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Abstract——When high-impedance faults (HIFs) occur in reso‐
nant grounded distribution networks, the current that flows is 
extremely weak, and the noise interference caused by the distri‐
bution network operation and the sampling error of the mea‐
surement devices further masks the fault characteristics. Conse‐
quently, locating a fault section with high sensitivity is difficult. 
Unlike existing technologies, this study presents a novel fault 
feature identification framework that addresses this issue. The 
framework includes three key steps: ① utilizing the variable 
mode decomposition (VMD) method to denoise the fault tran‐
sient zero-sequence current (TZSC); ② employing a manifold 
learning algorithm based on t-distributed stochastic neighbor 
embedding (t-SNE) to further reduce the redundant informa‐
tion of the TZSC after denoising and to visualize fault informa‐
tion in high-dimensional 2D space; and ③ classifying the signal 
of each measurement point based on the fuzzy clustering meth‐
od and combining the network topology structure to determine 
the fault section location. Numerical simulations and field test‐
ing confirm that the proposed method accurately detects the 
fault location, even under the influence of strong noise interfer‐
ence.

Index Terms——High-impedance fault, noise interference, fault 
section location, t-distributed stochastic neighbor embedding (t-
SNE), transient zero-sequence current.

I. INTRODUCTION

AMONG all fault types of distribution networks, the 
probability of a single phase-to-ground (SPG) accounts 

for more than 70% [1], [2]. If they cannot be cleared in 
time, SPG faults may develop into short-circuit faults, which 
may cause greater harm to the safe operation of distribution 
networks [3]. Unfortunately, due to their weak fault charac‐
teristics, particularly when high-impedance faults (HIFs) oc‐
cur, the relay protection devices cannot be activated prompt‐
ly, making it difficult to detect these faults effectively and 
accurately for a long time [4], [5].

Currently, the fault detection technologies can be roughly 
categorized into two groups: methods based on steady-state 
signals and methods based on transient signals [6].

The fault detection methods based on steady-state signals 
are mainly applicable to isolated neutral distribution systems 
[7]. Because the neutral point is ungrounded, the fault cur‐
rent of the faulty feeder is approximately equal to the sum 
of the capacitive currents of the non-faulty feeders, making 
the fault characteristics of the faulty feeder relatively promi‐
nent [8], [9]. Reference [10] calculated the fault current and 
fault resistance by detecting the changes in the steady-state 
voltage and current before and after the fault, and deter‐
mined whether to send a fault signal based on the threshold. 
Reference [11] calculated the zero-sequence admittance by 
measuring the zero-sequence voltage (ZSV) and zero-se‐
quence current (ZSC) after a fault, which was utilized to 
construct the fault location criteria. However, for resonant 
grounded systems, the steady-state current of the faulty feed‐
er no longer exhibits significant features because of the com‐
pensation effect of the arc-suppression coil on the ZSC, 
which renders all steady-state detection methods ineffective 
[12], [13].

The fault detection methods based on transient signals are 
not affected by the neutral grounding mode and contain rich 
fault information. Combined with appropriate signal analysis 
approaches, these methods have been widely favored by re‐
searchers [14], [15]. Reference [1] proposed a fundamental 
frequency component offset method to eliminate the steady-
state components in transient ZSCs (TZSCs) to obtain a tran‐
sient energy function. Then, they constructed a fault location 
criterion based on the cosine similarity. To determine the 
fault location, [16] compared the magnitudes of the peaks 
and occurrence times by measuring the local extreme values 
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of the transient current. Reference [17] proposed a fault loca‐
tion technique based on transient zero-sequence admittance, 
which utilizes changes in transient zero-sequence admittance 
measured by feeder terminal devices upstream and down‐
stream of the fault to locate the faulty segment. Reference 
[18] established an accurate zero-sequence model of distribu‐
tion networks with variable frequency parameters based on 
the distribution characteristics of the TZSC, and they identi‐
fied the fault location by monitoring the unique carrier fre‐
quency of each monitoring point along the feeder line.

A common issue encountered by these transient methods 
is that the fault location may fail because of the gradually in‐
creasing noise introduced by the measurement devices as the 
fault resistance increases, which eventually overwhelms the 
transient fault characteristic signal. Reference [19] indicated 
that sensors such as potential and current transformers can 
introduce measurement noise into the phase angle and cur‐
rent or voltage amplitude. By analyzing the sampled data of 
the distribution systems, [20] showed that measurement 
noise obeys the Gaussian distribution. Reference [21] system‐
atically analyzed the mechanism of current sensor measure‐
ment noise generation, investigated the measurement accura‐
cy level of advanced sensors in engineering, and provided a 
reliable basis for setting the measurement noise disturbance 
parameters.

To enhance the accuracy and reliability of transient meth‐
ods, researchers have realized the significance of extracting 
and analyzing weak fault signals in the presence of back‐
ground noise. Reference [2] proposed an HIF detection and 
location method based on feature selection, semi-supervised 
learning, and probability learning. In the verification phase, 
Gaussian white noise with a mean of 0 and a variance of 
10-4 was added to the sampled data to simulate the effects of 
measurement errors. The results showed that the introduction 
of noise significantly deteriorated the fault localization per‐
formance of the algorithm. Reference [22] proposed a time-
domain waveform distortion fault detection algorithm, which 
successfully extracted fault feature information under 10 dB 
noise interference by utilizing segmental linear fitting based 
on the least-squares method. However, the least-squares 
method is a linear estimator, and the actual fault propagation 
process is nonlinear. Reference [23] utilized a compressed 
sensing algorithm to estimate the fault location. This algo‐
rithm effectively detects noise signals within 1% by only re‐
quiring voltage sampling before and during faults on a small 
number of buses. This method exhibits good performance, 
but it requires a large number of voltage signals, which are 
difficult to obtain in practical distribution networks. Refer‐
ence [24] utilized the Hilbert transform to compute the ana‐
lytic signal of the TZSC, followed by the utilization of shift 
factors to remove the fundamental component. Finally, using 
a multi-objective evolutionary algorithm, they accurately ana‐
lyzed the noise-induced fault signal, which enabled reliable 
HIF detection under 5 dB of noise interference. However, 
when the noise intensity increased to -5 dB, the method ex‐
perienced false detections, indicating that the level of noise 
interference was a crucial limiting factor in determining the 
reliable detection range of fault diagnosis algorithms. Sever‐

al drawbacks of the Hilbert transform algorithm such as 
mode mixing and end effects are potential factors that lead 
to inaccuracies.

To address this problem, this study proposes a fault detec‐
tion method for HIF based on variable mode decomposition 
(VMD) and t-distributed stochastic neighbor embedding (t-
SNE) with the aim of compensating for the insufficient sam‐
pling accuracy of current sensors using signal analysis meth‐
ods. The main contributions include:

1) For constructing fault criteria, based on an analysis of 
the fault mechanism, we find that the capacitor current is not 
immediately compensated by the inductor current after an 
HIF occurs within a very short period. Therefore, a fault cri‐
terion is proposed based on the TZSC amplitude feature.

2) For signal preprocessing, the VMD method is proposed 
to decompose the noisy TZSC signals after the faults. Com‐
bined with the fault mechanism analysis, the optimal decom‐
position parameter is determined to be 3 to ensure the effec‐
tive extraction of weak fault features under strong noise in‐
terference.

3) For fault feature extraction, to further reduce redundant 
information and better preserve HIF features, a manifold 
learning algorithm based on t-SNE and a fuzzy clustering 
method are used to visualize the denoised TZSC in 2D 
space and to classify the measurement points, respectively. 
Under the strong noise interference background of -3 dB, 
the precise fault section location of 3000 Ω fault resistance 
is achieved.

II. TRANSIENT ANALYSIS OF ZSC CIRCUIT 

Figure 1 shows a typical 10 kV resonant grounded distri‐
bution network with distributed generation (DG). T1 is a 110 
kV/10 kV main transformer, T2 is a grounding transformer, 
and n feeders l1-ln radiate to supply power to load users. Be‐
cause the winding type of the transformer connected to the 
DG is △/Y and its primary side is not grounded, ZSC can 
only form a loop in the △ winding [17], [25], [26]. There‐
fore, the connection of the DG does not change the zero-se‐
quence fault network. The existing line selection and fault lo‐
cation methods that utilize transient zero-sequence signals 
can still be applicable in principle.

The distribution of ZSC in the entire network when HIF 
occurs on feeder j is shown in Fig. 2 [27], where uf =
Um sin(ω0t - θ) is the virtual power source of the fault point; 
Um is the amplitude of phase voltage; ω0 is the fundamental 
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Fig. 1.　Resonant grounding distribution network containing DG.
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frequency, and θ is the initial phase angle of the fault; Lp is 
the zero-sequence equivalent inductance of the arc suppres‐
sion coil; C0j (j = 12n) is the zero-sequence equivalent 
capacitance to ground of the feeder j; i0j is the ZSC at the 
exit of the feeder j; iC0j

 is the capacitance current of the feed‐

er j to ground; iL is the ZSC through Lp; u0 is the zero-se‐
quence voltage of the bus; and R is the equivalent resistance 
in the zero-sequence circuit, which is mainly composed of 
the feeder and fault resistances of the grounding point 
through which the grounding current flows. Under HIF con‐
ditions, R can be approximated to three times the fault resis‐
tance Rf (i.e., R ≈ 3Rf).

Because the initial stored energy of the dynamic compo‐
nent is zero, the following differential equation can be ob‐
tained from Fig. 2.
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where C0å =C0j is the zero-sequence capacitance to ground 
of the entire distribution network.

For a practical HIF, R generally satisfies:

R >
1
2
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(2)

In this case, the equivalent circuit corresponding to Fig. 2 
is in an underdamped state. Solving (1) yields:
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Without consideration of the overcompensation effect of 
the arc-suppression coil during the transient period, it can be 
assumed that:

ω0 Lp »
1

ω0C0å
(10)

Combining (8)-(10), we can obtain:

i0j
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This implies that after a sufficiently long period of oscilla‐
tion decay, the oscillation direction of the ZSC at the faulty 
feeder terminal tends to be the same as that at the non-faulty 
feeder terminal, and the ratio of their amplitudes depends on 
the zero-sequence capacitance ratio of the respective feeders. 
At this point, neither the oscillation direction nor the ampli‐
tude of the ZSC at each feeder can be used for fault discrim‐
ination.

Considering the case of t® 0+, we have:

i0j (0+ )=-(C0å -C0k )
Um Lp [2δω0 cos β - (δ2 +ω2 -ω2
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In fact, (12) can be not only obtained from (6) and (7), 
but also explained by the principle that the energy of the in‐
ductive element cannot undergo a sudden change. Because 
the electric current is a representation of the energy stored in 
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Fig. 2.　Distribution of ZSC in entire network with HIF.
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the inductive components, we have:

iL (0+ )= iL (0- )» 0 (13)

In some special cases such as when impulse excitation oc‐
curs in the circuit, (13) may not hold. However, for a practi‐
cal distribution network, there is no need to consider such 
special cases. Therefore, we can assume that (13) always 
holds.

For the fault point shown in Fig. 2, according to Kirch‐
hoff’s current law, we have:

i0j (0+ )=-iL (0+ )-∑
k ¹ j

n

iC0k
(0+ ) =-∑

k ¹ j

n

iC0k
(0+ ) (14)

Clearly, the conclusions of (12) and (14) are identical, 
both of which prove that at the transient moment of the 
HIFs, i. e., at time t(0+ ), the ZSC flowing out of the faulty 
feeder is the sum of all non-faulty feeder-to-ground capaci‐
tive currents, but with opposite directions. As the transient 
process progresses, the inductive current flowing through the 
arc-suppression coil gradually increases, slowly compensat‐
ing for the capacitive current flowing through the fault point, 
which is manifested as the ZSC at the faulty feeder exits as 
it slowly decays from its maximum amplitude. This suggests 
that this transient process can be used to construct fault crite‐
ria, and that the decay factor δ determines the duration. 
Based on the actual distribution network feeder parameters, 
this paper sets that this conclusion holds true during the peri‐
od of [0, T/2], where T = 0.02 s represents the power system 
period. The physical essence of this process is that the feed‐
er-to-ground capacitance of the entire system releases the 
stored energy, and the faulty feeder forcibly absorbs this part 
of the energy.

The aforementioned theoretical analysis and conclusions 
indicate that it is possible to directly utilize the TZSC for cri‐
terion construction, without the need to exclude the funda‐
mental current components in (6) and (7) nor to obtain volt‐
age signals from various measurement points. This method 
has obvious advantages over the existing ones [1].

III. NOISE REDUCTION METHOD BASED ON VMD 

A. Noise Reduction Method Based on VMD for Raw Signals

The VMD method demonstrates the excellent performance 
in noise reduction and processing of nonstationary signals 
[28], [29]. Its essence lies in transforming the signal decom‐
position problem into a constrained optimization problem, 
which can be divided into two parts: the construction and so‐
lution of the variational problem [30].

The VMD method constructs a variational problem as ex‐
pressed by:
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where {uk }={u1u2uK } represents the various mode com‐
ponents; {ωk }={ω1ω2ωK } represents the central frequen‐

cy of each mode component; δ(t) is the impulse function; ¶t 
is the partial derivative with respect to t; and f is the original 
signal.

Introducing the secondary penalty factor α and Lagrange 
multiplier operator λ(t), (15) is transformed into an uncon‐
strained variational problem, where the secondary penalty 
factor ensures the reconstruction accuracy of the signal in 
the presence of Gaussian noise. The extended Lagrange ex‐
pression is:
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The expression for each mode component and its central 
frequency can be obtained by utilizing the alternating direc‐
tion method of multipliers to solve the extended Lagrange 
expression.

ûn + 1
k (ω)=

f ̂ (ω)-∑
i ¹ k

ûi (ω)+
λ̂(ω)

2

1 + 2α(ω -ωk )2
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When (17) and (18) are iteratively computed until the con‐
vergence is achieved, the Fourier inverse transform can be 
applied to ûk (w), and its real part is used to obtain an analyt‐
ical solution for uk (t).

uk (t)=Re(F -1 (ûk (w))) (19)

B. Determination of Parameter K

The setting for parameter K directly affects the effect of 
VMD, and determining the optimal K value has always been 
a challenge when using the VMD method [31]. Most exist‐
ing studies choose the parameter based on experience, which 
lacks persuasiveness. In the research field of this study, it is 
necessary to further examine (6) and (7) and simplify them 
as the following form:

iC0j
(t)=A1 sin(ω0t - β)+A2e-δt cos ωt +A3e-δt sin ωt (20)

i0j (t)=A4 sin(ω0t - β)+A5e-δt cos ωt +A6e-δt sin ωt (21)

where A1-A6 are the system-related constants of the distribu‐
tion network.

According to (20) and (21), the central frequency of the 
time-domain waveform of ZSC for each feeder is significant‐
ly correlated with ω and ω0. Combined with (4), we can in‐
fer that the attenuation factor δ during HIF is generally 
small, resulting in a longer transient attenuation period and a 
smoother attenuation process. Therefore, we can assume that 
the transient transition process of the HIF corresponds to 
two central frequencies ω and ω0. In addition, when the 
high-frequency noise introduced by the current sensors dur‐
ing the sampling process is considered, an additional higher 
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central frequency can be introduced, and K = 3 can be set to 
decompose the noisy ZSC. Note that for most HIFs in practi‐
cal engineering, ω »ω0 is approximately satisfied, which 
means that the main energy of each feeder is concentrated 
near the fundamental frequency. Therefore, in practical appli‐
cations, the modal component corresponding to ω0 can be 
utilized to reconstruct the denoised fault features, that is, the 
intrinsic mode function (IMF) associated with u1 (t).

Figure 3(a) shows the original signal of typical ZSC of 
the HIF, whereas Fig. 3(b) shows the ZSC affected by noise 
interference, indicating that the characteristic pattern of the 
original signal is no longer obvious due to the influence of 
noise. The polluted signal is decomposed by VMD, and the 
decomposition result when K = 3 is shown in Fig. 4. The fig‐
ure shows that IMF1 retains the main wave pattern of the 
original signal, which is reflected in the similarity of the 
wave period and peak value to the original signal. IMF2 and 
IMF3 mainly represent high-frequency noise interference, 
which is consistent with the theoretical analysis results and 
also confirms the effective feature extraction ability of VMD 
for weak fault signals in noisy backgrounds.

IV. FAULT SECTION LOCATION METHOD BASED ON T-SNE 

A. Manifold Learning Algorithm Based on t-SNE

According to the fault mechanism analysis in Section II, 
the transient duration of HIF is related to the attenuation fac‐
tor δ, which can vary within a certain range due to the influ‐
ence of fault conditions and system parameters. Because this 

paper focuses on the TZSC within T/2 after the fault, there 
will be corresponding levels of redundant data under specific 
fault conditions. Therefore, it is crucial to eliminate the re‐
dundant features within these data and simultaneously re‐
duce the dimensionality of the high-dimensional fault dataset 
in order to extract valuable fault state information that re‐
flects the HIF. This reduces the difficulty of fault classifica‐
tion and improves the accuracy of fault identification.

t-SNE is a nonlinear manifold deep learning algorithm 
that can effectively achieve the visualization and dimension‐
ality reduction of high-dimensional data [32], [33]. The main 
steps are as follows.

For a high-dimensional dataset X =[x1x2xN ]ÎRD, the 
probability distribution pj | i is defined to represent the condi‐

tional probability that xi will choose xj as its neighbor:

pj|i =
e
-

||xi - xj||
2

2σ 2
i

∑
k ¹ i

e
-

||xi - xk||
2

2σ 2
i

(22)

where σi is the Gaussian variance centered at xi, which is ob‐
tained based on the specified perplexity.

The perplexity is related to Shannon’s information entro‐
py, and its expression is given by:

Perp(Pi )= 2
-∑

j = 1

N

pj|i log2 pj|i (23)

As pj|i ¹ pi| j holds here, a joint probability distribution satis‐
fying the symmetry property is defined as:

pij =
pj|i + pi| j

2N
(24)

To map the high-dimensional dataset X to a low-dimen‐
sional space, let Y =[y1y2yN ]ÎRS be the initial coordi‐
nate set in the low-dimensional space, where S should satis‐
fy D >> S. Here, the t-distribution is used to model the medi‐
um distances in the high-dimensional space as long distances 
in the low-dimensional space. As a result, the joint probabili‐
ty distribution of Y modeled in the low-dimensional space 
follows the Cauchy distribution and is given by:

qij =
(1 + ||yi - yj||

2 )-1

∑
k ¹ l

(1 + ||yk - yl||
2 )-1 (25)

To minimize the difference in probability distribution be‐
tween the datasets X and Y, a loss function C(y) is construct‐
ed using the Kullback-Leibler divergence as:

C(y)=KL(P||Q)=∑
i
∑

j

pij log2

pij

qij
(26)

To obtain the target dataset Y, C(y) is minimized using 
gradient descent starting from a random initialization.

¶C
¶yi

= 4∑
j

(pij - qij )(yi - yj )(1 + ||yi - yj||
2 )-1

(27)

The corresponding iterative update process is:
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+ η(r)(yr - 1
i - yr - 2

i ) (28)

-1

0

1

2

Z
S

C
 (

A
)

0.005 0.015 0.025 0.035 0.045 0.055
t (s)
(a)

-2

0

2

4

Z
S

C
 (

A
)

0.005 0.015 0.025 0.035 0.045 0.055
t (s)
(b)

Fig. 3.　Typical ZSC of HIF. (a) Original signal. (b) Polluted signal with 
noise interference.

-1

0

1

IM
F
1

0.005 0.015 0.025 0.035 0.045 0.055
t (s)

-1

0

1

IM
F
2

-1

0

1

IM
F
3

Fig. 4.　Polluted signal decomposed by VMD.

1499



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 12, NO. 5, September 2024

where ξ represents the learning rate; r is the iteration step; 
and η(t) is the iteration coefficient.

B. Determination of Fault Section Location

Thus, we can obtain N S-dimensional vectors [y1y2 
yN ] that correspond to N actual measurement points. To de‐
termine the fault section location, these N measurement 
points must be further divided into two categories: fault 
paths and non-fault paths. In this study, the FCM algorithm 
is used as a reference to construct the objective function:

ì

í

î

ï
ïï
ï
ï
ï

ï
ïï
ï
ï
ï

J(Gc1c2 )=∑
i = 1

2∑
j = 1

N

g h
ij ||ci - yj||

2

s.t.  ∑
i = 1

2

gij = 1

(29)

where gij is the element of membership matrix G; and h is 
the weighted index. The optimal solution to (29) can be ob‐
tained using the Lagrange multiplier method.

gij =
1

∑
k = 1

2 ( )||yj - ci||

||yj - ck||

2
h - 1 (30)

ci =
∑
j = 1

N

g h
ij yj

∑
j = 1

n

g h
ij

(31)

When the difference between the new and old member‐
ship matrices is less than the set threshold value, the final 
classification result {c1, c2} can be obtained, and the actual 
fault section can be determined by combining it with the 
structure of the distribution network.

C. Flow of Detection Method

To provide a clear illustration of the entire detection pro‐
cess, a flow chart of the HIF section location algorithm is 
presented in Fig. 5. This algorithm is triggered when zero-se‐
quence voltage U0 exceeds 0.15 times the phase voltage UN. 
The denoising, fault detection, and output judgment modules 
are then executed in sequence, ultimately producing the fault 
section location result .

V. SIMULATION AND FIELD TEST VERIFICATION 

A. Simulation Model

As shown in Fig. 6, this paper establishes a radial distribu‐
tion network model in PSCAD/EMTDC. The transformer ra‐
tio is 110 kV/10 kV with a rated capacity of 40000 kVA. 
The equivalent inductance of the arc-extinguishing coil is 
Lp = 0.71 H. The system is a hybrid cable-overhead feeder 
structure that includes cable feeder model YJV22-3*400, 
overhead main feeder model JKLYJ-240, and overhead 
branch feeder model JKLYJ-150 with total lengths of 6700, 
4350, and 3000 m, respectively. The wind power generation 
systems DG1 and DG2 are connected to the distribution net‐
work through 0.69 kV/10 kV step-up transformers. 

A 1 MW constant impedance load is used for all feeders. 
Thirteen groups of ZSC transformers are installed to obtain the 
ZSC at each measurement point (A-M) with a sampling fre‐
quency of 10 kHz, which is equal to 200 samples per cycle.

B. Fault Section Location Analysis

Based on the assumption that an SPG fault occurs in the 
section C-D at tf = 0.01 s with the corresponding initial fault 
angle of θ = 90° and fault resistance of Rf = 3000 Ω, the sys‐
tem is in an under-damped state. Figure 7 shows the time-do‐
main waveform of the faulty ZSCs under this fault condi‐
tion, where measurement points A, D, and L are at the termi‐
nal of the faulty feeder, the downstream of the fault point, 
and the non-faulty feeder l4, respectively. The following con‐
clusions can be drawn.

Data acquisition (0.5 cycles)

Start
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Fault detection module

Denoising module

Category 1 Category 2

Fault section location results

End

Y N
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Return
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Start-up module

Noise reduction based on VDM 

Reconstruction of the original signal using IMF1

Manifold learning algorithm based on t-SNE

Classification algorithm based on FCM

gij�0.5?

Fig. 5.　Flow chart of HIF section location algorithm.
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1) When t® tf + 0+, the value of ZSC at point A is signifi‐
cantly greater than those at points D and L, which is consis‐
tent with the mechanism analytical results derived from (12)-
(14). At this time, the ZSCs at each measurement point are 
all capacitive.

2) As the fault progresses, the inductive current flowing 
through the arc-suppression coil begins to increase slowly. 
However, due to the relatively high value of Rf, the growth 
rate is relatively slow. This leads to the conclusion that with‐
in T/2 after the fault occurs, the ZSC at point A is assumed 
to be significantly greater than those at points D and L.

3) When tf + T/2 < t < tf + 8T, the system is still in a tran‐
sient process, during which the ZSC at point A does not 
have a unchanged relationship with those at points D and L 
in terms of the wave amplitude and phase angle. This tran‐
sient process also compensates for the arc-suppression coil 
inductive current of the system capacitive current.

4) When t®+¥, i.e., t ³ tf + 8T, the system enters a steady 
state. During this period, the phases of the ZSCs at points A, 
D, and L are the same, and the relationship between the am‐
plitudes is unchanged. This is consistent with the analysis 
and conclusions of the mechanisms derived from (8) - (11). 
During this period, the measured ZSCs cannot be used to 
construct an effective location criterion.

In practical distribution networks, ZSCs are not as clear 
as those shown in Fig. 7 because the accuracy of the mea‐
surement cannot be infinitely high, and the noise interfer‐
ence inevitably exists. In this paper, Gaussian white noise is 
used to simulate measurement error interference, and the sig‐
nal-to-noise ratio (SNR) is used to evaluate noise intensity 
for assessing the immunity of the proposed algorithm against 
measurement noise.

Figure 8 shows the polluted signals with Gaussian white 
noise at an SNR of -3 dB to the original signals shown in 
Fig. 7. It can be observed that the original fault characteris‐
tics are overwhelmed by noise and are no longer significant. 
Therefore, this study proposes preprocessing these polluted 
signals using the VMD method.

Figure 9 shows the original signals, the polluted signals 
obtained through actual sampling, and the signals recon‐
structed using the VMD method (IMF1) of measurement 
points A, D, and L. It reveals that despite the strong random‐
ness exhibited by the polluted signal, after being processed 
using the VMD method, IMF1 demonstrates a high degree 
of fitting with the original signal. This suggests that IMF1 
can be directly used as the reconstructed signal and further 
validates the rationality of the proposed VMD method in 
Section III.

After the VMD denoising process is completed for all 13 
ZSCs shown in Fig. 6, the IMF1 data from the T/2 time 
range shown in Fig. 9 are extracted as input for the t-SNE 
algorithm. Figure 10(a) shows the t-SNE visualization re‐
sults after reducing these 13 high-dimensional vectors to two 
dimensions. Points A, B, and C indicate that the ZSC flows 
at the faulty feeder terminal are closely clustered. In addi‐
tion, the other measurement points that do not cover the 
fault path are also closely clustered, forming two distinct 
clusters that are significantly distinguished by the FCM algo‐
rithm, as indicated by the green dashed line in Fig. 10.

In contrast, Fig. 10(b) shows the t-SNE visualization re‐
sults without the VMD denoising step. It can be observed 
that the closeness of the two distinct clusters in this case is 
not as evident as Fig. 10(a). Moreover, the measurement 
point K is mistakenly grouped with the fault path measure‐
ment points. This highlights the necessity of using the VMD 
method to preprocess data.

Considering the actual network topology, the fault section 
location can be determined as the section C-D, as shown in 
Fig. 11.
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Table I lists the fault section location results under differ‐
ent fault conditions. 

From Table I, we can conclude the following:
1) The proposed method can achieve accurate fault sec‐

tion location for all fault conditions within a -3 dB SNR, 
with a maximum transition resistance value of 3000 Ω.

2) When the SNR is too high such as -6 dB or -10 dB, it 
results in erroneous fault section location, indicating that the 

noise interference level is a major factor affecting the accura‐
cy of the location results.

3) It should be noted that the actual sampling accuracy of 
the current sensors is limited, within a measurement error of 
approximately ±1 A [21]. This results in lower SNR values 
at higher transition resistances, leading to errors in the fault 
location, which highlights the importance of researchers pay‐
ing close attention to the immunity of algorithms to noise in‐
terference.

C. Reliability Testing

During the verification phase, it is necessary to consider 
the influence of impulsive or non-normally distributed noise 
on the reliability of the algorithm. Based on the case shown 
in Fig. 9, Fig. 12(a) presents the VMD results simultaneous‐
ly under five random impulsive noise pulses ①-⑤ and per‐
sistent Gaussian distributed noise interference. Compared 
with the case of only Gaussian noise interference, the impul‐
sive noise has a certain impact on the VMD results, as clear‐
ly shown by the dashed circle in this figure.

In addition, in practical applications, the sampling frequen‐
cy has a significant impact on the data volume for faulty sig‐
nal transmission. Therefore, we must also consider this possi‐
bility. Table II presents the algorithm testing results for dif‐
ferent sampling frequencies and noise interferences under dif‐
ferent probability distributions when an HIF at Rf = 3000 Ω 
occurs in fault section C-D. A small amount of random im‐
pulsive noises is added to the noise under different probabili‐
ty distributions, but the total SNR remains at -3 dB.

It can be observed that the proposed algorithm has a low‐
er limit requirement for the sampling frequency, whereas 
higher sampling rates do not affect the reliability of the algo‐

TABLE I
FAULT SECTION LOCATION RESULTS

Fault section

B-C

B-C

B-C

L-M

I-J

C-D

E-F

C-D

C-D

Fault condition

θ (°)

0

0

45

45

90

90

0

0

90

Rf (Ω)

500

1000

1500

2000

2500

3000

3000

2000

4000

SNR (dB)

30

20

10

5

0

-3

-10

-10

-6

Result

B-C (√)

B-C (√)

B-C (√)

L-M (√)

I-J (√)

C-D (√)

Error (×)

Error (×)

Error (×)

Note: the symbols “√” and “×” represent that the results are correct and in‐
correct, respectively.
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rithm. In terms of reducing faulty data transmission, the low‐
er the sampling frequency, the higher the engineering practi‐
cality of the algorithm. According to test results, the actual 
sampling frequency should not be lower than 3 kHz. Regard‐
ing the different probability distributions of noise, although 
they may have a certain effect on the VMD results, accurate 
results can still be obtained after a series of processes using 
the proposed t-SNE is conducted. This indicates that when 
the SNR is constant, different probability distributions of 
noise do not significantly affect the computational results of 
the algorithm.

Considering the aforementioned analysis, the proposed 
method exhibits satisfactory performance in terms of its ap‐
plicability in the sampling frequency range and its immunity 
to noise under different probability distributions.

D. Comparison with Existing Methods

A comprehensive comparison is presented in Table III 
showing the technical schemes of various HIF location meth‐
ods and their corresponding anti-noise ability test results. All 
previous studies have acknowledged the significance of anti-
noise analysis, as noise interference significantly affects the 
accuracy of fault location methods. Of all the technical 
schemes shown in the comparison, the proposed method 
demonstrates exceptional performance by being immune to 
noise interference with an intensity of as much as -3 dB.

E. Field Data Test

To evaluate the adaptability of the proposed method in 
practical applications, a manual SGP test is conducted on a 
10 kV urban distribution network in Wuxi, China. As shown 
in Fig. 13, the substation has 14 feeders, and the test is con‐
ducted on two of them (F1 and F2). The cable feeder 
lengths are indicated on the diagram according to engineer‐
ing conventions. The overhead feeder lengths are converted 
based on the number of pole-towers. The average pole-tower 
spanning in this illustration is 50 m. In the test, the system 
capacitive current is 76.25 A, the working current is 81.60 
A, and the detuning degree is -7.02%. Several leading do‐
mestic manufacturers of fault indicators participate in this 
test. F1 and F2 correspond to the two types of fault indica‐
tors under different models and measurement accuracies.

Figure 14 shows the original recorded data of ZSC and its 
corresponding IMF1 obtained by VMD for points F1 and 
F2, respectively. The fault occurs at the 1000th sampling 
point under a sampling frequency of 10 kHz and a fault re‐
sistance value of 2000 Ω, indicating a typical HIF.

Clearly, the sampling accuracy of F1 is significantly high‐
er than that of F2. Moreover, because both F1 and F2 be‐

TABLE II
FAULT SECTION LOCATION RESULTS (Rf = 3000 Ω, SNR =-3 dB)
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Fig. 14.　Original recorded signal and its corresponding IMF1 obtained by 
VMD. (a) Point F1. (b) Point F2.

TABLE III
COMPARISON OF VARIOUS HIF LOCATION METHODS

Reference

This paper

[21]

[22]

[23]

[34]

[35]

Technical scheme

VMD denoising followed by 
t-SNE manifold learning

Adaptive FDM and density-
distance based FCM

Piecewise linear fitting based 
on least square

Compressed sensing algorithm

Inner product transformation of 
extreme values

Optimized bistable system

Noise (dB)

30, 20, 10, 5, 0, and -3

32.76, 1.71, -0.21, and 
-0.32
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long to the same upstream fault point, their ZSC waveforms 
should be similar. Therefore, F1 could be regarded as the 
original fault signal and F2 could be considered as a noisy 
signal polluted by measurement errors. After the proposed 
method is applied to both signals and their respective IMF1 
values are obtained, the decomposition results are found to 
be very similar to the original fault signal of F1, thus demon‐
strating the effectiveness of the proposed method.

Table IV presents the judgment results of the participating 
institutions 1-3 and the proposed method under different 
fault test conditions. It can be observed that all participating 
institutions can achieve reliable diagnosis when Rf is not 
greater than 500 Ω. However, when Rf increases to 2000 Ω, 
only the proposed method can achieve accurate diagnosis, in‐
dicating that it has greater reliability and can be well adapt‐
ed to engineering practice.

VI. CONCLUSION 

This study proposes a novel method for identifying noisy 
HIF features. An analysis of the fault mechanism reveals 
that a significant difference exists in the TZSC amplitude be‐
tween faulty and non-faulty feeders shortly after fault occur‐
rence.

To improve the signal processing, we utilize a VMD meth‐
od to preprocess the sampled signal and a t-SNE method to 
remove redundant signals during [tf, tf + T/2]. The proposed 
method effectively localizes HIF sections under the operat‐
ing conditions of Rf = 3000 Ω and SNR =-3 dB, and we are 
able to verify its reliability through successful field tests. 
This study provides a reference for the future exploration of 
the HIF mechanism and highlights the importance of study‐
ing the effects of noise interference on algorithm reliability.
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