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Abstract

In low-voltage distribution networks, load switching, induction motor start-up, photovoltaic
output variations, and short-circuit faults may produce highly overlapping electrical charac-
teristics, which can lead to maloperation or failure to operate in conventional protection. To
address this problem, this paper proposes an adaptive protection method integrating physi-
cally guided and cost-sensitive learning. First, an incremental topology-constraint deviation
and a voltage-current trajectory curvature are constructed based on the fault-superimposed
network constraint and the variation characteristics of system equivalent impedance, enabling
the discrimination of short-circuit faults from non-fault transient disturbances. Then, a cost-
sensitive physically guided extreme gradient boosting (XGBoost) model is developed, in which
a fault-current-increment-based weight is introduced into the objective function to enhance
the learning capability for weak-fault samples. Furthermore, a temporal-consistency-based
protection operation logic is designed using sliding-window confirmation and majority voting to
suppress isolated abnormal predictions. Simulation and RTDS-based real-time validation results
on a 0.4-kV low-voltage distribution network with distributed photovoltaic generation show
that the proposed method improves weak-fault detection sensitivity and reduces maloperation
under complex source-load disturbances. The method relies only on local measurements and
has potential for deployment in low-voltage intelligent protection terminals.

Keywords: low-voltage distribution network; adaptive fault protection; XGBoost; physi-
cally guided weighting

1. Introduction

Low-voltage distribution networks are located at the end of power systems and
directly supply widely distributed end users. Owing to their relatively high line resistance-
to-reactance ratios, their operating states are vulnerable to random disturbances caused
by load switching and equipment start-up or shutdown [1]. Conventional overcurrent
protection usually employs the current magnitude exceeding a preset threshold as the
operating criterion. During the start-up of large-capacity motors or sudden load increases,
inrush currents may easily cause protection maloperation. In contrast, under line-end short-
circuit faults or high-impedance faults, the weak current increment may lead to protection
failure to operate [2]. With the increasing penetration of distributed generation (DG) in
low-voltage distribution networks, the magnitude, direction, and sequence characteristics
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of fault currents are altered, which weakens the applicability of conventional protection
settings [3]. Regional current protection, directional overcurrent protection, and adaptive
fault-current injection methods have been developed to improve protection selectivity
under DG integration [4-6]. However, these protection methods still rely primarily on
protection-setting coordination, directional information, or actively controlled fault-current
injection. Related studies have also employed active converter control to suppress voltage
fluctuations during distribution-network operation and to improve the fault-ride-through
capability of grid-connected converters [7,8]. Nevertheless, these studies focus mainly
on operational control and converter fault response rather than the direct discrimination
of feeder short-circuit faults from non-fault transient disturbances. Therefore, existing
methods do not fully address the substantial overlap between weak-fault characteristics
and frequent non-fault transients in low-voltage feeders.

Existing studies on the protection of distribution networks with DG mainly focus on
medium-voltage distribution networks. To address the changes in the magnitude, direction,
and distribution of fault currents after DG integration, Refs. [9-11] improve conventional
current protection by adjusting protection settings and constructing fault-component-based
criteria. However, their performance remains dependent on setting coordination and net-
work operating conditions. Refs. [12,13] establish pilot protection criteria using electrical
quantities measured at both ends of the line, thereby reducing the influence of DG on
fault-section identification. However, these methods require reliable communication chan-
nels and synchronized two-terminal measurements. For high-impedance grounding faults
with small fault-current magnitudes, Refs. [14—17] construct fault detection criteria based
on traveling waves, transient currents, volt-ampere characteristics, and harmonic energy,
respectively. These methods provide additional transient fault information, but some of
them require high sampling rates or manually tuned thresholds, and their performance
may be affected by measurement noise and network parameter variations. Although
these methods improve the protection performance of distribution networks with DG,
they still face limitations related to threshold dependence, communication requirements,
high-frequency measurements, or sensitivity to operating-condition variations. Compared
with medium-voltage distribution networks, low-voltage distribution networks have rela-
tively simplified protection configurations, more complex terminal load types, and frequent
non-fault disturbances, such as motor start-up, sudden load increase, and DG output
variations. In addition, line parameters and operating modes vary significantly among
different distribution transformer areas. Therefore, existing methods are difficult to apply
directly to reliable fault identification in low-voltage distribution networks. In contrast,
the proposed method uses only local voltage and current measurements and combines
physically interpretable features with cost-sensitive learning, thereby improving the dis-
crimination between weak short-circuit faults and non-fault transient disturbances without
relying on communication-assisted two-terminal information.

To reduce the influence of fixed thresholds on distribution network fault protection,
machine learning methods have gradually been applied to weak-fault and high-impedance-
fault detection. Ref. [18] combines wavelet denoising with random forests to achieve semi-
supervised identification of high-impedance grounding faults. Ref. [19] adopts an improved
extreme learning machine to construct a high-impedance grounding fault detection model.
Ref. [20] combines phase-space reconstruction with transfer learning to improve model
adaptability under different operating modes. Ref. [21] employs an attention mechanism
and an object detection method to identify high-impedance faults. Ref. [22] improves
fault classification performance through feature selection and a kernel extreme learning
machine. Ref. [23] enhances the identification capability of the model for newly emerging
operating conditions through incremental learning. Ref. [24] detects high-impedance
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faults in active distribution networks using time-frequency-spatial fused features and a
hybrid convolutional neural network. These methods can establish nonlinear relationships
between multidimensional electrical features and fault states. However, some of them
require numerous time-domain, frequency-domain, or time-frequency-domain features,
resulting in relatively complex model structures and parameter settings. Moreover, the
input features are mainly obtained through data analysis, and their connection with the
electrical mechanisms of faults is not sufficiently explicit.

Extreme Gradient Boosting (XGBoost) iteratively constructs multiple classification
and regression trees to progressively correct prediction errors. It has the advantages of
good classification performance, high training efficiency, and convenient deployment [25].
Ref. [26] reduces the false alarm rate of electricity theft detection by improving the XG-
Boost model. Ref. [27] employs XGBoost for measurement feature selection and combines
it with a decision tree to realize distribution network topology identification. Ref. [28]
uses XGBoost to directly learn the mapping relationship between zero-sequence current
and high-impedance grounding faults. Ref. [29] achieves fault direction discrimination
for small-current grounding faults using XGBoost and generalized feature optimization.
Existing studies mainly improve model identification performance by increasing the num-
ber of input features or by improving feature selection methods. However, conventional
XGBoost usually assigns the same weight to different samples during training and does not
sufficiently consider the unbalanced engineering costs between failure to operate under
weak faults and maloperation under non-fault disturbances. This results in insufficient
identification capability for terminal-end faults and high-impedance faults. To further clar-
ify the differences between the proposed method and recent Al-based protection methods,
representative studies are compared in terms of learning algorithm, input features, required
measurements, relative online computational complexity, communication requirements,
and reported protection performance, as summarized in Table 1.

Table 1. Comparison of representative Al-based protection methods.

Input Features and

Relative Online

Reported Performance and

Method Measurements Computational Complexity Communication Main Limitations
Ref. [18], Wavelet features; local . Effective for high-impedance
. - Medium No faults; dependent on wavelet
Random Forest electrical signals -
preprocessing
Extracted electrical Fast identification; sensitive to
Ref. [19], . .
. features; local voltage Low—-medium No feature quality and parameter
improved ELM .
and current settings
Ref. [20], Phase-space features; . . ImproYed adaptability;
transfer - . Medium-high No relatively complex
. local electrical signals .
learning preprocessing
Image or i
Refs. [21,24], time—frequency . Stl.'ong fe.ature extractlgn,
. . High No relatively high computational
deep learning features; local
burden
waveforms
Zero-sequence or Good classification
Refs. [28,29], transient-current Medium No Performancg;' limited Rhysmal
XGBoost interpretability or additional
features; local current .
feature selection
Two physically Enhanced weak-fault
Proposed interpretable features; sensitivity and reduced false
Low No . . .
method local voltage and trips using physically

current

interpretable features
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Compared with existing methods, Random-Forest-based approaches generally require
additional signal preprocessing, while transfer-learning and deep-learning methods involve
phase-space reconstruction, image transformation, or more complex model structures.
Existing XGBoost-based methods reduce model complexity but may still rely on zero-
sequence quantities or additional feature-selection procedures. In contrast, the proposed
method uses only local voltage and current measurements to construct two physically
interpretable features, requires no communication-assisted measurements, and avoids
complex signal transformations. The cost-sensitive weighting mechanism enhances weak-
fault identification, while temporal-consistency confirmation suppresses isolated false
predictions. Moreover, because the cited studies use different test systems, datasets, and
evaluation metrics, their reported protection performance cannot be directly compared
numerically. The scientific contribution of this work lies in establishing a mechanism-to-
learning protection framework that links physically derived fault characteristics, fault-
severity-dependent misclassification costs, and temporal-consistency-based protection
decisions within a unified protection process.

To address the above issues, this paper proposes an adaptive fault protection method
for low-voltage distribution networks based on physically guided weighted XGBoost. The
main contributions are as follows.

1.  Two physically interpretable features, namely the incremental topology-constraint
deviation and the voltage—current trajectory curvature, are formulated from local
voltage and current measurements to characterize the fault-superimposed network
constraint and the abrupt variation in equivalent impedance, thereby improving
the discrimination between short-circuit faults and typical non-fault transient distur-
bances.

2. A cost-sensitive XGBoost model is developed by incorporating a fault-current-
increment-based sample weighting mechanism into the training objective. This mech-
anism assigns higher loss penalties to weak-fault samples and consequently enhances
the identification sensitivity for line-end and high-resistance faults.

3. A protection decision logic based on temporal consistency is established by combining
sliding-window confirmation with majority voting. The proposed logic suppresses
isolated misclassifications and improves protection security under complex source—
load transient disturbances.

The remainder of this paper is organized as follows. Section 2 analyzes the characteris-
tic differences between short-circuit faults and typical non-fault disturbances in low-voltage
distribution networks, and constructs fault features for low-voltage distribution networks.
Section 3 establishes the physically guided weighted XGBoost fault-identification model.
Section 4 proposes the adaptive fault protection method for low-voltage distribution net-
works. Section 5 evaluates the proposed method through simulation case studies, uncer-
tainty tests, computational-performance analysis, and RTDS-based real-time validation.
Section 6 concludes the paper.

2. Fault Mechanism Analysis and Feature Construction for Low-Voltage
Distribution Networks

Low-voltage distribution networks are located at the end of power systems and
directly supply diverse terminal loads with frequent start-up and shutdown operations.
Their typical topologies are mainly radial or tree-like, as shown in Figure 1, and their
line resistance-to-reactance ratios are usually much higher than those of transmission
networks [30]. Therefore, feeder electrical quantities are highly susceptible to random
disturbances caused by load switching and equipment start-up or shutdown. Taking
the start-up of a large-capacity induction motor as an example, the slip is close to 1 at
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the initial stage because of rotor mechanical inertia, and the motor can be regarded as a
low-impedance inductive load, resulting in a sharp increase in starting inrush current [31].
Similarly, an instantaneous increase in large, concentrated loads may also cause a stepwise
rise in feeder current.

Feeder 2

—
10kV/0.4kV
S e” :.r_g__:ec 10n Lrﬁ

L 14 L \Feeder 1
Y en
gl & loa(il

Figure 1. Topology of the low-voltage distribution network.

Overcurrent protection is commonly used in low-voltage distribution networks, with
the current magnitude exceeding a preset threshold as the primary operating criterion.
The threshold setting must take the maximum load disturbance into account. However,
when a line-end short-circuit fault or a high-impedance fault occurs, the short-circuit path
is constrained by both the impedance of the long feeder and the fault transition resistance.
The current increment caused by such weak faults is often very small. It is not only much
lower than that under a metallic short-circuit fault on the main feeder, but may also be
close to the inrush current caused by non-fault disturbances such as motor start-up. As a
result, the high current caused by strong non-fault disturbances overlaps significantly with
the low fault current caused by weak faults, making it difficult for a criterion based only on
current magnitude to ensure both sensitivity and reliability. Therefore, a one-dimensional
current-magnitude feature is insufficient for complex operating conditions in distribution
networks. It is necessary to introduce voltage-current physical constraints and transient
trajectory features that reflect the intrinsic fault mechanism, so as to reliably decouple
different operating conditions. The two features constructed in this paper correspond to
two dominant confusion mechanisms under typical operating conditions. The incremental
topology-constraint deviation determines whether the measured voltage and current in-
crements satisfy the constraint of the fault-superimposed network and is mainly used to
distinguish short-circuit faults from load changes and PV output variations. The voltage-
current trajectory curvature characterizes the abrupt variation in equivalent impedance
at fault inception and is mainly used to distinguish short-circuit faults from induction
motor start-up, during which the equivalent impedance changes continuously because
of rotor inertia. Therefore, short-circuit faults generally exhibit a relatively small incre-
mental topology-constraint deviation and a relatively large trajectory curvature, whereas
typical non-fault disturbances do not simultaneously exhibit these two characteristics. The
two features are therefore complementary and enable effective discrimination between
short-circuit faults and typical non-fault transient disturbances.

2.1. Incremental Topology-Constraint Deviation

When no DG is connected to the low-voltage distribution network, the equivalent
network after a three-phase short-circuit fault can be decomposed, according to the super-
position theorem, into the pre-fault normal-operating component network and the fault
superimposed component network [10]. Since this study focuses on balanced three-phase
short-circuit faults, the three-phase voltage and current quantities are symmetrical, with
no negative- or zero-sequence components. Therefore, a single-phase positive-sequence
equivalent network is adopted to simplify the theoretical derivation without affecting the
voltage—current incremental relationship at the feeder measurement point. This represen-
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al,

tation is limited to the derivation under balanced three-phase faults and is not intended
to replace a detailed three-phase model for unbalanced operation or asymmetric faults.
Figure 2 shows the fault equivalent circuit without DG integration, where Us denotes the
equivalent source of the upstream system; Z; denotes the system equivalent impedance at
the source side of the outgoing feeder; Z),,4 denotes the equivalent load-side impedance
at the end of the feeder; R; and L; denote the line parameters; « denotes the ratio of the
distance from the transformer outlet to the fault point to the total line length; Z¢ denotes
the fault transition impedance.

aR, U, (I-a)L, (1-a)R, Z. ol oR, (-a)L, (1- )R,

U Zlaad

(a) (b)
Measuring
Point

s

IS

(c)

Figure 2. Fault equivalent circuit of a low-voltage distribution network without DG. (a) Fault
equivalent circuit. (b) Normal-state equivalent circuit. (¢) Fault-component equivalent circuit.

Based on Kirchhoff’s voltage law, the voltage-current relationship at the outgoing
feeder can be expressed as follows:

Uy = Us — I,y Zs (1)

where I, is the outgoing feeder current phasor; U,, is the outgoing feeder voltage phasor;
U is the equivalent voltage phasor of the upstream system.

In the fault-component network, the system source potential is set to zero, and the
network is simplified into a passive network containing only impedances. When a short-
circuit fault occurs, the voltage increment and current increment at the outgoing feeder
satisfy the following relationship:

AUm = —AlImZs )

where AU, and Al,, are the outgoing feeder voltage-increment phasor and current-
increment phasor, respectively.

When a short-circuit fault occurs in the network, the ratio of the voltage increment
to the current increment is equal to the negative system equivalent impedance. When
a sudden load change occurs, although the current increment is significant, the voltage
increment caused by load switching is relatively small; therefore, the ratio of the voltage
increment to the current increment is close to zero. Based on the above fault-component
relationship, the incremental topology-constraint deviation is formulated in this paper as
follows: )

AL.Im + Zs
Al

Az = 3)

where A7 is the incremental topology-constraint deviation.
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Under a short-circuit fault, the incremental topology-constraint deviation is close
to zero. In contrast, under a sudden load change, the incremental topology-constraint
deviation is approximately equal to the system impedance and deviates significantly from
zero. Therefore, this feature can be effectively used to distinguish short-circuit faults from
sudden load changes.

When DG is connected to the line, the fault current is jointly supplied by the upstream
grid and DG. The outgoing feeder current is affected by the DG’s connection location and
its control strategy, and the DG can be equivalent to a voltage-controlled current source [4].
According to the superposition theorem, the network is decomposed into the normal-
operating component network and the fault-superimposed component network, as shown
in Figure 3. Figure 3a shows the fault equivalent circuit of the low-voltage distribution
network with DG, where B, is the ratio of the distance from the transformer outlet to the
DG2 grid-connection point to the distance from the transformer outlet to the fault point,
and S, is the ratio of the distance from the fault point to the DG1 grid-connection point
to the distance from the fault point to the line end. In the fault-superimposed network
shown in Figure 3¢, the equivalent potential of the upstream system is set to zero, and
only the system equivalent impedance Z; is retained on the left side of the outgoing
feeder. The current increment flowing through the system equivalent impedance is equal
to the outgoing feeder current increment. Therefore, the ratio of the voltage increment
to the current increment remains equal to the negative system equivalent impedance.
After a sudden load increase, the DG output current is rapidly regulated by its control
system; however, no short-circuit fault branch is formed in the system, and the voltage
and current increments at the measurement point do not satisfy the constraints of the
fault-superimposed network. Therefore, the incremental topology-constraint deviation
under load disturbances is significantly larger than that under short-circuit faults, which

can be used to distinguish short-circuit faults from load disturbances.

() (b)

Figure 3. Fault equivalent circuit of a low-voltage distribution network with DG. (a) Fault equivalent
circuit. (b) Normal-state equivalent circuit. (¢) Fault-component equivalent circuit.

2.2. Voltage-Current Trajectory Curvature

After a three-phase short-circuit fault occurs, the line equivalent impedance changes
abruptly, and the rates of change in the outgoing feeder voltage and current also undergo
abrupt variations at the initial stage of the fault. As a result, the trajectory in the voltage-
current phase plane exhibits an obvious corner. However, owing to rotational inertia, both
the mechanical angular speed and slip vary continuously during motor start-up, and the
equivalent impedance changes continuously with the slip [31]. In the voltage-current phase
plane, the trajectory formed by the outgoing feeder voltage and current therefore appears
as a smooth and continuous curve. Accordingly, the voltage—current trajectory curvature is
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introduced in this paper to distinguish short-circuit faults from induction motor start-up.
For a discrete sampling sequence, the trajectory curvature at the k-th sampling point can be
expressed as follows:

) — 1100w 0) w1 () W

[i2(Kk) + () + ¢

where « (k) is the trajectory curvature at the k-th sampling point; ¢ is a positive constant
used to avoid computational errors caused by a zero denominator and to suppress noise
interference; i’ (k) and 1’ (k) are the first-order discrete differences in current and voltage,
respectively; i’ (k) and u” (k) are the second-order discrete differences in current and
voltage, respectively, which are expressed as follows:

i'(k) =i(k) —i(k—1)
{ u' (k) =u(k) —u(k—1) ©)
i" (k) = i(k) — 2i(k — 1) +i(k — 2) ©
u" (k) = u(k) —2u(k —1) + u(k — 2)

Constrained by rotor rotational inertia, the mechanical angular speed and slip cannot
change stepwise during motor start-up, and the equivalent impedance varies continuously
throughout the start-up process. Therefore, the first- and second-order differences in the
outgoing feeder voltage and current change relatively smoothly, resulting in a smooth
voltage-current trajectory. The trajectory curvature calculated from Equations (4)—(6) varies
slowly during motor start-up, generally remains at a low level, and does not produce an
obvious abrupt peak. At the instant of a short-circuit fault, the fault branch is connected
instantaneously, causing a step change in the system equivalent impedance and an abrupt
variation in the rates of change in voltage and current at the fault inception point. i’ and u’
become discontinuous, while i” and u” exhibit large impulses. The trajectory curvature
jumps at the fault instant and forms a local peak. Under the same sampling frequency, data-
window length, and calculation method, the trajectory curvatures under motor start-up
and short-circuit faults are shown in Figure 4.

0.1

e
W

Curvature value
¢ o o
= I
Curvature value
(98}

(=1
(=1
B

o
o

| i | L8R R
0 0.1 0.2 03 0.05 0.1 0.15 0.2 0.25
time/s time/s

(a) (b)

Figure 4. Trajectory curvature under motor start-up and short-circuit faults. (a) Motor start-up.
(b) Short-circuit fault.

After a short-circuit fault occurs, the curvature increases rapidly and forms an obvious
peak. During motor start-up, the curvature varies more smoothly, and its peak value
is significantly lower. Therefore, the trajectory curvature can characterize the difference
between short-circuit faults and motor start-up.
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3. Physically Guided Cost-Sensitive XGBoost Identification Model

XGBoost can establish a nonlinear mapping between input features and fault states by
iteratively integrating multiple classification and regression trees, and improves classifi-
cation performance by fitting the prediction residuals from the previous iteration in each
subsequent round. During model training, the incremental topology-constraint deviation
and trajectory curvature are used as input features. Meanwhile, physically guided weights
are assigned according to the current increment of fault samples, enabling the model to
pay more attention to weak-fault samples during training. In the online identification
stage, the model only needs to perform feature-threshold comparisons and accumulate the
leaf-node weights to output the predicted probability that the current state corresponds
to a short-circuit fault. The calculation process is relatively simple and has potential for
deployment in low-voltage circuit breakers or edge protection terminals. The physically
guided weighted XGBoost fault identification model established in this paper is shown in
Figure 5.

Incremental topology-constraint deviation;

Trajectory curvature.

CART, CART, CARTy

Pl R R
ks
fl (X) Residual f2 (X‘) ReS.l(%L}al Residual fm (X,)

Figure 5. Fault identification model for low-voltage distribution networks.

The input feature vector of the physically guided weighted XGBoost fault identification
model for low-voltage distribution networks consists of the incremental topology-constraint
deviation and the trajectory curvature. Since these two features have different dimensions
and numerical ranges, the min-max method is adopted to normalize the input features,
so as to unify the feature scale and facilitate model input, feature comparison, and result

presentation:
Xij = Xmin,j

Xij = @)

xmax,j - xmin,j
where x;; and X;; are the values of the j-th input feature of the i-th sample before and after
normalization, respectively; Xpmin,j and Xpmax,j are the minimum and maximum values of the
j-th input feature, respectively; j = 1 denotes the incremental topology-constraint deviation,
and j = 2 denotes the trajectory curvature.

XGBoost estimates the fault probability by integrating M classification and regression
trees. During the iterative process, each base learner fits the negative gradient direction
of the current objective function, and the prediction score of a sample is obtained by
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accumulating the leaf-node weights. The input-output relationship can be expressed as
follows:

M
¥i =U<Z fm(Xi)> 8)
m=1

where §; is the predicted probability that the i-th sample belongs to a short-circuit fault; X;
is the input feature vector of the i-th sample; f,,(X;) is the prediction score of the m-th tree
for sample X;; o is the Sigmoid function, which maps the prediction score to a probability
in [0,1].

Based on Equation (8), the closer §; is to 1, the higher the probability that the sample
is identified as a short-circuit fault; the closer ; is to 0, the higher the probability that the
sample is identified as a non-fault disturbance. The accuracy of the predicted probability
and the identification capability for boundary samples highly depend on the construction
of the objective function during model training.

When calculating the loss function, conventional data-driven classification algorithms
usually assume equal misclassification costs for different types of samples. However, in low-
voltage distribution networks, there is a significant imbalance in engineering costs between
missed detection of weak faults, namely protection failure to operate, and misclassification
of non-fault disturbances, namely protection maloperation. Samples such as terminal-end
weak faults have extremely small current increments and exhibit a high degree of feature
overlap with normal load disturbance samples. Without differentiated treatment during
model training, these high-cost weak-fault samples can be easily overwhelmed by a large
amount of normal operating data, resulting in protection failure to operate. Therefore, a
cost-sensitive learning mechanism is introduced in this paper. A physically guided weight
based on the fault mechanism is incorporated into the training objective of XGBoost, and a
cost-sensitive objective function composed of a weighted logistic loss and a tree-structure
regularization term is reconstructed as follows:

N M
[(¢) =) wi-LogLoss(y;, 9i) + Y Q(fm) )
i=1 m=1

where Q(fy,) and LogLoss(y;, ;) are expressed as follows:

Of) = 1T + S| @
N 7 7 (10)
LogLoss (i, 9;) = yiIn(1+4e%) + (1 —y;) In(1 + &%)

where I'(¢) is the total loss function value of the model; N is the total number of training
samples; y; is the true label of the sample, with 1 indicating a fault and 0 indicating a
non-fault condition; §; is the predicted probability; Q(f;) is the regularization term used
to constrain the tree structure; v is the penalty coefficient for the number of leaf nodes and
controls the tree depth; T is the total number of leaf nodes; A is the L, regularization
coefficient of the weights; @ is the leaf-weight vector; LogLoss(y;, 7;) is the logistic loss
function; wj is the physically guided weight of the i-th sample:

I
Wi = Kelgss - (1 + ,B : AL,[;M) (11)
i

where 45, is the class-balancing coefficient used to address the imbalance between positive
and negative samples; I] ,,; is the rated load current of the line; Al rils the fault-current
increment magnitude of the i-th sample; j is the physical attention factor.

The physically guided weight essentially represents the penalty cost assigned to
different samples. When the fault-current increment is small, the corresponding weight
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increases. Such samples usually correspond to terminal-end weak faults or high-impedance
faults, whose fault-current characteristics are not obvious and can be easily masked by load
fluctuations. For fault samples, the physically guided weight is determined according to
the magnitude of the fault-current increment. The smaller the fault-current increment, the
larger the loss penalty assigned to the sample, forcing the model to strengthen the fitting of
such boundary samples during the iterative training process. For non-fault disturbance
samples, such as sudden load increases, motor start-up, and DG output variations, the
default weight is set to 1 because their misclassification cost is relatively lower.

4. Adaptive Protection Method Based on Temporal-Consistency
Confirmation

Based on the physically guided cost-sensitive XGBoost identification model, the pro-
tection device can evaluate the fault confidence of the current state with high sensitivity.
However, in low-voltage distribution networks, the electrical characteristics of line-end and
high-impedance faults are relatively weak, and variations in fault resistance, load level, and
DG operating state may cause the transient features to exhibit certain nonlinear and stochas-
tic characteristics. Meanwhile, frequent start-up and shutdown of large-capacity induction
motors, step increases in load, and high-frequency fluctuations in DG output introduce com-
plex transient impacts and electromagnetic background noise even under normal operating
conditions. The weakness of fault features and the complexity of non-fault disturbance
features are intertwined, making the single-point output of the fault identification model
highly susceptible to local waveform distortion and prone to misclassification. As a result,
it is difficult to cope with the complex and variable operating conditions of low-voltage
distribution networks. Therefore, this paper proposes a protection operation logic that
includes temporal-consistency confirmation and state-adaptive trip output.

For the starting element, to avoid the influence of load fluctuations and measurement
background noise in the distribution network, an abrupt-change starting criterion based on
the transient voltage-drop magnitude between adjacent sampling points is adopted:

U, (t+ 1) — Uy (t) > Eset (12)

where € is the protection starting threshold; U, (t + 1) and U,,(t) are the line-voltage
magnitudes at two adjacent sampling instants, respectively.

After protection starting, the measurement device collects voltage and current signals
in real time and calculates the incremental topology-constraint deviation and trajectory
curvature at the current sampling instant. After normalization, the feature vector is input
into the trained physically guided weighted XGBoost identification model, which outputs
the predicted probability fj; that a short-circuit fault occurs in the system at the current sam-
pling instant. In the strong-disturbance environment of low-voltage distribution networks,
the single-point fault probability output by the identification model may exhibit random
fluctuations. To improve the robustness of protection decisions, a sliding time-window
continuous confirmation mechanism is introduced. This mechanism smooths locally abnor-
mal confidence values by extracting the correlation characteristics of the temporal output
states. Let the fault decision threshold be dpgn, and the load decision threshold be ;-
Based on the model output probabilities over the latest five consecutive sampling points,
the real-time operating state of the protection device is defined as follows:

fault state, ifCount (}}t > 5high) >3

S(t) = { load state, ifCount(ft < jp) >3 (13)
latent state, otherwise
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where S(t) is the operating state confirmed by the protection device at time t; Count
denotes the number of sampling points within the latest five sampling points that satisfy
the condition in parentheses.

When the fault prediction probabilities of at least three sampling points among the
latest five sampling points are higher than dy,;gp,, the current state is identified as a fault
state. When the fault prediction probabilities of at least three sampling points among the
latest five sampling points are lower than J;,,, the current state is identified as a load state.
When neither of the two conditions is satisfied, the current state is identified as a latent
state. The mechanism in Equation (13) is essentially a majority-voting logic that balances
operation speed and reliability. It requires the fault features to exhibit a certain degree
of temporal persistence, thereby effectively filtering out prediction anomalies caused by
isolated noise spikes.

For different identified states, the protection device adopts an adaptive trip-output
logic. The load state indicates that the current disturbance is most likely a non-fault condi-
tion, such as motor start-up, a sudden load increase, or DG output fluctuation. Although
such conditions may cause obvious overcurrent impacts, their physical characteristics do
not satisfy those of a short-circuit fault, and the predicted probability remains low. In this
case, the protection device is blocked, and no trip command is issued. The latent state
indicates that the predicted probabilities within the sliding window fluctuate and fail to
form a high-confidence classification result. This state is commonly observed during the
transient transition stage at fault inception, the unstable feature stage of high-impedance
faults, or the boundary region under strong noise interference. In this case, the protection
device adopts a delayed-operation strategy, maintains the original monitoring mechanism,
and may issue an alarm signal according to the operating requirements of the power grid.
The fault state indicates that the current disturbance has been confirmed as a short-circuit
fault. Considering the combined effects of DG current sharing, DG current-limiting control,
and high line impedance, the outgoing feeder fault current at this stage may be much
lower than the pickup setting of conventional overcurrent protection. However, because its
transient trajectory and incremental topology have exhibited significant fault characteristics
and have been stably confirmed in the time dimension, the protection device can use this
state as the final trip-output condition. Therefore, the protection operation criterion can be
written as follows:

1(trip command), S(t)= fault state
Qm-p(t) = ¢ O(protection blocking), S(t)= load state (14)
O(protection blocking and alarm), S(t)= latent state

where Qi (t) is the protection trip-output signal.

Compared with conventional overcurrent protection and standard data-driven meth-
ods, the proposed protection method shows better adaptability in both operating principle
and application conditions. By incorporating a physically guided weighted XGBoost model,
the proposed method mitigates the masking effect of large amounts of normal operating
data on weak fault features. As a result, the identification sensitivity for weak faults is
improved, and the detection capability for terminal-end faults and high-impedance faults
is enhanced. In addition, the temporal-consistency confirmation mechanism suppresses
single-point probability fluctuations caused by measurement noise and nonlinear tran-
sient distortion, thereby improving the reliability against maloperation and reducing the
misclassification rate under complex non-fault disturbances. Furthermore, the proposed
scheme uses voltage and current signals acquired by the same local protection terminal
and does not rely on communication-assisted two-terminal measurements. Therefore,
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communication delays and inter-terminal synchronization errors do not directly enter the
protection decision process.

The physically guided weighting mechanism is used only during offline training and
therefore does not increase the online computational burden. From the perspective of online
computation, the proposed method mainly includes the calculation and normalization of
two input features, XGBoost inference, and five-point majority voting. For an XGBoost
model containing M decision trees with a maximum depth of d, each inference requires no
more than Md node comparisons, and its computational complexity is O(M, d). The storage
requirement is proportional to the total number of tree nodes, while feature normalization
and majority voting introduce only constant additional computation and storage.

5. Case Study Analysis

To verify the effectiveness of the proposed protection method, a typical 0.4-kV multi-
branch radial low-voltage distribution network with distributed photovoltaic generation
was established in MATLAB/Simulink R2024a, as shown in Figure 6. The test system
consists of a 10-kV upstream grid, a 10/0.4-kV distribution transformer, buses B1-B4, line
sections L1-L5, four branch loads, two distributed photovoltaic units, and one induction

motor.
Branch load 2
15kW +j6 kvar
B4
B1 L5
10kV/0.4kV Branch load 3

18kW +j7 kvar
L4

B2 B3
..... L1 L2 L3 |
NS
@ Branch load 4

12kW +j5 kvar
Branch load 1
20 kW +j9 kvar

Figure 6. Simulation system.

The distribution transformer has a rated capacity of 400 kVA and a short-circuit
impedance of 4%. The protection device is installed at the head end of the feeder. The total
length of the protected main feeder is 1.0 km, and the positive-sequence resistance and
reactance of the lines are 0.0754 (2/km and 0.070 (3/km, respectively.

Branch loads 1 and 2 are connected to the lateral branches around bus B1, with
powers of 20 kW + j9 kvar and 15 kW + j6 kvar, respectively. Branch loads 3 and 4 are
connected to the downstream branches around bus B4, with powers of 18 kW +j7 kvar and
12 kW + j5 kvar, respectively. An 18.5-kW induction motor is connected to bus B2. PV1
with a rated capacity of 30 kW is connected to bus B1, while PV2 with a rated capacity of
50 kW is connected to bus B3.

During normal operation, the photovoltaic units adopt constant-power control. During
grid faults, they switch to low-voltage ride-through control, inject reactive current according
to the voltage drop at the grid-connection point, and limit their output currents to 1.2 p.u.

To construct the training and testing samples for the model, a MATLAB script is used
to automatically modify the simulation parameters and run the model in batches. The fault
location is set within the range of 0.20-0.95 km from the head end of the feeder, and the fault
resistance is set to 0.02, 0.10, 0.50, 1, 2, 5, 10, 20, 50, 100, 200, and 500 ), respectively, so as to
cover fault characteristics under different fault locations and fault severities. The non-fault
samples include sudden load increases, induction motor start-up, and PV output variations.
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Specifically, the load increment is set to 10-80% of the rated load, the initial load ratio of
the induction motor is set to 20-80%, and the PV output variation range is set to 10-50% of
the rated capacity. Various simulation samples are automatically generated through the
above parameter combinations, and the composition of different sample types is shown in
Table 2. The parameter ranges in Table 2 were selected to cover fault and non-fault transient
conditions with different characteristic intensities. The fault-location range extends from
the upstream section to the vicinity of the feeder end, thereby considering the weakening
of fault characteristics with increasing electrical distance. The fault resistance ranges from
0.02 ), representing a near-metallic short circuit, to 500 (), representing a weak high-
resistance fault. The load-increment range of 10-80%, motor initial-load ratio of 20-80%,
and PV output-variation range of 10-50% were selected to generate non-fault disturbances
from mild variations to severe transient impacts. This parameter traversal enables the
sample dataset to cover both clearly distinguishable operating conditions and boundary
conditions in which fault and non-fault characteristics overlap.

Table 2. Composition of Simulation Samples.

Operating Condition Parameter Range Samples
Three-phase short-circuit fault ~ Fault location: 0.20-0.95 km; fault resistance: 0.02-500 () 7600
Sudden load increase Load increment: 10-80% 2600
Motor start-up Initial load ratio: 20-80% 2800
PV output variation Output variation in PV1 and PV2: 10-50% 1800

All samples are stratified according to operating condition and divided into the
training set and testing set at a ratio of 75% and 25%, respectively. The training set contains
11,100 samples, and the testing set contains 3700 samples. Each sample corresponds to
one complete simulation scenario. After the disturbance occurs, the incremental topology-
constraint deviation and trajectory curvature are calculated, and the extracted features are
used for model training. Model training is completed in the offline stage. During online
operation, only the trained model is invoked to output the fault prediction probability. Both
simulation and model training are carried out on the MATLAB/Simulink platform. The
simulations and model training were performed on a computer equipped with an AMD
Ryzen 5 9600X six-core processor (Advanced Micro Devices, Inc., Santa Clara, CA, USA)
with a base frequency of 3.90 GHz, 32 GB of RAM, and an NVIDIA GeForce RTX 5060
graphics card (NVIDIA Corporation, Santa Clara, CA, USA) with 8 GB of video memory.

To reduce the subjectivity in model parameter selection, five-fold cross-validation and
grid search are performed on the training set to determine the number of base classifiers,
the maximum tree depth, and the learning rate. The cross-validation results under different
parameter combinations are shown in Figure 7. As shown in Figure 7, the cross-validation
accuracy of the model under different parameter combinations is concentrated between
0.938 and 0.940, with only small overall fluctuations. This indicates that the constructed
incremental topology-constraint deviation and trajectory curvature features have good
stability. When the maximum tree depth is 2, the cross-validation accuracy increases from
0.938 to 0.939 as the number of base classifiers increases. When the maximum tree depth
increases to 3, the accuracy under the same number of base classifiers further improves, and
the highest cross-validation accuracy reaches 0.940. These results show that appropriately
increasing the number of base classifiers and the tree depth can enhance the model’s fitting
capability for boundary samples between fault and non-fault disturbances. However, the
improvement in accuracy is limited, and further increasing the model complexity does
not lead to a significant improvement in identification performance. Considering both
the cross-validation accuracy and the computational burden for online deployment, the
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parameter combination with the best cross-validation result is selected as the training
parameter setting for the subsequent model.

Maximum tree depth

30 40 50 60 70 80
Number of base classifiers

Figure 7. Cross-validation results under different parameter combinations.

Figure 8 shows the training loss variation process of the physically guided weighted
XGBoost model. As shown in Figure 8, with the increase in the number of base classi-
fiers, the weighted Logloss rapidly decreases from approximately 0.54 to approximately
0.18. Then, the decreasing rate gradually slows down, and the weighted Logloss remains
basically stable at around 0.15 after 40 trees. This result indicates that the newly added classi-
fication trees can significantly correct the model prediction errors in the early training stage.
As the model iteration proceeds, the error-correction effect of subsequent classification trees
gradually weakens, and the model training process has basically converged. Therefore, the
selected parameters can meet the requirements of subsequent fault identification.

0.6 T T T T T T
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o = o
) e N
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Figure 8. Training loss curve of the physically guided weighted XGBoost model.

5.1. Adaptability Verification of the Constructed Features

To verify the ability of the incremental topology-constraint deviation and trajectory
curvature to distinguish three-phase short-circuit faults from typical non-fault disturbances,
several operating conditions are selected for comparison, including a low-resistance three-
phase short-circuit fault in the middle-to-rear section of the feeder, a terminal-end high-
resistance three-phase short-circuit fault, a sudden load increase, induction motor start-up,
and PV output variation. The low-resistance three-phase short-circuit fault in the middle-
to-rear section is set at 0.80 km from the head end of the feeder, with a fault resistance of
0.10 Q, representing a three-phase short-circuit condition with obvious fault characteristics.
The terminal-end high-resistance three-phase short-circuit fault is set at 0.95 km from the
head end of the feeder, with a fault resistance of 20 ), representing a weak three-phase
short-circuit condition with a small current increment and a high risk of protection failure to
operate. The current increment, the normalized incremental topology-constraint deviation,
the normalized trajectory curvature, and the model output fault probability corresponding
to each operating condition are shown in Table 3.
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Table 3. Feature Values and Identification Results Under Different Operating Conditions.

Operating
Condition

Current Normalized Incremental Normalized Trajectory Model Output
Increment/p.u. Topology-Constraint Deviation Curvature Fault Probability

Middle-to-rear-
section
low-resistance
three-phase
short-circuit fault

2.120 0.094 0.812 0.972

Terminal-end
high-resistance
three-phase
short-circuit fault

0.240 0.318 0.427 0.884

50% sudden load
increase

0.490 0.681 0.138 0.094

Direct start-up of
induction motor

1.210 0.563 0.224 0.173

40% decrease in
PV2 output
power

0.160 0.714 0.088 0.061

As shown in Table 3, the current increment during induction motor start-up is
1.210 p.u., which is significantly higher than the current increment of 0.240 p.u. under the
terminal-end weak fault. This indicates that a criterion based only on current magnitude
cannot simultaneously satisfy the requirement of preventing maloperation during motor
start-up and the requirement of sensitive operation under terminal-end weak faults. The
normalized incremental topology-constraint deviations of the middle-to-rear-section low-
resistance three-phase short-circuit fault and the terminal-end high-resistance three-phase
short-circuit fault are 0.094 and 0.318, respectively, both of which are lower than those under
sudden load increase, motor start-up, and PV output variation. Their normalized trajectory
curvatures are 0.812 and 0.427, respectively, both of which are higher than those under
non-fault disturbances. Meanwhile, the model-output fault probabilities of the two fault
conditions reach 0.972 and 0.884, respectively, whereas the fault probabilities of the three
non-fault disturbances are all lower than 0.20. These results indicate that the incremental
topology-constraint deviation and trajectory curvature enable the model to maintain a high
fault identification probability even when the weak-fault current is small, while reducing
the risk of misclassification caused by strong load disturbances.

The current-increment magnitude and voltage-drop magnitude were also examined
as physically meaningful candidate quantities. As demonstrated by the comparison above,
the current-increment magnitude alone cannot reliably distinguish strong non-fault dis-
turbances from weak short-circuit faults. The voltage-drop magnitude is retained only as
the protection-starting quantity because it can indicate the occurrence of a transient distur-
bance but cannot determine whether a short-circuit branch has been formed. Therefore, it
is not used as a fault-identification feature. In contrast, the incremental topology-constraint
deviation and voltage—current trajectory curvature characterize the fault-superimposed
network constraint and the variation pattern of equivalent impedance, respectively, thereby
providing complementary physical information for fault discrimination.

5.2. Performance Comparison of Different Models

To justify the selection of the basic classifier, conventional XGBoost, Random Forest,
Support Vector Machine, LogitBoost, and Bagged Trees were evaluated using the same
incremental topology-constraint deviation and voltage—current trajectory curvature as
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input features. All classifiers used the same training and testing datasets and the same data-
preprocessing procedure, and their hyperparameters were determined through five-fold
cross-validation. The physically guided sample weights and temporal-consistency logic
were excluded from this comparison so that only the performance of the basic classifiers
was evaluated. The weak-fault detection rate and non-fault false-trip rate were selected
as the evaluation metrics because they directly reflect protection failure to operate under
weak faults and protection maloperation under non-fault disturbances, respectively. The
comparison results are presented in Table 4.

Table 4. Performance comparison of different basic classifiers.

Algorithm Weak-Fault Detection Rate/%  Non-Fault False-Trip Rate/%
Conventional
XGBoost 88.54 4.33
Random Forest 81.95 6.11
Support Vector
Machine 86.89 5.78
LogitBoost 82.58 5.78
Bagged Trees 81.89 6.00

As shown in Table 4, conventional XGBoost achieves the best overall protection
performance among the five basic classifiers. Its weak-fault detection rate reaches 88.54%,
which is 1.65 percentage points higher than that of the Support Vector Machine and more
than 5 percentage points higher than those of Random Forest, LogitBoost, and Bagged
Trees. Meanwhile, conventional XGBoost achieves the lowest non-fault false-trip rate of
4.33%. These results indicate that XGBoost provides stronger weak-fault identification
capability and better security against non-fault disturbances under the same input features
and dataset. Therefore, XGBoost is selected as the basic classifier of the proposed physically
guided weighted model.

To further evaluate the effects of physically guided sample weighting and the sliding
time-window confirmation mechanism, conventional overcurrent protection, conventional
XGBoost, physically guided weighted XGBoost, and the proposed method are compared.
The setting principle of conventional overcurrent protection is to avoid the maximum
normal load current and the inrush current during induction motor start-up, and the
pickup value is set to 1.3 times the rated current. Conventional XGBoost and physically
guided weighted XGBoost use the same training set, testing set, and model parameters.
The only difference lies in whether physically guided sample weights are introduced.

The testing set contains a total of 3700 simulation scenarios, including 1900 fault
samples and 1800 non-fault disturbance samples. Fault samples whose fault-current
increments are not greater than the rated load current of the line are defined as weak-fault
samples, and the weak-fault detection rate of each method is calculated. The non-fault
disturbance samples include sudden load increases, induction motor start-up, and PV
output variations, and are used to evaluate the non-fault maloperation rate. Each complete
simulation scenario is regarded as one test event, and the statistics are obtained according
to the final state of the protection device after the disturbance occurs. The results are shown
in Figure 9.

As shown in Figure 9, the weak-fault detection rate of conventional overcurrent
protection is only 58.33%, while the non-fault maloperation rate reaches 9.22%. This
indicates that a fixed current threshold is difficult to coordinate the sensitivity for weak
faults and the reliability under strong disturbances. The weak-fault detection rate of
conventional XGBoost increases to 88.54%, which is 30.21 percentage points higher than that
of conventional overcurrent protection, while the non-fault maloperation rate decreases by
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4.89 percentage points. This shows that the incremental topology-constraint deviation and
trajectory curvature can effectively improve the discrimination capability between faults
and non-fault disturbances. After physically guided sample weights are introduced, the
weak-fault detection rate further increases to 96.01%, which is 7.47 percentage points higher
than that of conventional XGBoost. This indicates that increasing the loss contribution of
weak-fault samples can enhance the model’s learning capability for weak-fault features.
On this basis, after the sliding time-window confirmation mechanism is added, the weak-
fault detection rate remains at 96.14%, while the non-fault maloperation rate decreases
from 3.22% to 1.61%. The results demonstrate that the proposed method further reduces
maloperation caused by non-fault disturbances while maintaining the detection capability
for weak faults.

100 B Weak fault detection rate ™ False trip rate '
I |

88.54

80

Percentage / %

ocp XGBoost PW-XGBoost Proposed
Figure 9. Performance comparison of different protection methods.

5.3. Protection Performance Under Different Fault Resistances

To further verify the sensitivity of the proposed method to weak three-phase short-
circuit faults, the fault location is fixed at 0.95 km from the head end of the feeder, and the
fault resistance is set to 20, 50, 100, 200, and 500 (), respectively. Under each fault resistance,
the active output powers of PV1 and PV2 are varied, with each set to 0, 25%, 50%, 75%,
and 100% of its rated capacity, to simulate weak fault characteristics under different PV
output levels. Taking the fault resistance as the variable, the fault detection rates of different
protection methods are calculated, and the results are shown in Figure 10.
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Figure 10. Line-end fault detection rates under different fault resistances.

As shown in Figure 10, as the fault resistance increases, the fault-loop impedance
increases, and the fault-current increment at the head end of the feeder gradually decreases.
As a result, the fault detection rates of all protection methods show a decreasing trend.
Conventional overcurrent protection mainly relies on current magnitude. When the fault
resistance increases from 20 ) to 500 (), its fault detection rate decreases from 35.42% to
0.69%, indicating that it almost loses the ability to detect line-end high-resistance three-
phase short-circuit faults. Conventional XGBoost uses the incremental topology-constraint
deviation and trajectory curvature for fault identification and still achieves a detection rate
of 65.28% when the fault resistance is 500 Q). However, its detection rate decreases from
85.76% to 65.28% as the fault resistance increases, indicating that when weak fault features

https://doi.org/10.3390/ electronics15143239


https://doi.org/10.3390/electronics15143239

Electronics 2026, 15, 3239

19 of 28

are further weakened, the conventional equal-weight training strategy is still insufficient
for identifying boundary fault samples. The proposed method comprehensively utilizes
the incremental topology-constraint deviation, trajectory curvature, physically guided
cost-sensitive weighted training, and sliding time-window confirmation mechanism. Its
fault detection rates reach 91.32%, 88.19%, and 82.64% when the fault resistances are 20,
100, and 500 O}, respectively, all of which are significantly higher than those of conventional
XGBoost. These results show that the proposed adaptive protection method can enhance
the identification capability for line-end high-resistance three-phase short-circuit faults and
improve protection sensitivity under weak fault conditions.

5.4. Protection Performance Under Different Distributed PV Operating States

To verify the adaptability of the proposed method under different PV operating states,
the fault location is fixed at 0.95 km from the head end of the feeder, and the fault resistance
is set to 20 (). According to the operating states of PV1 and PV2, the test conditions are
divided into four categories: neither PV1 nor PV2 is connected; only PV1 is connected; only
PV2 is connected; and both PV1 and PV2 are connected. The weak-fault detection rates of
conventional XGBoost and the proposed method under different PV operating states are
calculated, and the results are shown in Figure 11.
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Figure 11. Weak-fault detection rates under different PV operating states.

As shown in Figure 11, as the PV operating state changes from no connection to single-
point connection and then to multi-point connection, the weak-fault detection rates of both
methods decrease. When neither PV1 nor PV2 is connected, the weak-fault detection rate of
the proposed method is 95.49%. When only PV1 and only PV2 are connected, the detection
rates are 94.79% and 93.40%, respectively. Since PV2 is located at the end of the feeder
and has a larger capacity than PV1, its fault-current sharing effect has a more significant
influence on the measured current at the head end of the feeder. Therefore, the detection
rate when only PV2 is connected is lower than that when only PV1 is connected. When
PV1 and PV2 are connected simultaneously, the detection rate of conventional XGBoost
decreases to 86.81%, whereas the proposed method can still maintain a weak-fault detection
rate of 92.36%. These results indicate that PV integration increases the difficulty of weak-
fault identification at the head end of the feeder, but the proposed method still exhibits
good adaptability under different PV operating states.

5.5. Protection Reliability Under Simultaneous Non-Fault Disturbances

To further evaluate the protection reliability under complex operating conditions, an
additional independent test set containing 144 simultaneous non-fault disturbance cases
was constructed. These samples were not included in the training dataset. The trained
model, feature-normalization parameters, probability thresholds, and temporal-consistency
logic were kept unchanged during the test.
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Four types of simultaneous disturbances were considered: induction-motor start-up
accompanied by a load increase; induction-motor start-up accompanied by a PV output
variation; a load increase accompanied by a PV output variation; and the simultaneous
occurrence of induction-motor start-up, load increase, and PV output variation. The
induction-motor initial-load ratio was set to 20%, 50%, and 80%; the load-increase ratio
was set to 20%, 50%, and 80%; and the PV output-variation ratio was set to 10%, 30%, and
50%. The PV variation was applied to PV1, PV2, or both units. All disturbances in each
case were initiated simultaneously.

The test results are presented in Table 5. Under all 144 simultaneous-disturbance cases,
the non-fault false-trip rates of conventional overcurrent protection, conventional XGBoost,
physically guided weighted XGBoost, and the proposed method were 15.28%, 6.25%, 4.17%,
and 2.08%, respectively. Simultaneous disturbances increased the overlap between the
electrical characteristics of faults and non-fault transients. Nevertheless, the proposed
method maintained the lowest overall false-trip rate because the two complementary
physical features improved disturbance discrimination, while the temporal-consistency
logic suppressed isolated misclassifications.

Table 5. Protection performance under simultaneous non-fault disturbances.

Simultaneous  Number of Conventional ) Conventional Physmally Guided Proposed Method
Disturbance Cases Overcurrent Protection XGBoost Weighted XGBoost False-Trip Rate/%
False-Trip Rate/% False-Trip Rate/% False-Trip Rate/%
Motor start-up
and load 9 11.11 11.11 0 0
increase
Motor start-up
and PV output 27 14.81 741 3.70 3.70
variation
Load increase
and PV output 27 11.11 3.70 3.70 0
variation
Motor start-up,
load increase,
and PV output 81 17.28 6.17 4.94 2.47
variation
Overall 144 15.28 6.25 4.17 2.08

5.6. Robustness Under Measurement and System Uncertainties

To quantitatively evaluate the robustness of the proposed method under practical
measurement errors and system uncertainties, different disturbances were introduced into
the original testing set. During all tests, the trained XGBoost model, feature normalization
parameters, probability thresholds, and temporal consistency logic remained unchanged.
According to the weak-fault definition adopted in Section 5.2, the testing set contains
1579 weak-fault cases. The weak-fault failure-to-operate rate was calculated from the
number of incorrectly blocked weak-fault cases, while the non-fault maloperation rate was
calculated from the final protection decisions under non-fault disturbances.

Measurement noise was simulated by adding Gaussian white noise with signal-to-
noise ratios of 40, 30, 20, and 10 dB to the locally measured voltage and current signals.
Local synchronization errors were represented by introducing relative mismatches of
one, two, and three sampling intervals between the voltage and current channels. The
corresponding results are presented in Table 6.
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Table 6. Robustness under measurement noise and local voltage—current channel mismatch.
. . Weak-Fault Non-Fault
Test Condition Disturbance Level Failure-to-Operate Rate/% Maloperation Rate/%
Original testing set None 3.86 1.61
Gaussian white noise 40 dB 4.05 1.72
Gaussian white noise 30dB 443 1.89
Gaussian white noise 20dB 5.19 222
Gaussian white noise 10 dB 6.59 3.06
V-I channel mismatch 1 sampling interval 4.31 1.78
V-I channel mismatch 2 sampling intervals 4.88 2.06
V-I channel mismatch 3 sampling intervals 5.32 2.44

As shown in Table 6, decreasing the signal-to-noise ratio from 40 to 10 dB increases the
weak-fault failure-to-operate rate from 4.05% to 6.59% and the non-fault maloperation rate
from 1.72% to 3.06%. Measurement noise directly affects the voltage and current increments
and is further amplified during the difference and curvature calculations. Consequently,
the incremental topology-constraint deviation and voltage—current trajectory curvature
exhibit increasing fluctuations as the noise level increases.

When the voltage—current channel mismatch increases from one to three sampling
intervals, the weak-fault failure-to-operate rate increases from 4.31% to 5.32%, while the
non-fault maloperation rate increases from 1.78% to 2.44%. The channel mismatch changes
the temporal correspondence between the voltage and current samples and consequently
affects the calculation of both physical features. Nevertheless, the deterioration remains
limited under the considered mismatch levels. The proposed method uses voltage and cur-
rent signals acquired by the same local protection terminal and does not require remote-end
measurements or communication-assisted protection information. Therefore, communica-
tion delays and inter-terminal synchronization errors do not directly enter the protection
decision process. The voltage—current channel-mismatch tests specifically evaluate the
influence of synchronization errors between local measurement channels.

Current-transformer inaccuracies were simulated by introducing ratio errors of +1%,
£3%, and £5% into the measured current. Line-parameter uncertainties were evaluated
by introducing simultaneous deviations of 5%, £10%, and £15% into the line resistance
and reactance used for calculating the incremental topology-constraint deviation. The
corresponding results are presented in Table 7.

Table 7. Robustness under current-transformer inaccuracies and line-parameter uncertainties.

o . Weak-Fault Non-Fault
Test Condition Disturbance Level Failure-to-Operate Rate/% Maloperation Rate/%
Current-transformer ratio error +1% 3.99 1.67
Current-transformer ratio error +3% 4.31 1.83
Current-transformer ratio error +5% 4.75 2.06
Line-parameter deviation £5% 4.24 1.78
Line-parameter deviation +10% 4.69 2.06
Line-parameter deviation £15% 5.19 2.33

As shown in Table 7, current-transformer ratio errors have a relatively limited influence
on protection performance. When the ratio error increases from £1% to +5%, the weak-
fault failure-to-operate rate increases from 3.99% to 4.75%, while the non-fault maloperation
rate increases from 1.67% to 2.06%. The ratio error mainly changes the magnitude scale of
the measured current. Because the proposed method does not use current magnitude as
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the sole protection criterion, the complementary physical features reduce the influence of
this error.

Line-parameter deviations directly affect the system equivalent impedance used to
calculate the incremental topology-constraint deviation. When the parameter deviation
reaches + 15%, the weak-fault failure-to-operate rate increases to 5.19%, and the non-fault
maloperation rate increases to 2.33%. However, the voltage—current trajectory curvature
does not directly depend on the line parameters. Therefore, the complementary use of the
two features limits the deterioration caused by parameter uncertainties.

Topology changes were established based on the complete multi-branch radial net-
work shown in Figure 6 by changing the connection states of different lateral loads. Five
representative topology conditions were considered. In addition, a combined measurement-
uncertainty condition and a combined measurement—parameter—topology uncertainty
condition were established. The combined measurement condition included 30 dB Gaus-
sian white noise, a one-sampling-interval voltage—current mismatch, and a £3% current-
transformer ratio error. The combined uncertainty condition further included a £10%
line-parameter deviation and simultaneous disconnection of Branch loads 2 and 4. The
corresponding results are presented in Table 8.

Table 8. Robustness under topology changes and combined uncertainties.

. . Weak-Fault Non-Fault
Test Condition Disturbance Level Failure-to-Operate Rate/% Maloperation Rate/%

Topology change Branch load 1 disconnected 494 211
Topology change Branch load 2 disconnected 5.19 217
Topology change Branch load 3 disconnected 4.81 2.06
Topology change Branch load 4 disconnected 5.07 2.28

. Branch loads 2 and 4
Multiple topology changes disconnected 5.45 2.39

Combined measurement 30 dB noise + 1-sample
. mismatch + £3% CT ratio 513 2.28
uncertainty
error
Measurement uncertainty +

Combined uncertainty £10% parameter deviation 7.22 3.33

+ topology changes

As shown in Table 8, different lateral-branch changes have different effects on pro-
tection performance because the locations and powers of the disconnected loads result in
different changes in feeder voltage, current, and equivalent impedance. Disconnecting
Branch loads 2 and 4 simultaneously produces the greatest influence among the topology-
change conditions, with a weak-fault failure-to-operate rate of 5.45% and a non-fault
maloperation rate of 2.39%.

Under the combined measurement-uncertainty condition, the weak-fault failure-to-
operate rate is 5.13%, and the non-fault maloperation rate is 2.28%. When measurement
errors, a 10% line-parameter deviation, and topology changes are applied simultaneously,
the corresponding rates increase to 7.22% and 3.33%, respectively. Under this condition,
1465 of the 1579 weak-fault cases are correctly detected, corresponding to a weak-fault de-
tection rate of 92.78%. Although multiple uncertainties produce more evident performance
degradation than individual disturbances, the proposed method still operates correctly for
more than 92% of weak-fault cases and remains blocked for more than 96% of non-fault
cases. These results demonstrate that the proposed method retains effective discrimination
between weak short-circuit faults and non-fault transient disturbances under the considered
measurement and system uncertainties.
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5.7. Computational Burden and Real-Time Implementation Capability

To quantitatively evaluate the online computational burden, the trained XGBoost
model was tested using a CPU-based MATLAB implementation on a computer equipped
with an AMD Ryzen 5 9600X six-core processor with a base frequency of 3.90 GHz and
32 GB of RAM. Before formal timing, the prediction procedure was executed once to reduce
the effects of model initialization and cache loading. The complete testing set was then
predicted repeatedly 20 times, and the accumulated execution time was converted into the
average single-sample inference time.

The final classifier contains 70 decision trees with a maximum depth of 3. The quantitative
results are listed in Table 9. The measured single-sample inference time is 1.398 ps, and
the serialized model occupies 34.385 kB in MATLAB MAT-file format. The inference-stage
processor-time occupancy was calculated as the ratio of the measured single-sample inference
time to the selected online execution interval. Based on the measured inference time, the
classifier occupies approximately 1.40% of the computation-time budget when the online
execution interval is 0.1 ms and approximately 0.14% when the execution interval is 1 ms.

Table 9. Computational performance of the proposed protection method.

Performance Index Result
Number of decision trees 70
Maximum tree depth 3
Maximum node comparisons per inference 210
Single-sample XGBoost inference time/ us 1.398
Trained-model storage/kB 34.385
Inference-stage processor-time occupancy at a 0.1-ms interval /% 1.40
Inference-stage processor-time occupancy at a 1-ms interval/% 0.14

The measured execution time corresponds to the XGBoost inference stage. The feature-
calculation and temporal-consistency procedures involve fixed-order calculations and
fixed-length logical operations, as described in Section 4, and their computational burden
does not increase with the number of training samples. The results indicate that the
XGBoost inference stage has limited execution-time and model-storage requirements on the
adopted CPU platform, providing quantitative evidence of the implementation potential of
the proposed method in low-voltage intelligent protection terminals.

5.8. RTDS-Based Real-Time Validation

To evaluate the protection performance of the proposed method using independently
generated real-time simulation data, an RTDS-based validation system was established. The
main circuit of the low-voltage distribution network, including the distributed photovoltaic
units, loads, and induction motor, was implemented in Rack 1. The physical-feature
calculation, XGBoost inference, temporal-consistency confirmation, and trip-output logic
were implemented in Rack 2. Communication between the two racks was used to establish
the complete real-time protection validation system.

The XGBoost model was trained offline using the MATLAB/Simulink dataset de-
scribed in the previous subsections. After training, the tree structures, leaf weights, feature-
normalization parameters, probability thresholds, and temporal-consistency parameters
were fixed and directly deployed in the RTDS protection module. The RTDS-generated data
were used only for independent testing, and no model retraining or parameter adjustment
was performed during the RTDS tests.

A total of 180 RTDS test cases were established, including 90 fault cases and 90 non-
fault disturbance cases. The fault cases consisted of middle-to-rear-section low-resistance
faults, terminal-end faults with a fault resistance of 4 (), and terminal-end weak faults with
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a fault resistance of 500 (), with 30 cases for each condition. The non-fault cases consisted
of sudden load increases, induction-motor start-up, and photovoltaic output variations,
also with 30 cases for each condition. Different fault inception angles, pre-fault load levels,
photovoltaic output levels, and disturbance magnitudes were considered in the tests.

For each test case, the voltage and current measurements generated by RTDS were
processed through the complete online protection procedure, including physical-feature
calculation, XGBoost inference, temporal-consistency confirmation, and trip-output genera-
tion. The fault operation rate was calculated as the ratio of correctly tripped fault cases to
the total number of fault cases. The non-fault false-trip rate was calculated as the ratio of in-
correctly tripped non-fault cases to the total number of non-fault cases. The corresponding
results are summarized in Table 10.

Table 10. RTDS-based real-time validation results of the proposed protection method.

Operating Fault Operation Non-Fault False-Trip Mean Operation
Condition Number of Cases Rate/% Rate/% Time/ms
Middle-to-rear-
section 30 100.00 — 11.80
low-resistance
Terminal-end fault, 30 93.33 . 14.60
Rp=4 @)
Terminal-end fault,
R; =500 0 30 83.33 — 18.90
Sudden load increase 30 — 3.33 —
Induction-motor 30 . 333 o
start-up
Photovol'tal.c output 30 . 0 .
variation
Overall 180 92.22 2.22 —

As shown in Table 10, the fault operation rates under the middle-to-rear-section low-
resistance fault, terminal-end 4 Q) fault, and terminal-end 500 Q) fault conditions were
100.00%, 93.33%, and 83.33%, respectively. The non-fault false-trip rates under sudden
load increases, induction-motor start-up, and photovoltaic output variations were 3.33%,
3.33%, and 0%, respectively. The mean operation times for the three fault conditions were
11.80 ms, 14.60 ms, and 18.90 ms, respectively. The overall fault operation rate was 92.22%,
while the overall non-fault false-trip rate was 2.22%. These results indicate that the fixed
protection model can effectively distinguish independently generated RTDS fault data from
non-fault transient disturbances.

Figure 12 presents representative RTDS-based real-time protection results for a
terminal-end three-phase short-circuit fault with a fault resistance of 4 () and an induction-
motor start-up condition. After the terminal-end fault occurs, the fault probability rises
above and remains above the threshold of 0.70, and the trip signal is issued after temporal-
consistency confirmation. During induction-motor start-up, the fault probability increases
briefly but remains below the threshold, and the protection remains blocked.
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Figure 12. Representative RTDS-based real-time protection results. (a) Terminal-end high-resistance
fault with Ry = 4Q). (b) Induction-motor start-up.

6. Conclusions

This paper proposes an adaptive protection method that integrates a physically guided
weighted XGBoost classifier with temporal-consistency confirmation for fault identification
in low-voltage distribution networks containing DG and complex source-load disturbances.
First, the incremental topology-constraint deviation and the transient voltage—current tra-
jectory curvature are constructed to characterize the differences in fault-superimposed
network constraints and variations in system equivalent impedance under different operat-
ing conditions. These features enable effective discrimination between short-circuit faults
and non-fault transient disturbances, including load switching, induction-motor start-up,
and photovoltaic-output variations. Second, a cost-sensitive physically guided XGBoost
model is developed to address the unequal engineering costs of different misclassifica-
tions. The current-increment magnitude, which reflects fault severity, is converted into
a physically guided sample weight and incorporated into the objective function, thereby
increasing the penalty assigned to weak-fault misclassification during iterative training.
Furthermore, a temporal-consistency-based protection logic combining sliding-window
confirmation and majority voting is designed to suppress isolated prediction anomalies
and reduce maloperations under complex source-load disturbances.

In the test system, the proposed method achieved a weak-fault detection rate of
96.14% and a non-fault maloperation rate of 1.61%. The detection rate was 82.64% for
line-end three-phase short-circuit faults with a fault resistance of 500 () and 92.36% when
both distributed PV units were connected. Under the combined uncertainty condition
involving measurement errors, line-parameter deviations, and topology changes, the weak-
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fault detection rate remained 92.78%, while the non-fault maloperation rate was 3.33%.
These results demonstrate that the proposed method retains effective fault-discrimination
capability under weak-fault conditions, different PV operating states, and representative
practical uncertainties. Furthermore, the RTDS-based real-time tests achieved an overall
fault operation rate of 92.22% and an overall non-fault false-trip rate of 2.22%, with mean
operation times ranging from 11.80 ms to 18.90 ms under the considered fault conditions.

The proposed protection method relies only on local voltage and current measure-
ments and does not require communication-assisted two-terminal information, indicating
its potential for implementation in intelligent low-voltage protection terminals. Quanti-
tative computational tests show that the final XGBoost classifier, containing 70 decision
trees with a maximum depth of 3, requires an average single-sample inference time of
1.398 us and a serialized model storage of 34.385 kB. The inference-stage processor-time
occupancy is approximately 1.40% and 0.14% for online execution intervals of 0.1 ms
and 1 ms, respectively. These results provide quantitative evidence of the low inference
burden and implementation potential of the proposed method in intelligent low-voltage
protection relays. The feature-construction framework is also applicable to wind-integrated
distribution networks because it is determined by fault-superimposed network constraints
and variations in system equivalent impedance rather than by the DG type. In practical
applications, however, the transient effects of wind-turbine fault-ride-through control,
current limiting, and control-mode switching should be considered. The present study
was validated on a typical multi-branch radial low-voltage distribution network under
both independent and simultaneous non-fault disturbances. For asymmetric faults, the
incremental topology-constraint deviation and voltage—current trajectory curvature will be
reconstructed using phase-domain or sequence-component quantities, and the model will
be retrained using the corresponding fault samples. Future work will also address different
DG penetration levels, hybrid integration of multiple DG types, larger dynamically recon-
figurable network topologies, more diverse combinations of simultaneous disturbances,
and broader source-load operating conditions.
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