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Abstract 
Power transformers in transmission network are utilized for increasing or decreasing the voltage 
level. Power Transformers fail to connect directly to the consumers that result in the less load 
fluctuations. Power transformer operation under any abnormal condition decreases the lifetime 
of the transformer. Power Transformer protection from inrush and internal fault is critical issue 
in power system because the obstacle lies in the precise and swift distinction between them. Due 
to the limitation of heterogeneous resources, occurrence of fault poses severe problem. Providing 
an efficient mechanism to differentiate between faults (i.e. inrush and internal) is the key for effi-
cient information flow. In this paper, the task of detecting inrush and internal fault in power 
transformers is formulated as an optimization problem which is solved by using Hyperbolic 
S-Transform Bacterial Foraging Optimization (HS-TBFO) technique. The Gaussian Frequency- 
based Hyperbolic S-Transform detects the faults at much earlier stage and therefore minimizes 
the computation cost by applying Cosine Hyperbolic S-Transform. Next, the Bacterial Foraging Op-
timization (BFO) technique has been proposed and has demonstrated the capability of identifying 
the maximum number of faults covered with minimum test cases and therefore improving the 
fault detection efficiency in a wise manner. The HS-TBFO technique is evaluated and validated in 
various simulation test cases to detect inrush and internal fault in a significant manner. This 
HS-TBFO technique is investigated based on three phase power transformer embedded in a power 
system fed from both ends. Results have confirmed that the HS-TBFO technique is capable of cate-
gorizing the inrush and internal faults by identifying maximum number of faults with minimum 
computation cost as compared to the state-of-the-art works. 
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1. Introduction 
Power transformers are considered as the most critical and expensive component in the power substations. 
Power transformer operation under any abnormal condition such as inrush or internal faults results in the com-
promise of the life of the transformer. Therefore, adequate protection has to be provided for identifying and de-
tecting the inrush and internal faults in power transformer at an earlier stage. Many research works have been 
conducted in the discrimination of inrush and internal faults by search researchers.  

Detection and Location of High Impedance Faults (DL-HIF) [1] was performed using power line communica-
tion devices resulted in the ability to effectively identify and detect HIFs. The DL-HIF method applied on multi- 
conductor overhead distribution networks to detect the fault rate in an efficient manner. Phase Angle Differ-
ence-based Inrush Restraint (PAD-IR) [2] distinguished the inrush current from internal fault current by apply-
ing phase shift between the two currents. With this, the relaying decision remains unaffected resulting in the ef-
ficient discrimination between the two currents. 

Discrete Wavelet Transform [3] was applied to extract transitory features on transient signal analysis to iden-
tify the fault. A new algorithm based on Clarke’s transform and Discrete Wavelet Transform (DWT) [4] was 
applied on power transformer to differentiate between external and internal faults. Entropy approach integrated 
with Artificial Neural Network [5] resulted in the efficient discrimination between inrush and internal faults in 
an intelligent based network monitoring system.  

Simulation of three-phase power transformer was applied using backward and numerical differentiated for-
mula [6] using linear graph theory resulted in the improvement of inrush faults detection. In [7], Feed Forward 
Back Propagation Neural Network was applied to distinguish between a magnetizing inrush and power trans-
former internal faults. An algorithm based on Neural Network Principal Component Analysis (NNPCA) was al-
so designed for digital differential protection of power transformer. A state-of-the-art method for fault detection 
to power system was presented in [8].  

In [9], directly coupled voltage-source inverter was applied to remnant flux in the core for the efficient identi-
fication of transformer magnetizing of inrush currents. The application of pre-magnetization resulted in the good 
reduction in the peak magnetizing inrush currents without applying any external circuit. Particle Swarm Opti-
mization [10] techniques with Artificial Neural Network were applied to predict incipient fault. The integration 
approach resulted in the accuracy of fault being detected. Diagnosis of power transformer faults using Fuzzy ra-
tio method was applied in [11]. This approach diagnosed multiple faults by also improving the accuracy of fault 
being detected.  

Numerical methods [12] for detecting faults in power transformer were applied by employing finite method. 
An overview of fault detection, fault classification, fault location and fault direction discrimination was pre-
sented in [13]. A review of faults [14] in electric propulsion systems was applied to identify the electric and 
mechanical faults using robust and reliable mechanism. Fault detection in gas sensing technology was presented 
in [15] using molecular orbital energy. Fault tolerant converters suitable for microgrids was presented [16] using 
fault tolerant inverters.  

In [17], Electro Magnetic Transient Program - Restructured Version (EMTPRV) model was developed for 
fault detection and classification in transmission lines. The algorithm in EMTPRV model uses the Wavelet 
Transform (WT) and Singular Value Decomposition (SVD) for fault detection and classification. Though, the 
original voltage magnitude of the faulty phases is decreased quickly, but the results are comparatively low in 
EMTPRV model. With the purpose of detecting bearing faults, a two-stage diagnosis method for fault and 
fault-severity detections based on the FFT and SVMs is designed in [18]. But, Peak-to-average ratio does not 
perform optimally. A new detection technique of stator winding faults [19] was introduced in a three-phase 
PMSM. 

In this paper, an effective inrush and internal faults detection mechanism is proposed using Bacterial Foraging 
Optimization Technique based on Cosine Hyperbolic S-Transform. The proposed Bacterial Foraging Optimiza-
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tion algorithm formulation uses chemotaxis, swarming, reproduction and elimination-dispersion based on for-
aging strategies to identify and discriminate between inrush and internal faults in power transformer. Initially, 
the Gaussian Frequency-based Hyperbolic S-Transform is applied in HS-TBFO to detect the faults at much ear-
lier stage which in turn reduces the computation cost. Next, the Bacterial Foraging Optimization (BFO) tech-
nique is applied in proposed HS-TBFO for identifying the maximum number of faults covered with minimum 
test cases which in turn improves the fault detection efficiency in an effective manner. 

The remaining of this paper is divided as follows. Section 2 describes the proposed Hyperbolic S-Transform 
Bacterial Foraging Optimization technique with the aid of the proposed algorithm. Section 3 presents the test 
results and discussions. The conclusions of this work are presented on Section 4. 

2. Design of Hyperbolic S-Transform Bacterial Foraging Optimization 
In this section, the Design of Hyperbolic S-Transform Bacterial Foraging Optimization technique is developed 
with the objective of detecting the faults (inrush and internal) at an early stage with reducing the computation 
cost involved in fault detection. Initially, Gaussian Frequency-based Hyperbolic S-Transform (GFHST) model 
detects the fault at an early stage by introducing Cosine Hyperbolic S-Transform. Subsequently, Bacterial Fo-
raging Optimization technique is applied in GFHST model to identify the maximum number of faults with 
minimum test cases.  

2.1. Design of Gaussian Frequency-Based Hyperbolic S-Transform  
The Gaussian Frequency-based Hyperbolic S-Transform (GFHST) model in the proposed technique extracts 
patterns of inrush faults and internal faults from the captured power transformer. For modeling the Gaussian 
Frequency-based Hyperbolic S-Transform, modeling of the power transformer is required. The modeling of the 
power transformer is done by using and combining magnetic and electrical circuits. Figure 1 shows the block 
diagram of three-phase power transformer.  

 

 
Figure 1. Block diagram of power transformer. 
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The GFHST model obtains the information of transient currents based on frequency domain. Followed by this 
to perform an efficient differentiation between inrush and internal faults, standard deviation is evaluated. The 
S-Transform is mathematically formulated as given below. 

( ) ( ) { }
2

exp exp 2π d
22π

f fS f h f f f
+∞

−∞

  −   = −   
     

∫                      (1) 

From Equation (1), ( )S f  represents the S-Transform of ( )h f  which is the signal varying with frequency, 

frequency is denoted by ( )h f , on the frequency axis. The proposed technique introduced a small variation of 
Gaussian window with the objective of solving the fault detection at a much earlier stage. The Gaussian 
S-Transform is mathematically formulated as given below. 

( ) ( ) { }
2

exp exp 2π d
22π f

f fGS f h f G f f
+∞

−∞

  −   = ∗ ∗ −   
     

∫                   (2) 

From Equation (2), the Gaussian-based S-Transform ( )GS f  is evaluated using the Gaussian frequency res-
olution fG . With the objective of minimizing the computation while solving fault detection, Gaussian Fre-
quency-based Hyperbolic S-Transform is designed. The Gaussian Frequency-based Hyperbolic S-Transform is 
constructed using Cosine Hyperbolic S-Transform. The Cosine Hyperbolic S-Transform is mathematically for-
mulated as given below 

( )( ) ( ) ( )
1 2

1 2
2

exp exp 2π d
22π f

f fCos HGS f h f G f f
+∞ −

−∞

 − 
= ∗ ∗ −  

   
∫               (3) 

From Equation (3), the Cosine Hyperbolic S-Transform ( )( )Cos HGS f  is measured for minimizing the 
ripple ratio, which resulting in less computation for fault detection. First, confirm that you have the correct tem-
plate for your paper size. This template has been tailored for output on the custom paper size (21 cm × 28.5 cm). 

2.2. Bacterial Foraging Optimization Technique 
Hyperbolic S-Transform Bacterial Foraging Optimization (HS-TBFO) technique used to optimize test suite 
produced by the application of BFO algorithm that contains possible transmissions and faults. The HS-TBFO 
technique is applied to produce an Optimal Test by identifying the maximum number of faults covered with 
minimum test cases. Let us consider the vector array “VA” of “n” elements with progressive phase excitation 
[18] be formulated as given below.  

( ) ( ) ( )( )1 cos
1

en j i kd
ii

VA h f θ βθ − +
=

= ∑                              (4) 

From Equation (4), ( )ih f  are the non-uniform elements (i.e. input signals), with d symbolizing the spacing 
between the elements and β  is the progressive phase shift to measure and identify the inrush and internal 
faults in power transformer. Occurrence of faults in power line transformer results in significant variations 
causing interruption and delay of power pattern. To locate the occurrence of faults in the vector array “VA”, the 
proposed HS-TBFO technique measures the degraded array patterns having faulty elements. The “VA” formed 
using (4) are used to measure the inrush or internal fault by making amplitude excitation equal to zero. This in 
turn represents the inrush fault element and half of the original excitation to represent an internal fault element. 

2.3. Design of Hyperbolic S-Transform Bacterial Foraging Optimization 
In Hyperbolic S-Transform Bacterial Foraging Optimization technique, a group of E-Coli bacteria or operating 
conditions (i.e. inrush and internal fault) move in search of rich nutrient concentration. The Bacterial Foraging 
Optimization technique proceeds by selecting or eliminating bacteria or operating conditions based on their fo-
raging strategies. The natural selection of operating conditions eliminates the signals with poor foraging strate-
gies and favors those having successful foraging strategies. After several cycle’s (C) the poor foraging strategies 
or signals having faults (i.e. inrush or internal fault) are identified and eliminated. The Bacteria Foraging Opti-
mization technique is performed using chemotaxis, swarming, reproduction and elimination-dispersion.  
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2.3.1. Chemotaxis 
The first step in the design of Bacterial Foraging Optimization technique is to detect the movement of inrush and 
internal fault operating conditions by an activity called chemotaxis. Let us consider “ith bacterium” (i.e. input 
signals), with the computational chemotaxis (i.e. computational cost), then the movement of “ith bacterium” is 
formalized as given below. 

( ) ( ) ( ) ( )
( ) ( )

1, , , ,
t

i i

t t

i
RV p q r p q r Step i

i i
θ θ= + = +

∗

∆

∆ ∆
                    (5) 

From Equation (5), for “ith bacterium”, at “p the chemotactic”, “q th reproductive” and “r the elimina-
tion-dispersal” with ( )Step i  representing the step size of input signals, the value of “Δ”, therefore indicates the 
vector in vector array with random movement specifying the elements either “0 or 1” respectively. The resultant 
value of vector array with random movement is formulated as given below. 

 ( ) { }0,1RV VA θ= =                                   (6) 

2.3.2. Swarming 
The second step in the design of Bacterial Foraging Optimization technique is swarming. Swarming analyzes the 
signal at different frequency bands by cell-to-cell signaling exhibited by bacteria (i.e. input signals) with the ob-
jective of detecting and identifying the inrush and internal faults in power line transformer. The cell-to-cell sig-
naling exhibited by bacteria (i.e. input signals) is mathematically represented as given below. 

( ) ( )1
 , , , ,n i

i
RV p q r p q rθ θθ

=
= ∑                              (7) 

From Equation (7), “n” symbolizes the total input signals; “RV”’ the resultant value of vector array obtained 
from chemotaxis and θ  representing the search area. Finally, the detection of inrush and internal faults are ef-
ficiently made by calculating the standard deviation which clearly distinguishes between inrush and internal 
faults in power transformer. 

( ) ( )22
1

, , , ,n
i ii

SD RV p q r RV p q rθ θ
=

= −∑                          (8) 

if 0 then, Detection of inrush elseSD >                           (9) 

if 0 then, Detection of internal faultSD <                         (10) 

From Equation (8), the standard deviation “SD” with average resultant value of vector array is denoted by 
“ iRVθ ”. This resultant standard deviation value, classification of inrush and internal fault is made in an efficient 
manner. Different cycles are applied (i.e. reproduction) for measuring several input signals with the differentia-
tion of inrush and internal fault detection. By applying BFO technique in HS-TBFO, the maximum number of 
faults is covered with minimum test cases. Figure 2 shows the flow process of Bacteria Foraging Optimization 
Fault Detection. 

Figure 3 shows the algorithmic description of Bacterial Foraging Optimization technique for Fault Detection. 
As shown in Figure 3, the Bacterial Foraging Optimization Fault Detection algorithm performs three important 
steps. For each input signals (i.e. bacterium), the cost function is evaluated by an activity called chemotaxis. 
Followed by this, using resultant value of vector array, cell-to-cell signaling is performed with the objective of 
detecting the faults (i.e. inrush or internal faults) in the input signals applied on power transformer. Finally, effi-
cient differentiation between inrush and internal faults in power transformer is made by evaluating the standard 
deviation from the search area. This in turn therefore improves the fault detection efficiency. 

3. Experimental Settings 
Simulation experiments are conducted with Matlab Simulink with a 2000 MVA 220 kV Generator, A 3-phase 
breaker, a 450 MVA 220 kV/500 kV transformer and a linear load of 250 MW for experimenting the proposed 
Hyperbolic S-Transform Bacterial Foraging Optimization technique. The sampling rate was 3.2 kHz with each 
cycle containing 64 samples running for a period of 0.04 s. 

The three phase voltage source is connected to the input of the one side and the other side is connected to the  
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Figure 2. Flowchart for bacteria foraging optimization fault detection algorithm. 

 

 
Figure 3. Bacterial foraging optimization fault detection algorithm. 
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current measurement block, from which we can measure the Inrush or internal fault current in the power trans-
former. Here multi winding transformer is taken in which it divided into three phases of x, y, z. And the trans-
former has 20 turns where each of the individual primary and secondary sides of the power transformer for the 
respective three phases. The HS-TBFO technique is constructed by a PC through a friendly user interface of 
Matlab coding and comparison is made with existing methods namely Detection and Location of High Imped-
ance Faults (DL-HIF) [1] and Phase Angle Difference-based Inrush Restraint (PAD-IR) [2].  

4. Simulation Results 
The feasible study of the system is done by experimenting through the factors such as fault detection time, fault 
detection computation cost, number of faults covered and Fault detection on the varying input signals.  

Fault detection time (FDT) refers to the time taken to detect the faults (inrush and internal). The fault detec-
tion time is measured using the product of number of cycles with respect to time taken to detect fault for each 
cycle. Fault detection time is mathematically formulated as given below 

( )1
Time Fault detection during each cyclen

ii
FDT C

=
= ∗∑                    (11) 

From Equation (11), the fault detection time “FDT” is measured with respect to the number of cycles gener-
ated iC . When lower the fault detection time, more efficient the method is said to be. Computation cost (CC) 
measures the cost involved in computing the inrush and internal faults. Therefore, computation cost is the prod-
uct of frequency applied to the fault detection time for varied input signals. The mathematical evaluation of 
computation cost for computing the inrush and internal faults is as given below. 

CC f FDT= ∗                                     (12) 

From Equation (12), the computation cost “CC” is the product of frequency “f” applied during each cycle and 
the fault detection time. When lower the computation cost, more efficient the method is said to be. Number of 
faults covered is defined as the ratio of faults identified to the input signals provided as input in power transfor-
mer. The number of faults covered is mathematically formulated as given below.  

Fault identified 100
Input signals

C  
= ∗ 
 

                              (13) 

From Equation (13), when higher the faults covered “FC”, more efficient the method is said to be. The per-
formance indices for the fault detection time with respect to varying cycles are shown in Figure 4. These statis-
tical performance indices of fault detection time gives a clear picture of performance improvement for 
HS-TBFO technique when compared to DL-HIF and PAD-IR and is lower than DL-HIF and PAD-IR showing 
that HS-TBFO technique has improved performance results in a steady manner with respect to differing cycles. 
The quantitative results for these performance indices are given in Table 1.  

In order to check the robustness of the proposed Hyperbolic S-Transform Bacterial Foraging Optimization 
(HS-TBFO) technique, series of cycles is applied to the system. The duration of 14 cycles are applied. It shows 
that the proposed HS-TBFO technique is comparatively lower than the state-of-the-art works though the maxi-
mum fault detection time is at C = 14, comparatively, optimization of fault detection time achieves at C = 8, 
with 11.88% and 20.60% improvement compared to DL-HIF [1] and PAD-IR [2]. 

A comparison of the results shows that HS-TBFO technique has more performance improvement using Gaus-
sian Frequency-based Hyperbolic S-Transform that measures Cosine Hyperbolic S-Transform, therefore, more 
suitable for the commercial systems with higher input points. 

The computation cost of the proposed HS-TBFO technique is analyzed using different frequency rates. Expe-
riments are carried out with the frequency rate 5 Hz and 35 Hz, and the response of the system is investigated in 
Table 2. The test bed of the proposed computation cost on varied frequency is depicted in Figure 5 and it in-
cludes varied frequency rate. The minimum computation cost of the proposed technique is observed between fre-
quency 5 Hz and 15 HZ using all the methods. But comparatively, lower with the proposed technique that is meas-
ured as 1.65 ms to 3.91 ms and it varies according to the frequency rate and Cosine Hyperbolic S-Transform being 
applied. 

The computation cost is given in Figure 5. The minimum computation cost on multiple speeds with varied 
frequency is 1.65 ms which reaches to 7.12 ms respectively as compared with the existing DL-HIF [1] and 
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PAD-IR [2] respectively. But the computation cost was found to be 1.83 to 7.27 ms using DL-HIF and 2.10 ms 
to 8.37 ms when DL-HIF and PAD-IR was applied. So comparatively, the computation cost by applying 
HS-TBFO is observed to be less. This is because of the application of small variation of Gaussian window,  

 

 
Figure 4. Measure of fault detection time with respect to number of cycles. 

 
Table 1. Comparative result with respect to fault detection time. 

No of cycles (C) 
Fault detection time (ms) 

HS-TBFO DL-HIF PAD-IR 

2 0.66 0.74 0.83 

4 0.78 0.90 0.98 

6 0.85 0.97 1.05 

8 0.98 1.10 1.18 

10 1.10 1.22 1.30 

12 1.24 1.36 1.44 

14 1.37 1.49 1.57 

 
Table 2. Comparative results with respect to computation cost. 

Frequency (Hz) 
Computation cost (ms) 

HS-TBFO DL-HIF PAD-IR 

5 1.65 1.83 2.10 

10 2.85 3.00 4.10 

15 3.91 4.06 5.16 

20 5.32 5.47 6.57 

25 4.12 4.27 5.37 

30 6.05 6.20 7.30 

35 7.12 7.27 8.37 
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Figure 5. Measure of computation cost with respect to frequency. 

 
Table 3. Comparative result with respect to number of faults covered. 

Input signals 
Number of faults covered (%) 

HS-TBFO DL-HIF PAD-IR 

6 68.35 53.56 35.13 

12 71.13 60.10 48.05 

18 74.37 63.34 51.29 

24 77.54 66.51 54.46 

30 81.13 70.10 58.05 

36 82.25 71.22 59.17 

42 85.58 74.55 62.50 

 
Gaussian Frequency-based Hyperbolic S-Transform making an inference of 4.43% and 27.87% better compara-
tively to the two other existing methods [1] [2]. It is therefore significant that the proposed HS-TBFO technique 
minimizes the fault detection computation cost in an appropriate and flexible manner. 

Table 3 summarizes the simulation results of number of faults covered for the proposed HS-TBFO technique 
and elaborate comparison is made with the existing methods DL-HIF [1] and PAD-IR [2] respectively with re-
spect to differing input signals between 6 and 42 respectively.  

To increase the number of faults covered with minimum test cases, in this work Hyperbolic S-Transform is 
integrated with Bacterial Foraging Optimization. HS-TBFO technique improved the faults covered from 68.35% 
to 85.58% using BFO algorithm. This helps in improving the faults covered with minimum test cases as shown 
in Figure 6. The Bacterial Foraging Optimization technique using chemotaxis, swarming, reproduction and eli-
mination-dispersion to identify the occurrence of faults in power line transformer applying step by step proce-
dure of computational chemotaxis, in vector array with random movement specifying the elements either “0 or 
1” respectively.  
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Figure 6. Measure of number of faults covered with respect to different input signals. 

 
Table 4. Comparative results of fault detection efficiency. 

Methods Fault detection efficiency (%) 

HS-TBFO 73.13 

DL-HIF 65.29 

PAD-IR 59.35 

 
The number of faults covered saw a steady change with maximum number of faults covered when applied 

with 42 signals (Figure 5). The results showed a good agreement with the peak faults covered, which indicate 
that the performance of the HS-TBFO technique was comparatively better than the existing DL-HIF [1] and 
PAD-IR [2] respectively.  

Table 4 and Figure 7 show that the proposed HS-TBFO technique provides higher amount of fault detection 
efficiency on varying input signals with respect to different frequency in the range of 5 Hz to 35 Hz when com-
pared to the existing DL-HIF [1] and PAD-IR [2].  

The fault detection efficiency is improved because of the application of Bacterial Foraging Optimization. 
Fault Detection algorithm in HS-TBFO technique. It efficiently estimates the inrush and internal faults in power 
transformer using the condensed rule based on the cell-to-cell signaling that manages the input signals applied 
on power transformer for various cycles which in turn improves the fault detection efficiency on varying input 
signals by 10.72% and 9.09% compared to DL-HIF [1] and PAD-IR [2] respectively.  

5. Conclusion 
This research provides an insight into the study of optimization problem used for detecting inrush and internal 
fault in power transformers using a technique called Hyperbolic S-Transform Bacterial Foraging Optimization 
(HS-TBFO). The integrated framework Gaussian Frequency-based Hyperbolic S-Transform and Bacterial Fo-
raging Optimization (BFO) technique is combined with Cosine Hyperbolic S-Transform that efficiently helps in 
handling multiple input signals with varying frequency to minimize the computation cost on power transformer 
detecting the inrush, an internal fault at an early stage. A prototype of the multiple input signals with different 
cycles and frequency rate was simulated and tested. A MATLAB environment with Simulink was used to  



M. Gopila, I. Gnanambal 
 

 
1579 

 
Figure 7. Measure of fault detection efficiency. 

 
calculate the effective fault detection time on varying number of cycles followed by computation cost and fault 
detection efficiency. The technique also covered maximum number of faults with minimum test cases proving 
the efficiency of the technique. A simulation result showed the computation cost was reduced by 16.15% on 
frequency 5 Hz to 35 Hz. The transient response test showed that the number of faults covered efficiency was 
improved by 23.67% on multiple speeds for varying input signals. The experimental measurements show that 
the fault detection efficiency varies from 9.09% to 10.72% when compared to the state of the art works. Expe-
riments results indicate that the proposed HS-TBFO is an efficient technique that minimizes the computation 
cost among various input signals in order to efficiently detect the inrush and internal faults in power transformer 
as compared to the state of the art works. 
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