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Abstract: Underground 15-kV XLPE cable networks are critical to
distribution reliability yet degrade through aging, partial discharge (PD),
and corrosion, motivating data-driven condition assessment beyond
periodic manual inspection. This study addresses the need for scalable and
explainable models on real utility inspection records by developing an
interpretable multi-model stacking ensemble to classify categorical visual
condition states. Using 2,500 asset-level cable records from Western
Canada, four standardized predictors (Age, Partial Discharge,
Neutral Corrosion, Loading) were analyzed and modeled with Logistic
Regression, Gradient Boosting, Random Forest, and a stacking ensemble
with a Random Forest meta-learner. The stacking ensemble achieved the
best overall performance, with accuracy 95.80%, precision 95.79%, recall
95.80%, and F1-score 95.72%, while feature-importance and SHAP-based
explanations consistently identified Age and PD as dominant degradation
drivers. Future work should validate transferability across multiple
utilities, incorporate temporal PD/loading trajectories, quantify
uncertainty and drift for deployment, and integrate model outputs into
EAM/GIS workflows for operational decision support.
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1 INTRODUCTION

The reliable operation of urban power distribution networks is fundamentally dependent on the
health and resilience of their underlying infrastructure [1], particularly underground cross-
linked polyethylene (XLPE) cable systems. As cities expand and energy demands intensify, the
integrity of these buried assets becomes increasingly critical for ensuring uninterrupted power
delivery, public safety, and economic stability. XLPE cables [2], widely adopted for their
superior insulation and longevity, are nonetheless susceptible to deterioration due to
environmental factors, electrical stresses, and aging. Traditional inspection [3] and maintenance
approaches, often reliant on periodic manual assessments, are resource-intensive and may fail
to capture the nuanced, evolving risks [4] inherent in large-scale cable networks [5]. This
context underscores the need for advanced, data-driven methodologies [6][7] that can provide
timely, accurate, and actionable insights into infrastructure condition, thereby enabling smarter
asset management [8][9] and risk mitigation strategies [10][11][12].

Recent advances in machine learning (ML) [13] have opened new avenues for infrastructure
condition assessment, offering the potential to extract meaningful patterns from complex, high-
dimensional datasets [ 14] that characterize cable health [15]. The application of ML techniques
to power asset management [16] is particularly promising, as it enables the integration of
diverse condition attributes [17]—such as partial discharge, neutral corrosion, and visual
inspection results—into predictive models that can forecast degradation and prioritize
interventions [18]. However, the heterogeneity of real-world data and computational models
[19][20][21][22] and the multifaceted nature of cable aging processes present analytical
challenges. Addressing these requires not only robust feature engineering [23][24] and model
selection but also the adoption of ensemble learning frameworks that can leverage the strengths
of multiple algorithms to enhance predictive accuracy and reliability [25].

In this study, we address the challenge of assessing underground power cable infrastructure
through advanced machine learning methodologies [26][27] applied to utility-maintained
inspection records spanning multiple decades. The analytical framework [28][29] leverages
normalized [30][31] diagnostic indicators, including partial discharge signatures, corrosion
progression metrics, visual condition assessments, and operational loading profiles, which
collectively capture the complex interplay of physical [32][33][34][35], electrical, and
environmental degradation mechanisms affecting cable longevity. These multidimensional
condition attributes provide a robust foundation for developing predictive models that can
quantify infrastructure health trajectories. The primary objective is to establish and validate a
multi-model ensemble framework [36] that integrates classical machine-learning algorithms—
including logistic regression [37], gradient-boosting methods [38], and random-forest
classifiers [39][40]—to advance condition-based asset management practices for critical
underground distribution networks [41].

In summary, this work proposes a new approach, machine learning-based methodology for
the condition assessment of underground XLPE cable networks, emphasizing the use of multi-
model ensembles to address the inherent complexity and uncertainty of infrastructure health
data. The approach is designed to advance the state of the art in predictive maintenance and
asset management for power utilities, offering both methodological innovation and practical
relevance. The subsequent sections of this article will detail the related literature,
methodological framework, empirical results, discussion of findings, and recommendations for
future research and industry application.
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2  RELATED WORKS

The advancement of cable diagnostics and condition assessment [42] has been propelled by the
integration of artificial intelligence, advanced sensing, and novel analytical techniques. Recent
research has focused on enhancing the accuracy, speed, and reliability of detecting and
classifying faults and degradations in power cables, particularly those insulated with cross-
linked polyethylene (XLPE). These studies collectively demonstrate a shift towards data-driven
and non-destructive methodologies, leveraging both simulated and experimental datasets to
validate new approaches. The comparative analysis of these works reveals the breadth of
strategies, from neural network-based diagnostics to evolved gas analysis and hybrid feature
extraction, each contributing unique strengths to the field of cable monitoring [43] and
predictive maintenance.

A notable comparison can be drawn between the works of Boukezzi and Boubakeur (2013)
and Huo et al. (2020), both of which utilize neural networks for cable diagnostics but differ in
their methodologies and datasets. Boukezzi and Boubakeur employed supervised and
unsupervised neural networks, including Radial Basis Function (RBF) networks trained by
Back-Propagation and Random Optimization Method (ROM), to predict the mechanical
properties of XLPE cable insulation under thermal aging. Their experimental dataset comprised
320 samples aged at various temperatures and durations, with the ROM-trained RBF achieving
maximum relative errors of 14.8% for elongation and 5.1% for tensile strength [44]. In contrast,
Huo et al. generated large synthetic datasets simulating water-tree degradation in medium-
voltage XLPE cables, using feed-forward neural networks (FFNNs) to sequentially detect,
classify, and locate degradations. Their models were trained on tens of thousands of samples,
achieving competitive accuracy relative to prior work, and required no manual feature
extraction. While Boukezzi & Boubakeur’s approach was validated on real experimental data
with accuracy, Huo et al.’s method demonstrated scalability and automation potential using
only end-to-end channel data, highlighting the evolution from laboratory-based to fully
automated diagnostics [45].

Comparing the reviews by Kumar et al. (2024) and Li et al. (2023) illustrates the diversity of
diagnostic techniques and the increasing role of artificial intelligence in cable health
monitoring. Kumar et al. provided an extensive survey of partial discharge (PD) classification
in medium-voltage cables, emphasizing feature extraction across time, frequency, and wavelet
domains, and the application of Al-based classifiers such as support vector machines and deep
learning. Their review reported classification accuracies up to 99.82% for convolutional neural
networks and 97% PD signal separation using cross wavelet transform, underscoring the
effectiveness of Al in PD diagnostics [46]. Li et al., on the other hand, focused on condition
monitoring and defect inspection for composited cable terminals, analyzing both online and
offline diagnostic methods, including partial discharge, UHF, ultrasonic, and terahertz
techniques. They highlighted a PD-based defect classification accuracy of 96% and successful
terahertz detection of air-gap defects in XLPE samples. While both reviews underscore the
importance of non-destructive and Al-driven approaches, Kumar et al. stress the superiority of
deep learning for PD classification, whereas Li et al. advocate for multi-source information
fusion and digital twin technologies as future directions [47].

Highlighting the application of advanced feature extraction and non-electrical diagnostics,
the works of Said et al. (2022) and Kong et al. (2023) offer contrasting approaches to fault
classification. Said et al. developed a deep learning-based method for fault classification and
location in 11kV underground cable facilities, utilizing a simulated dataset of 9405 samples
generated via ATP/EMTP. Their methodology combined Fractional Discrete Cosine Transform
(FrDCT) and Singular Value Decomposition (SVD) for feature extraction, Binary Support
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Vector Machine (BSVM) for detection, and a 1D Convolutional Neural Network (1D-CNN)
for classification and location, achieving 99.6% classification accuracy and a maximum
location error of 0.095% [48]. Kong et al. introduced a novel condition assessment technique
for high-voltage corrugated aluminum sheathed XLPE cables based on evolved gas analysis
(EGA), using thermogravimetric and mass spectrometric analyses to characterize gases
generated during faults. Their experimental dataset included pyrolysis and discharge-induced
degradation results, with field validation on 220 kV cables. Notably, high-energy discharges
produced large amounts of CO2 and other chemicals, with electrochemical corrosion yielding
H2 concentrations over 20,000 ppm. While Said et al. demonstrated the power of deep learning
and hybrid feature extraction for real-time diagnostics, Kong et al. provided a sensitive, non-
destructive alternative through gas analysis, expanding the toolkit for comprehensive cable
health assessment [49].

In summary, the reviewed literature demonstrates a trend towards integrating artificial
intelligence [50], advanced sensing [51], and multi-modal data analysis for cable diagnostics
and condition assessment [52]. The comparative analyses reveal that while neural networks and
deep learning approaches [53] offer high accuracy and scalability, non-destructive techniques
such as evolved gas analysis and terahertz imaging provide complementary benefits,
particularly for early fault detection and real-time monitoring. The diversity of datasets—from
controlled laboratory experiments to large-scale synthetic simulations and field validations—
ensures that these methodologies are robust and adaptable to a wide range of cable types and
operational environments. Collectively, these works underscore the necessity of hybrid,
noise-tolerant, and automated solutions for the future of reliable and efficient power cable
diagnostics. However, despite growing adoption of ensemble learning in related power-asset
diagnostics, comparatively fewer studies have applied multi-model stacking ensembles to
highly imbalanced, tabular, asset-level field-inspection records for underground cable condition
classification. This study addresses that underexplored setting by combining logistic regression,
gradient boosting, and random forest learners within a stacking framework to predict the visual
condition of 15-kV XLPE cable segments.

3 METHODOLOGY

The proposed multi-model ensemble framework commenced with systematic data acquisition
from a utility-maintained repository comprising 2,500 underground 15-kV XLPE cable [54]
segments asset inspection across Western Canada between 2003 and 2018. Raw inspection
records captured five critical condition parameters: chronological age (years), normalized
partial discharge indices, neutral corrosion severity, peak loading profiles, and categorical
visual condition assessments. Following initial data ingestion, preprocessing protocols
addressed data integrity through missing value imputation, outlier detection [55] via
interquartile range analysis, and temporal consistency verification across multi-year inspection
cycles. Statistical profiling established baseline distributions for each predictor variable by
removing duplicate records to ensure dataset uniqueness. This preparatory phase provides a
suitable basis for model development and training.

Feature engineering commenced with comprehensive exploratory data analysis employing
Pearson correlation matrices [56] to quantify linear dependencies among condition indicators,
as depicted in the Data Preparation Phase flowchart in Figure 1. Correlation coefficients
revealed strong positive associations between age-partial discharge, age-neutral corrosion, and
partial discharge-neutral corrosion, confirming their synergistic contribution to cable
degradation mechanisms, while loading exhibited weak correlations with other parameters. Z-
score normalization [57] was applied using StandardScaler according to Eq.1:
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Where each feature X is standardized by subtracting the mean p and dividing by the standard
deviation o, ensuring equivalent scaling across disparate measurement units and preventing
dominance by high-magnitude features during gradient-based optimization. The dataset
includes a pre-computed health index (HI) composite metric (ranging from 1 = critical to 5 =
excellent), which synthesizes age, partial discharge (PD), and neutral corrosion (NC) into a
unified degradation indicator for operational reference; while the primary modeling target is
the categorical visual condition, HI serves as a valuable auxiliary feature and visualization aid.
Stratified train-test partitioning (80:20 ratio, stratified by the target class) with LabelEncoder
transformation of categorical targets completed the data preparation phase.
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Figure 1. Stacking Ensemble Architecture for Infrastructure Assessment.
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The Model Training Phase implemented three heterogeneous base learners to capture diverse
degradation patterns, as illustrated in the flowchart's optimization loop. Logistic Regression
served as a linear probabilistic classifier, Gradient Boosting (from scikit-learn) applied additive
tree expansion with gradient descent optimization, and Random Forest classification employed
the Gini impurity [58] criterion in Eq.2 at each decision node t, measuring classification purity
across C condition classes with probabilities p_i.

Cc
Gini(t) =1 — Z p? (2)

L

It constructed 1000 decision trees through bootstrap aggregation to minimize variance and
enhance generalization. Each base model used default or fixed hyperparameters
(n_estimators=1000 for tree-based models), with performance evaluated via five-fold cross-
validation during stacking to prevent overfitting.

The Ensemble Integration Phase synthesized the optimized base learners through a stacking
architecture, as delineated in the flowchart's outer validation loop. Meta-predictions [59] were
generated via Eq.3:

Vmeta = fmeta(fl(x)r f2 (X)' f3(X))' (3)

Where a Random Forest meta-learner aggregated probability distributions from the three base
models (f 1 = Logistic Regression, f 2 = Gradient Boosting, f 3 = Random Forest), learning
complementary strengths while mitigating individual weaknesses. Five-fold cross-validation
during meta-learner training prevented information leakage. Ensemble performance was
validated using classification accuracy, confusion matrices, precision-recall-F1 scores, and
feature importance rankings across layers, with results compared against individual baselines.

Visualization and interpretability were integral to the methodology. Correlation matrices [60]
and 3D feature visualizations [61] elucidated relationships among condition attributes and key
degradation drivers. Feature importance plots were generated for each model, while SHAP
(SHapley Additive exPlanations) values provided global and local explanations of predictions.
For the stacking ensemble, permutation importance and meta-model behavior were analyzed to
quantify contributions, ensuring transparency essential for trust in critical infrastructure
applications and informed maintenance decisions.

Figure 2 presents boxplot distributions of five key features in the cable health assessment
framework: Age, Partial Discharge, Neutral Corrosion, Loading, and Health Index. These
visualizations reveal central tendencies, interquartile ranges, and outlier patterns, informing
feature variability and the need for scaling. Age shows a median of 32 years with a wide spread
(15-52 years), while Partial Discharge and Neutral Corrosion exhibit right-skewed
distributions, reflecting progressive degradation in older cables. Loading displays a symmetric
distribution centered around a median of 366 amperes, indicating operational consistency. The
Health Index is concentrated between 2 and 4 (median = 3), confirming balanced representation
across condition states and supporting robust classification. Health Index (HI) is included only
for visualization and descriptive analysis and is not used as a predictor in the classification
models.
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Figure 2. Boxplots of cable features for model input selection.

Table 3-1 provides comprehensive statistical summaries quantifying distributional
characteristics of model input features. Cable age ranges from 15 to 52 years, with a mean of
32.21 years and a standard deviation of 12.55, reflecting diverse asset vintages. Partial
Discharge spans normalized values 0.05-1.0 (mean=0.38, 6=0.31), while Neutral Corrosion
exhibits higher severity (mean=0.72, 6=0.18) with a minimum of 0.43. Loading demonstrates
variability (60-650 amperes, 6c=169.85), and Health Index encompasses the full spectrum from
critical (1) to excellent (5) with a mean of 3.14, validating balanced representation of
degradation conditions for supervised classification tasks.

Table 3-1. Summary statistics of cable features.

Feature Min 25% Median 75% Max Mean Std Dev
Age 15 20 32 43 52 32.21 12.55
Partial Discharge 0.05 0.1 0.29 0.62 1 0.38 0.31
Neutral Corrosion 0.43 0.55 0.73 0.88 1 0.72 0.18
Loading 60 214.75 366 511 650 361.66 169.85
Health Index 1 2 3 4 5 3.14 1.31

Figure 3 illustrates a pairplot of the four key numerical features—Age, Partial Discharge,
Neutral Corrosion, and Loading—colored according to Health Index categories. The
visualization highlights marginal distributions, bivariate relationships, and clustering
tendencies that support exploratory data analysis. Strong nonlinear associations among Age,
Partial Discharge, and Neutral Corrosion are visible, while Loading exhibits weaker interaction
with the other indicators. These patterns provide insight into degradation behavior and inform
subsequent modeling decisions within the machine-learning-based condition assessment
framework.
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Figure 3. Pairplot of cable features colored by health index.

The Bray—Curtis PCoA plot in Figure 4 displays separation among Good, Medium, and Poor
condition cables due to systematic shifts in their underlying degradation indicators into two
dimensions that explain a high proportion of variance. Good cables cluster toward one region
because they exhibit consistently low partial discharge and corrosion values, while Poor cables
group distinctly as these indicators increase with aging. Medium cables occupy the transitional
space between these extremes, reflecting moderate degradation. This pattern arises because the
Bray—Curtis metric emphasizes compositional dissimilarity, causing condition groups with
similar degradation profiles to cluster together.
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Figure 4. Bray—Curtis PCoA of cable condition groups.

Figure 5, presents a correlation heatmap illustrating the interdependencies among cable
condition indicators. High positive correlations are observed between Age, Partial Discharge,
and Neutral Corrosion because these elements are physically coupled, synergistically driving
the progressive deterioration of XLPE insulation and metallic shields. Consequently, they align
with the overall Health Index. In contrast, Loading exhibits minimal correlation with the other
parameters, as the electrical current demand fluctuates independently based on operational
network requirements rather than the underlying physical aging of the cable infrastructure.
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Figure 5. Pearson correlation matrix of cable condition features.
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Figure 6 presents histograms of the key features (Age, Partial Discharge, Neutral Corrosion,
Loading, and Health Index), with logarithmic y-scale applied to Age and Partial Discharge to
better visualize skewed distributions. These plots summarize central tendencies, variability,
skewness, and outliers, supporting robust exploratory analysis, feature selection, and ensuring
that machine learning models are trained on well-characterized and representative data
attributes.
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Figure 6. Distribution, central tendency, variability, and presence of outliers for each attribute.

The 3D scatter plot in Figure 7 visualizes the relationship between Age, Partial Discharge, and
Neutral Corrosion, with points colored by visual condition (Good: green, Medium: yellow,
Poor: pink). The distinct linear structure highlights the intercorrelations among these features,
revealing a degradation pathway: as cables age and exhibit higher partial discharge and neutral
corrosion, their condition deteriorates progressively from 'Good' to 'Poor'. This visualization
serves as a key step in exploratory data analysis, aiding feature understanding and model
interpretability.

3D Cable Health Analysis

e Good
5> Medium

Figure 7. 3D relationships among cable age, discharge, and corrosion.
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Kernel density estimation in Figure 8 visualizes the conditional age distributions across visual
condition classes (Good, Medium, Poor), revealing class-specific patterns essential for
understanding model discrimination capability. Good-condition cables show sharp, high-
density peaks concentrated below 20 years. Medium-condition cables exhibit broader
distributions with moderate density extending into mid-life ranges. Poor-condition cables
display flatter, more extended densities across older ages (primarily 30-52 years), confirming
age as a primary discriminative feature that supports effective multi-class classification in the
ensemble framework.
Conditional Age Density Across Condition Classes
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Figure 8. Conditional Age Density Across Condition Classes.

In summary, the methodology presented here fills a gap in the current literature and practice by
operationalizing a multi-model stacking ensemble machine learning framework for
infrastructure condition assessment, specifically tailored to underground cable networks.
Unlike many prior studies that may relied on single-model approaches, laboratory-generated or
simulated datasets, or limited interpretability, this work leverages a real-world, asset-level
dataset, interpretable tree-based and linear models to deliver both predictive performance and
actionable insights. The integration of base learners, stacking ensemble learning, and SHAP-
based interpretability directly addresses the needs identified in the literature for scalable,
explainable, and practical solutions in infrastructure management.

4 RESULTS

Following the methodology outlined, this section presents empirical results for the multi-model
stacking ensemble applied to 2,500 15-kV XLPE cable records. The section begins with
exploratory data analysis, then reports feature importance and classification performance across
models, and concludes with SHAP-based interpretability to highlight key degradation drivers
and ensemble effectiveness. These analyses collectively set the stage for evaluating the
comparative behavior of the individual models and the stacking ensemble under consistent
testing conditions.

Building on this foundation, the performance comparison in Figure 9 highlights how each
classifier responds to the underlying structure of the dataset. This chart compares four classifiers
using accuracy, precision, recall, and F1-score on the same test split. The stacking ensemble
achieves the highest overall performance (=95.8% accuracy), slightly outperforming logistic
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regression, gradient boosting, and random forest (=<95.0-95.4%). The small gaps indicate that
the feature space already separates classes well, while stacking reduces residual errors by
combining complementary decision boundaries from linear and tree-based learners. The close
alignment among precision, recall, and F1 suggests balanced behavior rather than a tradeoff
that boosts one metric at the expense of another—important for consistent condition screening.

Model Comparison: Accuracy, Precision, Recall, and F1-Score

1.00

0.98 1

95.80% 95.79% 95.80% 95.72%

0.96 A 95.40% 95:49% 95.40% 95.39% 95.29%
95.20% 95- 95.20% 95.24% 95.00% 95.01% 95.00% 95.00%

0.88 1 Accuracy
Precision
Recall

0.86 1 F1-Score

Logistic Regression Gradient Boosting Random Forest
Models

Stacking Ensemble

Figure 9. Model performance comparison across evaluation metrics.

Table 4-1. details precision, recall, F1-score, and support for each class across all models. The
stacking ensemble achieves the highest overall accuracy (0.96) and weighted F1 (0.96), with
excellent Poor-class performance (F1 = 0.98, recall = 1.00), minimizing false negatives for
critical conditions. Good-class metrics remain strong (F1 = 0.94), while Medium-class recall is
slightly lower (0.85), reflecting the challenge of the minority class. Base models show
consistently high Poor-class precision/recall (>0.98), but stacking improves Medium-class
balance. These results stem from the ensemble's ability to combine tree-based robustness with
linear model stability, effectively handling class imbalance and feature redundancy present in
the inspection data.

Table 4-1. Class-wise precision, recall, and F1 by model

Model Class Precision Recall SlcT(:l-‘e Support Accuracy Macro Avg F1 “:‘l,glgid

]ﬁggitsfion Good 088 097 092 95 0.95 0.93 0.95
Medium  0.92 0.86  0.89 110
Poor 0.99 098  0.99 295

Gradient Boosting Good 0.93 0.93 0.93 95 0.95 0.93 0.95
Medium  0.88 0.91 0.89 110
Poor 0.99 098 098 295

Random Forest Good 0.92 0.94 0.93 95 0.95 0.93 0.95
Medium  0.89 0.88  0.89 110
Poor 0.98 098 098 295

Stacking Ensemble Good 0.92 0.96 0.94 95 0.96 0.94 0.96
Medium  0.95 0.85 0.90 110
Poor 0.97 1.00 0.98 295
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The four-panel importance in Figure 10 shows how different learning paradigms prioritize
predictors. Logistic regression allocates weight across multiple inputs, reflecting linear
separation, while gradient boosting concentrates importance heavily on the strongest monotonic
driver (Age), consistent with sequential tree splitting that exploits dominant gradients. Random
forest distributes importance between Age and Partial Discharge, with more contribution from
Neutral Corrosion and Loading, reflecting bagging and split diversity. The stacking importance
(permutation-based) emphasizes Age and Partial Discharge most strongly, indicating that
ensemble gains arise from jointly leveraging these drivers while reducing sensitivity to weaker,
noisier predictors such as Loading. Cross-model agreement increases confidence that the
learned relationships are stable rather than algorithm-specific artifacts.

Logistic Regression Feature Importance

Age

Partial Discharge

Neutral Corrosion

Loading

0.0

0.1 0.2 0.3 0.4
Importance

Random Forest Feature Importance

Age

Partial Discharge

Neutral Corrosion

Loading

Age

Partial Discharge

Loading

Neutral Corrosion

0.0

Age

Partial Discharge

Neutral Corrosion

Loading

Gradient Boosting Feature Importance

0.1 0.2 0.3 0.4 0.5
Importance

Stacking Feature Importance

0.0 01 02 03 04 05
Importance

Figure 10. Feature importance bars for each individual model.
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Importance
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This Figure 11 and Table 4-2 aggregates feature importance into a consensus ranking, reducing
dependence on any single algorithm’s bias. Age and Partial Discharge dominate the average
importance values (0.472 and 0.357), followed by Neutral Corrosion (0.140) and Loading
(0.031).

Average Feature Importance Across All Models

Partial Discharge 0.357

Neutral Corrosion

Loading

0.0 0.1 0.2 0.3 0.4
Average Normalized Importance

Figure 11. Average normalized importance across all models.
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The result is consistent with the dataset’s physical interpretation: aging and partial discharge
are tightly linked to insulation degradation, corrosion adds secondary information on metallic
shield/neutral condition, and loading varies operationally without consistently indicating
deterioration in a snapshot. By summarizing across models, the plot supports robust feature
prioritization for utilities and provides an interpretable justification for why the ensemble’s
decision logic aligns with domain expectations.

Table 4-2. Feature importance ranking from ensemble models

Feature Importance
Age 0.472
Partial Discharge 0.357
Neutral Corrosion 0.140
Loading 0.031

The mean absolute SHAP plot in Figure 12 summarizes how strongly each input contributes to
model output magnitude, broken down by class. Two features clearly have the largest average
impacts across Good, Medium, and Poor, while the remaining features contribute much less.
This pattern matches the feature-importance rankings where Age and Partial Discharge
dominate predictive power, indicating that global explanations are consistent with model-level
importance measures. The class-colored stacking also shows that the same dominant predictors
influence multiple classes rather than being class-specific. Such alignment strengthens trust:
the model’s decisions are driven by stable degradation indicators rather than unstable, low-
signal variables, improving interpretability.

Mean |SHAP| Values - All Classes

Feature 1
I Poor
Feature 3 . = Medium
I Good
0.0 0.1 0.2 0.3 0.4 0.5

mean(|SHAP value|) (average impact on model output magnitude)

Figure 12. Global SHAP importance across condition classes.

The three beeswarm panels in Figure 13 show how feature values shift predictions within each
class by displaying SHAP value distributions. Wide horizontal spreads indicate features that
drive greater changes in predicted probability, while color gradients reveal whether high values
push predictions toward or away from the class. The Good panel generally shows the opposite
sign pattern compared with the Poor panel for the most influential features, reflecting the
monotonic deterioration pathway: higher degradation indicators reduce Good likelihood and
increase Poor likelihood. Medium exhibits mixed effects, consistent with its transitional nature
and overlap with adjacent classes. These plots explain why Medium recall is lower in Table 4-1:
many observations sit near the decision boundary, where small feature changes can flip the
class.
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Figure 13. SHAP beeswarm plots for each visual condition class.

The dependence plots in Figure 15 highlight nonlinear response patterns for the Poor class. For
the most influential predictors, SHAP values change sharply over a narrow feature range and
then saturate, indicating threshold-like behavior where crossing a degradation level rapidly
increases Poor probability. Neutral Corrosion shows a weaker, more scattered relationship,
suggesting partial redundancy with the primary predictors. Loading exhibits near-flat SHAP
trends with scattered points, consistent with low information content and higher noise relative
to degradation variables. Interaction coloring suggests that operational factors may modulate
effects slightly but do not dominate classification. These shapes help explain strong Poor recall
in Table 4-1: once key predictors pass a threshold, the model becomes highly confident, reducing
misclassification of severely degraded segments. Poor condition is typically the most
critical/high-risk outcome in maintenance prioritization, so it gets the interpretability focus.
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Figure 14. Nonlinear feature thresholds shaping prioritization classification.

The force plot in Figure 15 decomposes an individual prediction into additive feature
contributions relative to a baseline expectation. Features pushing the output toward a higher
Poor probability appear as strong directional contributions, while counteracting features pull in
the opposite direction. The visualization shows that the prediction is primarily driven by the
same dominant degradation indicators highlighted by global importance, with smaller
adjustments from secondary variables. This consistency between local and global explanations
supports interpretability: the model does not rely on unusual, case-specific quirks to classify
Poor segments. Instead, it follows stable decision logic grounded in degradation signatures.
Such instance-level explanations are useful operationally because they justify why a particular
cable segment is flagged, supporting transparent prioritization for inspection or replacement.

higher 2 lower
base value f(x)
1.0V

05 06 07 0.8 09

Partial_Discharge = -0.36417653143541934

Loading = 0.5575395355314582 Neutral_Corrosion = -0.22309951651969967 Age = -0.17441433449614016

Figure 15. Local SHAP contributions shifting prediction probability.

The waterfall plot in Figure 16 presents the same local explanation as a cumulative additive
path from the expected value to the final prediction. Larger bars indicate features with the
greatest influence on the Poor probability for this specific sample, while smaller bars represent
marginal adjustments. The pattern typically shows the strongest contributions from the primary
degradation indicators, with minor influence from Loading—consistent with the low average
importance of loading observed in Table 4-2 and the dependence plots. This coherence across
interpretability views is important: it demonstrates that high-confidence Poor predictions arise
from strong degradation signatures rather than noise. For reporting, the waterfall is particularly
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effective because it provides an intuitive “reason chain” that can interpret without ML
specialization.

Waterfall - Poor Sample
fix)

Partial_Discharge
Neutral_Corrosion
Loading . +0.03

0.6 0.7 0.8 0.9 1.0
ETRX)]

Figure 16. Additive feature contributions from baseline to output.

The four confusion matrices in Figure 17 reveal where each model makes mistakes across
Good, Medium, and Poor conditions. Errors concentrate in adjacent-class confusions
(Good—>Medium and Medium«>Poor), reflecting the transitional nature of Medium and the
overlap in feature space. Poor is rarely misclassified as Good, indicating clear separation for
severely degraded assets. The stacking matrix shows the fewest critical misclassifications and
slightly improved diagonal dominance, aligning with its highest overall accuracy in Table 4-1.
The counts also reflect class imbalance (Poor has the largest support), so improvements in
Medium classification are especially valuable even when overall accuracy differences appear
small. This figure provides an operational view of risk: it highlights the specific boundary where
misprioritization is most likely.
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Figure 17. Confusion matrices for all models and condition classes.
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Overall, results demonstrate that the proposed stacking ensemble framework delivers high and
consistent predictive performance for three-class visual condition assessment of underground
XLPE cables. Exploratory analyses show a strong coupled degradation structure among Age,
Partial Discharge, and Neutral Corrosion, while Loading remains largely independent, a pattern
confirmed by both correlation analysis and low importance rankings. Feature-importance
results (Table 4-2) identify Age and Partial Discharge as primary drivers, with Neutral
Corrosion adding secondary discrimination and Loading contributing minimally. Classification
results (Table 4-1) show all models achieving strong performance (accuracy 0.95-0.96), with
the stacking ensemble providing the best overall accuracy and weighted F1. These findings
motivate a deeper interpretation of why the ensemble improves robustness and how the
approach generalizes to broader utility settings, as discussed next.

5 DISCUSSION

The results show that a stacking ensemble can achieve robust multi-class discrimination on
field-inspection tabular data when predictors encode physically meaningful degradation
signals: the ensemble attains 0.96 accuracy with strong class-wise performance, including Poor
F1 = 0.98, while feature importance and SHAP-style explanations consistently emphasize Age
and Partial Discharge as dominant drivers. These findings align with prior work highlighting
insulation aging and discharge activity as key diagnostics, including neural-network aging
prediction studies (e.g., Boukezzi & Boubakeur, 2013) [44] and PD classification surveys (e.g.,
Kumar et al., 2024) [46], while the strong separability of Poor-condition assets echoes simulated
fault-classification results (e.g., Said et al., 2022) [48]. Several limitations should be noted:
high collinearity among Age, Partial Discharge, and Neutral Corrosion may inflate separability;
class imbalance can mask boundary errors for Medium; results rely on a single asset-level
dataset with a 500-sample test split; and the snapshot features do not capture time-series
degradation dynamics.

6 CONCLUSION

This study addressed underground 15-kV XLPE cable condition assessment by developing a
data-driven stacking ensemble using a real-world asset-level inspection dataset. The
framework combined Logistic Regression, Gradient Boosting, and Random Forest within a
stacking architecture to predict visual condition classes, supported by exploratory analysis,
feature standardization, and interpretability tools.  Results showed consistently high
performance, with the stacking ensemble achieving the best overall accuracy and weighted F1.
Feature importance identified Age and Partial Discharge as dominant drivers, with Neutral
Corrosion secondary and Loading minimal. Limitations include class imbalance, predictor
collinearity, and the need for broader validation, but the approach provides an interpretable
basis for risk-informed maintenance prioritization.

7 RECOMMENDATION

Future work should improve generalizability by validating the stacking framework on
multi-utility, multi-region datasets and adding temporal features (e.g., PD trends, seasonal
loading) to capture degradation dynamics. Model reliability can be strengthened with
uncertainty quantification (calibrated probabilities, conformal/Bayesian ensembles) and drift
monitoring for long-term deployment. For scalability, advanced boosting libraries such as
LightGBM/CatBoost and sequence models (LSTM/Transformers) can be explored. For
practical adoption, integrate predictions and explanations into utility platforms such as IBM
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Maximo, Oracle Utilities WAM, SAP Intelligent Asset Management, and GIS via ArcGIS
Utility Network, complemented by DNV Cascade, Doble Calisto monitoring, and Sentient
Energy Ample underground analytics.
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