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ABSTRACT: The identification of the traveling wave head is an important factor affecting the accuracy of fault traveling
wave positioning. In practice, in addition to the attenuation of traveling wave amplitude and rising speed caused
by distribution line factors, various traveling wave sensors can also cause transmission distortion of high-frequency
traveling wave signals, which in turn affects the calibration of traveling wave arrival time and the accuracy of fault
distance measurement. The inversion technology of sensor transmission characteristics using analytical methods has
limited ability to reflect factors such as stray capacitance and sensor differences. In comparison, data-driven artificial
intelligence modeling inversion technology can better capture the details of sensor transmission characteristics and
help improve positioning accuracy. Regarding this issue, a fault location method for distribution lines based on initial
traveling wave head inversion is proposed in this paper. Firstly, the mechanism of fault traveling wave propagation
distortion, including distribution lines and sensor factors, was analyzed. Furthermore, a traveling wave head inversion
method based on a one-dimensional convolutional neural network was proposed. This method constructs an inversion
model by training the detail coefficients of the primary and secondary traveling wave heads of the sensor after the
wavelet transform as samples. Based on the training model, the wavelet detail coefficients of the secondary side wave
after the fault occurs are inverted into the corresponding primary side coefficients, and the arrival time of the wave head
is accurately extracted through the wavelet modulus maximum method, thereby improving the positioning accuracy
of the double-ended traveling wave method. Experiments show that the average location error of this method does
not exceed 2.2% under various fault conditions with a sampling rate of 1 MHz, and demonstrating the robustness and
reliability of this method in complex fault scenarios.

KEYWORDS: Traveling wave fault location; inversion of traveling wave head; convolutional neural network; voltage
sensor; wavelet transform

1 Introduction
The rapid and accurate positioning of fault points is of great significance in reducing repair time and

improving power supply reliability. Among numerous fault location techniques, the positioning technology
of traveling wave, which is achieved by capturing the arrival time difference or reflected wave characteristics
of transient traveling waves, has been widely applied in the field of power transmission [1]. With the
continuous expansion of the distribution network scale and the widespread access to distributed power
sources, power companies have continuously raised their requirements for the reliability of the distribution
network power supply, and the traveling wave positioning technology for distribution networks has gradually
attracted the attention of industry researchers [2,3].
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Traveling wave positioning is mainly divided into two types: single-ended and double-ended methods.
The single-ended method requires the identification of reflected waves from the fault point, due to the
numerous branch lines in the distribution network, it is difficult to identify reflected waves, resulting in a gap
between the single ended method and practical applications [4,5]. The double-ended method only requires
identification of the initial wave head, without the need to identify the refracted and reflected waveforms,
and has high reliability. Therefore, the fault location of the distribution network based on the double-ended
method has become the most practical method for fault location [6]. The basic principle of the traveling
wave method for fault location is to capture the arrival time difference or reflected wave characteristics of
transient traveling waves to achieve fault location. Due to the influence of line losses and traveling wave
dispersion during transmission, the amplitude and rise rate of the fault traveling wave head will be attenuated
and distorted. Therefore, analyzing the traveling wave head to identify the arrival time of the initial traveling
wave is one of the key technologies for traveling wave location [7,8]. Reference [9] proposed a wide area
network fault location technology based on traveling wave technology, which uses discrete wavelet transform
to identify the arrival time of the traveling wave head. Reference [10] proposed a fault location method for
multi-terminal transmission line based on the time–frequency analysis of fault traveling wave. Aiming at
the problem of waveform distortion of the secondary traveling wave obtained from the primary traveling
wave signal transmitted by the voltage traveling wave sensor, an accurate detection method of voltage
traveling wave based on ensemble empirical mode decomposition and L1 norm least squares regularization is
proposed [11]. Aiming at the calculation of traveling wave velocity and the calibration of traveling wave head,
the mapping relationship between the frequency of wave head and fault distance/fault pole is constructed
in reference [12], where a neural network model suitable for fault location and fault pole identification is
designed. Reference [13] proposed a fault signal filtering algorithm based on the improved empirical mode
decomposition and Fast Fourier Transform, and an inversion model of incident waves was constructed based
on this algorithm to improve positioning accuracy.

Compared to transmission lines, the attenuation and distortion of the traveling wave head in distribu-
tion lines are more complex due to the presence of more mixed lines in the distribution network and the
severe attenuation of zero mode components caused by the absence of lightning protection wires in overhead
lines [14,15], the traditional transmission line technology that only utilizes current traveling waves cannot
meet the requirements of fault location for distribution lines [16]. Moreover, due to the significant wave
impedance difference between cables and overhead lines, using only current traveling waves for fault location
has significant limitations in terms of traveling wave detection sensitivity and engineering implementa-
tion [17]. Therefore, the mixed use of multiple types of traveling wave sensors is also one of the characteristics
of traveling wave fault location technology in distribution networks [18–20]. Reference [21] proposed a fault
traveling wave head calibration method based on an improved optical voltage sensor. Reference [22] utilized
the relationship between the primary and secondary signals of a voltage sensor, derives a waveform inversion
model using the deconvolution principle, and combines it with the stochastic resonance algorithm to realize
positioning utilizing voltage traveling waves. Reference [23] utilized a novel hybrid fiber optic sensor to
obtain wideband transient traveling waves and achieve dual-ended method traveling wave location in a
predetermined interval. Reference [24] designed a voltage sensor using devices such as resistors, inductors,
and capacitors, and connected it to the power grid via capacitors for the conversion of voltage and current
traveling wave signals. Reference [25] proposed a multi-scale waveform inversion method regarding the
nonlinear transmission characteristics of traveling wave sensors and the ill-posed problems in the inversion
process, to achieve high-precision and accurate measurement of power grid fault traveling wave signals.
Reference [26] designed an online calibration system for electronic voltage sensors, using an improved Rife
frequency shift algorithm for signal processing to complete data calibration without causing interference to
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the power grid, thereby improving the accuracy of sensor measurement. Reference [27] designed a voltage
current combination sensor, which is based on the electric and magnetic field strength near the three-phase
overhead line. By reverse solving the measured electric and magnetic field values, non-contact measurement
of voltage and current is achieved. Reference [28] utilized inductive coupling capacitors to capture transient
current signals, achieving non-invasive cable fault diagnosis. Reference [29] conducted research on the TMR
current sensor method and response situation, and developed an intelligent TMR sensor device for precise
measurement of wide area signals in distribution networks, which can locate the arrival time of the wave
head of current traveling wave accurately. Overall, the research on current traveling wave sensors represented
by Roche coils is relatively mature [30]. In contrast, although there are also some studies on traveling wave
voltage sensors, the calibration method and even the arrival time of the traveling wave head for eliminating
distortion effects caused by transmission characteristics of such sensors are less concerned.

On the whole, in addition to the attenuation of traveling waves caused by distribution line, various
traveling wave sensors can also cause transmission distortion of high-frequency traveling wave signals, which
in turn affects the calibration of traveling wave arrival time and the accuracy of fault distance measurement.
The inversion technology of sensor transmission characteristics using analytical methods has limited ability
to reflect factors such as stray capacitance and sensor differences. Artificial intelligence technology provides
a new way to solve this problem, and data-driven technologies such as Convolutional Neural Network
(CNN) has significant advantages in model detail description due to their ability to automatically extract
local features of input data [31,32]. With the aim of accurately inverting the fault traveling wave head of the
sensor on the primary side and improving the calibration accuracy of the arrival time of the wave head,
this paper proposes a traveling wave head inversion method based on a CNN which can better capture the
details of sensor transmission characteristics and help improve positioning accuracy. The paper focuses on
the application scenario of Capacitive Voltage Transformer (CVT) sensors used for cable traveling wave
monitoring, by inverting the wavelet detail coefficients of the primary voltage traveling wave, the arrival
time calibration correction of the initial traveling wave head is achieved, and the effectiveness of this method
is verified by combining it with the double-ended positioning method, aiming to provide new ideas and
references for traveling wave positioning technology.

2 Principle of Traveling Wave Attenuation
During the propagation of fault traveling waves, the wave head will be distorted due to the influence of

line parameters firstly. Secondly, in the process of obtaining traveling waves using sensors, the transmission
characteristics of sensors will further deepen the degree of traveling wave distortion, which will seriously
affect the identification accuracy of the arrival time of the wave head.

2.1 Traveling Wave Attenuation Caused by the Line
Transient traveling waves caused by faults transmitted in cables and overhead lines may experience

attenuation distortion caused by line parameters. According to the transmission line theory, the time-
frequency forms of voltage and current can be obtained, as shown in Eqs. (1) and (2):

ux (x , t) =
√

2 ∣A1∣ e−αx cos (ωt − βx + φ1)
+
√

2 ∣A2∣ e−αx cos (ωt + βx + φ2) (1)

ix (x , t) =
√

2 ∣A1∣
Z0

e−αx cos (ωt − βx + φ1)

+
√

2 ∣A2∣
Z0

e−αx cos (ωt + βx + φ2) (2)
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where A1 and A2 are constants, α is the attenuation constant, and β is the phase constant. From the above
two formulas, it can be inferred that the waveform of the fault traveling wave is not only related to time t, but
also to the transmission distance x.

Fig. 1 shows the shape of the voltage traveling wave head at the monitoring point under different
transmission distances. It can be known that as the transmission distance increases, the distortion of the
traveling wave head becomes more pronounced: the amplitude of the wave head gradually decreases, the
steepness of the waveform gradually becomes smoother, and the time delay of the wave head increases.

Figure 1: Comparison of voltage traveling wave head waveforms under various transmission distances at monitoring
point

The above phenomenon is analyzed as follows:

(1) During the propagation of traveling waves, line resistance and insulation leakage conductivity can lead
to attenuation of the amplitude of the traveling wave, and this loss effect becomes more significant as
the length of the line increases.

(2) Affected by the skin effect, the high-frequency components of traveling waves suffer from severe
energy loss during transmission, resulting in an accelerated amplitude attenuation rate of the high-
frequency components. The higher the frequency of the components, the more significant the impact,
ultimately leading to a reduction in the steepness of the traveling wave head.

2.2 Traveling Wave Distortions Caused by the Sensor
When the fault traveling wave reaches the monitoring points at both ends of the line after propagation

through the line, the voltage sensor senses changes in the electromagnetic field and generates the secondary
signal. Since traditional voltage sensors based on electromagnetic induction principles cannot be used for
traveling wave sensing due to their narrow frequency band, we analyze the CVT used for cable voltage
traveling wave sensing.

As shown in Fig. 2, CVT mainly includes metal plates, voltage divider capacitors, intermediate sensors,
compensating reactors, shielding covers, and other structures. By wrapping the cable with metal plates and
fixing it with specialized fixtures, the voltage divider capacitors and related electromagnetic units are used
to output the secondary voltage.
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Figure 2: Schematic diagram of CVT

Due to the electric field effect, an equivalent capacitance exists between two insulated conductors.
For CVT, stray capacitance does not affect the waveform during low-frequency operation, for the high-
frequency stage, the stray capacitance cannot be ignored. Considering the internal structure of CVT, its
stray capacitance is mainly distributed between the compensating reactor voltage, the primary winding to
ground voltage of the sensor, the secondary winding to ground voltage of the sensor, and the primary winding
to secondary winding voltage of the sensor. Based on this, an equivalent circuit model of CVT with stray
capacitance was established in Fig. 3.

Figure 3: Equivalent circuit model for CVT with stray capacitance

In Fig. 3, U1 represents the input voltage on the primary side, Ub represents the secondary voltage,
C1 and C2 represent high voltage and medium voltage capacitors, respectively, Zs represents the equivalent
impedance of the compensating reactor, Cc represents the stray capacitance of the compensating reactor,
Zm represents the excitation impedance of the intermediate sensor T, RT1 and LT1 respectively represent
the winding resistance and winding leakage inductance on the primary side of the intermediate sensor,
RT2 and LT2 represent the winding resistance and winding leakage inductance on the secondary side
of the intermediate sensor, respectively, Cp1 represents the stray capacitance of the primary winding of
the intermediate sensor to ground, Cp2 represents the stray capacitance of the secondary winding of the
intermediate sensor to ground, Cp12 represents the coupling capacitance between the primary and secondary
windings of the intermediate sensor, Rb and Lb are the equivalent resistance and inductance converted from
the load to the primary side.

According to Fig. 3, the transfer function of CVT can be expressed in Eq. (3):

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

H (s) = Ub (s)
U1 (s)

= K1

K2
K1 = (Z2//Z5) // (Z3//Z4) + (Z6//Z7//Z8)

K2 = (
1

sC
+ Z1) + (Z2//Z5) //K3

K3 = [(Z3//Z4) + (Z6//Z7//Z8)]

(3)
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where:
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

C = C1 + C2;
Z1 = Zs// [1/ (sCc)] ;
Z2 = 1/ (sCp1) ;
Z3 = 1/ (sCp12) ;
Z4 = (RT1 + sLT1) + (RT2 + sLT2)
+ (RT1 + sLT1) (RT2 + sLT2) /Zm;
Z5 = (RT1 + sLT1) + Zm

+(RT1 + sLT1)Zm/ (RT2 + sLT2) ;
Z6 = (RT2 + sLT2) + Zm

+(RT2 + sLT2)Zm/ (RT1+ sLT1) ;
Z7 = 1/ (sCp2) ; Z8 = Rb + sLb

(4)

The stray capacitance can be calculated by Eq. (5):

Cx =
4 (n − 1) εr ε0LDN

3n2d
(5)

where Cx is the stray capacitance, N is the number of turns in the coil, n is the number of layers in the coil, L
is the average turn length, d is the distance between winding layers, D is the cross-sectional diameter of the
wire, εr is the relative dielectric constant, and ε0 is the vacuum dielectric constant.

Due to the low-pass characteristic of the transfer function of the sensor, high-frequency components in
traveling waves are suppressed. According to Eq. (4), it can be seen that Z1, Z2, Z3, and Z7 are most sensitive
to changes in signal frequency, especially for high-frequency traveling wave signals. Under high-frequency
signals, its value is almost zero, where Z2 and Z7 serve as the capacitive reactance of the sensor to ground,
providing a capacitive leakage path for high-frequency components to ground, resulting in the suppression
and severe attenuation of high-frequency components in the secondary side wave head of the sensor. Fig. 4
shows the comparison of the wave head of the voltage traveling between the primary and secondary sides of
the sensor. It can be seen that after the transformation caused by the sensor, the wave head of the secondary
side slows down noticeably, the peak value decreases, and the peak value corresponds to a time lag compared
to the wave head of the primary side.

Figure 4: Comparison of the voltage traveling wave head between the primary and secondary sides of CVT

The accuracy of fault location depends on the calibration of the arrival time of the traveling wave head.
Based on the analysis in Sections 2.1 and 2.2, the traveling wave head is inevitably affected by the line and
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sensor during transmission, resulting in attenuation and distortion, which may cause a significant deviation
in the time difference between the arrival of the traveling wave at both ends of the line compared to the
actual situation. If the calibration time of the measured secondary traveling wave head is directly used, it will
cause significant errors in the distance measurement of the two end traveling waves. Therefore, based on the
transmission characteristics of the sensor, it is proposed to invert and reconstruct the primary side traveling
wave head by inverting the secondary side traveling wave head.

However, by analyzing the equivalent circuit of the CVT shown in Fig. 3, it was found that in the actual
production process, due to factors such as the manufacturer’s manufacturing process, there may be some
deviation between the stray capacitance parameter values calculated between the formula parameter and the
actual parameter values, resulting in significant errors in the calculated CVT transmission characteristics
compared to the actual situation. In addition, the calculation of stray capacitance mainly relies on the
information of resonance points in the transmission characteristics of CVT voltage amplitude, which is a
complex and computationally intensive method. Furthermore, it can be seen from Eqs. (4) and (5) that the
transfer function of CVT not only has a complex structure, but also involves numerous parameters in each
part. Once calculated incorrectly, it is likely to result in the CVT transmission characteristics obtained being
vastly different from the actual situation.

Therefore, a simple and reliable method is needed to obtain the inverse transmission characteristics of
CVT and improve the accuracy of the calibration time of the traveling wave head.

3 Wave Head Correction Method Based on CNN
Compared to traditional methods such as manual computation, neural networks do not require a

detailed understanding of the internal structure and related parameters of sensors. They can be trained using
only relevant samples and obtain mapping relationships that meet the requirements. This not only improves
accuracy but also saves labor costs. Therefore, a neural network method is used to obtain the transmission
characteristics of the sensor.

3.1 Feature Extraction Method
This paper chooses the wavelet transform as the tool for feature extraction, mainly relying on its excellent

time-frequency localization analysis ability. Compared with the Fourier transform, the wavelet transform
is more capable of analyzing the local characteristics of signals at different scales and times, especially for
characterizing transient changes in signals when faults occur. The formula of the Discrete Wavelet Transform
(DWT) is shown in Eq. (6):

WTf (m, n) = ∫
R

f (t) ● ψm ,n (t)dt (6)

where WTf (m, n) represents the coefficients obtained by the DWT, m and n represent scale and displacement
parameters, f (t) represents the original signal, ψm,n(t) represents the wavelet basis function, and ψm,n(t) =
2−m/2ψ(2−mt − n).

As shown in Fig. 5, the signal diagrams of each level are decomposed using db4, db6, and db8 wavelet
bases, respectively. Compared to the db4 wavelet, the db6 has a longer support length and smoother
waveform, which can more accurately capture the high-frequency transient components of fault traveling
waves, and compared with db8 wavelet, db6 achieves a better balance between computational complexity
and feature sensitivity, avoiding the loss of details in the wave head caused by excessive smoothing, and also
avoiding the risk of overfitting. Thus, the db6 wavelet basis was ultimately selected.
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Figure 5: Signals from different decomposition levels of db4, db6, and db8 wavelets: (a) db4; (b) db6; (c) db8

After selecting the db6 wavelet basis for decomposition, in order to determine the arrival time of the
wave head accurately, energy needs to be highly concentrated in a shorter time interval. For this purpose,
it is necessary to evaluate the degree of energy concentration of detail coefficients at various scales. Firstly,
use Eq. (7) to calculate the total energy of the detail coefficients for each layer:

E j = ∑
N j

k=1 (d j (k))
2 (7)

where Ej represents the total energy of each layer’s detail coefficient, dj(k) represents the kth value of the jth
layer’s detail coefficient, and Nj represents the sample of the jth layer’s coefficient.
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After calculating the total energy of the detail coefficients in each layer, it is necessary to analyze the
data interval where the energy concentration of each layer is located and determine the length of the interval
(measured in L data points). The calculation method for energy concentration is as follows:

ECD = EL

E j
(8)

Adjust L to achieve maximum ECD. The smaller the corresponding L value, the higher the energy
concentration. Table 1 shows the L values and corresponding ECD values of each decomposition layer
(d1~d6) calculated based on the db6 wavelet basis.

Table 1: Relationship between different layers of wavelet coefficient and interval length and energy

Number of layers d1 d2 d3 d4 d5 d6
L 88 124 472 402 332 556

ECD Highest Higher Low Low Low Lowest

The results show that the energy concentration of the first layer decomposition is the highest, which can
maximize the preservation of high-frequency details and steep features of the initial traveling wave head.

3.2 Convolutional Neural Network
Convolutional Neural Networks has the advantage of achieving local perception, effectively capturing

local features of signals, and extracting more details. Moreover, since the convolutional layers in CNN utilize
convolutional kernels for weight sharing, which can significantly reduce network parameters and effectively
prevent overfitting problems that may exist in other neural networks during training. Furthermore, the
pooling layer can also reduce the dimensionality of network parameters, accelerate training speed, and
improve the generalization ability. Due to the parallel computation of convolution and pooling operations in
CNN, the training efficiency is further improved. Thus, the CNN architecture is selected in this paper, which
use the amplitude characteristics of the traveling waves on the primary and secondary sides of the sensor at
different times as training samples to obtain the inverse transfer characteristics of the sensor.

The structure of CNN is shown in Fig. 6, which generally consists of an input layer, a convolutional layer,
a pooling layer, a fully connected layer, and an output layer.

Figure 6: Architecture diagram of CNN
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The most important part of CNN is the convolutional layer, which convolves the feature map of the
previous layer with the convolutional kernel, and then passes the activation function to obtain a new feature
map that is passed on to the next layer, represented by Eq. (9):

yi = f (yi−1 ⊗Wi + bi) (9)

where f (x) is the activation function, yi represents the feature map of the i-th layer, Wi represents the weight
matrix of the i-th convolutional kernel, the operation symbol “⊗” represents the convolution operation, and
bi is the bias vector of the i-th layer.

The pooling layer selects the features extracted from the previous convolutional layer, which not only
reduces the dimensionality of network parameters to improve training efficiency, but also effectively alleviates
the problem of model overfitting, as represented by Eq. (10), where p represents the pooling operation.

yi = p (yi−1) (10)

The fully connected layer is composed of two adjacent layers of neurons connected to each other,
usually located at the end of the CNN structure. Its input is a one-dimensional vector formed by tiling high-
dimensional features extracted by convolutional and pooling layers, and bias is added to each neuron. Finally,
the output feature map is obtained through an activation function, which can be represented as:

yi = f (yi−1 ⋅Wi + bi) (11)

For multi-classification problems, Softmax is commonly used as the output layer to establish a mapping
relationship between the input signal and the label, thereby achieving classification of the input signal. The
function expression is shown in Eq. (12).

Soft max(x)i =
exi

k
∑
j=1

ex j

(12)

where xi represents the i-th output variable of the Softmax layer, k represents the number of neurons in the
input Softmax layer, Softmax (x)i represents the probability of the i-th output variable corresponding to the
category within the range of [0, 1]. Therefore, after Softmax processing, the probability of each output variable
belonging to each category can be obtained, and the results of multiple classifications can be presented in
probability form.

Thus, a dataset is constructed by extracting features from the original voltage traveling wave signals
on the primary and secondary sides of the sensor, which serve as the training samples for the neural
network. Each training sample is defined as an input-output pair: the input array represents the d1 layer detail
coefficient sequence obtained by wavelet decomposition of the secondary side voltage traveling wave of the
sensor within a specified time window, which characterizes the high-frequency characteristics of the signal
transmitted through the sensor. The output array is the d1 layer detail coefficient sequence extracted from
the wavelet decomposition of the primary side voltage traveling wave of the sensor that is strictly aligned in
time, representing the high-frequency characteristics of the original undistorted traveling wave.

By training the nonlinear mapping relationship of CNN, the distortion characteristics introduced by
the sensor during the transmission of traveling wave signals can be captured. When a fault actually occurs,
the neural network is used to invert the d1 layer detail coefficients of the primary side, avoiding nonlinear
distortion of the sensor. By suppressing the high-frequency feature distortion caused by transmission
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distortion, the high-frequency detail coefficients output by the model can more accurately reflect the time
information of the original traveling wave reaching the inflection point, thereby improving the accuracy of
the wave head arrival time calibration.

3.3 Dual Ended Traveling Wave Fault Location Method
The principle of fault location using the double-ended traveling wave method is shown in Fig. 7. L

represents the total length of the line, the distance between the fault point and the M end is x, and the
propagation speed of the traveling wave is v. The calculation of fault distance is as follows:

x = L + v ⋅ (tM − tN)
2

(13)

where tM represents the time it takes for the traveling wave to travel from the fault point to the M end, and
tN represents the transmission time from the fault point to the N end.

Figure 7: Schematic of double-ended traveling wave fault location

The calibration accuracy of tM and tN determines the positioning accuracy of the fault traveling wave.
Among various calibration methods, due to the excellent time-frequency analysis ability of wavelet transform
technology, this paper uses a traveling wave head calibration method based on wavelet modulus maximum,
whose formula is as follows:

Td max = t [max (∣d j ,k ∣)] (14)

where, dj,k represents wavelet coefficients at different scales and positions, j is the scale index, k is the position
index. The symbol “∣ ∣” represents the modulus value, the symbol “max( )” represents taking the maximum
value, and the symbol “t[ ]” represents taking the corresponding time.

3.4 Traveling Wave Head Inversion Based on CNN
The steps of the entire method are shown in Fig. 8:

(1) Firstly, through wavelet transform, the amplitude characteristics of the traveling waves on the primary
and secondary sides of the sensor are recorded as training samples, resulting in a total of k sets
of samples.

(2) Train these k sets of samples using CNN to obtain the inverse transfer characteristics of the sensor.
(3) Based on the inverse transfer characteristics of the sensor mentioned above, the traveling waves on

the secondary side of the sensor in the fault line are processed, and finally, the fault traveling waves on
the primary side of the sensor at both ends of the line are reconstructed by inversion.

(4) Using the double-ended traveling waves obtained from the above inversion, the times tM and tN for
the traveling waves to reach both ends of the line are obtained by identifying the wave head.

(5) Based on the double-ended traveling wave method, the fault location is achieved by Eq. (13).
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Figure 8: Operational flow chart

4 Simulation Verification

4.1 Simulation Model
Using grounding faults in wind farm distribution lines as the validation scenario for this method. As

shown in Fig. 9, a simulation experimental model of the wind farm line was built in PSCAD/EMTDC. The
wind farm adopts permanent magnet direct drive motors, and the machine side inverter adopts maximum
power tracking control. The output voltage of the unit is transmitted to the medium voltage bus through
cables, and then transmitted to the AC power grid by overhead lines. The monitoring points are set at the
beginning and the end of the line and at the connection between the overhead line and the cable.
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Figure 9: Topology of wind farm collector system

Both cable lines and overhead lines use frequency-dependent models, with a simulation sampling
frequency set at 1 MHz and a model solving time step of 1 μs. The structural parameters of overhead lines
and cables are shown in Tables 2 and 3, the relevant parameters of CVT simulation components are shown
in Table 4. The lengths of the four cable lines are 10, 9.6, 8, and 8.8 km, respectively, with the cable shields
grounded at both ends. The length of both overhead lines is 10 km. The wave velocity in the cable is taken as
150 m/μs, and the wave velocity in the overhead line is taken as 296 m/μs. The effectiveness of the method is
analyzed at different fault distances, fault resistances, and fault initial phase angles conditions.

Table 2: Overhead line configuration parameters

Parameter Numerical value
shunt conductance (S/m) 1 × 10−11

Outer radius of wire (m) 0.0203454
Direct current resistance of wire (Ω/km) 0.03206
Relative magnetic permeability of wire 1.0

Outer radius of grounding wire (m) 0.0055245
Grounding wire DC resistance (Ω/km) 2.8645

Relative magnetic permeability of grounding wire 1.0

Table 3: Cable configuration parameters

Parameter Numerical value
Outer radius of wire core (m) 0.0132

Core resistivity (Ω⋅m) 1.724e−8
Relative magnetic permeability of wire core 1.0

Inner radius of insulation layer (m) 0.0132
Outer radius of insulation layer (m) 0.04225

Relative dielectric constant of insulation layer 2.3
Relative magnetic permeability of insulation layer 1.0

Inner radius of shielding layer (m) 0.04225
Outer radius of shielding layer (m) 0.0515

Shielding layer resistivity (Ω⋅m) 2.17e−7
Relative magnetic permeability of shielding layer 1.0
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Table 4: Data partitioning scheme

Data set Number of samples Proportion
Training set 700 70.59%

Validation set 300 29.41%
Total 1000 100%

4.2 Fault Location Based on Correction of Wave Head Arrival Time
4.2.1 Data Generation and Preprocessing

The experimental data were generated using the model shown in Fig. 9 by PSCAD, with a total
simulation time of 0.6 s (corresponding to 60,000 data points). The fault was simulated at 0.2 s after the start
of the simulation (i.e., at the 20,000th data point), and the voltage signals at the beginning and end of the
line during operation were recorded as raw data.

In order to ensure that the final generated training data has sufficient diversity and improves the
robustness of the model to complex and variable faults, key fault parameters are systematically adjusted in
the simulation settings of each fault type to simulate the changes in actual working conditions. This mainly
includes:

(1) Fault distance: By dynamically changing the position of the fault point, the model can learn and
identify the changes in signal propagation attenuation and traveling wave characteristics when a fault
occurs in different locations.

(2) Fault resistance: By setting a range of different resistance values from zero ohms to several hundred
ohms, which reflects the different fault resistance conditions that may occur during the fault process.

(3) Fault initial phase angle: By generating faults at different starting times of the power supply voltage
from 30○ to 90○, the initial traveling wave characteristics at different fault initial phase angles
are captured.

Taking into account the various factors mentioned above, a large number of combined simulation
experiments were conducted to generate 1000 sets of effective raw fault data that can reflect different
fault conditions.

To improve the effectiveness of characteristic data, reduce the computational complexity of the model,
and accelerate convergence, preprocessing is performed on the original voltage signal. The steps are as
follows:

(1) Signal clipping: Extract representative time periods centered around the fault point, specifically 665
data points before the fault occurs and 2335 data points after the fault occurs. This window can fully
capture the transient characteristics of the fault.

(2) Feature extraction: The clipped signal is subjected to a wavelet transform using the db6 wavelet basis
function, and the amplitude of the high-frequency coefficients in the first layer is selected as the key
vector representing the high-frequency features of the traveling wave.

(3) Data standardization: To eliminate dimensional differences between feature vectors, unify feature
scales, and accelerate neural network convergence, the extracted high-frequency amplitude feature
vectors are normalized. Using the minimum maximum normalization method, map the eigenvalues
to the [0, 1] interval, with the following Eq. (15):

xnor =
(x − xmin)
(xmax − xmin)

(15)
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where x is the original feature value, xmin and xmax are the minimum and maximum values of the
feature dimension on the entire training set, respectively.

After preprocessing, the 1000 sets of sample data were divided into training and validation sets by
category, as shown in Table 4, to ensure that the training and validation processes can evaluate model
performance on balanced and independent data.

4.2.2 Parameter Settings of CNN
CNN is selected as the core model to learn the nonlinear mapping relationship between the secondary

side and the primary side of the sensor. Subsequently, after multiple iterations of training, the architecture and
hyperparameters of the network were determined, and the selected hyperparameters are shown in Table 5.

Table 5: CNN hyperparameters

Hyper-parameters Numerical value
Initial learning rate 0.001

Maximum number of iterations 100
Learning rate decline cycle 50
Learning rate decline factor 0.1

After the completion of network debugging and training, the root mean square error (RMSE) and loss
value of the training process vary with iteration rounds, as shown in Fig. 10.

Figure 10: Training and validation loss with RMSE vs. iteration number
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According to the analysis of Fig. 10, the model shows a good convergence trend within the set of 100
training cycles. The training loss and RMSE value decrease rapidly in the first 50 rounds, and when the
learning rate decreases according to the preset strategy in the 50th round, the rate of decrease slows down
and eventually stabilizes. This indicates that the model effectively learned the intrinsic patterns of the data
in the training set and achieved a relatively ideal convergence state.

4.2.3 Inversion of Traveling Waves on the Primary Side
Preprocess the zero-mode voltage signals collected from the secondary side of the sensor at the

beginning and end of the line during faults to obtain standardized eigenvectors that are completely consistent
with the sample data. Input this feature vector into the trained convolutional neural network, and the network
output is the reconstructed primary side zero sequence voltage feature signal. Fig. 11a,b shows the comparison
of characteristics between the first layer of the primary and secondary signals at the beginning and end of
the line and the first layer characteristics of the inverted signal, respectively.

Figure 11: Comparison of actual primary and secondary side d1 and the d1 coefficient obtained by inversion at different
ends: (a) d1 coefficient waveforms of the beginning monitoring point, (b) d1 coefficient waveforms of the end monitoring
point

From Fig. 11, it can be seen that the d1 detail coefficients of the primary side obtained by the inversion
model exhibit extremely high consistency with the actual signal of the primary side, whether in terms of
overall waveform shape, amplitude variation, or key details. Especially in the locally amplified regions (such
as around 0.02249 and 0.02250 s), the peak values and estimated moments of the inverted signal are almost
identical to those of the actual primary side signal, indicating that the CNN inversion results accurately
capture the dynamic characteristics of the actual primary side d1 layer detail coefficients. Therefore, compared
to directly using the secondary side d1 layer detail coefficients, the inverted primary side d1 layer detail
coefficients have high fidelity to the actual primary side, providing a more reliable basis for calibrating the
wave head and improving the accuracy of subsequent traveling wave location.
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4.2.4 Fault Location Method
Set a fault on line L1, with the fault distance set at 5 km from the beginning of the line, denoted

as xa. The fault resistance Rf is 100 Ω, and the initial phase angle of the fault θf is 45○. Perform wavelet
decomposition on the secondary voltage measured by the sensor to extract high-frequency amplitude
characteristic components. By using the inverse wavelet features, the time calibration for the traveling wave
to reach both ends of the line is achieved, as shown in Fig. 12, which displays the time difference for the
traveling wave to reach both ends of the line.

Figure 12: Corrected time difference of traveling wave head arrival

Substitute the corrected wave head time into Eq. (13) to calculate the fault distance, xc = 5.15 km.
This paper uses the relative error rate to characterize the accuracy of fault location. The definition of

relative error in fault distance measurement is as follows:

e = ∣xc − xa ∣
l

× 100% (16)

where xc is the calculated fault distance, and l is the length of the fault line. The relative distance measurement
error in this case is e = 1.5%.

4.3 Adaptive Analysis
4.3.1 The Influence of Fault Distance and Fault Transition Resistance

Fig. 13 shows the fault location errors when the initial phase angle of the fault is 45○, and the fault
distances are 1, 3, 5, 7, and 9 km, respectively, and the fault transition resistance value is 0, 50, 100, 150, and
200 Ω, respectively.

From the data in Fig. 13, it can be seen that the relative error is less affected by the fault distance,
due to the limited length of each section of the distribution line. However, as the fault resistance increases,
the relative error rate shows an increasing trend. When the fault resistance is less than 100 Ω, the error
corresponding to all fault distances remains at a low level, with the highest being 5% and the lowest being only
0.25%, and the curve trend is relatively smooth. This indicates that under low fault resistance conditions, the
method proposed in this paper has high accuracy. When the fault resistance is greater than 100 Ω, the relative
error rate shows an upward trend, which is due to the intensified attenuation of the traveling wave signal in
high resistance fault scenarios, leading to an increase in the error rate of wave head detection. However, the
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relative error rate can still be controlled within 5%, indicating that the proposed method can still maintain
good location accuracy at higher fault transition resistance.

Figure 13: Average error rate of the proposed method under different fault distances and fault resistances

4.3.2 The Influence of Fault Initial Phase Angle
Set the fault distance to 3 km, the fault resistances are 0, 100, and 200 Ω, respectively, and the initial phase

angles of the fault are set to 30○, 60○, and 90○, respectively. As shown in Fig. 14, it can be known that under
different fault initial phase angle conditions, the relative error rate of distance measurement corresponding
to each fault resistor is generally at a low level, and even under different initial phase angles of faults, the
relative error rate of distance location also remains below 5%.

Figure 14: Average error rate of the proposed method with different initial phase angle of fault

4.4 Comparison with Existing Methods
Apply the existing method of traveling wave location to compare with the method proposed in this

paper. The comparison results are shown in Table 6.
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Table 6: Comparison with existing methods

Method Applicable
scenarios

Supported
sensors types Inversion method Sampling

rate
Location

error

[11] Transmission grid CVT Frequency division
inversion 1 MHz 2.5%

[13] Transmission grid Rogowski coil Circuit model
inversion 1 MHz 1.2%

[15] Transmission grid Rogowski coil No inversion 250 kHz 5.8%

[20] Transmission and
distribution grid CVT Inversion of full

waveform 1 MHz 4.7%

[30] Transmission grid Rogowski coil No inversion 10 MHz 2.9%

Proposed
method

Transmission and
distribution

networks
All types Inversion after

wavelet transform 1 MHz 2.2%

Table 6 compares the performance indicators of the method proposed in this paper with several
related methods. From the perspective of the implementation of wave head identification, the methods in
references [15,30] did not use waveform inversion, while the methods in references [11,13,20], and this paper
all utilize the principle of waveform inversion. The accuracy of the former is much lower than that of the latter,
indicating that wave head inversion plays a significant role in improving the accuracy of fault localization.
Among several positioning methods that utilize inversion principles, reference [13] has the highest accuracy,
but its applicability is for fault traveling wave positioning applications in traditional transmission lines whose
sensor can only be used for traditional Rogowski coil and cannot meet the fault location requirements of
mixed line scenarios in distribution networks. Reference [11] has slightly lower accuracy than the method
proposed in this paper, but it cannot be applied to distribution networks. Although the method proposed in
reference [20] can be applied to distribution networks and is specific to CVTs, its accuracy is significantly
lower than that of the method proposed in this paper. In addition, from the perspective of the sampling
frequency required by the method, although the sampling frequency of the method in reference [15] is the
lowest, its positioning accuracy is also poor. Under the condition of using a frequency of 1 MHz, the method
proposed in this paper not only ensures high positioning accuracy, but also ensures its comprehensive
performance for mixed lines in distribution networks and multiple types of sensors.

5 Conclusion
This paper focuses on the problem of fault location using traveling waves in distribution lines. A fault

location method based on primary travelling wave head inversion is proposed. The main conclusions are as
follows:

(1) Compared to using the secondary side traveling wave signal of the sensor directly, using CNN to
invert and reconstruct the traveling wave head of the primary side of the sensor through the signal
from the secondary side, which can reduce the sensing distortion of the sensor on the traveling wave
waveform, thereby improving the location accuracy. This method is particularly suitable for other
types of unconventional traveling wave sensors besides conventional Roche coil current sensors.

(2) By fully considering the influence of fault distance, fault transition resistance, and fault initial phase
angle, a black box model of sensor transmission characteristics can be constructed using neural
networks to ensure the universality of the model with different fault conditions.
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(3) Under various fault conditions, the location accuracy of the proposed method remains at a high level,
and its maximum average location error does not exceed 2.2%, demonstrating the robustness and
effectiveness in different scenarios.

(4) The construction of the training sample set is an important factor affecting the accurate acquisition
of the inverse transfer characteristics of sensors. In practical applications, this method requires the
generation of various primary side traveling wave head signals to construct training samples, and
manual simulation methods require a large amount of work. In the future, the development of an
automatic traveling wave head generation device will be considered to further improve the efficiency
of this method.
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