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Abstract

Existing high-voltage alternating current (AC) transmission line fault ranging methods have
several drawbacks, including weak transition resistance, a complicated feature extraction
process, and difficult calibration of the travelling wave head. To address these issues, a
single-end fault ranging method for high-voltage AC transmission lines based on Attention-
GRU and modulus amplitude ratio is proposed. Firstly, based on the travelling wave
dispersion characteristics, an approximate formula is derived between the fault distance
of the high-voltage AC transmission line and the amplitude ratio of the sum of the initial
transient voltage travelling wave modes 1 and 2 and the mode 0 components at the ranging
location. This shows that a definite nonlinear mapping relationship exists between the
two. Secondly, the Attention-GRU is constructed using the multiscale wavelet modal
maxima ratio between the sum of the initial transient voltage travelling wave mode 1 and
2 components and the mode 0 component as the input eigenquantities and the fault distance
as the output quantity. The fault distance is then calculated using the Attention-GRU and
the modal amplitude ratio. The Attention-GRU neural network fault ranging model is
then constructed using the distance as the output quantity. After training is completed,
the fault feature quantities obtained from the measurement points are inputted into the
Attention-GRU model to achieve the purpose of fault ranging. The ranging ability of
this model is then compared with that of other neural network models. A large number
of simulations verify that the proposed method has high ranging accuracy and that the
ranging capability is not affected by the fault type, transition resistance or the initial phase
angle of the fault.

Keywords: high-voltage AC transmission line; fault ranging; the multiscale wavelet modal
maxima ratio; Attention-GRU neural network

1. Introduction

As the economy continues to develop and the industrialisation process accelerates,
the social demand for electricity continues to rise. Transmission lines are the core channel
for the long-distance transmission of electricity, so ensuring their safe and stable operation
is critical to the entire power system. If a fault occurs on a high-voltage AC transmission
line and cannot be quickly and accurately located, the scope of power supply interruption
will expand and recovery time will be prolonged [1]. This will have a serious impact on
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social production, life and economic development. Therefore, studying fault ranging in
high-voltage AC transmission lines is important for quickly and accurately determining
the location of faults, which helps to shorten outage times and improve the reliability and
stability of power grid operation.

Currently, many studies have been conducted on the fault ranging of high-voltage
AC transmission lines, with the most common methods being the travelling wave ranging
method and the fault analysis method. The travelling wave ranging method extracts
the travelling wave of the fault that arrives at the moment of the measuring device and
constructs the corresponding ranging equation to determine the location of the fault [2].
Its theoretical principle is simple and it is widely used in engineering practice. Among
them, double-ended travelling wave ranging technology has attracted much attention
because of its high measurement accuracy, but it is necessary to ensure the strict time
synchronisation of the equipment at both ends, and the cost of the equipment is high;
single-ended travelling wave ranging method is mainly faced with the identification of the
reflected wave from the fault point and the opposite end of the identification of the problem,
especially in the case of faults occurring in the middle of the line or near the end of the line,
the travelling wave signals are prone to produce overlapping interference, which affects the
accuracy of the localization. In addition, the travelling wave method is highly dependent
on the accuracy of wavehead identification and sampling frequency, which further limits its
practical performance. In contrast, the fault analysis method is one of the effective ways to
solve the transmission line fault ranging problem by measuring the electrical quantities at
the end and constructing the fault localization criterion by combining the system structure
and parameters, which has lower requirements on the measurement equipment and wider
scope of application.

Addressing the issue of wavehead calibration, the literature [3] presents a fault rang-
ing method based on time-frequency analysis. This method has a straightforward fault
localisation process and effectively mitigates the impact of harsh environmental conditions
and wavehead calibration errors on localisation results. Furthermore, it demonstrates high
fault tolerance. Literature [4] uses the Teager energy operator to extract the mutation char-
acteristics of high-frequency modal components and establish the identification principle
of a multi-branch line. This accurately calibrates the arrival time of the travelling wave
head, improving the accuracy of fault location. Literature [5] proposes a hybrid line fault
section identification and localisation method based on the amplitude ratio of the faulty
travelling wave. This method corrects double-ended ranging by introducing a position
compensation factor, and realises efficient travelling wave head detection by combining
with symmetric mode decomposition of the extremum point. Literature [6] uses variational
mode decomposition (VMD) combined with the Northern Goshawk optimisation algorithm
(NGO,) for wavehead calibration, accurately calculating the fault location using the two-end
travelling wave fault detection formula. While the above methods demonstrate strong
adaptability, they generally exhibit high computational complexity, which restricts their
practical application efficiency.

In response to the issue of selecting wave speeds, the literature [7] proposes a single-
ended travelling wave ranging method based on optimised variational mode decompo-
sition. This method uses the eigenmode function to estimate wave speeds. However,
the accuracy of this method is difficult to guarantee when travelling wave attenuation is
significant. Literature [8] uses robust local mean decomposition, the Teager energy operator,
and the incremental difference ratio for wave speed detection. Fault localisation is achieved
by gradually narrowing down the scope of the fault region. Literature [9] proposes a fault
localisation method for T-type AC/DC hybrid transmission lines based on modal time
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difference and wave speed normalisation. This method is unaffected by travelling wave
speed, but the calculations are more complicated.

In recent years, advances in artificial intelligence technology have generated new
approaches to fault ranging research. Literature [10] used wavelet packet energy entropy
to extract fault features and then used the obtained high- and low-frequency components
as training samples for different DBN models. The outputs of each model were then
superimposed to obtain the final fault localisation results. Literature [11] proposed a
single-ended fault localisation method based on an S-transform combined with feature
energy and an improved CNN-GRU neural network model, which offers high localisation
accuracy and good robustness. Literature [12] uses an improved adaptive noise complete
ensemble empirical mode decomposition (ICEEMDAN) to analyse signals, with the root
mean square error of the ConvGRU model training acting as the adaptation value. The
model’s internal parameters are optimised using a continuous averaging algorithm to
produce a combined fault location model. While this model demonstrates good localisation
accuracy and moderate interference resistance, it exhibits significant positioning errors at
low sampling frequencies. Literature [13] provides a thorough investigation of Long Short-
Term Memory (LSTM) units and their variants, examining their ability to address long-term
dependency issues. Literature [14] proposes that BP neural networks possess strong self-
learning, adaptive and generalisation capabilities. Their tendency to converge to local
optima can be mitigated through genetic algorithm optimisation. Such Al-based ranging
methods offer significant advantages in terms of enhancing ranging accuracy. However,
they typically require large sample datasets, exhibit high computational complexity and
demand stringent technical implementation. Furthermore, their optimisation outcomes are
susceptible to initial parameter settings [15].

In order to address these challenges, this paper proposes a single-ended fault location
method for high-voltage AC transmission lines. This method is based on Attention-GRU
and the modulus-to-amplitude ratio. This method only requires the initial transient volt-
age travelling wavefront signal to be acquired at the distance measurement device, thus
resolving the issue of identifying the reflecting wavefront in single-ended travelling wave
methods. Only the initial transient voltage travelling wavefront amplitude needs to be
extracted, bypassing the problem of inaccurate wavefront arrival time calibration caused
by travelling wave dispersion characteristics. Furthermore, it eliminates the requirement
for travelling wave velocity calculation, bypassing the accuracy issues associated with
wave velocity estimation in single-ended travelling wave methods. The wavelet mode
maximum ratio between the sum of the initial transient voltage travelling wave mode 1
and mode 2 components collected at the distance measurement device and the mode 0
component is treated as the sample set. This is input into the Attention-GRU neural net-
work distance measurement model to fit the nonlinear mapping relationship between the
fault distance and the amplitude ratio between the sum of the voltage mode 1 and mode 2
components and the mode 0 component.

The distance measurement method described herein fundamentally differs from tra-
ditional travelling wave methods at its core. While conventional approaches focus on
employing various technical means to circumvent or suppress the interference caused
by travelling wave dispersion effects on wavefront identification, this paper achieves a
paradigm shift by deeply analysing and leveraging the dispersion characteristics of travel-
ling waves. It transforms these characteristics into effective features for measuring fault
distances, thereby transitioning from interference avoidance to utilisation of the underlying
mechanism. This approach offers a novel perspective for fault location in high-voltage AC
transmission lines.
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2. Materials and Methods
2.1. Asymmetrical Ground Fault Ranging Principles

The topology of the 220 kV high-voltage AC transmission line is shown in Figure 1.
The parameters of high-voltage AC transmission lines are shown in Table 1. The total
length of the high-voltage AC transmission line is 200 km, and the fault ranging device is
installed at the substation, and the sampling frequency is set to 1 MHz.

L1

G T1 4 T2 G

L2
220kV f 220kV

Figure 1. Topology of high-voltage AC transmission line.

Table 1. Parameters of high-voltage ac transmission lines.

Ordinal Resistance Reactance Conductivity = Nanoelectricity
Component (Q/km) (Q/km) (S/km) (S/km)
Positive/Negative ) 535 0.423 1x10710 2707 x 106
sequence
Zero sequence 0.181 1.452 1 x 10710 1.934 x 10~°

Asymmetric ground faults in high-voltage AC transmission lines include single-phase
and two-phase ground faults. When a ground fault occurs at point f, the transient travelling
wave process of the fault is equivalent to the superposition theorem. This is equivalent to
suddenly adding a voltage of the same size but opposite direction to the pre-fault voltage
at the fault point [16].

The first three-phase voltages at the first end of a high-voltage AC transmission line

before a fault are
ua(t) = V22U cos(wt)
ug(t) = v/2U cos(wt — 120°) (1)
uc(t) = v2U cos(wt + 120°)
Under normal operating conditions, the relationship between the voltage at a given

distance from the first end of a high-voltage AC transmission line and the voltage at the
first end of the line before a fault occurs is as follows:

Uuax(t) = MA(t)e_Z%O" = ﬁUCos(wt)e_zyTOx
upx(t) = B(t)e_?o" = 2U cos(wt — 120°)e_z?0x )

where 14, (t) is the distance from the first end of the x phase A voltage line; up,(t) is the
distance from the first end of the x phase B voltage line; ¢, (t) is the distance from the first
end of the x phase C voltage line; rg is the unit length of the wire resistance; and z is the
line wave impedance.
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2.2. Single-Phase Ground Fault Ranging Principle

Using phase A ground fault as an example, the initial transient voltage travelling wave of
each modulus at the fault point is determined by considering the effect of transition resistance:

(n _ Zo _
=— t) =
"o ZO+Zl+Zz+6RquX()
B ZOﬁUcos(wt)ef%
Zo+ Z1+ 25 + 6R;
(1) _ Z _
S t) =
"N 7ot 7ot Za v eR, )
_ ZlﬁUcos(wt)e_ZrTo’(
Z0+Zl+ZQ+6Rf

n _ _ 22 _
YT T T i+ 7, +6RquX(t) -

0
X

B Z+/2U cos(wt)e™ 2=*
Zo+ Z1 + Z» + 6R;

L @ 1)

where u for Uy, U are the initial transient voltage traveling wave 0-mode, 1-mode,
2-mode components at the fault point A phase ground fault; Zy, Z1, Z, are the 0-mode,
1-mode, 2-mode wave impedance of the high-voltage AC transmission line.

The propagation function A; of a high-voltage AC transmission line with modulus
propagation coefficient 7; and length x in the line is as follows [17]:

4w) _

Ajlje) = ug(jew)

(4)

7 = /(R +jwl;) x jwK; = a; + jB; 5)

wherej = 0, j = 1, j = 2, respectively, for the 0 mode, 1 mode, 2 mode; w for the
system angular frequency; u;(jw), ug;(jw), respectively, for the distance measurement, the
fault point modal voltage; R;, L;, Kj, respectively, for the unit length of the line modal
resistance, inductance, capacitance; & for the line modal attenuation constant, determining
the amplitude of the propagation of travelling wave attenuation characteristics; §; for the
line modal phase coefficient, determining the phase lag characteristics of the propagation
of travelling wave. Uniformly transposed three-phase line in the 1-mode component and
the 2-mode component of the parameters are equal, can be regarded as y; = 77, from
Equation (4) can be launched single-phase ground fault line first end of the initial transient
voltage ranging at the initial transient voltage travelling wave modulus and fault initial
transient voltage travelling wave modulus of the relationship between the point is

g (jw) = e 10%uly) (jw) =

_ ZO —YoX —

Zo+Zl+Zz+6Rf”Ax(t)e = (6)
Zo+/2U cos(wt) —YoX a2

T Z+Zi¥7+6R;€ €

W N a=yrxy, Wy

Uy (jw) = e Mug (jw) =

_ Zl —Y1X —

Zo+Zl+Zz+6Rf”Ax(t)e = @)
Z1+/2U cos(wt) X a A

T Z+Zi¥7,+6R;€ €
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w5 (jw) = el (jw) =

' S —72x —

Zo+2Z4 +Z2+6Rf qu(t>e - (8)
_ Zp\/2U cos(wt) e—'lee_erOx

Zo+2Z1+2,+6R¢

where u(()l) (jw), ugl) (jw), ugl) (jw) for the range at the 0-mode, 1-mode, 2-mode voltage;

Yo, Y1, 72 for the 0-mode, 1-mode, 2-mode voltage travelling wave propagation coefficient.
From Equations (6)—(8), the following can be obtained:
jeo)-+15)

ug! (jw)
qu(t)(e"leZlJreJ’zsz) _ )
upx(t)e” 107 Zg o
(Z1£22) o (v0—m1)x
Zy

uf) ( (jw) _

Taking the amplitude on both sides of Equation (9) yields the following result:

ugl)(]‘w) + uél)(]w) _ 21+ 22| (ap—ar)x 10
M Zo | (10
iy (jw) 0
Let ZIZLOZZ = %, ug) (jw) = ugl) (jw) + uél) (jw), when the structure and parameters

of the high-voltage AC transmission line are determined, Zy, Z;, Z;, ag, «1 are constants,
the following can be obtained:

_ 1 |1y Gw) |
SEETEEY 1“<k [ >> w

0

Equation (11) indicates that, in the event of a single-phase ground fault, the fault
distance is related to the amplitude ratio between the sum of the 1-mode and 2-mode
components of the initial transient voltage travelling wave and the 0-mode component.
This ratio is unaffected by the transition resistance and the initial phase angle of the fault.

2.3. Two-Phase Ground Fault Ranging Principle

Taking phase B and C ground fault as an example, considering the effect of transition
resistance [18], the initial transient voltage travelling wave of each modulus at the fault
point can be deduced by the same reason:

11 Z
uJ(‘O )= Pualt) = )
%WUCos(wt) —ax
11 Zy+2Z Z
") = B (0) + Gt =
BZZO;FXZ? V2U cos(wt — 120" )e™ g (13)
3leZ \fllcos(wt+ 120° )e =
(1/1) A Zo+27. B
”fz = sz, o) + Sz vex(t) =
3leZ V2u COS(Wt —120° )e 7 + (14)
3Zz°l+ 221 \/2U cos (wt + 120 )e*z%’x

where Z,, = 279+ Z1 +12R 5 u%’l), }111), 1([121) are the initial transient voltage travelling
wave 0-mode, 1-mode and 2-mode components at the fault point when phases B and C are

connected to ground, respectively.
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From Equation (4), the relationship between the initial transient voltage travelling
wave modulus at the first end of the line ranging and the initial transient voltage travelling
wave modulus at the point of fault can be introduced in the case of two-phase ground

fault [19]:
[19] ul"Y (jw) = e*VOxu%l)( w ) _
e ’YOXZZT(;L{AX(IL) = )
ZZ*O\/EUcos(wt)ef“roxef;Z—ox
(1 1)(]w) PRE: }1 1)(]w> Cemre i
(SZZO;;ZZZ; upy(t) + szzm”Cx(tD
(3221-;2221 \[UCOS( t—120°)+
V2 UCOS(wt+1zo°))e—me—;Z—°x

(16)

V(o) = emruly ()
= el (jw) = e mre 2k
(55 ume(t) + 25 uc()) 17)
(3lez V22U cos(wt — 120°)+
3220:;22 V22U cos(wt + 1200))e_71xe72V70X

It can be obtained from Equation (13) to Equation (15):

3Z ,
(s )+ s () e
T e 18)
cos(wt— 120°)+cos(wt+120°) e(r0—m)x
Zy cos(wt)
—Lelro—m)x
Zoe( )

Taking the amplitude on both sides of Equation (18) yields

" (jw) + ud" (jw)
(1 1)(

= | = |e(@o—a1)x (19)
jw)

Zy

’ 1

Let ‘Z%‘ = klz u%l)(]w) = ug )(]w) + ué )(jw), when the structure and parameters
of the high voltage AC transmission line are determined, Zy, «, a1 are constants, the
following can be obtained:

(1)
1 uyy (jw)
x= In| k25 ’ (20)
fo=o | Jug (w)]

Equation (20) shows that, in the event of a two-phase ground fault, the fault distance
is related to the amplitude ratio between the sum of the 1-mode and 2-mode components
of the initial transient voltage travelling wave and the 0-mode component. Therefore, the
inductive derivation of Equations (11) and (20) can be obtained for an asymmetrical ground
fault in a high-voltage AC transmission line [18]:

oo 1 ln(kn|u12(.jw)|> 1)

(o — & | uo(jew) |
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where 115 (jw), tg(jw) are the sum of 1-mode and 2-mode components of the initial tran-
sient voltage at the range, and the 0-mode component, respectively; k, is a constant, related
to the type of asymmetrical ground fault.

A zero-sequence component exists only during ground faults, not during phase-
to-phase faults. Thus, Equation (21) becomes invalid for non-ground faults, render-
ing this method unsuitable for phase-to-phase faults. Equation (21) enables distance
measurement for asymmetric ground faults—which occur frequently yet exhibit elusive
characteristics—without being affected by the initial phase angle or transition resistance.
It fundamentally meets the distance measurement requirements for asymmetric ground
faults in high-voltage AC transmission lines.

3. Effect of Transition Resistance and Fault Initial Phase Angle
3.1. Effect of Transition Resistance on Ranging Effectiveness

The frequency-dependent characteristics of high-voltage AC transmission lines show
that the wave impedance of the sum of the 1-mode and 2-mode components, as well
as that of the 0-mode component, is more stable in the high-frequency band. Therefore,
the transient voltage travelling wave in the high-frequency band is selected for analysis.
The above analysis shows that the amplitude ratio between the sum of the 1-mode and
2-mode voltage components and the 0-mode voltage component at the ranging place is
independent of the transition resistance [19]. To verify this, the initial transient voltage
travelling wave measured at the ranging device was subjected to wavelet transform. The
wavelet mode maxima of the sum of the 1-mode and 2-mode components, as well as the
0-mode component, of the initial transient voltage travelling wave at the d1 scale were
obtained, as shown in Figures 2 and 3.

100

| the sum of the 1-mode and 2-mode
B the 0-mode component

80

60 |

10

0F V77

0 100 200

The d1-scale wavelet mode maxima/kV

transition resistance/ )

Figure 2. The maximum value of the wavelet mode of the single-phase ground voltage d1-scale is
determined at 100 km from the fault via different transition resistances.
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S BT 7 the sum of the 1-mode and 2-mode

i‘ﬁ [ 7/ B the 0-mode component
A

E30F v

= |

g -

= 9s b

) s )

- !

z

- 20 | 77

3 7

-:’ i :/'/ ///,

M 7

2 19 S

2 r % ’/ 7

¥ 10 | i

= | 74

= 7

= 5k /’. //

0 100 200
transition resistance/Q

Figure 3. The maximum value of the wavelet mode of the two-phase ground voltage d1-scale is
determined at 100 km from the fault via different transition resistances.

As can be seen from the figure, when a single-phase ground and two-phase ground
fault occurs, the d1-scale wavelet mode magnitude ratio between the sum of the 1-mode
and 2-mode component and the 0-mode component decreases with the increase in the
transition resistance year-on-year, and the two wavelet mode magnitude ratio remains
unchanged, so the wavelet mode magnitude ratio between the sum of the 1-mode and
2-mode voltage components and the 0-mode voltage component has nothing to do with
the transition resistance, and the corresponding wavelet mode magnitude ratio is shown in
Tables 2 and 3.

Table 2. The maximum ratio of the wavelet mode of the single-phase ground voltage d1-scale is
determined at 100 km from the fault via different transition resistances.

Transition Resistance/Q)

The d1-Scale Wavelet Mode Maximum

The Sum of the 1-Mode and The 0-Mode Voltage The Wavelet Mode Maximum Ratio

2-Mode Voltage Components Component
0 83.81 10.05 8.34
100 61.05 7.32 8.34
200 46.50 5.57 8.34

Table 3. The maximum ratio of the wavelet mode of the two-phase ground voltage d1-scale is
determined at 100 km from the fault via different transition resistances.

Transition Resistance/Q)

The d1-Scale Wavelet Mode Maximum

The Sum of the 1-Mode and The 0-Mode Voltage The Wavelet Mode Maximum Ratio

2-Mode Voltage Components Component
0 34.15 8.21 416
100 27.04 6.50 416
200 20.34 4.89 4.16

https://doi.org/10.3390/en19020494
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Under different transition resistance conditions, when an asymmetrical ground fault
occurs, the d1-scale wavelet mode magnitude ratio between the sum of the 1-mode and
2-mode voltage components and the 0-mode component vary with the fault distance, as
shown in Figures 4 and 5.

=
14+ £
12 o £
5
10 z
=

5
6-
i
)

0= T T T T T T T T
20 40 60 80 100 120 140 160 180

Distance/km

0Q

Wavelet mode maximum ratio

Figure 4. Plot of voltage d1-scale wavelet mode magnitude ratio with fault distance for single-phase
grounding with different transition resistances.

-
14 £
1000 &
12 £
i z
10 [_g

8
6_
4
2_

0Q

0 T T T T T T T T T

20 40 60 80 100 120 140 160 180
Distance/km

Wavelet mode maximum ratio

Figure 5. Plot of voltage d1-scale wavelet mode magnitude ratio with fault distance for two-phase
grounding with different transition resistances. Conclusions.

From the figure, it can be seen that when a single-phase ground and two-phase ground
fault occurs, the d1-scale wavelet mode magnitude ratio between the sum of the voltage
1-mode and 2-mode components and the 0-mode component is positively correlated with
the distance from the fault in a nonlinear mapping.
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3.2. Effect of Fault Initial Phase Angle on Ranging Effectiveness

From the above analysis, it can be seen that the amplitude ratio of the sum of the
1-mode and 2-mode components and the 0-mode component of the voltage at the ranging
place is independent of the initial phase angle of the fault [20]. In order to verify this
inference, the measured initial transient voltage travelling wave is subjected to wavelet
transform, and the wavelet mode maxima of the sum of the 1-mode and 2-mode com-
ponents and the wavelet mode maxima of the 0-mode component of the initial transient
voltage travelling wave at the d1 scale are obtained, as shown in Figures 6 and 7.

120 the sum of the 1-mode and 2-mode
|:] the 0-mode component

100
80 |

60

DMAMMIDIDIS

The dl-scale wavelet mode magnitude ratio’kV

o 7 %
0 L L1
15 75 105

Initial phase angle of fault /°

Figure 6. The maximum value of single-phase grounding voltage d1-scale wavelet mode at different
initial fault phase angles at 100 km from the fault.

50 7] the sum of the 1-mode and 2-mode
[:] the 0-mode component

10 |

20 F

AN

—

5

T

DN

-
o
]

Initial phase angle of fault /°

Figure 7. The maximum value of two-phase grounding voltage d1-scale wavelet mode at different
initial fault phase angles at 100 km from the fault.
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From the figure, it can be seen that in the asymmetrical ground fault, the wavelet mode
magnitude of the sum of the 1-mode and 2-mode components and the 0-mode component
at the ranging device change with the change in the initial phase angle of the fault, and
both wavelet mode magnitude ratios are unchanged, so the wavelet mode magnitude
ratios of the sum of the 1-mode and 2-mode components and the 0-mode component of
the travelling wave of the initial transient voltage have nothing to do with the initial phase
angle of the fault, and the corresponding wavelet mode magnitude ratios are shown in
Tables 4 and 5.

Table 4. The maximum ratio of single-phase grounding voltage d1-scale wavelet mode at different
initial fault phase angles at 100 km from the fault.

Initial Phase Angle of the

The d1-Scale Wavelet Mode Maximum

The Sum of the 1-Mode and The 0-Mode Voltage The Wavelet Mode Maximum Ratio

Fault/(°)
2-Mode Voltage Components Component
45 117.76 14.12 8.34
75 41.28 4.95 8.34
105 41.03 4.92 8.34

Table 5. The maximum ratio of two-phase grounding voltage d1-scale wavelet mode at different
initial fault phase angles at 100 km from the fault.

Initial Phase Angle of the

The d1-Scale Wavelet Mode Maximum

The Sum of the 1-Mode and The 0-Mode Voltage The Wavelet Mode Maximum Ratio

Fault/(°)
2-Mode Voltage Components Component
5 49.96 12.01 4.16
75 18.76 451 416
105 18.64 4.48 4.16

Under different fault initial phase angle conditions, when an asymmetrical ground
fault occurs, the d1-scale wavelet mode magnitude ratio between the sum of the voltage
mode 1 and 2 components and the mode 0 component varies with the fault distance, as
shown in Figures 8 and 9.

— =
SIS
1 1

10 A
8 -
6
44
24

=}

T T T T T T T T T
20 40 60 80 100 120 140 160 180

Wavelet mode maximum ratio

Distance/km

Figure 8. Plot of voltage d1-scale wavelet mode magnitude ratio at single-phase grounding with fault
distance for different fault initial phase angles.
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Figure 9. Plot of voltage d1-scale wavelet mode magnitude ratio at two-phase grounding with fault
distance for different fault initial phase angles.

From the figure, it can be seen that the wavelet mode magnitude ratio between the sum
of the initial transient voltage travelling wave 1-mode and 2-mode components and the
0-mode component is positively correlated with the fault distance by a nonlinear mapping.

4. Results
4.1. Attention-GRU Ranging Algorithms
4.1.1. The GRU Model

GRU (Gated Recurrent Unit) is a variant of RNN (Recurrent Neural Network) that is
designed to solve the problems of gradient vanishing and gradient explosion that traditional
RNNs face when dealing with long time-series data [21]. By introducing the update and
reset gate mechanisms, GRU automatically determines the information that needs to be
kept or forgotten at each time step, enabling it to better capture long-term dependencies in
the data. Figure 10 shows the structure of the constructed GRU model.

Reset door Renew door h

t—1 /7

X, S
—P

Figure 10. GRU model structure diagram.

The core structure of GRU consists of these two gates. Assuming the input data is
x; and the hidden state at the previous moment is /1;_1, the GRU computation process
includes the following steps [22]:
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(1) In a reset gate, the relationship between the inputs of the current moment and the
hidden state of the previous moment is controlled to determine whether the memory of the
previous moment is retained:

Ty = O'(Wr [ht_1, Xt] + b;») (22)

where 1; is the reset gate; ¢ is the activation function; W; is the weight matrix; and b, is the
bias term.

(2) For the update gate, the decision on how the information at the current moment is
updated to the hidden state consists of two parts, i.e., the combination of the current input
and the hidden state of the previous moment:

Zy = O'(WZ [ht_l,xt] + bz) (23)

where z; is the update gate that determines how much of the current hidden state is partially
from the previous moment’s hidden state.

(3) For candidate hidden states, the candidate hidden state at the current moment is
computed. This value combines the input information of the current moment with the
memorised information of the previous moment:

hy = tanh(Wy,[rehi—1, x¢] + by) (24)

(4) The final hidden state is based on the update gate z; and the candidate hidden

state h;:
hi = (1 —z¢)hy—q + z¢hy (25)

The GRU can efficiently process long time series data by selectively and flexibly
memorising important information while forgetting unimportant information at each time
step through these gate mechanisms.

4.1.2. Attention Mechanism

Attention mechanism is an important technique in the field of deep learning, especially
suitable for processing long time-series data. The core idea is to allow the model to
dynamically assign different weights to different parts of the input so as to focus on the
information that is most critical to the task [23]. The basic computational process of the
attention mechanism consists of the following steps:

(1) Calculate the attention score. Based on the current hidden state #; and all historical
hidden states hg, h1, hy, ..., h;_1, the attention score is computed for each moment. A
common way to compute the attention score is by a weighted sum using a learnable
parameter vector v:

er = score(hy, hy, hy, ..., hi—1)

26
= v tanh(weh + be) (26)

where e; is the attention score at the current moment; w, and b, are learnable parameters.

(2) Calculate the attention weights. A softmax operation is performed on the scores of
all moments to obtain the attentional weight of each moment, indicating the importance of
the information at that moment:

exple) -

Ny =
5:1 exp(e;)

where «; is the attention weight at moment ¢, representing the importance of the current
moment relative to other moments.
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(3) Calculate the weighted sum. Weight all hidden states according to the attention
weights to obtain the weighted sum c;, as the contextual information of the current moment:

t
Ct = Z“z’hi (28)
i=1

(4) Output results. The final output is generated by combining the weighted sum c;
and the hidden state.
v+ = output(ct, ht) (29)

The core advantage of introducing the attention mechanism into the GRU model for
AC line fault ranging lies in its ability to dynamically assign different weights to the input
features, so that the model intelligently focuses on the information points that are most
critical for fault distance judgement, and effectively filters out the influence of noise or
irrelevant features. This not only improves the model’s ability to capture complex nonlinear
relationships and potential long-distance dependencies, and enhances the effectiveness
of feature representation, but also provides interpretability for model decision-making
through the visualisation of attention weights, which ultimately significantly improves the
accuracy and reliability of fault ranging.

4.1.3. Attention-GRU Ranging Model Flowchart

To enhance the accuracy of fault location in high-voltage AC transmission lines, this
paper proposes an Attention-GRU fault location model, whose workflow is illustrated in
Figure 11.
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Figure 11. Attention-GRU ranging model flowchart.

(1) Collect the initial transient voltage travelling wave signal at the ranging device and
use the Karrenberg phase transformation to convert it into the corresponding magnitude
travelling wave voltage signal.
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(2) Create an Attention-GRU neural network ranging model and use a two-layer GRU
network to extract time series features and introduce an attention mechanism. During train-
ing, use the Adam W optimiser combined with cosine annealing learning rate scheduling
and output the prediction results through the fully connected layer.

(3) Use the ratio of the sum of the 1-mode and 2-mode voltage components to the
maximum of the 0-mode wavelet component as the input feature vector [x;, X2, X3, X4, X5, X6,
X7, X8, X9, X10, X11], with the output vector being the fault distance. The dataset is divided
into training and testing datasets. The training dataset is fed into the Attention-GRU
distance estimation model for training.

(4) Apply the trained Attention-GRU distance estimation model to predict the test
dataset and compare its distance estimation capabilities with those of traditional single-
ended A-type travelling wave methods, LSTMs and BP neural network models.

4.2. Simulation and Result

The 220 kV high-voltage AC transmission line model is built on the PSCAD/EMTDC
simulation platform, as shown in Figure 1. To ensure the generalisation capability of
the neural network model, the sample data is divided into training, test, and validation
sets. The training set comprises 80% of the samples, the test set comprises 10%, and the
validation set comprises 10%.

In the simulation model, the fault type is set as single-phase ground fault, two-phase
ground fault. The step size for fault point changes is 0.5 km, take the value range of
0~200 km; the transition resistance change step is 10 (), take the value range of 0 ~ 200 ();
the initial phase angle of the fault change step is 15°, set the range of —60° ~ 300°. The
generation method for training or test samples is random, with a seed value of 42.

4.2.1. Attention-GRU Neural Network Training

The Attention-GRU neural network model is constructed on the Python 3.10.12 plat-
form and uses a two-layer GRU network to extract temporal features. It also introduces
an attention mechanism containing two linear layers and a Tanh activation function to
dynamically weight the hidden states of the GRU output, thereby enhancing the represen-
tation of key features. Finally, it outputs the prediction results through the fully connected
layer. During training, the Adam W optimiser is used in conjunction with cosine anneal-
ing learning rate scheduling [24]. The loss function is mean square error (MSE), and an
early stopping mechanism is employed to prevent overfitting. The final result is a fault
ranging model with optimal generalisation ability [25]. The parameter settings of the
Attention-GRU model are shown in Table 6.

Table 6. Attention-GRU model parameter settings.

Parameter Name Parameter Setting
Number of neurons in the input layer 11
Number of GRU units in the first layer 128
Number of GRU units in the second tier 128
Number of neurons in the Dense layer 1
First linear layer 16,512
Second linear layer 129
Hidden layer activation function Tanh
Initial learning rate 0.001
Maximum number of iterations 150
Optimisation algorithm Adam W
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After completing the parameter configuration of the Attention-GRU model, the model is
trained and optimised using training set samples. The training set loss curves for single-phase
ground faults and two-phase ground faults are shown in Figures 12 and 13, respectively.
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Figure 12. Training set loss value curves for single-phase ground faults.
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Figure 13. Training set loss value curves for two-phase ground faults.

As can be seen from the figure, the Attention-GRU neural network model achieves
a loss value of 0.0099 for the training samples after 150 iterations, demonstrating fast
convergence and high prediction accuracy.

4.2.2. Comparison of Ranging Capabilities Between Attention-GRU Model and
Conventional Single-Ended A-Type Travelling Wave Method

Based on the line parameters in Table 1, the approximate estimated travelling wave
velocity of the line model is v; ~ 1/v/LC = 2.93145 x 10° km. Using the traditional
single-ended A-type travelling wave method, the arrival times of the initial voltage travelling
wave front and the second reflected wave front must be measured in order to calculate the
distance [26]. The second reflected wave front can be identified by comparing the polarity of
the reflected wave front at the fault point with that of the reflected wave front at the opposite
busbar. The fault distance can then be calculated using the A-type travelling wave method
distance calculation formula. The results of their range comparison are shown in Table 7.

Compared to the traditional A-type travelling wave method, the method proposed
in this paper has significant advantages. It only requires the initial transient voltage
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travelling wave front to be collected and does not require the nature of the second reflected
wave front to be identified, thereby improving ranging accuracy. Through experimental
verification under different fault types, fault distances, initial fault angles and transition
resistance conditions, the ranging error of the ranging model based on the Attention-GRU
neural network for the test set samples was always kept within 1 km. This indicates that
the method can accurately calculate fault distances and that its ranging performance is
unaffected by factors such as fault type, location, transition resistance and initial phase
angle, demonstrating greater robustness and reliability.

Table 7. Comparison of ranging results between the Attention-GRU model and the traditional
single-ended A-type travelling wave method.

AG BCG Type A
Ti 11i
Initial . Attention- Initial . Attention- re;\\/]e 1ng Absolute
Fault Transition Absolute Fault Transition Absolute ave Fr-
N Fault " GRU E N Fault N GRU E Method T
Dljl'( Phase Re51/s- Ranging /i: Dls'/k Phase Re51/s- Ranging /L' Ranging ror/km
tance/km Angles/(°) tance/ Q) Value/km ror’km tance/km Angles/(°) tance/ () Value/km ror/km Valuollkon
30 45 120 30.29 0.29 30 45 120 29.74 0.26 29.47 0.53
75 45 120 75.14 0.14 75 45 120 75.21 0.21 75.33 0.33
125 45 120 124.88 0.12 125 45 120 124.95 0.05 126.21 1.21
65 35 100 65.42 0.42 65 35 100 64.72 0.28 66.72 1.72
65 75 100 65.31 0.31 65 75 100 65.38 0.38 64.12 0.88
65 115 100 65.54 0.54 65 115 100 64.66 0.34 66.45 1.45
150 60 160 150.52 0.52 150 60 160 149.76 0.24 151.58 1.58
175 75 160 175.66 0.66 175 75 160 175.49 0.49 175.98 0.98
4.2.3. Comparison of Attention-GRU Neural Network with Other Neural Networks in
Terms of Ranging Ability
Once the Attention-GRU model has been trained, it can be used for fault ranging in
cases of asymmetric grounding faults in high-voltage AC transmission lines. To systemati-
cally evaluate the performance of the Attention-GRU neural network in fault ranging, this
paper selects the Long Short-Term Memory (LSTM) network and the back propagation (BP)
neural network as comparison models [27]. The corresponding ranging models are con-
structed and compared, and the ranging results are shown in Table 8. The model evaluation
indexes are MAE (mean absolute error), RMSE (root mean-square error) and R? (coefficient
of determination). Their evaluation results are shown in Figure 14. The LSTM neural
network model parameters are set as follows: the hidden layer has 128 neurons, there are
2 LSTM layers, and the dropout rate is 0.2. The BP neural network model parameters are
set as follows: the hidden layer has 8 neurons, tansig is used as the activation function, and
pureline is used as the output layer activation function.
Table 8. Comparison of fault ranging results between Attention-GRU model and other neural
network models.
Fault Initial Fault Attention-GRU Neural Network  LSTM Neural Network BP Neural Network
Fault . Ph Transition - . .
Type Dis- ase Resistance/Q) Ranging Absolute Ranging Absolute  Ranging  Absolute
tance/km Angles/(°) Value/km Error/km Value/km Error/km  Value/km  Error/km
20 30 0 20.30 0.30 21.28 1.28 22.17 2.17
45 45 20 45.01 0.01 47.03 2.03 46.53 1.53
66 60 40 66.26 0.26 67.46 1.46 67.81 1.81
80 75 80 80.30 0.30 80.68 0.68 81.54 1.54
AG 88 95 100 88.87 0.87 89.69 1.69 89.95 1.95
110 105 60 110.01 0.01 111.81 1.81 112.81 2.81
130 75 120 130.40 0.40 132.54 2.54 131.02 1.02
150 120 140 150.73 0.73 151.01 1.01 151.10 1.10
170 150 100 170.36 0.36 171.26 1.26 171.82 1.82
190 135 160 190.55 0.55 191.58 1.58 192.22 2.22
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Table 8. Cont.
Fault Initial Fault Attention-GRU Neural Network  LSTM Neural Network BP Neural Network
Fault . Ph Transition : . .
Type Dis- ase Resistance/O Ranging Absolute Ranging Absolute  Ranging  Absolute
tance/lkm  Angles/(°) Value/km Error/km Value/km  Error/km  Value/km  Error/km
30 30 0 30.43 0.43 30.10 0.10 31.37 1.37
47 45 20 47.26 0.26 48.27 1.27 48.12 1.12
60 60 60 60.06 0.06 61.37 1.37 62.70 2.70
85 95 40 85.28 0.28 86.46 1.46 86.13 1.13
BCG 100 75 80 100.17 0.17 101.29 1.29 101.35 1.35
121 60 120 121.49 0.49 121.95 0.95 122.95 1.95
145 125 100 145.48 0.48 147.36 2.36 145.86 0.86
165 140 140 165.26 0.26 167.05 2.05 166.46 1.46
177 130 80 177.06 0.06 178.88 1.88 178.57 1.57
190 150 160 190.84 0.84 191.11 1.11 191.44 1.44
R? RMSE
[ Attention-GRU [__] LSTM [__|BP|
(a) Single-phase ground fault
R? RMSE

[ Attention-GRU [__] LSTM [__| BP|

(b) Two-phase ground fault

Figure 14. Chart of results for evaluation indicators.
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Table 8 shows that the Attention-GRU neural network outperforms the LSTM and BP
neural networks in terms of asymmetric ground fault ranging accuracy and robustness,
effectively improving the accuracy and reliability of fault ranging. The experimental results
show that, in the case of a single-phase ground fault, the MAE (mean absolute error),
RMSE (root mean-square error) and R? (coefficient of determination) of the Attention-GRU
ranging model are 2.5008, 1.539 and 0.9963, respectively. In the case of a two-phase ground
fault, these values are 1.192, 1.390 and 0.999, respectively. From these evaluation indexes, it
can be seen that the model has excellent predictive ability and stability and can accurately
capture changes in fault distance.

4.2.4. The Effect of Different Types of Noise on Range Measurement Performance

In actual power systems, measurement noise and electromagnetic interference in
secondary circuits inevitably superimpose on fault transient travelling wave signals [14].
To validate the robustness of the proposed method under non-ideal operating conditions,
varying levels of Gaussian white noise were introduced into the initial transient voltage
travelling wave characteristics collected. The distance measurement comparison results are
shown in Table 9.

Table 9. Comparison of fault location results at different noise levels.

Attention-GRU LSTM Neural BP Neural Network
Initial Fault Neural Network Network
Noise Fault Fault Dis- Phase Transition beol . beol
Level/dB Type tance/km Angles/c)  Resistance/Q  Ranging Absolute Ranging Absolute Ranging Absolute
g Er- Er- Er-
Value/km Value/km Value/km
ror/km ror/km ror/km
10dB AG 55 45 80 56.27 1.27 58.77 3.77 58.39 3.39
BCG 95 60 100 96.28 1.28 98.12 3.12 98.27 3.27
20dB AG 75 45 120 74.18 0.82 77.24 2.24 77.56 2.56
BCG 85 75 110 85.76 0.76 87.21 2.21 87.33 2.33
30 dB AG 75 95 140 75.59 0.59 76.89 1.89 76.94 1.94
BCG 45 105 130 45.37 0.37 46.35 1.35 46.48 1.48
40 dB AG 120 65 160 120.36 0.36 120.96 0.96 121.06 1.06
BCG 145 95 140 145.19 0.19 145.94 0.94 145.84 0.84

As shown in Table 9, across tests with varying signal-to-noise ratios, the proposed
Attention-GRU model significantly outperforms the compared neural network models in
both positioning accuracy and stability. Particularly under severe conditions with strong
noise interference, the ranging errors of the LSTM and BP models exhibit significant fluc-
tuations, leading to a noticeable decline in accuracy. In contrast, the proposed model
demonstrates superior robustness and noise immunity, effectively suppressing feature dis-
tortion caused by noise. Experimental results confirm that this method not only effectively
mitigates the impact of non-ideal operating environments on extracting the maximum ratio
of travelling wave mode, but also maintains high ranging accuracy under various extreme
conditions, showcasing excellent field applicability and robustness.

4.2.5. The Effect of Different Sampling Frequencies on Range Measurement Performance

To systematically evaluate the effectiveness of the proposed algorithm in practi-
cal engineering applications, comparative analyses were conducted at three sampling
frequencies—1 MHz, 100 kHz and 50 kHz—under various combinations of distance, transi-
tion resistance and initial fault phase angle. The distance measurement comparison results
are presented in Table 10.
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Table 10. Comparison of fault location results at different sampling frequencies.
1 MHz Sampling 100 kHz Sampling 50 kHz Sampling
. Initial Fault o Frequency Frequency Frequency
Fault Type Fault Dis- Phase Tra.msmon

tance/km Angles/(°) Resistance/() Ranging Absolute Ranging Absolute Ranging Absolute

Value/km Error/km Value/km Error/km Value/km Error/km
AG 65 35 30 65.15 0.15 65.62 0.62 66.25 1.25
AG 65 75 200 65.28 0.28 65.85 0.85 66.58 1.58
BCG 100 45 50 100.42 0.42 101.12 1.12 101.95 1.95
BCG 100 60 150 100.76 0.76 101.38 1.38 102.31 2.31
AG 150 55 30 150.68 0.68 151.55 1.55 152.14 2.14
AG 150 120 200 150.82 0.82 151.92 1.92 152.34 2.34

As shown in Table 10, ranging error increases as sampling frequency decreases from
1 MHz to 50 kHz (an industrial grade), due to the influence of quantisation sparsity at the
sampling point. Experiments demonstrate that the modulus-to-amplitude ratio feature
extracted in this paper reflects the overall attenuation mapping pattern of travelling wave
propagation. This feature exhibits significantly lower dependence on sampling frequency
than the time calibration features of traditional travelling wave methods. Even under
low-frequency sampling conditions, the algorithm demonstrates exceptional tolerance to
transition resistances and provides robust initial phase angle accuracy. These comparisons
conclusively demonstrate that this algorithm achieves outstanding ranging stability without
requiring ultra-high sampling rate hardware, thereby meeting the engineering application
requirements for existing power system relay protection devices.

4.2.6. Analysis of Computational Efficiency and Real-Time Performance

To evaluate the real-time application performance of the proposed ranging model in
engineering practice, this paper conducts a comparative analysis of the computational costs
for the Attention-GRU, LSTM and BP neural network models. The convergence iterations,
offline training time and online inference efficiency for each model are shown in Table 11.

Table 11. Comparative analysis of computational efficiency among different neural network models.

Types of Neural Convergence Total Offline Average Inference
Networks Iteration Count Training Time (s)  Time per Sample (ms)
Attention-GRU 150 145.2 1.32
LSTM 180 198.5 1.86
BP 220 12.4 1.86

As shown in Table 11, the Attention-GRU model has a significantly faster offline
training speed and more efficient inference than the LSTM model. With an average inference
time of just 1.32 ms, it fully meets the stringent real-time requirements for fault location in
power systems. The proposed method strikes an optimal balance between computational
cost and location accuracy. Furthermore, its low parameter count and feature dimension
make it highly feasible for engineering deployment.

5. Conclusions

This paper proposes a high-voltage AC transmission line asymmetric grounding fault
ranging method based on deep learning and modulus amplitude ratio, aiming to address
the issues associated with travelling wave ranging methods in asymmetric grounding
faults of high-voltage AC transmission lines. This method offers high computational effi-
ciency, robustness and generalisation ability. Through theoretical analysis and simulation
verification, the following conclusions were obtained:
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(1) The fault distance exhibits a deterministic, nonlinear mapping relationship with
the ratio of the amplitude of the sum of the first and second mode components of the initial
transient voltage travelling wave at the measurement point, divided by the zero mode
component. This relationship is independent of the transition resistance and the initial
phase angle of the fault, which effectively reduces the impact of external interference factors
on the distance measurement results.

(2) This method only requires the initial transient voltage travelling wavefront signal
to be acquired at the distance measurement device, successfully resolving the challenge of
identifying reflected wavefronts in single-ended travelling wave distance measurement.

(3) Extracting the amplitude of the initial transient voltage travelling wave front
effectively avoids inaccuracies in wavefront arrival time calibration caused by travelling
wave dispersion characteristics.

(4) Simulation verification demonstrates that the proposed distance measurement
model significantly outperforms Type A travelling wave, LSTM and BP neural network
distance measurement models in terms of accuracy. Furthermore, its distance measurement
capability remains largely unaffected by the type of fault, transition resistance and initial
fault phase angle.
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