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Abstract

As a key transmission channel in the power grid, fault diagnosis of
high-voltage cables directly affects the safety and reliable operation
of the power system. However, traditional methods are susceptible to
noise interference and have limited generalisation ability when pro-
cessing high-dimensional cable monitoring data. A K-nearest neigh-
bour cable fault diagnosis method based on a Bagging sampling strat-
egy and adaptive sample weighting is proposed to address this issue.
This method improves the ability to discriminate low-dimensional
signals by embedding a learning process that preserves global and
local structural features. It also uses a diverse ensemble of subclassi-
fiers to improve adaptability to complex fault modes. Experimental
verification showed that the proposed method achieved a recogni-
tion accuracy of 95.7% on the training set and 93.7% on the test set,
both of which were superior to the other two comparison methods. In
terms of computational resources, this method was computationally
efficient while maintaining diagnostic accuracy. It had an average
memory usage of 24 MB and a single inference time of 2.3 s. This
effectively reduced the risk of misjudging faults and made online de-
ployment feasible. The research results can provide reliable technical
support for the intelligent operation and maintenance of power sys-

tems.
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1. Introduction

Rapid and precise fault diagnosis is especially important as
the power system’s scale continues to grow and power sup-
ply reliability standards continue to rise. High-voltage ca-
bles are the main piece of equipment used for power trans-
mission [1]. The high-voltage cable laying environment is
complex, and the operational state is hidden. Once a fault
occurs, not only is it difficult to locate, but it may also
cause a wide range of power supply interruptions. This
will cause serious economic losses and security risks [2].
Traditional signal processing methods, such as the analy-
sis means based on the Fourier or wavelet transform, of-
ten suffer from insufficient recognition accuracy and fuzzy
classification boundaries when facing complex cable fault
waveforms in non-smooth and strong noise environments.
Therefore, establishing a set of sophisticated and effective
problem identification mechanisms is crucial to ensuring
the electricity system operates steadily. Numerous aca-
demics have conducted studies on this. Zhang et al., for
instance, suggested a defect detection technique based on
a residual network and an enhanced Graham angle field
for cable terminals installed on vehicles. The method
converted the one-dimensional localized discharge signal
into a two-dimensional image by converting it into a two-
dimensional image. It also constructed a ResNet101 net-
work to integrate anti-aliasing downsampling and attention
mechanism, and combined the centre loss with the Softmax
loss function to achieve 97.3% defect recognition accuracy
[3]. Lacerda V A et al. proposed a novel distance protec-
tion algorithm suitable for modular multilevel converters
in high-voltage DC power grids. This algorithm identified
faulty cables by detecting the resonant frequency of DC ca-
pacitors. It was validated in a four-terminal, high-voltage
DC power grid containing five cables. Results showed that
the algorithm could quickly and selectively locate cable
faults without terminal communication and perform re-
liably under strong noise conditions [4]. Peng N et al.
proposed a hybrid line fault identification method to elim-
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inate cross-node interference through modal domain anal-
ysis. The method first established a unified model of a
hybrid line, proposed the concept of decoupled transient
energy, and realised fault localisation based on the energy
ratio feature. Simulation experiments verified the effec-
tiveness of the method [5]. Zaky M S et al. proposed a
fault section location method for non-uniform high-voltage
direct current lines with hybrid cable overhead lines. This
method identified the type of fault in cable or overhead
line sections by analysing the distribution pattern of volt-
age signals at both ends of the line. This method did not
require calculation of the specific fault distance and could
effectively deal with various fault types and resistances [6].

In recent years, the combination of integrated learn-
ing and pattern recognition technology has provided new
ideas for intelligent diagnosis of power systems [7]. Among
them, Bagging uses self-sampling to construct multiple
differentiated training subsets. Parallel training of inde-
pendent classifiers followed by integrated decision-making
effectively improves the stability and generalisation per-
formance of the model [8]. An intelligent protection ap-
proach was presented by Raju G V et al. that combined
regression-based Bagging integrated learning for defect lo-
calisation with a fuzzy logic system for problem detection
and classification. The scheme extracted fault features by
applying the discrete Fourier transform to renewable en-
ergy bus voltage signals. The features were also analysed
using a Mamdani fuzzy inference system to determine the
fault state. Experiments indicated that the scheme could
accurately identify the fault type in one cycle under dy-
namic generation conditions with a detection accuracy of
99.56%, which verified its reliability [9]. Solimun et al.
used the Bagging integration method to compare and anal-
yse the performance of Bagging discriminant and Logistic
regression Bagging based on bank mortgage data and sim-
ulated data. The experimental results indicated that both
integration methods outperformed traditional discriminant
analysis and Logistic regression in terms of classification
accuracy, sensitivity, and specificity. Especially, it demon-
strated better identification ability in credit recoverability
assessment [10].

The K-nearest neighbour (KNN) algorithm is a typi-
cal nonparametric classification method. It is widely used
in various kinds of fault diagnosis and state identifica-
tion tasks because of its simple implementation and no
need for a training process [11]. The method accomplishes
classification mainly by measuring the distance between
test samples and training samples, selecting the nearest K
neighbours, and according to the majority voting princi-
ple. Abdul Z K et al. proposed a fuzzy monotone KNN
method, which innovatively utilises the fuzzy dominance
relationship between instances to construct a monotone
classifier. By dynamically adjusting the fuzzy dominance
threshold, the method effectively reduced the influence of
noise on KNN selection. Experimental data revealed that
the method achieved an average improvement of 28%, 11%,
and 29% in ACCU, MAE, and NMI metrics, respectively.
This significantly outperformed the existing monotonic
classifiers [12]. Sukshitha R proposed a KNN regression

algorithm based on empirical likelihood ratio (ELR). The
algorithm was more advantageous in dealing with skewed
distributions and suppressing outlier interference than the
traditional distance metrics. Simulation and practical ap-
plication validation indicated that the ELR-KNN model
performed significantly better than the traditional KNN
method [13].

In summary, existing research has introduced a variety of
deep feature extraction methods and integrated classifica-
tion frameworks in high-voltage cable fault identification,
and achieved certain results. However, most of them still
have the problems of complex model structure, low infer-
ence efficiency or insufficient consideration of data distribu-
tion structure. Especially, the recognition accuracy under
high-dimensional redundant feature processing and sample
heterogeneous distribution still needs to be improved. In
view of this, the study innovatively proposes an improved
KNN fault identification method that combines Bagging
sampling with the introduction of a weighting mechanism.
Moreover, the feature extraction strategy of global and lo-
cal structure preservation is introduced in the dimension-
ality reduction stage to enhance the generalisation ability
(GA) and discriminative performance of the model in high-
dimensional space. The construction of sample subsets is
guided by clustering to enhance the diversity of subclas-
sifiers, aiming to comprehensively improve the intelligence
and practicality of the high-voltage cable fault diagnosis
system.

2. Methods and Materials

2.1 Bagging Integrated Classification Model
Combined with K-means

The study builds a classification model that combines K-
means clustering with the Bagging integration technique
in an attempt to enhance the fault detection model’s gen-
eralisation capability and classification stability. Bagging
constructs multiple classifiers and integrates the predic-
tion results through subsampling. Its working mechanism
is shown in Figure 1 [14].
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Figure 1. Bagging Working Mechanism (Icon source:
https://iconpark.oceanengine.com/official)

In Figure 1, the mechanism first divides the original
training set into feature sets and label sets. Then, it per-
forms self-sampling on the original training set. Through
a sampling method with replacement, it randomly selects



samples from the overall data, forming several sub-training
sets. There is partial overlap between different subsets,
but overall differences are maintained to increase sample
diversity. FEach sub-training set is used to train a base
classification model. This improves robustness to noise
and sample imbalance by enabling the model to indepen-
dently learn the feature distribution of each subsample.
Subsequently, each base classifier independently predicts
the test set samples and outputs the classification results
and their confidence levels. These prediction results are
eventually integrated into the final classification decision
through voting or weighted fusion. This improves the GA
and the robustness of the overall model. However, the clas-
sification performance of every single classifier has certain
limitations. To improve the classification accuracy, the
study adopts an integrated learning approach to construct
a strong classifier by comparing multiple weak classifiers
two by two and fusing the results, as shown in Figure 2
[15].
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Figure 2. Bagging Integration Process (Icon source:
https://iconpark.oceanengine.com/official)

Figure 2 shows the process of first extracting working
condition features from the original cable monitoring data
and then processing the data and analysing the samples.
This includes normalisation, dimensionality reduction, and
noise suppression to enhance sample separability. Then in-
put the processed data into multiple weak classifiers (Weak
Classifiers 1 n) with differential learning ability for inde-
pendent training. To enhance classification diversity and
stability, there may be differences between weak classifiers
in sampling distribution, model structure, or neighbour-
hood feature space. Finally, a combination strategy is
used to comprehensively output the prediction results of all
weak classifiers as recognition results. This reduces the risk
of errors from single classifiers by using distance-weighted
voting or confidence fusion mechanisms. To further reduce
the information loss, the study builds a balanced subset
of training base learners based on the Bagging integra-
tion method combined with K-means clustering sampling.
First, clustering is performed on the training data, divid-
ing samples with similar spatial distributions into the same
cluster. Then, a random sample is taken from each clus-
ter according to the sampling ratio. This ensures that
each sub-classifier covers different fault modes, improving
overall robustness. The K value is optimised and selected
based on the intra-class contour coefficient, which can bal-
ance the ability of local feature mining with the cost of
clustering calculation. The pseudocode is as follows:

K-means searches for the optimal cluster division

Algorithm 1 K-means + Bagging

Input: Training dataset D, number of clusters K,
sampling ratio , number of base learners B
Output: Ensemble classifier H

1: Perform K-means clusteringon D ¥ fC1;Cy;:::;Ckg
2: forb=1to B do

3: Initialize subset Dy, = ;

4: for each cluster Cj do

5: Randomly sample jCij samples ¥ S;j

6: Dy = Dy [ Si

7 end for

8:

Train a base KNN classifier hy based on GLSP em-
bedding of Dy
9: end for
10: Combine predictions of all hy via weighted voting ¥ H
11: return H

through iterative optimisation and divides the samples into
a number of clusters based on the intrinsic relationship of
the data. The sum of squares of the errors of each sam-
ple from the centre of the cluster it belongs to is shown in
Equation (1) [16].

X > ,
i=1 x2C;

In Equation (1), E denotes the error squared. C; denotes
the set of sample points contained in the ith cluster. X de-
notes the sample points of the ith cluster. X; is the mean
vector of the ith cluster and K denotes the quantity of
clusters clustered. The K-means clustering-based strati-
fied sampling integration strategy divides the dataset into
multiple strata with internal homogeneity through cluster-
ing. Subsequently, random sampling is performed within
each stratum, which maintains the data distribution char-
acteristics and enhances the inter-stratum variability, as
shown in Figure 3 [17].

In Figure 3, the sample distribution of the clusters gen-
erated by K-means clustering is different, and an adap-
tive sampling strategy needs to be adopted. The degree
of data dispersion reflected in the intra-cluster variance
determines how many samples need to be extracted. Dis-
persed clusters with larger variance require more samples,
while dense clusters with smaller variance require fewer.
This effectively maintains the structural characteristics of
the original data. The formula for calculating the number
of samples taken from cluster C; is shown in Equation (2).
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In Equation (2), Si denotes the sampling volume of the ith
class in the subsample set. N denotes the total quantity
of samples. nj denotes the sample base. ,2 denotes the
sample variance of the ith cluster or class. "2 represents
the normalized variance. The normalised variance is used
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Figure 3. Random Sampling and Stratified Sampling
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Figure 4. K-Bagging Framework

to calculate the number of sample selections, thereby lim-
iting the abnormal amplification effect of variance caused
by sample scarcity. To optimise data utilisation, the study
uses the Bagging integration framework to construct di-
versity training subsets through multiple rounds of cluster
sampling. Each subset is combined with a few class sam-
ples to form a balanced training set. It also trains M base
classifiers and fuses the prediction results through a vot-
ing mechanism. The decision output of the final classifier
is shown in Equation (3).

DL ¢
Q(x) =sign( g;(x)) 3)

j=1

In Equation (3), Q(X) denotes the final integrated classifier
output result. gj(X) denotes the prediction result of the jth
base classifier for X. sign( ) is the sign function. We pro-
pose a K-means enhanced Bagging method (K-Bagging).
The framework is shown in Figure 4.

In Figure 4, K-Bagging randomly divides the origi-
nal dataset into training and testing sets in the ratio of
8:2, keeping the distribution of classes consistent. Subse-
quently, K-means clustering is performed on the majority
class samples to obtain K clusters. Samples are drawn
from each cluster using a putative back sampling strategy
to generate M majority class subsets. Each subset is com-
bined with the minority class samples to form a balanced
training set for training M base classifiers. Finally, the

test set is predicted and output by voting integration.

2.2 Fault Identification Model Based on Im-
proved KNN Algorithm

The degree of data dispersion, as reflected by the intra-
cluster variance, determines the number of samples that
need to be extracted. Clusters that are more dispersed
with larger variance require more samples, while dense
clusters with smaller variance require fewer. Kernel prin-
cipal component analysis (KPCA), as a classical nonlin-
ear feature extraction method, preserves global structural
features by maximising the data variance. Kernel locality
preserving projection (KLPP) preserves the local structure
of the data by constructing sample nearest neighbour re-
lationships [18]. Combining the advantages of KPCA and
KLPP, the study proposes a global and local structure-
preserving algorithm (GLSP). The objective function (OF)
of this algorithm integrates global and local structure infor-
mation. After introducing the kernel function, the KLPP
OF is shown in Equation (4).

J( )=min T 4)

In Equation (4), Ji( ) denotes the loss function for the lo-
cal preservation objective in KLPP. denotes the vector of
projection coefficients of the sample in the kernel space. L°
is not a graph Laplace matrix. The KLPP method disre-



gards global characteristics while attempting to maintain
the data's nearest-neighbour structure in high-dimensional
space. Because the local OF does not explicitly incorpo-
rate the global attributes of the samples, it relies solely on
local neighbourhood relationships to estimate the global
structure. This results in a bias in the global features af-
ter dimensionality reduction. The global structure OF is
shown in Equation (5).

Jg()=max TC (5)

In Equation (5), J4() denotes the global structure pre-
serving loss function in GLSP. C denotes the global covari-
ance matrix in kernel space. KPCA achieves global feature
extraction by maximising the data variance. However, it
ignores local structural features, which may lead to the
loss of important geometric information in low-dimensional
representations. Therefore, the joint optimisation of local
and global structure preservation objectives is investigated
to construct a new OF that also preserves the local neigh-
bourhood relationship. The OF is de ned as shown in
Equation (6).

JO=max ( "(C L9) (6)

In Equation (6), C L 9is the combined matrix of global

and local information. Faults such as breakdown and lo-
cal discharge may occur in the operation of high voltage
cables. Accurate identi cation of fault types is crucial for

power system security. Therefore, the study adopts the
KNN algorithm as the core classier for fault diagnosis
and identi cation. The KNN decision process is shown in
Figure 5 [19].

Figure 5. KNN Decision Process

In Figure 5, KNN rst calculates the distance between
the sample to be tested and the known sample, and se-
lects the nearest k neighbours. Then, the category of the
sample to be tested is judged according to the categories
of these nearest neighbours. If the k nearest neighbours
belong to the same category, they are directly categorised.
Otherwise, the nal category is determined according to
speci ¢ rules. However, the traditional KNN algorithm is
based on the Euclidean distance measure of sample simi-
larity for categorisation. Although simple and e cient, it

is prone to classi cation ambiguity and error when dealing
with edge data. To address the computational intensity
and sensitivity to category imbalance of the algorithm,
the KNN distance metric is adopted for boundary sam-
ples, while the Euclidean distance is calculated for most
samples. Meanwhile, the data weighting mechanism is in-
troduced to optimise the classi cation e ect. The conr-
mation of boundary samples is shown in Equation (7).

D: D,

5 ™

In Equation (7), D ; and D, denote the Euclidean distance
of the sample to be tested from other samples, respectively.
" is the boundary threshold used to determine whether the
distance di erence after projecting fault features belongs
to a distinguishable interval. First, the threshold is se-
lected based on the feature projection results of the vali-
dation set samples. Then, the distribution di erences be-
tween intra-class and inter-class distances are calculated.
The intersection point of these two distributions is then
used as an initial candidate threshold. Additionally, grid
search is used to optimise the threshold within a preset
range to further enhance the discriminative ability. The
nal threshold maximises the interval between the min-
imum inter-class distance and the maximum intraspecies
distance, thereby improving the robustness of fault bound-
ary discrimination. In addition, the KNN algorithm has
the disadvantage of high computational complexity. To
optimise the e ciency, the study rst identi es the edge
data samples. Then, only the t nearest neighbours of these
edge points are calculated. The study introduces category
weight factors to consider both distance and category prior
probability, thereby improving the ability to identify mi-
nority class faults. The calculation of sample point weights
is shown in equation (8).

( _

w(Di) = 5=

- p 1=n¢ (8)

c~= T o=
o1 1=n;

In Equation (8), w denotes the weight, . denotes the cat-
egory weight coe cient of the c-th clasqgsample, n. denotes
the number of c-th class samples, and jC:1 % is the nor-
malization factor for the reciprocal of the number of all
categories. Next, a distance weighting strategy is used,
where the weights of the nearest neighbour points are in-
versely proportional to their distance to the point to be
measured. The OF to be satis ed is shown in Equation
(9).

Xk

F = argmax
i=1

w(Di) 9)

In Equation (9), F represents the nal classi cation re-
sult. Aiming at the problems of high dimensionality of HV
cable fault data, many redundant features, and complex
structural distribution, the study proposes a fault recog-
nition framework that integrates K-Bagging and an im-
proved KNN classi cation strategy (KB-IKNN). The pro-
cess is shown in Figure 6.



Figure 6. KB-IKNN Fault Identi cation Process

In Figure 6, the original high-dimensional cable fault
signals collected are rst preprocessed and features con-
structed. A low-dimensional feature subspace with greater
discriminative power is extracted through GLSP dimen-
sionality reduction, which reduces data dimensionality and
model complexity while retaining key information. Second,
the K-means clustering algorithm is introduced in the fea-
ture space to pre-group the samples. This clustering result
is used to guide Bagging's sample sampling strategy. That
is, subset partitioning is performed based on the intra-class
structure. This can enhance the complementarity of sub-
classi ers by maintaining the sample diversity and avoid-
ing the model redundancy problem brought by traditional
random sampling. The above subsets are utilised to train
the improved KNN that introduces the sample weighting
mechanism, respectively. Finally, the nal recognition re-
sults are output by integrating the prediction results of
each subclassi er and using the weighted voting mecha-
nism. This process fully utilises the advantages of Bag-
ging in model robustness improvement, while overcoming
the limitations of KNN in high-dimensional space. This
provides an e ective solution for fault identi cation under
complex working conditions of high-voltage cables.

3. Results

3.1 Performance Test of Fault Identication
Model Based on KB-IKNN

To validate the performance of the proposed KB-IKNN
fault identi cation model for the study, the experimental
platform uses an Intel Core i9-12900K processor, 32 GB
DDR5 memory, and NVIDIA GeForce RTX 4090 GPU,
with a Windows 11 64 -it operating system. The software

environment includes Python 3.9, Scikit learn 1.3, NumPy
1.24, and Matplotlib 3.8. All experiments are conducted
in a uni ed hardware environment to ensure comparabil-
ity of performance indicators. Based on this experimental
environment, the study selected the IEEE PHM dataset.
The data originates from simulated and measured signals
of common faults, including partial discharge, insulation
breakdown, grounding short circuits, and conductor frac-
tures, in high-voltage cables. The raw data contains ap-
proximately 4800 sets of samples, with the training and
testing sets divided in an 8:2 ratio. After feature construc-
tion, each set of samples contains a 64-dimensional time-
frequency feature vector, covering indicators such as ampli-
tude, energy spectrum, envelope entropy, and phase statis-
tics. The sample distribution of each fault type is relatively
balanced: 1210 groups for partial discharge, 1175 groups
for insulation breakdown, 1215 groups for grounding short
circuit, and 1200 groups for conductor fracture. All al-
gorithms run under the same random seed and parame-
ter settings, ensuring consistency and reference value in
comparisons between di erent methods. The performance
of GLSP is compared with three dimensionality reduction
methods: principal component analysis (PCA), locality
preserving projection (LPP), and t-distributed stochastic
neighbour embedding (t-SNE). The results are shown in
Table 1.

In Table 1, GLSP has advantages in all core indicators:
Precision and Recall reach 93.5% 0.5% and 94.2%
0.5%, respectively. AUC is 96.8% 0.3%, and F1's CI95%
isonly 0.4%, showing the smallest uctuation range and
most stable generalisation performance while maintaining
high accuracy. Due to the fact that PCA only performs
global linear projection, the recall rate signi cantly de-
creases to 86.9% 0.9%, resulting in F1 and AUC being
lower than GLSP. LPP outperforms PCA overall by pre-



Table 1

Performance Comparison of Di erent Dimensionality Reduction Methods

Method Precision (%) Recall (%) AUC (%) F1 CI95% p-value vs GLSP
GLSP 935 05 94.2 0.5 96.8 0.3 93.7% 0.4% /

PCA 90.1 0.7 86.9 0.9 93.1 0.6 88.4% 0.7% <0.01

LPP 91.7 0.6 89.6 0.7 942 0.5 90.6% 0.6% <0.01

t-SNE 874 1.2 845 1.3 91.0 0.9 85.9% 1.1% < 0.001

serving local adjacency relationships, with a Precision of
91.7% 0.6%, Recall of 89.6% 0.7%, an AUC of 94.2%

0.5%, and an F1 of 90.6% 0.6%. However, it still can-
not balance global separability and local structural stabil-
ity simultaneously, and its performance and robustness lag
behind those of GLSP. Although t-SNE excels in visuali-
sation, it performs the worst overall in classi cation tasks.
Its precision and recall are only 87.4% 1.2% and 84.5%
1.3%, respectively. This is accompanied by the largest vari-
ance, indicating insu cient probability prediction and gen-
eralisation stability. The t-test results with GLSP con rm
that the di erences between the three comparison meth-
ods are statistically signi cant (PCA/LP: p<0.01; t-SNE:
p<0.001), indicating that the advantage of GLSP is not co-
incidental. Overall, GLSP achieves synchronous improve-
ments in precision and recall for identifying high-voltage
cable faults. It also demonstrates more reliable engineering
availability with a narrower con dence interval.

The KB-IKNN model is tested against the fault identi -
cation methods of a multi-layer neural network with multi-
valued neurons (MLMVN) [20] and total least squares esti-
mation of signal parameters via rotational invariance tech-
nigue (TLS-ESPRIT) [21]. The loss functions of the dif-
ferent methods on the dataset are shown in Figure 7.

Figure 7. Di erent Methods of Loss Function Variation

Figures 7(a) and 7(b) show the comparison of the loss
values with the number of iterations for the three meth-
ods on the training and test sets, respectively. The over-
all trend shows that all three methods show a decreasing
trend in the loss values during the iterations. However, the
ultimate performance and convergence speed vary signif-
icantly. In Figure 7(a), KB-IKNN converges signi cantly
faster than TLS-ESPRIT and MLMVN, and the loss value
decreases rapidly at the 100th iteration. Whereas TLS-
ESPRIT starts to decline rapidly only after the 150th it-
eration, MLMVN declines more slowly overall, with the
convergence tail remaining at 2.5. KB-IKNN has a loss
value of 0.8 at the end of the iteration, which is better
than TLS-ESPRIT and MLMVN. In Figure 7(b), KB-

IKNN shows the same advantage in generalisation perfor-
mance. The three methods uctuate within the rst 150
iterations. However, KB-IKNN still maintains the min-
imum loss value and nally converges to 1.7. Whereas
TLS-ESPRIT is 2.3 and MLMVN is stabilised at 3.7. It
indicates that KB-IKNN is not only fast in training, but
also has a better tting ability and robustness on unseen
data. Figure 8 displays the recognition accuracy outcomes
of several techniques.

Figure 8. Recognition Accuracy Results of Di erent Meth-
ods

Figure 8(a) and Figure 8(b) show the trend of classi ca-
tion accuracy with the number of iterations for the three
algorithms on the training and test sets, respectively. In
Figure 8(a), KB-IKNN improves rapidly in the early iter-
ations. Its accuracy is close to 90% at 50 iterations and
eventually stabilises at 98.4% after the 200th, showing a
very high tting ability. In contrast, the accuracy of TLS-
ESPRIT grows faster at the beginning, but stays at 81.8%
after stabilisation. The MLMVN, on the other hand, con-
verges even more slowly and ends up with an accuracy
of only 77.5% on the training set. This indicates its rela-
tively weak learning ability. In Figure 8(b), KB-IKNN also
shows excellent generalisation performance. Its accuracy
is basically stabilised at 97.6% after the 150th iteration
with almost no signi cant oscillation. It indicates that the
model's prediction ability on unseen samples is very strong.
The accuracy of TLS-ESPRIT on the test set is 84.1%,
which is slightly lower than its performance on the train-
ing set but still stable. MLMVN's accuracy on the test set
is stable at 78.6%, with some tendency of over tting. To
verify the statistical reliability of performance di erences,
multiple independent experiments (N=10) are conducted
on the classi cation indicators of each model, and a two-
tailed t-test is used to compare the di erences between
KB-IKNN and the comparison method. The study takes
the precision rate, recall rate, F1 value, and running time
of classi cation as indicators. Table 2 displays the test
results.



Table 2

Multiple Indicator Test Results

Data set Algorithm Precision/% | Recall/% | F1/CI95% | Running time/s | p-value (vs KB-IKNN)
MLMVN 75.3 74.1 74.7 0.7 12.6 < 0.001
Training set TLS-ESPRIT 84.7 86.2 85.4 0.5 18.3 <0.01
KB-IKNN 95.1 96.4 95.1 0.3 20.9 /
MLMVN 72.8 71.2 72.0 0.9 13.1 < 0.001
Test set TLS-ESPRIT 82.3 80.9 81.6 0.6 18.7 <0.01
KB-IKNN 93.5 94.2 93.7 04 21.4 /

In Table 2, there are signi cant di erences in the perfor-
mance of the three algorithms on the training and testing
sets, especially in key classi cation indicators such as ac-
curacy, recall, and F1 score. KB-IKNN performs the best.
On the training set, KB-IKNN achieved an accuracy of
95.1% and a recall of 96.4%. The 95% con dence interval
of the F1 score was narrow, at 95.7% 0.3%. This indi-
cates that the model has a strong discriminative ability and
stable convergence performance for training samples. On
the test set, KB-IKNN still maintains the strongest gener-
alisation performance, with an F1 value of 93.7% 0.4%,
signi cantly better than TLS-ESPRIT and MLMVN. The
di erences between the two and KB-IKNN are signi cantly
veried by a two-tailed t-test (p<0.01), indicating that
its performance improvement under unknown conditions
is statistically reliable. Especially, the accuracy and recall
of KB-IKNN maintain a good balance, with 93.5% and
94.2%, respectively. On the one hand, it can e ectively
reduce the rate of false alarms and prevent unnecessary
economic losses caused by erroneous shutdowns or the false
triggering of maintenance. On the other hand, it can lower
the probability of missing serious faults and reduce safety
risks caused by insulation breakdown or short-circuit trip-
ping. Therefore, the signi cant advantage of the F1 value
re ects the comprehensive guarantee ability of this method
for safety and economy in power system protection scenar-
ios. In summary, KB-IKNN strikes a better balance be-
tween recognition accuracy, prediction credibility, and op-
erational e ciency. This balance aligns more closely with
the comprehensive requirements of \high security, high re-
liability, and deployability" for power grid operation and
maintenance.

3.2 E ect of KB-IKNN-Based Fault Type Recog-
nition Application

To verify the practical application value of the KB-IKNN
model in the task of identifying fault types in high-voltage
cables, the study is based on the cable simulation test
platform of an electric power research to conduct exper-
imental comparison tests. The platform simulates typical
faults under actual working conditions, including partial
discharges, insulation breakdowns, grounded short circuits,
and conductor breaks by building 220 kV high-voltage AC
cable experimental lines. To facilitate a comparative anal-
ysis of the distribution ability of di erent models in the
feature space, the t-distributed stochastic neighbour em-
bedding (t-SNE) algorithm is used to visualise the low-

dimensional feature space output by the three methods.
Among them, the dimensionality reduction target dimen-
sion of t-SNE is set to 2, the perplexity is set to 30, the
learning rate is 200, and the maximum iteration step is
1000 to ensure the stability and interpretability of the
projection results. The study introduces the boundary
class separation ratio (BCSR). The BCSR is a quantitative
indicator of interpretability. It can objectively evaluate
the separation e ect of each fault category in the decision
space. The larger the BCSR value, the more obvious the
inter-class separation and the more reliable the predicted
boundary. The fault signal classi cation test results of the
three methods are shown in Figure 9.

Figure 9. Fault Signal Classi cation Test Results

Figure 9(a) and Figure 9(b) show the visualised distribu-
tions of the results of dimensionality reduction processing
and clustering distributions of the three methods in dif-
ferent fault identi cations, respectively. In Figure 9(a),
the feature distributions of the MLMVN method after di-
mensionality reduction have obvious category overlap, es-
pecially the insulation breakdown and conductor breakage
are less distinguished. In Figure 9(b), the TLS-ESPRIT
method shows a better clustering e ect. Although the
clustering e ect of some categories is enhanced, there is
still overlap between the partial discharge and grounded
short circuit categories. It indicates that there is still inter-
class interference after its dimensionality reduction. In
Figure 9(c), the KB-IKNN method has the most superior
results. The four classes of fault samples are compactly dis-
tributed with clear boundaries and almost no cross-region,
and the clustering structure is obviously better than other
methods. It shows that the proposed KB-IKNN model
has stronger expressive ability and robustness in feature
extraction and classi cation discrimination. The method
can e ectively maintain the structural information of high-
dimensional fault data and realise e cient fault type recog-
nition. In addition, the BCSR of MLMVN, TLS-ESPRIT,



Table 3

Mean Con dence Per Class With Standard Deviation

Fault type Method Mean con dence Std con dence
MLMVN 0.553 0.170
Partial discharge TLS-ESPRIT 0.590 0.164
KB-IKNN 0.596 0.161
MLMVN 0.542 0.173
Insulation breakdown TLS-ESPRIT 0.556 0.162
KB-IKNN 0.617 0.166
MLMVN 0.552 0.178
Short circuit to ground TLS-ESPRIT 0.542 0.173
KB-IKNN 0.625 0.171
MLMVN 0.571 0.175
Conductor fracture TLS-ESPRIT 0.584 0.181
KB-IKNN 0.595 0.168

and KB-IKNN are 0.62, 0.74, and 0.91, respectively. The
high value of KB-IKNN suggests that it possesses superior
discriminative boundaries and a reduced risk of aliasing
in low-dimensional decision spaces. Based on the visuali-
sation results, it is evident that KB-IKNN maintains the
structural information of the original high-dimensional fea-
tures more e ectively and achieves greater con dence in
fault di erentiation. To further quantify the reliability of
the model's prediction results, a statistical evaluation is
conducted on the rst con dence level of each fault cate-
gory using di erent classi cation methods. Table 3 sum-
marises the average con dence and standard deviation val-
ues of the test set prediction results. These values re ect
the certainty of the model's decisions and the stability of
the con dence distribution under various fault scenarios.

As shown in Table 3, KB-IKNN has a higher average
con dence level than MLMVN and TLS-ESPRIT for all
four types of faults. The most signi cant improvement is
observed for insulation breakdown and ground short circuit
faults, with average con dence levels of 0.617 and 0.625,
respectively. This indicates that the proposed method can
still maintain strong decision certainty in high identi ca-
tion di culty fault scenarios. Meanwhile, the di erence
in the standard deviation of con dence among the three
methods is relatively small. This indicates that improv-
ing KB-IKNN con dence does not lead to increased insta-
bility and that its prediction process is controllable un-
der di erent fault categories. As shown in Figure 9, KB-
IKNN has better feature discrimination ability, a more re-
liable interclass separation structure, and a more accurate
output of prediction probabilities. These features signi -
cantly enhance the interpretability and applicability of the
model in practical engineering applications. Further, long
short-term memory gated recurrent unit (LSTM-GRU)
[22] and 1-dimensional convolutional neural network (1D-
CNN) [23] are introduced, and comparative testing is con-
ducted. Four fault diagnosis models are compared and
tested using mean squared error (MSE), root mean squared
error (RMSE), and mean absolute error (MAE) as indica-
tors. Table 4 displays the test results.

Table 4 includes the mean standard deviation error in-
dex of 10 independent experiments to systematically eval-

uate the stability of the model under dierent types of
fault diagnosis. For example, taking partial discharge into
account, the MSE and MAE of KB-IKNN are 0.008
0.001 and 0.059 0.002, respectively. These values are
reduced by approximately 42.9% and 29.8%, respectively,
compared to those of TLS-ESPRIT. Compared with 1D-
CNN and LSTM-GRU, its MAE also decreases by about
36.6% and 38.5%, respectively. In insulation breakdown
faults, the MSE and MAE of KB-IKNN are 0.009 0.001
and 0.067 0.002, respectively, which are lower than the
0.095 and 0.097 of 1D-CNN and LSTM-GRU. Compared
with MLMVN, the error is reduced by more than 40%, in-
dicating that its identi cation of high-risk faults is more
stable and accurate. In the ground short circuit scenario,
the RMSE and MAE of KB-IKNN are 0.116 0.002 and
0.074 0.002, respectively. These values are approxi-
mately 22.1% and 24.5% lower than the respective MAE
values of 0.095 and 0.098 for 1D-CNN and LSTM-GRU.
This indicates that it has a more stable discriminative abil-
ity on the confusing boundary of \partial discharge ground
short circuit". In the extreme fault scenario of conductor
fracture, KB-IKNN performs equally well in terms of er-
ror, with MSE, RMSE, and MAE of 0.007 0.001, 0.084
0.002, and 0.054 0.001, respectively. This is bene cial for
accurately isolating the fault point, shortening the repair
time, and reducing the scope of power outages. Overall,
the standard deviation of KB-IKNN across all indicators is
maintained between 0.001 and 0.002. This range is gener-
ally lower than the 0.002 to 0.005 range observed for TLS-
ESPRIT, 1D-CNN, and LSTM-GRU. This re ects not only
its better repeatability, but also that the method has more
controllable output performance under multiple random
disturbances and in di erent operating states. KB-IKNN
has the lowest error and standard deviation and achieves
full coverage and stable diagnosis of everything from mi-
nor hidden dangers to serious fault scenarios. This makes
it more in line with the practical needs of power systems,
which require high safety, reliability, and a fast response.
The computational overheads of the di erent methods in
the identi cation work for the four fault types are shown
in Figure 10.

Figure 10(a) and Figure 10(b) show the average memory
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