement and (b) shorted turns faults. 
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To simplify this last comparison, only the AD and the ST 

faults were evaluated, the other mechanical faults 

demonstrating results similar to the AD fault. In addition, only 

the CSD index was used for this comparison, since it offered 

the best overall performance for fault evaluation in this 

laboratory winding model. The CSD index was not 

normalized for this comparison. 

Fig. 8.a shows that the monotonic behaviour of the CSD 

index disappeared in most frequency ranges and linearity was 

observed only from 400 kHz to 700 kHz. This indicates that 

the frequency range analyzed has a substantial impact on index 

results and that the frequency bands suggested in [33] are not 

suitable for the winding model studied. In Fig. 8.b, on the other 

hand, monotonic behaviour appears in the frequency bands 

suggested by [33] but there is less linearity, mainly due to this 

fault’s characteristics, once again confirming the need for care 

in determining the frequency bands to be used for index 

calculation. 

V.  RECOGNITION PERFORMANCE AND DISCUSSION 

Three machine learning classifiers were investigated in an 

effort to obtain a more objective interpretation for fault 

diagnostics in a winding model: radial basis function (RBF), 

support vector machine (SVM) and k-nearest neighbour (k-

NN). 

The measurements shown in Fig. 5 were replicated under 

very similar conditions, providing a large database of 

measurements. After disassembling and reassembling 

sections of winding 1, small deviations were noted in the 

winding frequency response, giving slight differences in 

index values. A total of 371 measurements (with and without 

faults) were taken. For the proposed classifiers, 80% of the 

measurements were used for training, leaving 20% for 

testing and validation. 

The input vectors were composed of CSD index values in 

the three main frequency bands of interest (20 kHz to 50 

kHz; 50 kHz to 100 kHz; and 400 kHz to 700 kHz). 

Three types of fault identification were investigated. In the 

first scenario, the intelligent classifiers were trained and 

tested to issue a binary decision on the presence or absence 

of a fault regardless of fault type or nature. Since the learning 

was qualified as supervised, all fault data were assigned to 

class C1 and data without fault were assigned to class C2 

(binary analysis). 

Determination of fault type was introduced in the second 

scenario. The intelligent algorithms were asked to identify 

fault type (5 classes): no fault detected, AD, RD, DSV or ST. 

In the third and last scenario, the classifiers were requested 

to identify fault type (as above) along with fault extent (1 to 

6). This calls for discrimination between 25 classes, 

considerably reducing the amount of data per class and 

possibly negatively affecting statistical convergence of the 

network. 

The architecture of the suggested RBF neural network 

comprises an input layer, a hidden layer and an output layer. 

The neurons in the hidden layer contain Gaussian activation 

functions whose outputs are inversely proportional to 

distance from the centre of the neuron. The neurons in the 

second layer contain a linear activation function (purelin) for 

categorization purposes. Both layers have biases. The 

smoothing parameter (spread) of radial basis functions was 

fixed at 1. 

Figure 9 shows the results for the machine learning 

classifiers in all the suggested scenarios. The optimization 

problem in RBF neural network structures is to find the 

optimal number of hidden layer neurons and their 

corresponding spread σk and centroids μ
k
. To find the best 

value for these parameters, several architectures were 

considered, trained and tested using 80% and 20% of the 

measurements, respectively, as described above. For each 

architecture, the number of neurons in the hidden layer was 

increased from eight to 100 neuron cells in increments of 

two. The impact of spread was also investigated, varying σk 

from 0.6 to 1 in increments of 0.1. In normal distributions, 

variation of the standard deviation impacts the spread of the 

distribution curve; higher standard deviations spread out the 

distribution, while lower ones mean a less spread distribution 

and a more pronounced peak. 

As Fig. 9.a shows, the RBF neural network demonstrated 

high accuracy (above 98%) in the binary analysis 

(determining presence or absence of fault) even when using 

only 8 neurons in the hidden layer. For this analysis, the 

spread value of σk=0.7 showed the best performance, though 

results were very close for all spread values verified. The 

RBF network’s performance in determining fault type was 

good, more than 90% accurate when at least 40 neurons were 

used and more than 80% accurate when at least 32 neurons 

were used. For this analysis, the best performance was 

obtained with the spread value σk=0.6. When the RBF neural 

network was asked to determine fault type and extent, 

accuracy only exceeded 80% with at least 52 neurons; for 

90% accuracy or more, it took at least 70 neurons—

considered disproportionate given the size of the database. 

To overcome this problem, the amount of data available to 

train the network would have to be increased. For fault type 

and extent analysis, the best performance was obtained with 

spread value σk=0.6. 

As Fig. 9.b shows, all SVM kernel functions performed 

well (accuracy > 85%) in the three analyses. The figure also 

indicates that the performance of the Gaussian and 

polynomial functions was very close. In fact, these functions 

are, overall, the best kernel function choice for analysis of 

the suggested data set, achieving 98% accuracy for fault type 

and extent detection. Meanwhile, SVM using Gaussian or 

polynomial kernel functions obtained above 99% accuracy 

in determining presence or absence of fault. Comparison of 

the one-versus-one and one-versus-all heuristic methods for 

SVM algorithms did not show significant variation in their 

results. To simplify the results, the one-versus-all heuristic 

method was selected for the graphic presentation. 
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(a) 

 

(b) 

 

(c) 

FIGURE 9.  Machine learning architecture performances: (a) radial basis 
function neural network; (b) support-vector machine; and (c) statistical 
k-nearest neighbour. 

 

For the statistical model k-NN, the impact of the number 

of neighbours was evaluated, that is, k = 3, 5 and 7. The 

performance of this model was also above 94% for the three 

classification models studied. These results are shown in 

Fig. 9.c. 

The research described in this paper is a proof of concept 

study. The main advantage of the approach taken was the 

opportunity to investigate a large number of failure modes 

and different failure extents on the same unit, as compared 

to past studies that used limited databases and real 

transformers, which can be problematic to interpret. A three-

phase transformer model that is closer to the real model is 

being developed so this research can continue in the near 

future. With this approach and the new model, it should be 

possible to obtain results that can be more closely 

generalized to real-case transformers. 

VI. CONCLUSION 

This paper reports on frequency response interpretation using 

numerical indices and machine learning applications. Used for 

the study was a specially designed laboratory transformer 

model that allows mechanical defects to be introduced so its 

frequency response under different circumstances can be 

evaluated. This model has removable sections and is designed 

and manufactured to enable short-circuits and deformations 

(axial and/or radial), allowing reproducibility and repeatability 

of frequency response measurements. Numerical indices were 

used to evaluate deviations derived from axial displacements, 

radial deformations, disc space variations and short-circuited 

turns integrated into the outer winding. 

The results of the index evaluations showed that while all 

the indices were able to identify the highest levels of 

deformations in the frequency range of interest (400 kHz to 

700 kHz), best overall results were obtained in this study with 

the CSD, given its monotonic behaviour, linear increase with 

fault severity and sensitivity even to the smallest 

deformations. 

Results for use of machine learning classifiers for fault 

diagnostics were promising. The RBF, SVM and k-NN 

networks performed well classifying faults using the CSD 

index and targeted frequency bands as input. An automatic- 

interpretation for fault extent detection in addition to fault 

classification would be a major asset in power transformer 

condition monitoring. This remains one of the challenges of 

our research activities. 
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