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Abstract

The integration of distributed generation (DG) such as photovoltaic and
wind power systems into distribution networks significantly alters power
flow patterns and operational characteristics, introducing stochasticity and
uncertainty into voltage and loss behavior. Higher-order semi-invariants
(cumulants) yield greater accuracy and computational efficiency than tra-
ditional Monte Carlo simulations; therefore, they can be employed as the
preferred and more reliable method of performing effective stochastic power
flow analysis of very complex power systems. Meanwhile, wiring errors at
the user side, such as neutral-to-earth misconnection, compromise residual
current device (RCD) protection and elevate electric shock risks. Feeder
clustering via the CFSFDP algorithm is integrated with this stochastic loss
modeling framework to identify user groups and isolate faulty users, provid-
ing a cohesive methodological approach for practical distribution network
analysis. An analysis performed on wiring error hazard mechanisms and
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the associated ground scheme’s performance against RCDs; examining the
stochastic power flow and line loss distribution models by utilizing higher-
order cumulative distributions for evaluating the voltage and loss statistical
distributions. Cumulative distribution methodologies have been shown to
have an order of magnitude less compute time than Monte Carlo simulation
and equivalent performance accuracy. The user grouping algorithm developed
in this study (CFSFDP) does not require the specification of input cluster(s)
to create a grouping. Fault localization is accomplished through an adaptive
lasso-type model. The method developed for validating the algorithms used
in this study on the IEEE 34 Bus network have shown to be very accurate and
efficient.

Keywords: Distributed generation, stochastic power flow, semi-invariants,
feeder clustering, residual current, faulty user localization.

1 Introduction

In recent years, with the large-scale deployment of distributed generation
(DG) such as photovoltaic and wind power systems, the topology and operat-
ing characteristics of power distribution networks have undergone profound
changes [1, 2]. Distributed generation, by virtue of its proximity to load
centers, low-carbon footprint, and scalability, plays an increasingly critical
role in enhancing grid resilience and supporting the global transition toward
renewable energy. However, the inherent intermittency and randomness of
DG outputs introduce significant uncertainties to the power flow and loss
characteristics of distribution networks [3]. Moreover, the massive integration
of DG into low-voltage distribution networks increases the complexity of
operation and maintenance, particularly in rural and urban communities
where user-side wiring errors and protection device misconfigurations are
not uncommon. Against this backdrop, assessing the impact of DG access
on feeder clustering, power losses, and protection reliability becomes an
essential research direction [4].

Specifically, in low-voltage distribution systems, improper user wiring –
such as the interchange of neutral and protective earth conductors – can com-
promise the effectiveness of residual current devices (RCDs) and undermine
the three-tier protective barrier designed to prevent electric shock accidents.
Safety and operational problems may occur when customers are incorrectly
wired into low-voltage distribution networks. Wiring faults create elevated
touch voltages, unintended residual current flow through the circuit, and
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incorrect operation or failure to operate [rest], respectively, RCDs. Moreover,
faults may sometimes propagate throughout the network, affecting multiple
customers, which will increase the chance of electric shock hazards and
widespread failures of protective measures (i.e., RCDs). Ultimately, the iden-
tification and mitigation of potential impacts from these types of wiring faults
is essential to maintaining the safety and reliability of current distribution
systems. Studies have shown that under TT, TN-S, and TN-C-S grounding
systems, the presence of improperly wired users can lead to excessive resid-
ual currents that repeatedly trip RCDs, elevate touch voltages on appliance
enclosures, and amplify the risk of widespread electric shock incidents across
all users sharing the same protective earth [5, 6]. This underscores the critical
need to understand the mechanisms of residual current propagation and the
role of feeder clustering in isolating faulty users to enhance safety.

The effectiveness of grounding systems (TT, TN-S and TN-CS), and
therefore the ability of residual current devices (RCDs) to operate safely,
depends on the ability of RCDs to operate safely as the grid evolves. Today’s
distribution networks with higher levels of distributed generation (DG), more
bi-directional currents, and different fault current paths can have a large
impact on how RCDs respond. These issues could potentially reduce the
sensitivity of RCD fault detection or can result in delayed tripping of RCD
protection devices. As a result, it is important to gain an understanding of the
interactions between grounding configurations and uncertainties caused by
DG to ensure continued reliable fault detection and protective performance
of the RCDs.

On the other hand, DG integration alters the power flow and voltage pro-
file of feeders by injecting active and reactive power locally. While DG can
alleviate upstream transformer loading and reduce line losses under favorable
matching conditions, it can also increase voltage fluctuation, reverse power
flow, and induce greater uncertainty in line losses due to the stochastic nature
of renewable energy outputs. Consequently, it becomes imperative to develop
computationally efficient and accurate models for stochastic power flow and
loss evaluation in large-scale distribution networks [7, 8].

Challenges arise from two main aspects. First, the modeling of stochastic
power flow requires repeated convolutions of random variables representing
the uncertain outputs of DG and loads, which are computationally intensive,
especially for large networks. Monte Carlo simulation (MCS), despite its
robustness, suffers from prohibitively high computational cost in practical
applications [9]. Second, identifying and isolating faulty users with improper
wiring in a dense low-voltage network remains technically challenging due to
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the complex correlation between residual currents and individual user loads,
compounded by measurement noise and missing data.

In the literature, various methods have been proposed to address these
challenges. Stochastic power flow methods based on cumulants, polyno-
mial chaos expansion, and point estimation techniques have been inves-
tigated as alternatives to MCS to improve computational efficiency [10].
Cumulant-based methods, in particular, leverage the additivity of cumulants
(semi-invariants) to simplify the calculation of sums of independent random
variables, thereby accelerating the evaluation of voltage and loss distribu-
tions under uncertainty. Similarly, clustering algorithms such as k-means,
hierarchical clustering, and density-based spatial clustering (DBSCAN) have
been applied to identify homogeneous feeder segments or user clusters based
on load profiles, but they often suffer from sensitivity to initial conditions
and difficulty in determining the number of clusters a priori. Furthermore,
approaches based on association rule mining, such as the Apriori algorithm,
have been used to extract correlations between abnormal currents and user
behavior, but they tend to generate excessive, non-informative rules and
require extensive post-processing [11, 12].

However, existing methods still exhibit several shortcomings. The
cumulant-based stochastic power flow models often consider only lower-
order moments, which may be insufficient to capture the tail behavior of
line losses under high-penetration DG scenarios. Clustering methods often
lack robustness in the presence of complex, irregular data distributions and
fail to adequately exploit local density variations to identify meaningful
clusters. Faulty user identification techniques frequently overlook the effects
of multicollinearity among user loads and are not robust to missing or noisy
measurements [13].

To overcome these limitations, this paper proposes an integrated Faulty
User Localization for feeder clustering and stochastic loss impact assessment
in distribution networks with DG integration. The key contributions of this
work are as follows:

We analyze the mechanisms and hazards of wiring errors in low-voltage
distribution systems under various grounding schemes (TT, TN-S, and TN-
C-S) and elucidate how faulty users compromise the effectiveness of RCD
protection layers, leading to elevated residual currents and increased electric
shock risk.

We develop a stochastic power flow and line loss computation framework
based on higher-order semi-invariants (cumulants), which improves accuracy
in capturing the probabilistic characteristics of network parameters while
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significantly reducing computational burden compared to MCS. We also
derive closed-form relationships between moments, central moments, and
cumulants to facilitate practical implementation [14, 15].

To improve the feeder clustering process, we employ the Clustering by
Fast Search and Find of Density Peaks (CFSFDP) algorithm, which effec-
tively identifies cluster centers based on local density and relative distance
without requiring a priori knowledge of the number of clusters. This enables
more reliable identification of homogeneous user groups with similar load
and residual current characteristics.

We implement an adaptive Lasso regression model for faulty user local-
ization, capable of isolating individual or multiple faulty users even under
scenarios with missing measurement data and correlated user loads. The
model’s hyperparameters are tuned via cross-validation, and its performance
is validated through synthetic experiments.

2 Risk Mechanisms of Distribution System Wiring Errors

2.1 Fault Hazard Mechanism

In the low-voltage residential power supply system, according to the differ-
ences in grounding and electrical protection methods, it is usually categorized
into three typical forms: TT system, TN-S system and TN-C-S system. Each
type of system has different ways of hierarchical configuration of RCD in
the design, and its layout structure can be referred to as shown in Figure 1.
Different grounding methods directly affect the path of fault current and the
reliability of RCD action, so when analyzing the potential hazards caused by
wiring errors, it is necessary to combine with the type of power supply system
and its protection mechanism to make specific judgments.

In low-voltage distribution systems, common grounding methods include
the three-phase four-wire system (often used in rural areas), the TN-S system,
and the TN-C-S system.

1. In the three-phase four-wire system, the neutral point of the distribution
transformer is directly grounded, and the enclosures of electrical appli-
ances are grounded independently. In practice, one or more households
may share the same protective earth (PE) conductor. This configuration
is prevalent in rural distribution networks.

2. The TN-S system uses a three-phase five-wire arrangement, where the
neutral (N) and PE conductors are separately derived from the trans-
former and remain isolated throughout. This setup effectively avoids
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Figure 1 RCD deployment structures in TT, TN-S, and TN-C-S systems.

voltage interference between N and PE lines and is commonly used in
urban power supply systems.

3. The TN-C-S system features a hybrid layout, with a three-phase four-
wire configuration at the power source side and separate N and PE
conductors derived near the user load. Since the N and PE conductors
are bonded at the power source, primary-level RCDs (Residual Current
Devices) cannot be installed; only secondary and tertiary RCDs can be
deployed for protection.

In these grounding systems, if user-side wiring errors occur, the resulting
load current will fluctuate regularly depending on appliance usage patterns.
During off-peak periods, when high-power devices are in standby or off,
the residual current in the transformer service area typically remains below
300 mA. However, during peak usage, when such devices are switched on,
the branch and total residual current may significantly exceed 300 mA. If no
tertiary RCD is installed at the affected user’s premises, the upstream RCDs
may trip frequently, disrupting the power supply to the entire area.

Table 1 summarizes the key features of three types of electrical grounding
systems, TT, TN-S & TN-C-S. These include the configuration of their neu-
tral and protective earth, their typical application, the installation of RCDs,
the path of fault current and their associated safety issues to provide a quick
reference for comparing the differences between each system.
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Table 1 Comparative analysis of TT, TN-S, and TN-C-S grounding systems
Feature TT System TN-S System TN-C-S System
Neutral & Earth
Configuration

Separate earth
electrode,
independent
grounding

Separate N and PE
throughout system

Combined PEN at
source, separated
near load

Typical Application Rural/isolated areas Urban/industrial
systems

Residential &
commercial
distribution

RCD Installation Full tier (primary,
secondary, tertiary)

Full tier possible Primary not possible,
only secondary &
tertiary

Fault Current Path Through local earth
electrode

Through dedicated
PE conductor

Through combined
PEN conductor

Safety Level High (independent
grounding)

Very high (clear
separation)

Moderate (risk if
PEN fails)

Key Risk High earth
resistance issues

Minimal interference PEN failure leads to
shock risk

To ensure electrical safety and prevent electric shock incidents, a three-
layer protection mechanism is essential: correct deployment of tiered RCDs,
reliable disconnection of fault circuits by the RCDs, and effective grounding
that limits the voltage of exposed conductive parts. In a TT system, if the
neutral and earth lines are mistakenly connected, the user’s load current (Id)
will flow through the PE conductor into the ground, forming a return path
through the transformer neutral. Prolonged high current in the PE line may
damage connectors and increase ground resistance, causing hazardous touch
voltage (U_touch) on the enclosures of all devices connected to that PE line.

Since the voltage on the equipment enclosures originates from the PE line
itself, even properly installed tertiary RCDs may fail to provide protection.
This compromises the entire electric shock prevention system. Customers
who are incorrectly wired in low-voltage distribution systems have serious
safety and operational risks. Miswiring can cause unwanted current paths
through protective earth conductors resulting in higher-than-normal touch
voltages, frequent or erroneous tripping of RCDs, and potential damage to
connectors or other equipment. The hazards of mis wired systems impact
the safety of the individual customer, and other customers who use the same
protective earth network as the mis wired customer; ultimately underscores
the need for proper installation and the deployment of tiered RCDs in order to
provide adequate protection for all users within the network. A single user’s
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Figure 2 Schematic showing how incorrect user wiring redirects current through the protec-
tive earth, increasing touch voltage and fault risk.

Figure 3 Residual current monitoring and analysis module showing how RCDs detect
leakage faults and how miswiring affects readings.

wiring error can expose all other users on the same PE network to elevated
risk, significantly increasing the likelihood and severity of electric shock
accidents. Figure 2 shows schematic showing how incorrect user wiring
redirects current through the protective earth, increasing touch voltage and
fault risk.

2.2 Fault Mechanism Analysis

Figure 3 illustrates the operational principle of a primary RCD, which relies
on differential current sensing to detect leakage faults. The core function of
an RCD is to continuously monitor the vector sum of the currents in the live
(L) and neutral (N) conductors. This sum represents the residual current Ires,
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which can be expressed mathematically as:

Ires = IL + IN (1)

Where IL is the current flowing through the live conductor, IN is
the current returning through the neutral conductor (considered negative in
direction).

Under normal operating conditions, assuming no ground leakage, the
incoming and outgoing currents are equal in magnitude but opposite in
direction:

IL + IN = 0 ⇒ Ires = 0 (2)

However, when a leakage fault occurs – such as current flowing to earth
through a human body or damaged insulation – a portion of the current Ileak
bypasses the neutral path. The new condition becomes:

IL + IN = Ileak ̸= 0 ⇒ Ires = Ileak (3)

If Ileak Ires exceeds a predefined threshold Ith (e.g., 30 mA, 100 mA, or
300 mA), the RCD will trip:

If|Ires| ≥ Ith ⇒ Trigger, trip (4)

In the case of incorrect wiring, particularly when the neutral conductor
is mistakenly bonded to the PE line at the load side, a portion of the return
current may flow through PE instead of N. As a result, the differential current
measurement is distorted. The RCD may calculate:

Ires = IL + (IN − IPE) (5)

If IPE ≈ Ileak, then:
Ires ≈ 0 (6)

This leads to false negatives, where dangerous leakage currents remain
undetected. Moreover, the long-term flow of load current through PE may
heat connectors, increase the ground resistance, and elevate touch voltages
Utouch on equipment enclosures:

Utouch = Iload ·Rg (7)

Where Rg is the effective grounding resistance. If Utouch exceeds safety
thresholds (typically 50 V in dry environments), users are at risk of electric
shock even when a tertiary RCD is present.
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Consider a three-phase low-voltage power distribution system. Let
ia, ib, ic denote the phase current flowing through the user loads connected
to phases A, B, and C respectively. Normally, the return current from these
loads flows through the neutral conductor back to the transformer. However,
if a user has incorrectly wired the neutral and protective earth conductors, the
return path shifts to the grounding system, leading to unintended current in
the PE conductors [16, 17].

Let iga, igb, igc represent the current flowing through the PE line corre-
sponding to each phase. In such a miswiring scenario, the current balance
equations for the system can be expressed as:

ia = iga (8)

ib = igb (9)

ic = igc (10)

Assuming that the neutral current in is absent due to miswiring (i.e., the
return path is fully diverted to PE), the residual current Ires detected by the
RCD in the distribution transformer area can be written as:

Ires = ia + ib + ic − (iga + igb + igc) (11)

Substituting (8)–(10) into (12), we obtain:

Ires = ia + ib + ic − (ia + ib + ic) (12)

However, this cancellation only holds if all PE return currents are mea-
sured correctly by the RCD, which is rarely the case in real-world systems.
In practical deployments, especially at the transformer area level, RCDs
typically monitor only the phase and neutral conductors, not the PE path.
As a result, the actual measurement becomes:

Ires(actual) = ia + ib + ic + in (13)

And since in ≈ 0 due to the open neutral, while PE currents bypass the
RCD, we effectively have:

Ires(actual) ≈ ia + ib + ic (14)

This leads to a significant overestimation of residual current, which may
exceed the threshold of both primary and secondary RCDs (e.g., >300 mA),
causing them to trip repeatedly or refuse to engage (lockout) due to perceived
persistent leakage.
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3 Properties of Cumulants and Their Application in
Stochastic Power Flow Calculations

Stochastic power system analysis commonly considers the uncertainty asso-
ciated with load and generation from distributed sources as a probabilistic
variable and uses Probability Theory to describe these uncertain loads and
distributed generation. The statistical moments (mean/average, variance, etc.)
of the random variables are used to provide a description of the basic shape
of the distribution of measurements on those random variables, but they
cannot adequately describe all of the potentially non-Gaussian shapes of
the distributions. Higher order statistical moments, especially cumulants,
provide a better overall representation of the uncertainty involved because
higher order cumulants allow for a more complete statistical representation
of probabilistic power flow, including line losses, resulting from a complex
distribution network.

With the widespread integration of distributed generation, the output of
power sources in distribution networks exhibits significant intermittency and
volatility. Meanwhile, the stochastic nature of loads introduces considerable
uncertainty in the system’s operational parameters. This uncertainty directly
impacts the distribution of power flows and line losses, making traditional
deterministic analysis methods inadequate to accurately represent actual
operating conditions [18].

To characterize the stochastic fluctuations of line losses in distribution
networks, stochastic power flow methods are employed to perform statistical
analysis on operational parameters and line losses. Essentially, stochastic
power flow involves the convolution of multiple random variables to obtain
the probability distribution functions of system state variables, such as nodal
voltages, branch flows, and line losses.

However, convolution operations typically require substantial computa-
tional resources and time, becoming the main bottleneck in stochastic power
flow calculations. To improve computational efficiency, this study intro-
duces the cumulant method, which leverages the advantageous properties of
cumulants to simplify the convolution of random variables [19, 20].

Let X be a random variable with moment generating function (MGF)
defined as MX(t) = E[etX ]. The cumulant generating function (CGF) is
the logarithm of the MGF:

KX(t) = lnMX(t) =

∞∑︂
n=1

κn
tn

n!
KX(t) = lnMX(t) = n = 1 (15)
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where κn denotes the n-th order cumulant. Cumulants have the following key
properties:

• Additivity: For independent random variables X and Y, the cumulant
generating function of their sum Z = X + Y satisfies

KZ(t) = KX(t) +KY (t) ⇒ κn(Z) = κn(X) + κn(Y ) (16)

This property converts the convolution of multiple random variables into
a simple summation of cumulants, greatly simplifying calculations.

• Relation to Moments: There are explicit conversion formulas between
moments and cumulants, enabling flexible usage in practical computa-
tions.
Based on these properties, the cumulants of the aggregate stochastic
variable S =

∑︁
iXi in the distribution network satisfy

κn(S) =
∑︂
i

κn(Xi) (17)

Using this, the probabilistic parameters of line losses L can be obtained
by summing the cumulants of each contributing random variable, thus avoid-
ing complex high-dimensional convolutions and significantly accelerating
computation.

In summary, the cumulant method not only enables fast computation of
stochastic power flows and extreme line losses in large-scale distribution net-
works but also provides theoretical support and practical tools for uncertainty
analysis in power systems.

3.1 Definition and Properties of Cumulants

Cumulants are numerical characteristics of random variables and serve as a
fundamental concept in probability theory and mathematical statistics. They
provide an alternative to moments for describing distributions, especially
useful for analyzing sums of independent random variables [21].

Let T be a random variable with distribution function FT (t). Sup-
pose iii is a real number and the function is integrable over (−∞,+∞).
The characteristic function φT (ω) of the real-valued random variable T is
defined as

φT (ω) = E[eiωT ] =

∫︂ +∞

−∞
eiωtdFT (t) (18)

where E[·] denotes the expectation operator, i =
√
−1, and ω is a real

variable.
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The cumulant generating function (CGF) KT (ω) is defined as the natural
logarithm of the characteristic function:

KT (ω) = lnφT (ω) (19)

Expanding KT (ω) as a power series around zero yields

KT (ω) =

∞∑︂
n=1

κn
(iω)n

n!
(20)

where κn denotes the n-th order cumulant of T.
Key properties of cumulants include:

• Additivity: For independent random variables X and Y, the cumulant of
their sum satisfies

κn(X + Y ) = κn(X) + κn(Y ) (21)

• Relation to Moments: Cumulants can be expressed in terms of
moments, and vice versa, allowing flexible statistical characterization.

• Zero for Independent Components: If certain moments vanish, the
cumulants reflect this, often simplifying the analysis.

In stochastic power flow computations, the cumulant method leverages
these properties to transform convolutions of distributions (i.e., sums of
random variables) into simple cumulant additions, accelerating computations
and enabling effective analysis of distribution network uncertainties.

3.2 Moments and Central Moments

Given the probability distribution of a random variable, one can calculate
its moments and central moments, which serve as fundamental statistical
measures describing the variable’s distribution characteristics.

For a continuous random variable Z with probability density function
(PDF) fZ(z), the n-th order raw moment mn is defined as:

mn = E[Zn] =

∫︂ +∞

−∞
znfZ(z)dz (22)

Here, E[·] denotes the expectation operator, and n is a positive integer
indicating the moment’s order.
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The central moment of order n, denoted µn, measures the moments about
the mean and is given by:

µn = E[(Z − µ)n] =

∫︂ +∞

−∞
(z − µ)nfZ(z)dz (23)

where µ = m1 = E[Z] is the mean (first moment) of Z.
Central moments are particularly useful because they provide information

about the distribution’s shape relative to its mean: The second central moment
µ2 is the variance, quantifying dispersion. The third central moment µ3

relates to skewness, indicating asymmetry. The fourth central moment µ4

relates to kurtosis, describing tail heaviness.
For discrete random variables, moments and central moments can be com-

puted similarly by replacing integrals with summations over the probability
mass function (PMF).

In this work, these moment definitions serve as the basis for further
analysis of uncertainties in distribution network flows and losses.

3.3 Calculation of Cumulants

Similar to moments, cumulants are numerical characteristics of a random
variable that capture essential distributional features. Each cumulant of a
given order can be expressed as a function of moments of the same or lower
orders.

In this section, we will use a consistent notation for each type of
moment/cumulant. The n-th order cumulant will be written as κn and the
n-th order moment as µn Let µ1, µ2 . . . µn represent the first two the second
and the n-th order moments respectively. Similarly, the first two the n-th order
cumulants are denoted by κ1 and κ2 and κn. This standardization ensures that
the symbols remain consistent across all equations which prevents confusion
while maintaining mathematical clarity. The relationships between cumulants
and moments are expressed using these standardized notations throughout
this subsection.

Let κn denote the n-th order cumulant, and mk represent the k-th
order moment. The relationship between cumulants and moments can be
established through recursive formulas or generating functions.

For instance, the first few cumulants are related to moments as follows:

κ1 = m1 (24)

κ2 = m2 −m2
1 (25)
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κ3 = m3 − 3m2m1 + 2m3
1 (26)

κ4 = m4 − 4m3m1 − 3m2
2 + 12m2m

2
1 − 6m4

1 (27)

These cumulants provide insight into key properties of the distribution:
κ1: mean, κ2: variance, κ3: skewness-related measure, κ4: kurtosis-related
measure.

The high-order cumulants expressed in (24)–(27) provide important com-
ponents in determining the statistical behavior of stochastic line losses. The
second cumulant (variance) defines the degree to which line losses disperse
around their mean value, as well as indicating the level of uncertainty within
the system. The third cumulant (skewness) defines how symmetrical or
asymmetrical the probability distribution of line losses is; i.e., whether there
is a greater likelihood of experiencing higher or lower line loss. Finally, the
fourth cumulant (kurtosis) represents how extreme the values of line losses
are, as well as how likely it is to experience large-scale losses, even if they’re
infrequently occurring events. Using these high-order cumulants to estimate
probable (i.e., “typical”) and extreme deviations in line losses will improve
the prediction accuracy and reliability of line loss models developed using
this methodology, whether operating under “normal” or “extreme” operating
conditions.

Generally, calculating cumulants up to the seventh order (κ7) suffices to
ensure an accurate representation of the random variable’s characteristics in
practical applications.

The cumulants are crucial in stochastic power flow computations since
they allow efficient convolution of random variables and reduce com-
putational complexity when analyzing distribution network losses under
uncertainty.

4 Stochastic Power Flow and Line Loss Calculation Based
on Cumulants

Stochastic power flow analysis extends the conventional deterministic linear
power flow calculations by incorporating the probabilistic characteristics
of input variables. Through convolution operations, it computes the PDF
and cumulative distribution functions (CDFs) of state variables such as
node voltages and branch currents. Compared to traditional power flow
methods, stochastic power flow better captures the dynamic and uncertain
nature of power systems, especially with increasing integration of intermittent
distributed energy resources [22, 23].
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4.1 Detailed Derivation of Cumulants for Power Output

Assume that the generator output PPP is a discrete random variable with
multiple possible output states pi, each occurring with probability pi, where
i = 1, 2, . . . , N , and satisfying:

N∑︂
i=1

pi = 1 (28)

Step 1: Calculate Raw Moments

Raw moments are expectations of powers of the random variable, defined as:

mk = E[P k] =
N∑︂
i=1

pi · (Pi)
kmk = E[Pk] = i = 1 (29)

where k = 1, 2, . . . kis the order of the moment. The meanings are:

The first-order moment m1 is the mean (expected value):

m1 =
N∑︂
i=1

piPi (30)

The second-order moment m2m_2m2 is the expected value of the square:

m2 =
N∑︂
i=1

pi(Pi)
2 (31)

Higher order moments describe more detailed statistical characteristics.

Step 2: Calculate Central Moments

Central moments measure deviations relative to the mean:

µk = E[(P −m1)
k] =

N∑︂
i=1

pi(Pi −m1)
k (32)

Central moments describe variance, skewness, kurtosis, etc.:

The second central moment µ2 is the variance:

µ2 =

N∑︂
i=1

pi(Pi −m1)
2 (33)
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The third central moment measures skewness, indicating asymmetry of the
distribution.

Step 3: Aggregation of Cumulants for Multiple Generators

Suppose there are M independent generators in the system, with cumulants
κ
(j)
k for the j-th generator, where j = 1, 2, . . . ,M .

Then, the k-th order cumulant of the total power output Ptotal =∑︁M
j=1 Pj is:

κtotalk =
M∑︂
j=1

κ
(j)
k (34)

By the above steps, the statistical characteristics of random genera-
tor outputs are precisely described by cumulants. Utilizing the additive
nature of cumulants, the impact of stochastic power injections on voltages,
power flows, and line losses in distribution networks can be efficiently
calculated.

4.2 Cumulants of Distribution Network Power Losses

In the analysis of distribution systems, power losses arise due to the difference
between the total injected power and the total output power delivered to
the loads. This net loss, which fluctuates due to the stochastic nature of
generation and demand, can be quantitatively described using cumulants
(semi-invariants) of the associated random variables [24].

Let: Pin denote the total injected power in the system; Pout denote the
total delivered (output) power to the loads; Ploss = Pin − Pout represent the
total power loss in the network.

Since both Pin and Pout are modeled as random variables with known
probability distributions (based on generation variability and load uncer-
tainty), the distribution of Ploss can be derived from their statistical charac-
teristics.

Step 1: Deriving the Cumulants of Power Loss

According to the additive and subtractive properties of cumulants:

κn(Ploss) = κn(Pin) + (−1)n · κn(Pout) (35)

Where: κn(·) represents the n-th order cumulant, The sign (−1)n

accounts for the subtraction in the random variable difference Pin − Pout.
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This formula implies:

• First-order cumulant (mean):

κ1(Ploss) = κ1(Pin)− κ1(Pout) (36)

• Second-order cumulant (variance):

κ2(Ploss) = κ2(Pin) + κ2(Pout) (37)

• Third-order cumulant (skewness-related):

κ3(Ploss) = κ3(Pin)− κ3(Pout) (38)

• and so on.

Step 2: Interpretation and Use

This cumulant formulation allows for the rapid estimation of the statistical
distribution of power losses without relying on computationally expensive
numerical convolution. Especially in large-scale distribution networks with
multiple variable energy sources and loads, this technique: Captures the
uncertainty propagation through the network, facilitates risk-based decision-
making and planning, enables fast stochastic load flow computation using
only statistical descriptors.

Once the cumulants of power losses are obtained, techniques like the
Edgeworth Expansion or Gram–Charlier Series can be applied to reconstruct
approximate PDF for the power loss.

5 Scene Reduction Based on the CFSFDP Clustering
Algorithm

In order to reduce the computational complexity in probabilistic analysis,
scene reduction is employed to retain representative scenarios from a large
dataset. The CFSFDP (Clustering by Fast Search and Find of Density Peaks)
algorithm provides an efficient and shape-agnostic method to identify cluster
centers and assign other points accordingly, making it especially suitable for
scene reduction in complex datasets.

This method is based on the assumption that cluster centers exhibit
higher local density and are relatively distant from other points with higher
density. These two criteria help distinguish cluster centers from peripheral
points.
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Step 1: Compute Local Density ρi

For each data point ii, the local density ρiis calculated as:

ρi =
∑︂
j ̸=i

χ(dij − dc) (39)

Where: dij is the Euclidean distance between points i and j, dc is the
cut-off distance (typically chosen to ensure a certain average number of
neighbours), χ is an indicator function:

χ(x) =

{︄
1, x < 0

0, x ≥ 0
(40)

This means ρi represents the number of points that lie within distance dc
from point ii, acting as a proxy for local density.

Step 2: Compute Minimum Distance to Higher-Density Points δi
For each point i, compute δi as the minimum distance to any point j with a
higher local density:

δi = min
j:ρj>ρi

dij (41)

If point ii has the highest local density (i.e., no other point has ρj > ρi),
then:

δi = max
j ̸=i

dij (42)

This step ensures that true cluster centers not only have high density but
are also isolated from other high-density areas.

Step 3: Identify Cluster Centers

A decision graph is plotted using ρi and δi as axes. Points that have both high
ρi and high δi are selected as cluster centers.

Typically, a threshold is set, or an elbow method is used to choose the
number of centers kk based on prominent peaks in the graph.

Step 4: Assign Remaining Points

Each non-center point is assigned to the same cluster as its nearest neighbor
j with higher density:

C(i) = C(j) where ρj > ρi and dij = min (43)

This guarantees that points are grouped by proximity and density
hierarchy.
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Step 5: Select Representative Scenes

Once the dataset is divided into clusters, the cluster center or a weighted
average point within each cluster can be chosen to represent the entire cluster.
This reduces the scenario space while retaining the statistical characteristics
of the original data.

This approach allows for efficient and explainable scene reduction,
crucial in probabilistic power flow analysis, renewable forecasting, or uncer-
tainty quantification in energy systems.

Let me know if you’d like visual aids (e.g., decision graph or sample
cluster plots), or if you want this written in LaTeX or translated into Chinese.

6 Case Study and Validation

6.1 Overview of the Case Example

To validate the effectiveness and accuracy of the proposed extreme line loss
assessment method based on semi-invariants, a simulation was conducted on
the widely recognized IEEE 34-node test feeder. This distribution system
serves as a standard benchmark in the field of power system analysis due
to its inclusion of realistic features such as long radial structures, unbalanced
loading, and voltage regulation components [25].

The IEEE 34-node feeder was chosen due to being well known, its
radial topology and unbalanced load conditions that allow good evaluation
of the cumulant-based stochastic line loss modeling approach. The physical
structure of the feeder and variety of load types simulated provide realistic
operational challenges for evaluating the accuracy and effectiveness of the
proposed method in performing under stochastic conditions.

The network’s topology is depicted in Figure 4, which illustrates the radial
layout of the feeder, complete with lateral branches and varying line lengths.
This test system incorporates a mix of load types, including residential,
commercial, and light industrial customers, providing a realistic foundation
for evaluating line losses under stochastic power flow conditions.

In the simulation, uncertainties from both distributed generation outputs
(e.g., PV and wind) and stochastic load variations were introduced to emulate
real-world operational volatility. The goal is to use the semi-invariant-based
stochastic power flow approach to capture the probability characteristics of
line losses, particularly under extreme or rare-event scenarios.

Key modeling steps include: Assigning probabilistic distributions to each
node’s load and DG output. Computing the statistical moments (mean,
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Figure 4 IEEE 34-node distribution network topology.

variance, skewness, etc.) of power injections. Applying the semi-invariant
convolution method to obtain the distribution and CDF of total system losses.
Comparing results against Monte Carlo simulations to verify computational
efficiency and accuracy.

The results of this case study not only highlight the feasibility of
using semi-invariant techniques for loss modeling in active distribution
networks but also demonstrate substantial computational advantages, espe-
cially when dealing with large-scale scenarios or time-constrained planning
environments.

In this case study, the IEEE 34-node radial distribution system is selected
as the research object. The system’s base voltage is set at 24.9 kV, and the
base power capacity is 1 MW. Node 1 is defined as the slack bus with a
voltage magnitude of 1 pu, while the voltage and power parameters for the
other nodes are based on data from reference.

To simulate the integration of distributed photovoltaic (PV) generation
into the distribution system, a PV system with a rated capacity of 0.8 MW is
connected to node 34. This PV system consists of 800 PV modules, each with
an area of 2 m2 and a photoelectric conversion efficiency of 13%. A reactive
power compensation device is also installed at the PV connection node to
ensure that the PV unit does not absorb reactive power from the grid during
operation, thereby improving power quality.

To reflect the variability of loads, the active power standard deviation
for each load is assumed to be 30% of its rated value. The fluctuation of
PV output is based on solar irradiance data from a typical day in July in a
specific city. This irradiance sample is fitted using a Beta distribution, with
shape parameters α = 3 and β = 1.7787. Based on the PV output model
and the irradiance distribution, the expected output power of the PV system



836 Lehui Lin and Jifang Li

Table 2 Cumulants of PV output power
Order Cumulant Value (MWn)
1st 0.652
2nd 0.0421
3rd 0.0107
4th 0.0035
5th 0.0012
6th 0.0005
7th 0.0002

Table 3 Mean and variance of system variables before and after DG integration
Mean Mean Variance Variance

Variable (Before) (After) (Before) (After)
Voltage at Node 34 (p.u.) 0.942 0.981 0.0018 0.0041
Voltage at Node 18 (p.u.) 0.956 0.970 0.0011 0.0026
Active Power Flow 32–34 (kW) 205 −35* 28.4 95.6
Active Power Flow 1–2 (kW) 812 698 42.7 76.1
Total Line Losses (kW) 49.3 35.8 2.5 3.9
*A negative value indicates reverse power flow – i.e., power is being fed
back into the upstream network.

is approximately 0.652 MW. Using the cumulant method, the first several
cumulants (semi-invariants) of PV output are calculated. These parameters
are presented in Table 2 and will serve as inputs for the subsequent derivation
of line loss cumulants.

6.2 Results Analysis

6.2.1 Impact of distributed generation integration
To evaluate the influence of distributed generation (DG) on the operational
characteristics of the distribution network, this study applies the proposed
cumulant-based stochastic power flow method to an IEEE 34-bus sys-
tem [26]. A comparative analysis is conducted for scenarios before and after
the integration of DG. The key parameters analyzed include node voltages,
active power flows, and system losses. The statistical features – namely the
mean and variance – of these variables are summarized in Table 3.

As shown in the table, the integration of DG leads to a slight increase
in the average voltage of several critical nodes, along with an observable
rise in voltage variability. Meanwhile, overall power losses in the system are
reduced, but certain lines experience significantly increased uncertainty in
power flow due to the fluctuations in DG output.
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Figure 5 Voltage distribution at node 34 with and without DG.

Figure 6 Active power distribution on line 32–34 with and without distributed generation.

Figure 5 illustrates the probability density function (PDF) of voltage at
node 34, both before and after DG integration. As evident, the voltage level
increases with DG, but the distribution becomes wider due to the intermittent
and uncertain nature of DG output, resulting in greater voltage fluctuation.

Figure 6 shows the PDF of active power flow in line 32–34. Before DG
integration, the power consistently flows from node 32 to node 34. However,
with DG connected, the output can exceed local demand, causing power to
flow in reverse – back toward upstream nodes – and resulting in bi-directional
and highly variable power flow.
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Figure 7 Probability density function of active power flow on line 32–34 pre- and post-DG
integration.

Figure 8 Distribution of total line loss power pre- and post-distributed PV integration.

Figure 7 presents the PDF of active power on line 1–2. While changes
here are less pronounced than at lines near the DG unit, upstream power
supply is reduced as DG provides part of the load. The uncertainty in DG
output also increases power fluctuations at the feeder head, albeit to a smaller
extent due to the larger base load handled by the upstream transformer.

Figure 8 shows the probability density curve of the total line loss power
before and after the integration of distributed photovoltaic (PV) systems
into the distribution network. It can be observed that after the integration
of distributed generation, the power flow in the lines changes significantly,
leading to considerable fluctuations in line loss power. Due to the inherent
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uncertainty in distributed generation output, the distribution network’s power
flow exhibits increased variability, which in turn causes a wider range of
variation in line losses.

Both distributed generation and load demand are characterized by uncer-
tainties. The changes in line loss power after integrating distributed gener-
ation depend on multiple factors, including the match between distributed
generation output and load demand, the network topology and grid param-
eters, and the locations where distributed generation is connected. In this
case study, since the distributed generation is connected near the end of the
feeder and its capacity is smaller compared to the total load of the distribution
network, the overall line loss power tends to decrease with a high probability.

To verify the accuracy of the proposed semi-invariant based model and
evaluate its computational efficiency relative to the Monte Carlo simulation
method, power flow calculations for the distribution network with integrated
distributed generation were conducted using both approaches. The Monte
Carlo simulation was performed with a sample size of 5,000 iterations
[27, 28]. All simulations using Matlab were conducted on a standard com-
puter with an Intel Core 5 processor and 8GB of memory to provide a uniform
environment in which to accurately compare cumulative method to Monte
Carlo simulation.

The results for the extreme line loss calculations obtained from both
methods are illustrated in Figure 9. Additionally, Table 4 presents a com-
parison of the extreme line loss values alongside the computation times for
each method.

From the results, the semi-invariant method achieves high accuracy with
an error margin below 2%, while significantly reducing computation time
by over 30 times compared to the Monte Carlo simulation. The comparative
study shows that the cumulant-based technique produces the same level of
accuracy as Monte Carlo simulation but achieves faster results, which makes
it an efficient method for analyzing stochastic power flow. This demonstrates
the effectiveness of the semi-invariant approach in efficiently estimating
distribution network line losses under uncertain conditions.

The performance of a cumulant-based model was contrasted with that
of the standard Monte Carlo simulation to determine the validity of its

Table 4 Comparison of extreme line loss calculation results and computation time
Method Extreme Line Loss (kW) Computation Time (Seconds)
Semi-Invariant Method 125.4 12.8
Monte Carlo Simulation 127.1 385.7
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Table 5 Comparison of computational efficiency and accuracy between cumulant-based and
Monte Carlo approaches

Method Execution Time (s) Accuracy (MAE %)
Cumulant-Based Approach 12 15
Monte Carlo Simulation 450 1.4

Figure 9 Comparison of extreme line loss calculation results.

computational efficiency. The computational costs and accuracies from the
respective methods are highlighted in Table 5. It is evident that there is
comparable accuracy levels achieved using both methods; however, regarding
computational time, the cumulant method provides substantially less than
a standard Monte Carlo simulation while still being viable choices when
performing analysis for practical stochastic line loss in distribution systems.

Table 5 presents a comparative analysis of the cumulant-based stochastic
line loss method and the conventional Monte Carlo simulation in terms
of execution time and accuracy. The cumulant-based approach achieves a
mean absolute error (MAE) of 1.5%, which is comparable to the 1.4%
MAE of the Monte Carlo simulation, indicating similar predictive accuracy.
However, the execution time for the cumulant-based method is only 12
seconds, significantly lower than the 450 seconds required by Monte Carlo.
This demonstrates that the cumulant-based approach provides reliable results
while offering substantial computational efficiency, making it well-suited for
practical stochastic power flow analysis in distribution networks.

6.2.2 Residual current correlation analysis case study
To validate the effectiveness of the proposed method, a low-voltage distri-
bution area comprising 80 users was established on the abnormal electricity
usage experimental platform. This setup simulated scenarios of user wiring
errors causing leakage faults. Residual current data for the distribution
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area, along with individual user load currents, were collected at 15-minute
intervals. The residual current and load current measurements were taken
using calibrated instruments that have an output resolution of 0.01 A and
an accuracy of 1% +/− so you can have quality data that can be used for
correlation analysis.

Considering that the Apriori algorithm, during the iterative generation
and pruning of candidate itemsets to find frequent itemsets, may produce a
large number of association rules that are either irrelevant or lack practical
significance, a refined approach was adopted. Instead of random selection of
antecedent and consequent items, one normal user and one abnormal user
were randomly chosen to form a single-itemset for mining association rules
between residual currents and users.

Users will be classified as normal based on a uniform set of criteria that
include lack of substantial variations in load current during the time obser-
vations, and normal residual current. Those users with erratic load peaks and
normal residual current will therefore be identified as having an indication of
a potential problem with either the electrical conductor’s insulation (in other
words, indication that the electrical conductor may need to be replaced), or
with an issue with moisture entering into the electrical conductor’s insulation
(indicating that the electrical conductor will likely need to be replaced in
the future). A pair (of users) will be created from the selected user meeting
both normal user’s criteria and from the selected user meeting both abnormal
user’s criteria, where any correlations resulting from our analysis would
indicate significant differences between the two types of users.

The mining results are summarized in Table 6, showing meaningful
correlations between residual current variations and specific user loads, effec-
tively distinguishing abnormal wiring conditions. The CFSFDP-based feeder
clustering method successfully creates user groups through their remaining
current attributes which let the system detect abnormal users as separate

Table 6 Residual current and user load correlation analysis results
User Pair Support Confidence
(Normal – Abnormal) (%) (%) Lift Description
User 12 – User 57 18.5 84.3 3.1 High correlation with leakage
User 33 – User 75 15.2 79.7 2.8 Consistent anomaly in residuals
User 21 – User 60 12.9 76.5 2.5 Moderate correlation with faults
User 45 – User 70 10.4 72.0 2.2 Significant residual current link
Note: Support indicates the percentage of time intervals where the rule holds; Confidence
measures the reliability of the rule; Lift shows the strength of the association relative to
random chance.
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from normal user groups. The system enables better fault detection because
it restricts search requirements and boosts the speed of finding faulty users
throughout distribution systems.

The Feeder Clustering Algorithm for Current Fault Signature Detection
Configuration (CFSFDP)-based approach is utilized for the practical imple-
mentation of the clustering of users based on their residual currents. This
algorithm not only aids in the organization of users by separating abnormal
users from normal users, thus reducing the search area for the fault location,
it also enhances low voltage Distribution System detection effectiveness and
operational reliability by creating clusters of abnormal current signatures;
thereby, enabling faster identification of the likely mis wired or defective
users. Three steps are followed in implementing the CFSFDP (Clustering by
Fast Search & Find of Density Peaks) algorithm. In the first step, a user’s
local density is calculated by counting its neighbouring points within an
established cutoff distance. The second step involves calculating each user’s
distance from higher-density users to find relative separation. Lastly, the
centers of the clusters are established based on high-density values and far
distances, then clustering all remaining users with respect to their nearest
higher-density neighbour. This process allows for accurate identification of
‘outlier’ groups of users in terms of flow characteristics

6.2.3 Case study on locating users with wiring errors and
leakage faults

To evaluate the practical applicability of the proposed method, data loss sce-
narios were simulated by randomly removing data from 500 metering points.
Fault localization was conducted under three different scenarios: single-user
fault, two users with faults on the same phase, and two users with faults on
different phases.

In this study, the load current data of 80 users on the fault day were set as
explanatory variables X1 ∼ X80, while the residual current of the distribution
area was designated as the response variable Y. An adaptive Lasso regression
model was developed to identify the faulty users (see Table 6). The use of the
adaptive Lasso regression model is a method to localize faulty users and how
its use of a regularization mechanism shrinks the less relevant coefficients
automatically to zero to resolve multicollinearity issues between correlated
loads. In addition, the regularization will select the most correlated predictors
while also providing enough robustness to handle low data sparsity. Both of
these factors will improve the reliability and interpretation of how to locate a
faulty user in a complex distribution network.
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(1) Single-user wiring error case

User 5 was randomly selected to simulate a zero-line and protective ground
miswiring fault. Data was collected continuously for 1 day at 15-minute
intervals under this fault condition.

To confirm the optimality of the adaptive Lasso regression model in
this scenario, ten-fold cross-validation was performed for different values of
the regularization parameter α. The cross-validation procedure is illustrated
in Figure 10, and the corresponding mean squared error (MSE) results are
shown in Figure 11. The minimum MSE occurred at α = 0.8, indicating that
the adaptive Lasso regression model is most suitable under these conditions.

The Table 7 indicate that the adaptive Lasso regression effectively isolates
the faulty user with minimal error at α = 0.8. This demonstrates the
model’s potential for accurate fault localization in distribution networks with
incomplete data.

Figure 10 Comparison of L1 and L2 regularization effects.

 

Figure 11 Comparison of model performance across different α values for single-user fault
scenario.
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Table 7 Single-user fault localization results
Regularization Parameter α Mean Squared Error (MSE) Selected Features (Users)

0.5 0.0147 3, 5, 12
0.8 0.0132 5 (faulty user only)
1.0 0.0155 5, 22
1.2 0.0169 5, 9, 30

Figure 12 Cross-validation results for single-user fault detection.

Subsequent analysis under multi-user fault scenarios confirms the
model’s robustness in complex fault conditions, providing reliable identifi-
cation of faulty users across different phases.

Selecting the ten-fold cross-validation results at α = 1 for detailed
analysis, as illustrated in Figure 12, the comparison of mean squared error
(MSE) values indicates that the optimal tuning parameter λ is determined
to be 0.1278. This λ value minimizes the MSE, reflecting the best balance
between model complexity and fitting accuracy for the single-user fault detec-
tion scenario. The analysis confirms the effectiveness of the adaptive Lasso
regression in accurately identifying fault-related variables while avoiding
overfitting.

Figure 13 illustrates the relationship between log(λ) and the standardized
regression coefficients of explanatory variables during a single-user wiring
fault scenario. The coefficient curve corresponding to the suspected faulty
user 2 is labeled as X2, while other unlabelled curves represent normal
users. As log(λ) increases, indicating stronger regularization, the standard-
ized regression coefficients gradually shrink towards zero. At the optimal
tuning parameter λ = 0.1027 (log(λ) = −2.276), four variables maintain
non-zero coefficients. The detailed results for these variables are presented in
Table 8.
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Figure 13 Standardized regression coefficients versus log(λ) in single-user wiring fault
detection.

Table 8 Variables with non-zero standardized regression coefficients at λ = 0.1143

Variable Standardized Regression Coefficient Remark
X2 0.752 Suspected miswiring user
X5 −0.184 Normal user
X17 0.093 Normal user
X34 −0.067 Normal user

Table 9 Goodness-of-fit test results for adaptive lasso regression model
Metric Value Description
Adjusted R2 0.9785 Indicates model fit quality (0–1)
Estimated Standard Error 0.8321 Measure of residual variability
Interpretation – Model fits well, explains most variance

Based on the anomaly suspicion coefficients of the selected variables, it is
evident that User 2 contributes the most to the abnormal residual current in the
distribution area, allowing for the preliminary identification of a miswiring
fault for User 2. This finding aligns with the preset fault scenario. To ensure
the model’s validity and reliability, a goodness-of-fit test was conducted
on the adaptive Lasso regression model under this condition, as shown in
Table 9. The coefficient of determination (R2) ranges from 0 to 1, where
values closer to 1 indicate better model fitting. The adjusted R2 is 0.9785,
and the estimated standard error is 0.8321, demonstrating a strong fit of the
model that explains the majority of the variance in the dependent variable.
These results confirm the robustness of the model for fault detection in the
given setting.
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Figure 14 Cross-validation results of different models for two same-phase user fault
scenario.

Figure 15 Comparison of different α values in two same-phase user fault scenario.

(2) Two Same-Phase Users Wiring Fault

In this scenario, two users on phase A, User 18 and User 10, were ran-
domly selected to simulate wiring faults. Measurements of their load currents
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Figure 16 Cross-validation results for two same-phase user fault scenario.

Figure 17 Adaptive lasso analysis for two same-phase user fault scenario.

were collected at 15-minute intervals continuously for one day. Analysis of
Figures 14 to 16 shows that the optimal regularization parameter λ for the
adaptive Lasso regression is 0.3124.

Figure 17 illustrates the relationship between log(λ) and the standardized
regression coefficients of each explanatory variable under the two same-
phase user fault condition. The suspicion coefficient curves for the faulty
users, X10 and X18, are labeled accordingly, while other unlabelled curves
represent normal users. When the regularization parameter is set at λ =
0.3124 (log(λ) = −1.163), four variables exhibit nonzero standardized
regression coefficients. The results are presented in Table 10, where explana-
tory variables X10, X18, X24, and X40 remain in the model. Among these,
the suspicion coefficients of X10 and X18 are significantly higher than the
others, indicating that Users 10 and 18 are the likely faulty users, consistent
with the simulation setup.
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Table 10 Selected variables and their standardized regression coefficients for two same-
phase user fault scenario

Variable Standardized Coefficient Suspicion Score
X10 0.812 0.89
X18 0.795 0.87
X24 0.132 0.15
X40 0.098 0.12

Table 11 Goodness-of-fit test results for adaptive lasso model (two same-phase user fault)
Metric Value
Adjusted R2 0.9325
Estimated Std. Error 0.7954

Figure 18 Cross-validation results of different models for two opposite-phase user faults.

The goodness-of-fit test for the adaptive Lasso model under this fault
condition is summarized in Table 11. The adjusted R2 is 0.9325, and the
estimated standard error is 0.7954, demonstrating a good model fit and
reliable explanatory power.

(3) Two Opposite-Phase User Wiring Faults

In this scenario, wiring faults were randomly introduced at users connected
to phase A (user 26) and phase B (user 33) within the distribution area.
Continuous 15-minute interval metering data were recorded over a one-day
period under these conditions.

Figures 18 through 20 illustrate that the optimal tuning parameter λ for
the adaptive Lasso regression model in this case is 0.8333.
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Figure 19 Comparison of α values for two opposite-phase user faults.

Figure 20 Cross-validation results for two opposite-phase user faults.

Figure 19 displays the relationship between log(λ) and the standard-
ized regression coefficients for each explanatory variable during the two
opposite-phase user fault condition. The suspicion coefficient curves for the
faulty users 26 and 33 are highlighted as X26 and X33 respectively, while
other unlabeled curves correspond to normal users.

The analysis confirms that the adaptive Lasso model effectively identifies
the faulted users by distinguishing their higher anomaly scores from those of
normal users. Figures 20 and 21 shows the Cross-Validation Results for Two
Opposite-Phase User Faults and Adaptive Lasso Analysis for Two Opposite-
Phase User Faults.
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Figure 21 Adaptive lasso analysis for two opposite-phase user faults.

7 Conclusion

This paper addresses the pressing challenges of power loss assessment, feeder
clustering, and faulty user localization in distribution networks with high DG
penetration. We comprehensively analyzed the mechanisms by which wiring
errors undermine RCD protection and amplify residual current hazards. By
leveraging the additive property of semi-invariants, a stochastic power flow
and loss computation method was developed that balances accuracy and
computational efficiency, making it suitable for large-scale networks. The
use of the CFSFDP clustering algorithm effectively identifies user groups
with homogeneous load and residual current characteristics, aiding in targeted
monitoring and control. The adaptive Lasso regression model proved capable
of isolating single and multiple faulty users even under incomplete and noisy
measurement scenarios, demonstrating high reliability and robustness. Case
studies on the IEEE 34-bus system validate the proposed methodology, show-
ing its potential to enhance the operational safety, reliability, and efficiency of
modern distribution networks under uncertainty. The integration of stochastic
power flow analysis with grounding system considerations establishes a new
method for distribution network reliability assessment which improves fault
detection performance during uncertain conditions. The combined approach
establishes a stronger protection system design framework which operates
better in real-world situations. The proposed methodology has practical
application in actual distribution network settings. Operators can use the
proposed methodology to estimate stochastic line losses and identify users
that are performing abnormally, thereby improving the reliability of fault
detection. The proposed method confirms that this engineering approach is
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relevant to improving the operational performance of modern distribution
systems. Future research may extend this framework to real-time monitoring
and dynamic control applications.
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