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A B S T R A C T   

In the event of a single line-to-ground fault in a non-effectively grounded distribution network, reliable detection 
and isolation of faulty feeders aid in ensuring safe network operation. To improve the accuracy and reliability of 
faulty-feeder detection, this paper proposes a faulty-feeder-detection method based on the entire-frequency- 
domain fault characteristics. First, the zero-sequence current variation characteristics of feeders are analyzed 
using a wavelet packet algorithm; subsequently, the frequency-spectrum energy and zero-sequence current di
rection are employed to build a detection criterion. Second, the frequency-spectrum energy and direction criteria 
are combined to obtain a comprehensive detection criterion across the entire frequency spectrum. Third, the 
ensemble-learning algorithm is utilized to construct the proposed comprehensive criterion. An extreme-gradient- 
boosting algorithm is employed for efficient modeling along with large amounts of simulated data that are used 
as training dataset. To verify the reliability and generalization capability of the proposed method, PSCAD 
simulation, RTDS, and practical fault data are employed considering different topologies, parameters, and fault 
conditions of various distribution networks. The results obtained in this study reveal the proposed method to 
improve the accuracy of faulty-feeder detection significantly relative to conventional approaches, which dem
onstrates that the proposed method shows considerable reliability and generalization potential for practical 
utility.   

1. Introduction 

Non-effectively grounded networks are widely used in medium- and 
low-voltage distribution networks. Moreover, the safe operation of a 
distribution network is affected by various faults, of which 80% of single 
line-to-ground (SLG) faults have the greatest impact. When an SLG fault 
occurs, healthy phase voltages rise and an intermittent arc in the fault 
point threatens the insulation of the system, which may result in serious 
faults and wide impacts. However, it is difficult to determine the specific 
faulty feeder due to smaller SLG fault current and complex fault tran
sient. Consequently, it is of great significance to accurately detect and 
isolate an SLG fault in distribution networks to ensure safe operation of 
the entire network. 

Several methods were proposed to detect various SLG faults in non- 
effectively grounded distribution networks, ranging from specific fault 
feature-based schemes [1–5] to a comprehensive strategy combined 
with multi-fault features [6–16]. Fault characteristics such as magnitude 

and phase of the zero-sequence current, the fifth harmonic of the cur
rent, and real power were normally used as criteria to detect an SLG fault 
in conventional distribution networks. These methods were reviewed in 
[1]. However, because of the complex fault conditions, the reliability of 
the abovementioned criteria is not acceptable. Therefore, a transient 
component-based scheme was proposed in [2]. Transient power calcu
lated using the zero-sequence voltage and current was used to detect 
faulted feeders. However, the power in only a specific frequency band 
could satisfy the criteria. In [3–4], a wavelet algorithm was used to 
analyze the zero-sequence currents and voltages spectrum of the feeders. 
Subsequently, spectrum comparison was conducted to detect the faulty 
feeders. In [5], the compositions of residual admittances were decom
posed, and the faulty feeder was detected by comparing the calculated 
zero-sequence admittances. However, various factors such as different 
grounding types, feeder parameters, bypass resistances, and fault loca
tions will result in different spectrum features, which make the detection 
strategies based on the specific fault characteristics fail. 
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Comprehensive methods, which combine different fault character
istics, have been proposed to increase the reliability of faulted feeder 
detection in distribution networks. Moreover, data driven methods and 
artificial intelligence (AI) based strategies have been widely used. In [6], 
fault features such as transient energy, kurtosis, and cross-correlation 
distance were combined to build a faulty-feeder-detection method 
using multiple evidence estimation. In [7], the decaying DC component, 
waveform correlation component, and energy entropy component of 
zero-sequence currents were extracted to represent the states of feeders, 
and adaptive network-based fuzzy inference system was employed to 
combine those components for detecting the faulty feeder. In addition, 
other intelligent algorithms, such as fuzzy measure fusion criterion [8], 
rough set theory [9], D-S evidence theory [10], optimal Bayes algorithm 
[11], support vector machine [12], neural networks [13], mathematical 
morphology [14], and convolutional neural networks [15–16], are 
widely used in the field, which lead to higher detection reliability 
compared to the strategies that only depend on specific fault features. 
However, generalization problems hinder these methods from being 
applied practically. Generalization problems usually require AI-based 
algorithms to be either retrained or subjected to special transfer 
learning when they are applied to distribution networks with changing 
topologies, parameters, and grounding modes. Moreover, some partic
ular fault features are used to build a comprehensive criterion, while the 
others are filtered out. Therefore, a method is required to enable com
bination of fault features across the entire frequency spectrum, instead 
of in a specific range, and high applicability in distribution networks. 

This paper proposes a comprehensive method, which combines the 
zero-sequence current variation characteristics with frequency- 
spectrum energy and direction across the entire frequency spectrum to 
detect the SLG faulty feeder under different topologies, feeder parame
ters, and operational conditions. Faulty characteristics are first analyzed 
using the wavelet packet algorithm. Subsequently, the frequency- 
spectrum energy and zero-sequence current direction are identified to 
define the detection criteria for each frequency band. Next, these criteria 
are combined with the spectrum energy and direction in the respective 
frequency bands prior to being assembled by an extreme-gradient- 

boosting (XGBoost) algorithm to construct a classifier that distin
guishes faulty feeders from healthy ones. Finally, to verify the general
ization of the proposed method, digital simulations for different 
topologies, feeder parameters, connections, and operational conditions 
of the distribution networks are conducted. In addition, the verification 
is conducted using the real-time digital simulation (RTDS) in the 
hardware-in-the-loop test system and the practical fault data. Based on 
the entire-frequency-domain characteristics of the faults, the perfor
mance of the SLG faulty-feeder detection is improved significantly, 
demonstrating the strong generalization potential and applicability of 
the proposed approach. 

The remainder of the paper is organized as follows. The fault char
acteristics with frequency-spectrum energy and direction are analyzed 
in Section 2. In Section 3, the proposed strategy to combine frequency- 
spectrum energy criterion and direction criterion to achieve a compre
hensive detection criterion across the entire frequency spectrum is 
introduced. In addition, the construction of the XGBoost-based classifier 
is described, and the training dataset is discussed. The verifications 
carried out are discussed in Section 4. Further, the PSCAD simulation 
models, RTDS cases, and practical fault data are introduced along with 
some necessary analysis and comparisons. Finally, this paper is 
concluded in Section 5. 

2. Spectrum analysis 

A typical compensation system with an SLG fault is considered to 
analyze the fault characteristics in distribution networks. The diagram 
of the compensation system grounding through Petersen coil with an 
SLG fault occurred in feeder n is shown in Fig. 1(a), and its zero- 
sequence equivalent circuit is shown in Fig. 1(b). In Fig. 1(b), R de
notes the equivalent resistance of the faulty feeder plus the fault resis
tance, L denotes the inductance of the faulty feeder, Lp denotes the 
inductance of the Petersen coil, and C0k is the equivalent capacitance of 
feeder k. uf0 is the zero-sequence voltage at the fault point, u0 is the zero- 
sequence voltage on bus, i0k is the zero-sequence current of the healthy 
feeder k, and i0n is the zero-sequence current of the faulty feeder n. 

As shown in Fig. 1 (b), the equivalent circuit is a third-order circuit 
and needs to be simplified during theoretical analysis. According to the 
analysis in [17], the resonant frequency of the zero-sequence current is 
high for an SLG fault with low fault impedance, and the compensation of 
the Petersen coil can be neglected. Furthermore, for an SLG fault with 
high fault impedance, the resonant frequency of the zero-sequence 
current is low, and the compensation of the Petersen coil cannot be 
neglected, while the inductance of the faulty feeder can be neglected. 
Consequently, the third-order circuit can be simplified to a second-order 
circuit, and the zero-sequence equivalent circuit of low impedance fault 
and high impedance fault are shown in Fig. 2. 

The following differential equations and initial conditions are used to 
analyze the characteristics of the SLG fault with low fault resistance 
(Fig. 2(a)): 

Fig. 1. (a) Diagram of the compensation system; (b) Zero-sequence equivalent 
circuit with an SLG fault in the compensation system. 

Fig. 2. Simplified zero-sequence equivalent circuit (a) low impedance fault; (b) 
high impedance fault. 
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LC0
∑d2u0(t)

dt2 + RC0
∑du0(t)

dt
+ u0(t) = uf 0(t)

i0k = C0k
du0(t)

dt

i0n = −
∑n− 1

k=1
i0k

u0(0− ) = i0k(0− ) = 0

(1)  

where C0
∑ is the sum of the equivalent capacitance of the feeders. 

uf0 =Umsin(ω0t + θ), and Um, ω0, and θ are its amplitude, angular fre
quency, and initial angle, respectively. 

To solve (1), we can rewrite the characteristics equation: 

LC0
∑p2 +RC0

∑p+ 1 = 0 (2)  

where p is the solution of the characteristic equation, which takes 
imaginary root in the following discussion. 

The characteristics of the SLG fault with a low fault resistance are 
determined by the feeder parameters, as shown in (2). The zero- 
sequence currents of the faulty feeder and healthy feeders can be 
expressed as follows: 

{
i0k = C0ke− δ1 t[(− A1δ1 + A2ωf 1)cosωf 1t + (− A2δ1 − A1ωf 1)sinωf 1t]

i0n = − [(C0
∑ − C0n)/C0k] i0k

(3)  

where δ1 = R/2L, ω2
f1 = 1/LC0

∑ − δ2
1. The detailed parameters A1 and 

A2 are related to the system parameters and fault conditions. 
Evidently, the zero-sequence current magnitude of the faulty feeder 

is larger than that of the healthy feeders because (C0
∑- C0n)/C0k is 

greater than 1, and the zero-sequence current of the faulty feeder flows 
in the direction opposite to that of the healthy ones. In addition, the 
zero-sequence current spectrum (ωf1) is determined by the parameters R, 
L, and C0

∑. The high frequency component of the zero-sequence current 
can be used to detect the faulty feeder based on (3) because the main 
frequency-spectrum energy is located in high frequencies according to 
the typical parameters in this scenario. However, different distribution 
networks are characterized by different topologies and feeder parame
ters, thereby making it difficult to determine the optimum 
characteristic-frequency band. 

The SLG fault discussed above is considered as a low impedance and 
under-damped fault (LIUF) according to the fault analysis results. 
Further, three other SLG faults exist, called low impedance and over- 
damped fault (LIOF), high impedance and under-damped fault (HIUF), 
and high impedance and over-damped fault (HIOF). The zero-sequence 
currents of different types of SLG faults are summarized in Table 1, and 
the detailed parameters are provided in Table 2. 

Table 1 indicates that the characteristics of the SLG fault are different 
because of fault resistance, fault location, feeder parameters, and the 
topology of distribution networks. The relationship between faulty and 
healthy feeders’ currents of the LIOF is similar to that for the LIUF. 
However, the main frequency-spectrum energy is located in low fre
quencies, and a large amount of decaying DC is included in this scenario. 
The relationship between the faulty and healthy feeders’ currents in the 
case of the HIUF can be expressed as follows: 

i0n = − [(C0
∑ − C0n)/C0k] i0k − (A3cosωf2t + A4sinωf2t)e− δ2 t (4) 

As shown in (4), the characteristics of the zero-sequence current are 
different for the HIUF. Because of the second term in (4), the magnitude 
of the faulty feeder and healthy feeders’ currents are no longer pro
portional, and the current direction relationships are uncertain. The 
same reasoning is valid for the HIOF according to the zero-sequence 
currents listed in Table 1. 

Thus, SLG fault characteristics may differ despite being part of the 
same distribution network. These characteristics are determined based 
on feeder parameters, topologies, and fault conditions. Therefore, it is 
very difficult to propose a general criterion and use its corresponding 
frequency band to detect the faulty feeder. This is a main reason for 
several reasonable faulty-feeder-detection methods failing to fulfill their 
duties properly under certain conditions. 

Since the zero-sequence currents in Table 1 are obtained by simpli
fying the line model using lumped parameter, they only contain fault 

Table 1 
Zero-sequence current in different feeders.  

Fault type Feeders The free component of zero-sequence current 

LIUF Healthy feeder i0k = C0ke− δ1 t [(− A1δ1 + A2ωf1)cosωf1t+ (− A2δ1 − A1ωf1)sinωf1t]
Fault feeder i0n = − (C0

∑ − C0n)e− δ1 t [(− A1δ1 + A2ωf1)cosωf1t+ (− A2δ1 − A1ωf1)sinωf1t] = − [(C0
∑ − C0n)/C0k ] i0k 

LIOF Healthy feeder i0k = C0k(B1p1ep1 t + B2p2ep2 t)

Fault feeder i0n = − (C0
∑ − C0n)(B1p1ep1 t + B2p2ep2 t) = − [(C0

∑ − C0n)/C0k] i0k 

HIUF Healthy feeder i0k = LPC0ke− δ2 t [(A3δ2
2 − A3ω2

f2 − 2A4δ2ωf2)cosωf2t+ (A4δ2
2 − A4ω2

f2 + 2A3δ2ωf2)sinωf2t]
Fault feeder i0n = − LP(C0

∑ − C0n)e− δ2 t [(A3δ2
2 − A3ω2

f2 − 2A4δ2ωf2)cosωf2t + (A4δ2
2 − A4ω2

f2 + 2A3δ2ωf2)sinωf2t] − (A3cosωf2t + A4sinωf2t)e− δ2 t

= − [(C0
∑ − C0n)/C0k ] i0k− (A3cosωf2t + A4sinωf2t)e− δ2 t 

HIOF Healthy feeder i0k = B3eλ1 tλ2
1LPC0k + B4eλ2 tλ2

2LPC0k 

Fault feeder i0n = − (C0
∑ − C0n)(B3eλ1 tλ2

1LP + B4eλ2 tλ2
2LP) − B3eλ1 t − B4eλ2 t = − [(C0

∑ − C0n)/C0k ] i0k− B3eλ1 t − B4eλ2 t  

Table 2 
List of the notations.  

Notations Meaning 

uf0(t) Umsin(ω0t+ θ)
A Um/

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(1 − ω2

0LC0
∑)

2
+ (ω0RC0

∑)
2

√

φ θ − arctan[ω0RC0
∑/(1 − ω2

0LC0
∑)]

δ1 R/2L 
ω2

f1 1/LC0
∑ − δ2

1 

p1 
− R/2L +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(R/2L)2 − 1/LC0

∑
√

p2 
− R/2L −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(R/2L)2

− 1/LC0
∑

√

A1 − Asinφ 
A2 − (Aδ1sinφ+ Aω0cosφ)/ωf1 
B1 (Ap2sinφ − Aω0cosφ)/(p1 − p2)

B2 (Aω0cosφ − Ap1sinφ)/(p1 − p2)

B Um/
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(R − ω2

0RLPC0
∑)

2
+ (ω0LP)

2
√

η θ − arctan[ω0LP/(1 − ω2
0LPC0

∑)R]
δ2 1/2RC0

∑

ω2
f2 1/LPC0

∑ − δ2
2 

λ1 − 1/2RC0
∑ +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(1/2RC0

∑)
2
− 1/LPC0

∑
√

λ2 − 1/2RC0
∑ −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(1/2RC0

∑)
2
− 1/LPC0

∑
√

A3 − Bsinη 
A4 − (Bδ2sinη+ Bω0cosη)/ωf2 
B3 (Bλ2sinη − Bω0cosη)/(λ1 − λ2)

B4 (Bω0cosη − Bλ1sinη)/(λ1 − λ2)
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components at resonant frequency. To analyze the fault characteristics 
across the entire frequency spectrum, a typical distribution network 
with four feeders, shown in Fig. 1(a), is considered to simulate SLG faults 
under different fault conditions. It is assumed that SLG faults occur in 
feeder 1, the initial phase is 247.5◦, and the fault resistances are set to 
20 Ω, 100 Ω, 500 Ω, and 1000 Ω, respectively. The zero-sequence cur
rents are obtained under different fault scenarios. The spectrum energy 
analysis of the faulty feeder current is shown in Fig. 3, and the current 
directions of each frequency are shown in Fig. 4. In Fig. 3, the horizontal 
coordinate denotes the frequencies of the zero-sequence current, and the 
vertical coordinate denotes the energy proportion across the entire fre
quencies, where the left vertical coordinate refers to the energy pro
portion under fault conditions with resistances of 20 Ω, 100 Ω, and 
500 Ω and the right vertical coordinate refers to the energy proportion 
under fault conditions with resistance of 1000 Ω. In Fig. 4, the vertical 
coordinate denotes the direction characteristics, where ‘1’ means that 
the current directions of the faulty feeder and healthy feeders are the 

same, and ‘-1’ means they flow in the opposite directions. 
As shown in Fig. 3, frequency-spectrum energy distributions differ 

for different cases. As for the SLG fault with 20 Ω fault resistance, 
approximately 60% frequency-spectrum energy of the zero-sequence 
current of the faulty feeder is distributed in the range of 800–1000 Hz. 
When the SLG fault resistance is 100 Ω, 50% of the frequency-spectrum 
energy is distributed in the range of 300–500 Hz, where only 20% of 
energy is distributed in the range of 800–1000 Hz. When the fault 
resistance is 1000 Ω, 80% of the frequency-spectrum energy is distrib
uted in the range of 0–60 Hz, while only 0.2% of the frequency-spectrum 
energy is in the range of 800–1000 Hz, and 1% of the energy is 
distributed in the range of 300–500 Hz. 

Therefore, with an inappropriate frequency range selection this cri
terion will fail in detecting the faulty feeder. 

Similar results could be obtained in terms of the current directions in 
the faulty feeder. As shown in Fig. 4, when the relationship between the 
zero-sequence current directions is used, these directions can accurately 
detect the faulty feeder in the high-frequency band (800–1000 Hz) for 
low fault resistances. Furthermore, these directions would fail in high- 
fault-resistance instances, wherein the main frequency- spectrum en
ergy is located in the low-frequency band (0–60 Hz). It is noteworthy 
that the frequency bands specified in this study apply exclusively to the 
case discussed in this paper. 

Because the distribution of the frequency-spectrum energy and zero- 
sequence current directions are determined based on distribution- 
network parameters and fault conditions, it is very difficult to deter
mine a general criterion corresponding to a fixed frequency or frequency 
band to realize faulty-feeder detection for all SLG fault types. Therefore, 
to facilitate high-accuracy faulty-feeder detection, we select fault char
acteristics across the entire frequency spectrum under the detection 
criterion for different fault scenarios. In this paper, we propose a 
comprehensive method, which can (1) combine the criteria with entire 
frequency spectrum together instead of a specific range; and, (2) 
combine the criteria based on the spectrum energy and current direction 
in the corresponding frequency bands. Among them, the entire fre
quency spectrum in this paper refers to all information of frequency 
bands, which can be obtained by frequency spectrum analysis according 
to specific sampling frequency. For instance, the range of entire fre
quency spectrum is [0, 2000] Hz in Fig. 3 and Fig. 4. Hence, the 
comprehensive fault characteristics are used across the entire frequency 
spectrum, and the accuracy of the faulty-feeder detection is increased 
drastically. 

3. Proposed Fault-feeder-detection method 

3.1. Frequency spectrum analysis of the zero-sequence current 

When an SLG fault occurs, the zero-sequence current of each feeder 
can be sampled directly or calculated indirectly based on the phase 
current. Subsequently, the spectrum analysis is conducted using quarter 
cycle waveform by wavelet packet decomposition [18]. The frequency- 
spectrum energy in sub-bands can be expressed as follows: 

ej
i =

∑n

k=1
(cj

k)
2 (5)  

where ej
i is the frequency-spectrum energy of zero-sequence current from 

the feeder i in the j-th sub-band. cj
k is the k-th decomposition coefficient 

in the j-th sub-band, which can be calculated using general algorithm 
shown in [18]. Additionally, n denotes the number of coefficients in the 
sub-band. 

Since the frequency-spectrum energy is affected by feeder parame
ters and fault conditions, it is necessary to conduct normalization in the 
j-th sub-band as follows: 

Fig. 3. Frequency-spectrum energy analysis of the faulty feeder’s current for 
SLG faults with different fault resistances. 

Fig. 4. Direction characteristics of the faulty feeder’s current for SLG faults 
with different fault resistances. 
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nj
i =

ej
i

∑N
i=1

∑P
j=1ej

i
(6)  

where P is the number of sub-frequency bands and N is the number of 
feeders. 

After the spectrum analysis, the zero-sequence current is recon
structed for each individual frequency. Consequently, the direction- 
based criteria can be proposed in the corresponding frequency band. 
As for the direction-based criteria, the correlation coefficient can be used 
to describe the relationship between the signals in time domain. Based 
on the principle of the waveform correlation analysis, the correlation 
coefficient between the zero-sequence currents in each frequency can be 
calculated using the following equation: 

ρj
i,m =

∑
gi,j(s)gm,j(s)

[
∑

g2
i,j(s)g2

m,j(s)]
1/2 (7)  

where gi,j(s) is the wavelet packet reconstruction coefficient of the zero- 
sequence current of the feeder i in the j-th sub-band. gm,j(s) is the wavelet 
packet reconstruction coefficient of the zero-sequence current sampled 
from the feeder m in the j-th sub-band. ρj

i,m is the signal correlation co
efficient between the feeder i and feeder m in the j-th sub-band. 

The correlation coefficients between the feeder i and other feeders 
can be calculated using (7), and they can be rewritten as a column vector 
as follows: 

ρ̃j
i = [ρj

i,1,⋯, ρj
i,i− 1, ρ

j
i,i+1,⋯, ρj

i,N ]
T (8) 

We can use dj
i, shown in (9), to describe the direction relationship of 

the zero-sequence currents between the i-th feeder and other feeders. 

dj
i =

{
− 1, if u > v

1, if u⩽v (9)  

where u = count
(

ρj
i,m < 0

⃒
⃒
⃒
⃒ρ̃

j
i

)

, v = count
(

ρj
i,m⩾0

⃒
⃒
⃒
⃒ρ̃

j
i

)

, and count(.) 

describe the elements member for which specific conditions can be 
satisfied. 

As shown in (9), the direction of the zero-sequence current in j-th 
sub-band among the i-th feeder and other feeders is negative if dj

i is equal 
to − 1, otherwise the direction is positive. 

3.2. Comprehensive fault characteristic criterion 

To comprehensively describe the fault characteristics, the frequency- 
spectrum energy and direction characteristics in the corresponding 
frequency can be combined together to construct an integrated criterion 
for faulty-feeder detection. 
{

f (Sj
i)

Sj
i = nj

i × dj
i

(10)  

where f (Sj
i) describes the criterion based on the Sj

i. The detailed criterion 
f is constructed using XGBoost algorithm, which is a data-driven 
ensemble learning [19] method. 

3.3. XGBoost-based detection algorithm 

As the most applied ensemble-learning algorithm, the XGBoost [20] 
is widely used in classification, regression, feature extraction, and 
outlier detection. The XGBoost algorithm utilizes multiple base learners 
(Decision Tree is usually employed) to construct the detection scheme, 
and optimizes the loss function by fitting the negative gradient value at 
the previous iteration. Furthermore, it introduces the complexity of the 
learner model to the objective function, which helps to smooth the final 
learnt weights to avoid overfitting. The objective function is minimized 
using (11). 

L(ϕ) =
∑

i
l(ŷi, yi) +

∑

k
Ω(fk) (11)  

where l is a loss function that measures the differences between the 
prediction ŷi and the target yi, and Ω denotes the penalty function of the 
tree model complexity. 

For the objective function at the t-th iteration, it will be minimized 
using (12). 

L(t) =
∑

i
l(yi, ŷ(t− 1)

i + ft(xi)) + Ω(ft) (12)  

where xi is the features of i-th sample, ft(xi) is the function of tree model 
to be learned at the t-th iteration. 

Perform second-order Taylor expansion on the loss function, and 
equation (12) can be rewritten as (13). 

L(t) =
∑

i
[l(yi, ŷ(t− 1)

i ) + gift(xi) +
1
2

hif 2
t (xi)] + Ω(ft) (13)  

where gi and hi are the first and second order gradient statistics on the 
loss function, respectively. 

Owing to the second-order Taylor expansion and penalty function, 
the XGBoost algorithm has achieved state-of-art performance in a 
number of machine learning and data mining challenges. Moreover, it 
supports parallel processing of multi-core processors and improves their 
optimization speed. 

The comprehensive scheme with the XGBoost algorithm based on the 
fusion of the integrated fault characteristics with different frequencies 
across the entire frequency spectrum is exhibited in Fig. 5. 

As shown in Fig. 5, with the feeder i taken as an example, the spec
trum analysis of the zero-sequence current is conducted. Subsequently, 
the frequency-spectrum energy and direction characteristics of the zero- 
sequence current across the entire frequency are calculated using (6) 
and (9). Next, the Sj

i value for each feeder is obtained using (10); these 
are used as the inputs of XGBoost algorithm. The XGBoost algorithm is 
trained by a dataset, which comprises a large amount of fault data from 

Fig. 5. Flow framework of the proposed SLG faulty-feeder-detection method.  
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simulation. The detailed training process will be discussed later in this 
paper. Finally, we can achieve the faulty-feeder-detection result from 
the output of the XGBoost algorithm. The feeder whose label is ‘1’ is 
determined as faulty feeder, and the feeders with a label of ‘0’ are 
healthy feeders. Furthermore, if the labels of all feeders are ‘0’, the fault 
has occurred in the bus bar. 

A large fault dataset should be used to train the XGBoost algorithm to 
ensure the proposed method performs as expected and is ready for use in 
practical applications. To obtain sufficient simulation data, three 
training models with four feeders are established using the PSCAD 
software package to simulate SLG faults that occur in feeders and buses. 
The structure of these simulation models is shown in Fig. 1(a). Overhead 
and cable lines are considered in these simulations. 

In fact, it is usually accompanied by arc grounding events when SLG 
faults occur in distribution networks. However, there are large differ
ences between the arc simulation conducted by PSCAD simulations and 
the practical real faults. In this paper, the arc fault scenario is not 
considered in the training process of XGBoost model. Meanwhile, arc 
fault data from practical distribution networks and RTDS simulations 
are used in the test process, which will be shown in Section IV. In fact, 
the test results show the good performance of the proposed method for 
SLG faults accompanied by arc grounding events in real distribution 
systems. The parameters concerning the overhead lines are as follows: 
R1 = 0.17 Ω/km, L1 = 1.21 mH/km, C1 = 0.0097 μF/km, R0 = 0.23 Ω/ 
km, L0 = 5.48 mH/km, and C0 = 0.006 μF/km. Likewise, the parameters 
concerning cable lines include R1 = 0.098 Ω/km, L1 = 0.274 mH/km, 
C1 = 0.351 μF/km, R0 = 0.246 Ω/km, L0 = 0.955 mH/km, and 
C0 = 0.166 μF/km. Furthermore, Gaussian white noise with a signal-to- 
noise ratio (SNR) of 50 dB is considered, and the sampling frequency is 
4000 Hz, which implies that the range of entire frequency spectrum is 
[0, 2000] Hz in the following test. The db10 wavelet function is used 
since it has good orthogonal characteristics and decomposition effect for 
the non-periodic transient attenuation signals [21], and the wavelet 
packet adopts five-layer decomposition according to the sampling fre
quency. In addition, different fault locations, fault time, and fault re
sistances are also considered in the data production processes, and 3060 
sets of fault data are generated. The detailed fault scenarios are sum
marized in Table 3. 

For the training of the XGBoost algorithm, the obtained fault data are 
firstly split into training dataset and validation dataset, where 90% of 
the fault data are used for training and 10% are used for validation 
purposes. Subsequently, the XGBoost algorithm is trained using the 
packaged function ‘XGBClassifier’ of xgboost base in python, and scikit- 
learn tools are utilized for data processing, which are the available 
machine learning tools for predictive data analysis. Furthermore, grid 
search in scikit-learn tools is employed for parameters optimization. 
After parameters optimization of the XGBoost algorithm using the 
training and validation datasets, the main parameters in ‘XGBClassifier’ 
function are as follows: the learning rate is 0.11, the number of Decision 
Tree is 100, the max depth of Decision Tree is 3, and the minimum child 
weight is 1. Finally, a detection accuracy of up to 100% could be realized 
for the training dataset and validation dataset using the trained 

XGBoost-based detection scheme. 

4. Case study 

To verify the generalization of the proposed method, large amounts 
of data are generated from the simulations of different distribution 
networks with different topologies, parameters, connections, feeder 
types, and fault conditions using PSCAD software and RTDS hardware- 
in-the-loop (HIL) test system. Furthermore, some practical fault data 
in real power system are collected to test the performance of the pro
posed method. 

For SLG faulty-feeder detection in the test process, zero-sequence 
currents of feeders are collected after SLG faults. Subsequently, the 
spectrum energy and direction are extracted and combined in each 
frequency band, and the comprehensive fault characteristics across the 
entire frequency spectrum are input into the trained XGBoost-based 
detection model. Finally, the feeder with an output of ‘1’ is deter
mined as faulty feeder, and the feeder with an output of ‘0’ is healthy 
feeder. The whole flowchart of the proposed SLG faulty-feeder detection 
is shown in Fig. 6. 

It is noteworthy that the detection performance of the proposed 
method is tested under new fault scenarios that is not considered in 
training. Moreover, the trained XGBoost detection model does not need 
to be retrained when it is used in different distribution systems, and it 
can be directly applied to the faulty-feeder detection in the following 
test, which confirms its strong generalization ability. 

4.1. PSCAD simulation 

Three cases are designed in PSCAD simulations to cover different 
fault scenarios considering more complex conditions in distribution 
networks, such as larger grounding resistance, increased system noise, 
and overhead lines & cables hybrid. Furthermore, varied topologies 

Table 3 
Parameters and fault scenarios in training set.  

PSCAD Simulation Training Samples 

Parameters Model Training model 1 Training model 2 Training model 3 
Grounding mode Compensation system Compensation system Ungrounded system 
Compensation degree 8% 8% / 
Length (km)/ Feeder type 10/20/30/40 (Overhead) 10/20 (Cable) 30/40 (Overhead) 10/20/30/40 (Overhead) 

Scenarios Fault location 10%/50%/90% (Line fault)/Bus (Bus fault) 
Fault inception angle 0–360◦ per 22.5◦ (Line fault)/0–360◦ per 7.2◦ (Bus fault) 
Grounding resistances 20 Ω/100 Ω/500 Ω/1000 Ω 
Noise 50 dB 

Sample number 1020 1020 1020  

Fig. 6. Flowchart of the SLG faulty-feeder detection.  
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from system to system and various feeder parameters are completely 
different from those in the training set. 

In CASE I, an ungrounded and a compensation system with six 
overhead feeders are considered, whose topologies are different from 
the distribution networks in training dataset. The feeder parameters are 
as follows: R1 = 0.33 Ω/km, L1 = 1.31 mH/km, C1 = 0.007 μF/km, 
R0 = 1.041 Ω/km, L0 = 3.96 mH/km, and C0 = 0.004 μF/km. Gaussian 
white noise with the SNR of 30 dB is added to the zero-sequence current. 

In CASE II, an ungrounded and a compensation system with three 
feeders are considered. To verify the performance of the proposed 
method in distribution networks with extreme topologies, significantly 
different feeder lengths of 5 km, 20 km, and 80 km are considered. In 
this case, there would be a large zero-sequence current in the 80 km 
feeder when an SLG fault occurs in the 5 km or 20 km feeder, thereby 
posing great challenges to faulty-feeder detection. 

In CASE III, a compensation system composed of overhead lines, 
cable lines, and hybrid lines is considered. The feeder parameters of the 
cable line are as follows: R1 = 0.0791 Ω/km, L1 = 0.2642 mH/km, 
C1 = 0.373 μF/km, R0 = 0.2273 Ω/km, L0 = 0.9263 mH/km, and 
C0 = 0.166 μF/km. 

Five test models are built and 8036 sets of data are generated, as 
summarized in Table 4. 

Table 5 summarizes the faulty-feeder-detection results obtained 
using the proposed and four other detection methods. Among them, C1 
constructs the detection scheme using (14) [22], and C2 constructs the 
detection scheme using (15) [23]. They are widely used in practice. 

ejM
f > ejM

i , i = 1, 2,⋯,N, i ∕= f (14)  

djM
f = − djM

i , i = 1, 2,⋯,N, i ∕= f (15)  

where f is the faulty feeder, jM is the frequency band with the maximum 
frequency-spectrum energy, e denotes the spectrum energy, and d de
notes the direction characteristic. 

C3 detects the faulty feeder based on f (nj
i) using XGBoost algorithm, 

where f (nj
i) describes the criterion based on the nj

i across the entire 
frequency spectrum. C4 detects the faulty feeder based on f (dj

i) using 
XGBoost algorithm, where f (dj

i) describes the criterion based on the dj
i 

across the entire frequency spectrum. Furthermore, C denotes the pro
posed method wherein the spectrum energy and direction characteris
tics across the entire frequency spectrum are combined to detect faulty 
feeders in distribution networks. 

The accuracy of the proposed faulty-feeder-detection method is 
improved when compared with that of the other methods that work 
based on a specific single fault characteristic, as summarized in Table 5. 

In CASE I, the simulation models comprise six feeders with small 
differences in their lengths. With regard to the detection results of the 
ungrounded system in CASE I, the detection accuracies of C2 and C4 
equal approximately 98% while those of C1 and C3 remained relatively 
low. With regard to the detection results of the compensation system in 
CASE I, the detection accuracies of C3 and C4 equal approximately 95% 
while that of C2 equal 42.83%. Compared to the four existing methods, 
the proposed method demonstrates 100% faulty-feeder-detection accu
racy for both the ungrounded and compensation systems. 

In CASE II, the simulation models comprise three feeders, the lengths 
of which differ significantly, thereby posing a great challenge with re
gard to faulty-feeder detection. With regard to the simulation results 
obtained for the ungrounded system in CASE II, the C2 demonstrates a 
high detection accuracy while C3 and C4 demonstrate poor faulty- 
feeder-detection performance. With regard to the simulation results of 
the compensation system in CASE II, the detection accuracies of C1 and 
C2 are observed to reduce rapidly while C3 and C4 demonstrate a sig
nificant improvement. Compared to the four existing methods, the 
proposed method is observed to be less influenced by the feeder struc
ture, and the detection accuracy achieved equal 100% and 98.61% for 

Table 4 
Parameters and fault scenarios in test set.  

PSCAD Simulation Test Samples 

Parameters Model Test model 1 Test model 2 Test model 3 Test model 4 Test model 5 
Grounding mode Ungrounded 

system 
Compensation 
system 

Ungrounded 
system 

Compensation 
system 

Compensation system 

Compensation 
degree 

/ 6% / 10% 10% 

Feeder numbers 6 6 3 3 5 
Length (km) 5/15/25/35/45/50 5/20/80 5/15/25/35/45 
Feeder type Overhead Overhead Cable/ hybrid/ Overhead 
Cable ratio / / 100%/20%/60%/0%/0% 

Scenarios Fault location 20% (L1)/30% (L2)/40% (L3) /50% (L4)/ 
60% (L5)/70% (L6)/Bus 

20% (L1)/40% (L2)/60% (L3)/Bus 80% (L1)/60% (L2)/40% (L3) /20% (L4)/10% 
(L5)/Bus 

Initial phases 0–360◦ per 9◦

Grounding 
resistances 

10 Ω/80 Ω/350 Ω/780 Ω/1350 Ω/1700 Ω/2000 Ω 

Noise 30 dB 
Sample number 2009 2009 1148 1148 1722  

Table 5 
Detection results in PSCAD simulation.  

Method Test results on the basis of data set from PSCAD simulation 

Case I Case II Case III 

Test model 
1 

Test model 
2 

Test model 
3 

Test model 
4 

Test model 
5 

C  100.00%  100.00%  100.00%  98.61%  97.16% 
C1  85.71%  85.71%  75.00%  45.56%  56.39% 
C2  97.71%  42.83%  97.91%  48.61%  47.50% 
C3  90.49%  94.30%  65.25%  65.77%  82.35% 
C4  97.61%  95.52%  80.05%  74.65%  78.75%  

Table 6 
Detection results based on different intelligent algorithms.  

PSCAD 
Model 

XGBoost-based 
detection method 

GBDT-based 
detection method 

SVM-based 
detection method 

Test 
model 1 

100% 100% 100% 

Test 
model 2 

100% 100% 100% 

Test 
model 3 

100% 100% 100% 

Test 
model 4 

98.61% 97.30% 98.34% 

Test 
model 5 

97.16% 96.52% 95.88%  
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the ungrounded and compensation systems, respectively. 
In CASE III, the fault characteristics of the zero-sequence current are 

more complex owing to the consideration of multiple feeder types. This 
results in the observed low detection accuracies obtained using the four 
existing methods—C1, C2, C3, and C4. In contrast, in the case of the 
proposed method, the detection scheme is constructed using the 
comprehensive fault characteristic across the entire frequency spectrum, 
and finally a detection accuracy of 97.16% is yielded. 

Furthermore, since intelligent algorithms with different learning 

abilities may affect the fusion performance, gradient boosting decision 
tree (GBDT) [24] and support vector machine (SVM) [25] are selected as 
classifiers to construct the detection schemes for comparison, respec
tively. The detection accuracy based on different algorithms is summa
rized in Table 6. It can be seen that the XGBoost-based detection method 
has the optimal detection performance, which demonstrates that the 
XGBoost algorithm is suitable for combining the fault characteristics 
across the entire frequency spectrum. 

In summary, the conventional methods C1 and C2 only employ fault 
characteristics within a specific frequency band, and consequently, they 
cannot adapt to faulty-feeder detection in specific fault scenarios, such 
as high fault resistances, small initial phases, extreme topologies, and 
hybrid systems. For C3 and C4, the detection accuracy has a significant 
improvement owing to the combination of fault characteristics across 
the entire frequency spectrum. However, C3 and C4 construct the 
detection scheme only based on a single type of characteristic (spectrum 
energy or direction) over the entire frequency spectrum, and they cannot 
utilize the comprehensive fault characteristics in each frequency band. 
In contrast, owing to the comprehensive utilization of the frequency- 
spectrum-energy and direction characteristics across all frequency 
bands, the proposed method significantly improves the faulty-feeder- 
detection accuracy, as confirmed by the above-described simulation 
results. 

4.2. RTDS simulation 

The RTDS-based HIL test system is usually employed to test the 
performance of the detection schemes before they are put into practice. 
To verify the performance of the proposed method, two RTDS simulation 
models, shown in Fig. 7, are designed in the HIL test system, as shown in 
Fig. 8. 

The established network contains two grounding models, including 
neutral point ungrounded and neutral point compensated, and 15 
feeders are connected to two Buses. Furthermore, considering the 
transfer characteristics of CT, the data of zero-sequence currents are 
collected from practical fault recorder using RTDS-based HIL test sys
tem. The feeder parameters and fault scenarios used in RTDS simulation 
are summarized in Table 7. 

Since SLG faults are usually accompanied with arc grounding events, 
it is necessary to verify the detection performance in fault scenarios with 
arc faults. The Mayr arc model [26] is employed to simulate the arc 
faults, and it can be expressed as (16). 

dq(t)
dt

= earc(t)iarc(t) − ploss (16)  

where q(t) is the are energy, earc(t) is the arc voltage per unit length, 
iarc(t) is the arc current, and ploss is the energy loss per unit length. 

Equation (16) can be further expressed as: 

1
g(t)

dg(t)
dt

=
1
τ (

earc(t)iarc(t)
ploss

− 1) (17) 

Fig. 7. RTDS model of 10-kV distribution system.  

Fig. 8. RTDS-based hardware-in-the-loop simulation system.  

Table 7 
Parameters and fault scenarios in RTDS simulation.  

RTDS Simulation Test Samples 

Parameters Type Overhead line Cable line 
Phase-sequence R(Ω/km) L (mH/km) C (μF/km) R (Ω/km) L (mH/km) C (μF/km) 
Positive- sequence 0.33/0.45 1.305/1.305 0.007/0.0068 0.0791/0.098 0.264/0.274 0.373/0.351 
Zero-sequence 1.041/1.443 3.963/4.046 0.004/0.0039 0.2273/0.2462 0.926/0.955 0.166/0.166 

Scenarios Model RTDS model 1 RTDS model 2 
Grounding mode Ungrounded system Compensation system 
Faulted location L1/L5/L7/L9/Bus L1/L5/L7/L9/L10/Bus 
Fault inception angle 30◦/ 90◦/ 120◦/ 123◦/ 150◦/ 180◦/ 210◦/ 270◦/ 330◦ 30◦/ 60◦/ 90◦/ 123◦/ 150◦/ 210◦/ 243◦/ 270◦/ 330◦

Grounding resistances 1.1 Ω/5.82 Ω/10 Ω/1000 Ω 1.1 Ω/10 Ω/240 Ω/1000 Ω 
Unbalance voltage 0 V/2.68 V/5.67 V 0 V/2.68 V/5.67 V 
Arc grounding Yes/No Yes/No 

Sample number 31 38  
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where g(t) is the arc conductance, and τ is the time constant, as shown in 
(18). 

τ =
g(t)
ploss

dq(t)
dg(t)

(18) 

Considering the arc length, equation (17) can be rewritten as (19). 

1
g(t)

dg(t)
dt

=
1
τ (

uarc(t)iarc(t)
p0

− 1) (19)  

where uarc(t) = l × earc(t), p0 = l × ploss, and l is the arc length. 
The arc length l is set to 10 ~ 400 cm in RTDS simulation, and the 

detailed fault conditions are shown in Table 7. The zero-sequence cur
rent of SLG faults with and without arc grounding events are shown in 
Fig. 9. 

Compared with the zero-sequence current shown in Fig. 9 (b), the 
zero-sequence current of the faulty feeder in the case of arc grounding 
shown in Fig. 9 (a) has noticeable distortions, which would present a 
challenge to faulty-feeder detection. To investigate the spectrum dif
ferences between SLG faults with and without arc, the spectrum energy 
analysis of the faulty-feeder zero-sequence current is shown in Fig. 10 
(a), and the current direction of each frequency is shown in Fig. 10(b). 

As shown in Fig. 10, approximately 40% frequency-spectrum energy 

of the faulty feeder current is distributed in the range of 0–60 Hz when 
an SLG fault with arc grounding occurs, while only 5% frequency- 
spectrum energy is distributed in the same range in the fault scenario 
without arc grounding. Furthermore, the direction criterion would fail 
in the low-frequency band (0–60 Hz) and most of the high-frequency 
band due to the direction misjudgment. 

To test the performance of the proposed method, the typical distri
bution systems with an ungrounded system (model 1) and with a 
compensation system (model 2) are modeled. Totally 69 sets of fault 
data are collected from RTDS simulation, which contains 16 sets of arc 
grounding events, as summarized in Table 7. The detection results of the 
methods are summarized in Table 8. 

As for the simulation results obtained for RTDS model 1, C1 dem
onstrates 93.55% detection accuracy, whereas C2 demonstrates a cor
responding accuracy of only 54.84%. This could be attributed to the 
direction misjudgment of the healthy feeders caused by the electro
magnetic environment. Furthermore, methods C3 and C4 demonstrate a 
less satisfactory faulty-feeder-detection performance. With regard to the 
simulation results obtained for RTDS model 2, C1 and C3 demonstrate 
high detection accuracies, whereas C2 and C4 demonstrate very low 
detection accuracies. 

In contrast, the proposed method presents a detection accuracy of 
100% under all fault scenarios, and it is not affected by the system 
structure and feeder parameters, which confirms its strong generaliza
tion ability and considerable application prospects. 

4.3. Test by using practical fault data 

To test the detection performance of the proposed method in the 
practical distribution systems, this paper collects practical SLG fault data 
from Dongjia Village substation from 15: 8: 47 on September 29, 2020 to 
11: 35: 40 on October 27, 2020. The distribution network contains 
fourteen feeders, where eight feeders are connected to Bus I and six 
feeders are connected to Bus II. Furthermore, totally 44 sets of fault data 

Fig. 9. Zero-sequence currents when SLG faults occur in RTDS.  

Fig. 10. Spectrum analysis of the faulty feeder’s current for SLG faults in RTDS 
(a) frequency-spectrum energy; (b) direction characteristics. 

Table 8 
Detection results in RTDS simulation.  

Method C C1 C2 C3 C4 

Model 1 100%  93.55%  54.84%  67.74%  80.65% 
Model 2 100%  89.47%  42.11%  94.74%  57.89%  

Fig. 11. Zero-sequence currents when SLG faults with arc grounding occur in 
the practical distribution system. 
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are collected from practical fault recorder, where 20 sets of SLG faults 
occur in feeders connected to Bus I and 24 sets of SLG faults occur in 
feeders connected to Bus II. The practical fault data set contains 4 sets of 
fault data with obvious arc grounding events, and the current waveforms 
are shown in Fig. 11. 

As shown in Fig. 11, the zero-sequence currents have distinct process 
of arc extinguishing and arcing, which is obviously different from other 
practical fault data from the same substation. And these practical fault 
data also have different characteristics comparing to the training 
dataset. 

For the faulty-feeder detection using the proposed method, the zero- 
sequence currents of feeders are collected from fault recorder, while the 
detailed parameters of the practical distribution system are not recor
ded. However, the proposed method detects the faulty feeder only based 
on the fault characteristics of zero-sequence currents, and does not 
require the detailed parameters of the distribution system. Finally, the 
faulty feeder can be detected according to the detection flowchart, as 
shown in Fig. 6, and the test results by using practical fault data are 
shown in Table 9. 

As shown in Table 9, the proposed method based on the XGBoost 
algorithms trained with simulation data in PSCAD can be directly 
applied to the faulty-feeder detection in the practical distribution sys
tem, and it has 100% detection accuracy in these 44 sets of practical 
fault data including 4 sets of arc fault data. 

In summary, the comprehensive utilization of the frequency- 
spectrum-energy and direction characteristics across all frequency 
bands guarantees the proposed method less influenced by the arcing 
effect, which confirms its considerable application prospects in 
engineering. 

5. Conclusions 

The spectrum characteristics of the zero-sequence current vary ac
cording to the feeder parameters and fault scenarios when the SLG faults 
occur in distribution networks. This results in sub-optimal performance 
of faulty-feeder-detection methods based on fault characteristics exist
ing within specific frequency bands. This paper proposes a compre
hensive SLG faulty-feeder detection method based on the integrated 
fault characteristics of the zero-sequence current across the entire fre
quency spectrum. The integrated fault characteristics are obtained by 
combining frequency-spectrum energy and the zero-sequence current 
direction in the corresponding bands, and the faulty-feeder-detection 
method is constructed using the XGBoost algorithm as a classifier. To 
verify the generalization capability of the proposed method, various 
cases with different topologies, parameters, feeder types, and fault 
conditions are built in PSCAD and RTDS software packages, and prac
tical fault data collected from real distribution networks are employed to 
verify the performance of proposed method. The high detection accu
racy of the proposed method can be attributed to the consideration of 
comprehensive fault characteristics across the entire frequency spec
trum. In contrast, other detection methods are based on the consider
ation of single fault characteristics in the maximum-energy-frequency or 
all frequency bands. The results obtained in this study confirm that the 
proposed method considerably improves the faulty-feeder-detection 
accuracy owing to the comprehensive utilization of the frequency- 
spectrum energy and direction characteristics across the entire fre
quency spectrum. Furthermore, the proposed method demonstrates a 
strong generalization capability for use in practical applications. 

Despite its high detection accuracy and strong generalization 

capability, the proposed approach can be further improved in terms of 
its hybrid-system (overhead lines + cables) performance and self- 
learning of fault characteristics. The authors intend to consider these 
objectives in future research. 
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