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ABSTRACT

Surface tracking resistance and long-term reliability are critical performance parameters for polymeric insulation 
materials used in high-voltage electrical applications. In this study, the tracking behavior of epoxy/aluminum 
oxide (Al2O3) nanocomposites was experimentally, statistically, and data-driven investigated under high electrical 
stress conditions. Epoxy composites containing 0, 1, 3, and 5 wt.% Al2O3 nanoparticles were fabricated and 
tested according to the International Electrotechnical Commission(IEC) 60112 standard at applied voltage 
levels of 400 V, 500 V, and 600 V, with repeated experiments conducted to ensure statistical consistency. The 
results demonstrated that Al2O3 incorporation significantly influences tracking resistance in a concentration- 
and voltage-dependent manner, where the composite containing 1 wt.% Al2O3 exhibited the highest tracking 
resistance at moderate voltage levels (400–500 V), achieving higher drop-to-failure values (defined as the number 
of contaminant droplets required to cause sustained surface tracking for more than 2 seconds or material burn-
through, in accordance with IEC 60112) than pure epoxy. However, increasing the filler content beyond 1 wt.% led 
to a reduction in tracking lifetime, particularly under high electrical stress, which was associated with increased 
surface erosion and localized degradation. The degradation behavior at 600 V was further analyzed using two-
parameter Weibull statistics, revealing a decrease in characteristic life with increasing Al2O3 content, while the 1 
wt.% Al2O3 composite exhibited the highest Weibull shape parameter, indicating a stable and predictable wear-
out dominated failure mechanism. In addition, machine learning models were developed to predict tracking 
lifetime with high accuracy (R2 > 98%), and feature importance analysis identified erosion-related mass loss, filler 
content, and applied voltage as the dominant parameters governing tracking degradation. Overall, the strong 
agreement between experimental results, Weibull reliability analysis, and machine learning predictions provides 
a combined experimental and data-driven framework for evaluating and optimizing epoxy-based insulation 
materials for high-voltage applications.
Index Terms—Al2O3 nanoparticles, epoxy nanocomposites, IEC 60112, machine learning prediction, surface 
tracking resistance, Weibull reliability analysis

I. INTRODUCTION

High-voltage insulation systems used in power cables, generators, switchgears, and dry-type 
transformers require materials that simultaneously exhibit high dielectric strength, mechanical 
robustness, and long-term reliability under severe electrical and environmental stresses [1, 2]. 
Among polymeric insulating materials, epoxy resins are widely employed due to their excellent 
mechanical strength, chemical resistance, and processability. However, their intrinsic brittleness 
and limited resistance to surface tracking and erosion under high electrical stress restrict their 
long-term performance in demanding applications [1].

To overcome these limitations, polymer nanocomposites reinforced with inorganic fillers have 
attracted significant attention in recent years. The incorporation of nanoscale fillers such as alu-
minum oxide (Al2O3), silica, boron nitride, and graphene has been shown to substantially improve 
dielectric strength, thermal conductivity, and resistance to electrical degradation mechanisms 
[3–5]. In particular, Al2O3 nanoparticles are of special interest due to their high thermal stability, 
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electrical insulation capability, and strong interfacial interaction with 
epoxy matrices, which together contribute to enhanced breakdown 
strength and improved surface insulation performance [1, 3].

Nevertheless, the performance enhancement achieved by nanofill-
ers is highly dependent on the quality of particle dispersion and 
the suppression of agglomeration within the polymer matrix. Poor 
dispersion leads to localized electric field enhancement, premature 
breakdown, and accelerated surface degradation [6, 7]. Several 
studies have demonstrated that appropriate dispersion strate-
gies and surface modifications are essential for achieving reliable 
and reproducible improvements in high-voltage insulation per-
formance [3, 8]. Similarly, it has been reported that additive incor-
poration significantly alters electrical transport characteristics and 
dielectric behavior in polymer matrices, thereby influencing electric 
field distribution and degradation pathways, which directly affect 
surface discharge stability and carbonization behavior under high 
electrical stress [9].

Surface tracking and erosion are among the most critical degrada-
tion mechanisms limiting the service life of polymeric insulators 
under contaminated and high-electric-field conditions. These pro-
cesses involve the progressive formation of conductive carbonized 
paths on the material surface, eventually leading to insulation fail-
ure [1, 4]. Recent experimental investigations, including nanoscale 
conductivity mapping, have revealed that tracking degradation is 
strongly correlated with microstructural inhomogeneities and filler 
distribution quality within the composite [10, 11].

In addition to microstructural inhomogeneity effects, the electrical 
conductivity of the contaminant medium plays a decisive role in 
degradation kinetics. Karhan et  al. (2017) demonstrated that solu-
tion conductivity significantly influences the growth rate and mor-
phology of water trees in distribution cable insulation [12]. This 
finding is directly relevant to IEC 60112 surface tracking tests, where 
a standardized conductive solution is used to simulate contamina-
tion conditions. The relationship between electrolyte conductiv-
ity and degradation progression provides mechanistic insight into 
charge transport intensification and localized field amplification dur-
ing surface tracking. Since both water treeing and surface tracking 
are governed by localized electric-field enhancement and electro-
lyte-assisted degradation mechanisms, the conductivity-dependent 
behavior reported in cable insulation systems provides valuable 
insight for understanding IEC 60112 tracking phenomena.

Furthermore, recent research emphasizes the importance of quan-
titative feature extraction and data-driven degradation analysis in 
polymer insulation systems. Karhan et al. (2021) proposed a feature-
extraction-based methodology for analyzing vented-type water 
tree images, demonstrating how image-derived descriptors can be 
systematically linked to degradation severity [13]. Such approaches 
highlight the growing importance of integrating experimental 
degradation testing with statistical and computational modeling 
techniques, aligning closely with reliability-based evaluation and 
machine learning-supported lifetime prediction frameworks. This 
transition from qualitative degradation observation to quantitative 
feature-based analysis forms the conceptual basis for integrating 
statistical reliability modeling with machine learning prediction in 
the present study.

Beyond classical experimental characterization, modern reliability-
oriented approaches increasingly rely on statistical and data-driven 

modeling techniques to quantify failure probabilities and predict 
long-term performance. Among these, Weibull statistical analysis 
has become a standard and powerful tool for modeling dielectric 
breakdown and lifetime behavior in polymeric insulation systems [5, 
8]. The Weibull shape and scale parameters provide valuable insight 
into the dominant failure mechanisms and allow quantitative com-
parison of material reliability under different stress conditions. Such 
statistical descriptions, however, do not fully capture complex non-
linear parameter interactions, motivating the integration of machine 
learning techniques.

In parallel, machine learning (ML) methods have recently emerged as 
highly effective tools for capturing nonlinear relationships between 
processing parameters, microstructural features, and functional 
performance of composite materials. Studies have demonstrated 
that ML-based models, particularly when combined with optimized 
regression and response surface methodologies, can successfully 
predict tribological, thermal, and electrical performance metrics of 
polymer composites with high accuracy [14–17]. These approaches 
offer a powerful framework for identifying optimal filler contents, 
understanding complex interaction effects, and accelerating the 
design of high-performance insulating materials.

Despite the extensive literature on epoxy-based nanocomposites, 
there remains a clear need for integrated studies that combine stan-
dardized tracking tests, rigorous reliability statistics, and machine 
learning-based predictive modeling within a single coherent frame-
work. Moreover, many existing studies focus primarily on breakdown 
strength, while surface tracking resistance and lifetime reliability 
under sustained electrical stress remain comparatively less explored, 
particularly for Al2O3-filled epoxy systems.

Therefore, the present study aims to provide a detailed and data-
driven evaluation of aluminum oxide reinforced epoxy nano-
composites subjected to high electrical stress. The materials are 
experimentally investigated using IEC 60112 tracking tests at differ-
ent voltage levels, and the degradation behavior is statistically ana-
lyzed using Weibull distribution functions. Furthermore, machine 
learning models are developed to predict the tracking lifetime and 
to quantify the relative importance of key parameters such as filler 
content and applied voltage. By integrating experimental observa-
tions, reliability statistics, and artificial intelligence-based modeling, 
this work establishes a robust framework for the design and optimi-
zation of next-generation epoxy-based insulation materials for high-
voltage applications.

II. MATERIALS AND METHODS

A. Preparation of Test Samples
The Al2O3 nanoparticles used as reinforcement in this study were 
characterized according to the supplier’s datasheet. The nanopar-
ticles possess a purity of 99.5+%, an average particle size of 18 nm, 
hydrophilic surface characteristics, near-spherical morphology, a 
specific surface area of 140 m2/g, a specific heat capacity of 890 J/
kg·K, and a true density of 3900 kg/m3. Trace element concentrations 
were reported as Ca < 25 ppm, Fe < 80 ppm, Cr < 4 ppm, Na < 70 
ppm, Mn < 3 ppm, and Co < 2 ppm. No additional surface function-
alization was applied.

The epoxy resin used in this study was prepared by mixing it with a 
hardener at a ratio of 1:1.6. To investigate the effect of nano-fillers 
on the tracking resistance performance, Al2O3 nanoparticles were 
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added to the epoxy matrix at weight ratios of 1%, 3%, and 5%, while 
pure epoxy (0% Al2O3) was used as the reference material.

The mixtures were homogenized using a mechanical stirrer oper-
ating at 3000 rpm for 5 minutes to ensure uniform nanoparticle 
dispersion within the epoxy matrix. Following mechanical mixing, 
entrapped air bubbles were removed using a vibration-assisted 
degassing method. The mixture was placed on a vibration platform 
operating at 15 Hz and maintained until visible air bubble release 
was completed.

The degassed mixtures were subsequently poured into silicone 
molds prepared using a master template to ensure dimensional con-
sistency. The specimens were cured at room temperature (23 ± 2°C) 
for 24–30 hours under laboratory ambient conditions. No additional 
thermal post-curing treatment was applied in this study.

The overall preparation workflow, including mixing, degassing, cast-
ing, and curing stages, is schematically illustrated in Fig. 1.

The prepared mixtures were cast into molds with dimensions of 5 
cm × 5 cm and a thickness of 5 mm. According to the IEC 60112 stan-
dard, the minimum required sample thickness is 3 mm, and the flat 
test surface area must be at least 2 cm × 2 cm, which was satisfied 
by all specimens.

B. Conditioning Protocol
Dry specimens were conditioned for 24 hours under labora-
tory ambient conditions (23 ± 2°C and 50 ± 2% relative humidity) 
without water immersion prior to testing. Day-1 specimens were 
immersed in deionized water for 24 hours, and day-2 specimens 
were immersed for 48 hours to simulate short-term moisture aging. 
After immersion, the specimen surfaces were gently dried with 
absorbent paper and immediately subjected to IEC 60112 tracking 
tests.

C. Test Apparatus
To determine the insulation resistance and comparative tracking 
performance of the epoxy/Al2O3 composites, tracking tests were 
carried out in accordance with the IEC 60112 standard. The primary 
objective of this test is to evaluate the formation of conductive paths 
and surface degradation under electrical stress and contamination.

The experimental setup consists of two 99% pure platinum elec-
trodes positioned at an angle of 60° with respect to the horizon-
tal plane and placed 4 ± 0.2 mm apart, as illustrated in Fig. 2. The 

electrodes have a thickness of 2 mm and a width of 5 mm and are 
arranged to apply a contact force of 1.00 ± 0.05 N onto the surface 
of the test sample.

The contaminant solution was prepared by dissolving 0.1% NH4Cl by 
weight in deionized water. The solution temperature was monitored 
and maintained at 23°C throughout the experiments. During the 
test, the solution was applied to the sample surface from a height 
of 35 mm at a rate of one drop every 30 seconds, with a total of 50 
drops. The total mass of the 50 drops was adjusted to 1.1 g to comply 
with the standard requirements.

The Al2O3/epoxy composite samples were tested under three different 
voltage levels: 400 V, 500 V, and 600 V. For each material group and each 
voltage level, 15 repeated experiments were conducted to ensure sta-
tistical reliability. The number of drops required to cause continuous 
tracking or severe surface erosion was recorded as the failure criterion 
and used as the electrical lifetime indicator of the material.

D. Weibull Reliability Analysis
To statistically characterize the degradation and failure behavior of 
the materials, a two-parameter Weibull distribution was employed. 
The cumulative failure probability function is given by:

F t exp
t
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where α is the scale parameter (characteristic life), representing the 
time or number of drops at which 63.2% of specimens are expected 
to fail, and β is the shape parameter indicating the dominant failure 
mechanism.

The reliability function R(t) represents the probability that a speci-
men survives beyond time (or beyond a given number of con-
taminant drops) without failure. Therefore, while F(t) quantifies 
cumulative failure probability, R(t) describes the survival behavior of 
the material under electrical stress.

The Weibull parameters were estimated using the maximum likeli-
hood estimation method based on the experimental drop-to-failure 

Fig. 1.  Schematic illustration of the epoxy/Al2O3 composite sample preparation process.
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data, particularly focusing on the high-stress condition of 600 V. The 
scale parameter α was used to compare the relative electrical life-
time performance of different filler concentrations, while the shape 
parameter β was used to interpret failure behavior, where β < 1 indi-
cates early failures, β ≈ 1–3 represents mixed degradation, and β > 3 
corresponds to wear-out controlled deterministic failure.

E. Machine Learning–Based Lifetime Prediction
In addition to statistical reliability analysis, a machine learning–
based data-driven approach was employed to predict the track-
ing lifetime of epoxy/Al2O3 nanocomposites. The input parameters 
included Al2O3 filler ratio, applied voltage level, and erosion-related 
mass loss, while the output variable was defined as the number of 
drops to failure. Model performance was evaluated using the coef-
ficient of determination (R2), mean absolute error (MAE), and mean 
squared error (MSE).

The experimental dataset consisted of N = 180 samples, structured 
across four filler concentrations, three applied voltage levels, and 15 
repetitions per condition to ensure statistical robustness. To evalu-
ate model generalization capability and prevent overfitting, a 5-Fold 
Cross-Validation strategy was implemented. Three state-of-the-art 
tree-based regression algorithms—Gradient Boosting, Random 
Forest, and XGBoost—were comparatively analyzed. Prior to model 
training, feature scaling was applied using StandardScaler normaliza-
tion to equalize the influence of variables with different magnitudes.

To further improve prediction accuracy, a multivariate learning strat-
egy was adopted by incorporating multiple physical and electrical 
parameters into the feature set, enabling a more realistic representa-
tion of degradation behavior.

III. RESULTS

A. Surface Tracking Performance Under Different Voltage Levels
The surface tracking resistance of pure epoxy and Al2O3-filled epoxy 
composites was evaluated at 400 V, 500 V, and 600 V according to 
the IEC 60112 standard. The mean number of drops to failure and 
corresponding standard deviations for all material groups are sum-
marized in Table I.

The results clearly indicate that the epoxy composite containing 1 
wt.% Al2O3 exhibits the highest tracking resistance at 400 V and 500 

V, achieving a maximum mean drop count of 34.73, which is signifi-
cantly higher than that of pure epoxy. In contrast, composites with 3 
wt.% and 5 wt.% Al2O3 show a systematic reduction in tracking life-
time at all voltage levels. At 600 V, all Al2O3-filled composites exhibit 
lower drop-to-failure values compared to pure epoxy, indicating a 
strong voltage-dependent degradation behavior.

B. Visual Evaluation of Surface Degradation
Representative surface degradation images obtained from IEC 
60112 tracking tests for dry, day-1, and day-2 conditioned samples 
are presented in Figs. 3–5, respectively.

Visual inspection reveals that pure epoxy and 1 wt.% Al2O3 compos-
ites exhibit relatively uniform erosion paths with delayed carbon 
track formation, whereas 3 wt.% and 5 wt.% Al2O3 samples show an 
earlier onset of localized carbonization and deeper erosion channels, 
particularly under high electrical stress. Additionally, surface dam-
age severity increases with conditioning time, indicating the acceler-
ating effect of moisture on surface tracking behavior.

C. Weibull Reliability Analysis
The tracking lifetime data obtained at 600 V were statistically ana-
lyzed using a two-parameter Weibull distribution. The calculated 
Weibull scale (α) and shape (β) parameters are summarized in 
Table II.

The characteristic life parameter α decreases with increasing Al2O3 
concentration, indicating reduced electrical lifetime under high elec-
tric stress. Notably, the 1 wt.% Al2O3 composite exhibits the highest 
shape parameter (β = 43.77), reflecting a highly stable and predict-
able wear-out dominated degradation mechanism. This trend is 
reflected in the reliability curves presented in Fig. 6, which show the 
variation of failure probability as a function of the number of drops 
for different Al2O3 concentrations at 600 V.

Fig. 2.  Electrode arrangement used in the IEC 60112 tracking test 
setup.

TABLE I.  MEAN DROP-TO-FAILURE VALUES AND STANDARD DEVIATIONS OF 
EPOXY/AL2O3 COMPOSITES OBTAINED FROM IEC 60112 TRACKING TESTS 
UNDER DIFFERENT VOLTAGE LEVELS

Al2O3 Content (%) Voltage (V) Mean Drops Std. Dev.

0 400 28.80 1.01

0 500 23.40 0.91

0 600 21.60 1.18

1 400 34.73 0.88

1 500 25.47 0.52

1 600 17.53 0.52

3 400 22.73 1.16

3 500 16.67 0.82

3 600 13.27 0.46

5 400 17.60 0.74

5 500 15.47 0.83

5 600 11.93 0.80

Al2O3, aluminum oxide.
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The Weibull reliability function obtained from the analysis is pre-
sented in Fig. 6.

D. Machine Learning–Based Lifetime Prediction
Machine learning models were employed to analyze the influence of 
material composition and electrical stress on erosion-related degra-
dation behavior and tracking lifetime. The predictive performance of 
the developed models is quantitatively summarized in Table III, dem-
onstrating that both the standard and multivariate machine learning 
models achieve R2 values exceeding 98%.

Based on the performance metrics presented in Table III, Random 
Forest and XGBoost demonstrated superior modeling capabili-
ties, yielding highly comparable and robust results. While XGBoost 
achieved the lowest MAE at 0.7514, indicating high precision in indi-
vidual predictions, Random Forest provided the highest R2 (97.98%) 
and the lowest MSE (0.8204). Since MSE is more sensitive to large devi-
ations, this suggests that Random Forest exhibits greater resilience 
against outliers. Although the Gradient Boosting model showed 
slightly lower performance—approximately 2–3% below the other 
two algorithms—its R2 value of 95.72% confirms that it remains a reli-
able predictive model within this experimental framework.

The relationship between applied voltage and erosion-induced mass 
loss is illustrated in Fig. 7 (mass loss vs applied voltage). As shown 
in this figure, erosion-related mass loss increases with applied volt-
age and varies systematically with Al2O3 ratio, confirming that higher 
electrical stress accelerates physical material degradation.

Further insight into the governing degradation parameters is pro-
vided by the feature importance analyses shown in Figs. 8 and 9. As 
illustrated in Fig. 9, erosion-related mass loss (Diff) exhibits the high-
est importance score, followed by Al2O3 ratio and applied voltage. 
This clearly indicates that material lifetime is primarily governed by 
physical erosion severity, while electrical stress and filler concentra-
tion act as secondary but strongly coupled parameters.

The methodology employed in this study utilizes a comparative analy-
sis of tree-based regression algorithms—Gradient Boosting, Random 
Forest, and XGBoost—to model complex, non-linear relationships within 
the dataset. To mitigate bias arising from variables with different magni-
tudes (such as voltage versus filler ratios), StandardScaler was applied 
to normalize the features. The reliability and generalization capacity of 
these models were rigorously tested using 5-fold cross-validation, ensur-
ing that performance metrics are consistent across different subsets of 

Fig. 3.  Surface tracking patterns of dry-conditioned epoxy/Al2O3 samples after IEC 60112 tracking tests.

Fig. 4.  Surface degradation morphology of epoxy/Al2O3 samples after 1-day environmental conditioning.

Fig. 5.  Progressive carbonized path formation on epoxy/Al2O3 samples after 2-day environmental conditioning.
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the data. Finally, Feature Importance analysis was conducted for each 
model to mathematically quantify the impact of parameters like voltage, 
filler ratio, and weight loss on erosion prediction, thereby identifying the 
most critical factors influencing material degradation.

The feature importance analysis indicates that erosion-related mass 
loss exhibits the highest importance score, followed by Al2O3 ratio 
and applied voltage, demonstrating the relative contribution of each 
parameter to tracking lifetime prediction.

IV. DISCUSSION

The IEC 60112 tracking test results demonstrate that the influence 
of Al2O3 nanoparticle incorporation into epoxy resin is strongly 
dependent on both filler concentration and applied voltage. As 

TABLE II.  WEIBULL SHAPE (Β) AND SCALE (Α) PARAMETERS FOR EPOXY/
AL2O3 COMPOSITES AT 600 V

Material α (Characteristic Life) β (Shape Parameter)

0% Al2O3 22.17 18.72

1% Al2O3 17.77 43.77

3% Al2O3 13.50 28.17

5% Al2O3 12.30 17.11

Al2O3, aluminum oxide.

Fig. 6.  Reliability function R(t) at 600 V (Erosion) for epoxy/Al2O3 
composites.

TABLE III.  PERFORMANCE METRICS OF MACHINE LEARNING LIFETIME 
PREDICTION MODELS

Model Type R2 (%) MAE (Drops) MSE

Gradient boosting 95.72 1.0734 1.7487

Random forest 97.98 0.7544 0.8204

XGBoost 97.96 0.7514 0.8261

MAE, mean absolute error; MSE, mean squared error.

Fig. 7.  Relationship between erosion-induced mass loss and 
applied voltage for epoxy/Al2O3 composites.

Fig. 8.  Comparative feature importance analysis for material erosion predicted by gradient boosting, random forest, and XGBoost models.
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summarized in Table I, the addition of 1 wt.% Al2O3 significantly 
enhanced surface tracking resistance at 400 V and 500 V, yielding 
higher drop-to-failure values than pure epoxy. This improvement 
is attributed to effective nanoparticle dispersion within the epoxy 
matrix, which enhances interfacial polarization and suppresses sur-
face charge mobility, thereby delaying the initiation of conductive 
carbonized paths.

When the filler content exceeded 1 wt.%, a clear deterioration in 
tracking resistance was observed at all voltage levels. The reduced 
performance of the 3 wt.% and 5 wt.% Al2O3 composites are primar-
ily associated with nanoparticle agglomeration and the resulting 
microstructural inhomogeneities. These agglomerates act as local-
ized electric field intensifiers, accelerating thermal degradation, 
erosion, and carbon track formation [19]. This behavior aligns with 
previous reports on epoxy-based nanocomposites, where excessive 
filler loading led to premature electrical failure due to localized field 
enhancement effects [18].

The voltage-dependent nature of the degradation mechanism 
becomes particularly evident at 600 V. At this high electrical stress 
level, even the 1 wt.% Al2O3 composite exhibited a lower characteris-
tic lifetime than pure epoxy. This indicates that the beneficial effects 
of nanoparticle reinforcement are limited to a specific voltage win-
dow. Under severe electric fields, the permittivity mismatch between 
the epoxy matrix and Al2O3 nanoparticles intensifies interfacial 
electric stresses, promoting partial discharge activity and acceler-
ating surface tracking. Consequently, the stabilization mechanism 
observed at lower voltages transitions into a degradation-domi-
nated process at higher voltages.

The Weibull reliability analysis presented in Table II provides quan-
titative insight into the degradation behavior. The characteristic life 
parameter (α) decreases with increasing Al2O3 content at 600 V, con-
firming the experimentally observed reduction in electrical lifetime. 
More importantly, the shape parameter (β) reveals distinct differ-
ences in failure stability. The exceptionally high β value obtained for 
the 1 wt.% Al2O3 composite indicates a highly consistent and pre-
dictable end-of-life–driven failure mechanism with minimal statisti-
cal dispersion. In contrast, lower β values for pure epoxy and higher 
filler contents suggest increased variability in failure behavior, likely 
arising from microstructural defects and non-uniform degradation 
initiation.

The surface degradation morphologies shown in Figs. 3–5 strongly 
support the statistical findings. Composites exhibiting lower β val-
ues displayed irregular and branched carbon tracks with deeper 
localized erosion, whereas the 1 wt.% Al2O3 composite showed 
smoother erosion paths and delayed formation of continuous con-
ductive channels. Additionally, the progressive increase in damage 
severity from dry to day-2 conditioned samples highlights the critical 
role of moisture in accelerating surface tracking through enhanced 
ionic conduction and thermal stress accumulation.

The machine learning results further reinforce these conclusions. 
The high prediction accuracy of both the standard and multivariate 
models (R2 > 98%, Table III) confirms that surface tracking degrada-
tion in epoxy/Al2O3 composites is governed by deterministic param-
eter interactions rather than random stochastic processes. However, 
this high accuracy should be interpreted within the context of the 
controlled experimental design and the relatively limited feature 
space considered in this study. Thus, the models demonstrate strong 
internal validity rather than universal generalization. The consis-
tency of performance metrics across 5-fold cross-validation further 
supports the robustness and generalization capability of the pro-
posed machine learning framework. The inclusion of erosion-related 
mass loss in the multivariate model improved prediction accuracy, 
indicating a strong nonlinear coupling between physical material 
degradation and electrical lifetime.

Overall, the strong agreement between experimental observations, 
Weibull reliability analysis, and machine learning predictions con-
firms the robustness of the proposed evaluation framework. The 
results demonstrate that Al2O3 nanoparticles enhance epoxy insu-
lation performance only within an optimal concentration and volt-
age range, beyond which filler-induced electric field intensification 
becomes the dominant degradation mechanism.

V. CONCLUSION AND FUTURE WORK

This study presented a systematic investigation of the surface track-
ing behavior of epoxy/Al2O3 nanocomposites subjected to high elec-
trical stress by integrating IEC 60112 tracking experiments, Weibull 
reliability analysis, and machine learning-based lifetime prediction. 
The proposed multi-level evaluation framework enabled simultane-
ous characterization of degradation mechanisms and insulation reli-
ability as functions of filler concentration and applied voltage.

Fig. 9.  Comparative feature importance distribution for tracking lifetime prediction using gradient boosting, random forest, and XGBoost 
models.
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The experimental findings demonstrated that the addition of Al2O3 
nanoparticles strongly affects tracking resistance in a concentration-
dependent and voltage-dependent manner. At moderate electrical 
stress levels (400 V and 500 V), the composite containing 1 wt.% 
Al2O3 exhibited the highest resistance to tracking failure, providing 
significantly higher drop-to-failure values compared to neat epoxy. 
This improvement can be attributed to improved nanoparticle dis-
persion, enhanced interfacial polarization, and suppression of sur-
face charge mobility, which collectively delay dry-band arcing and 
carbonized path formation. In contrast, increasing the filler content 
beyond 1 wt.% resulted in a systematic deterioration of tracking per-
formance at all voltage levels, primarily due to nanoparticle agglom-
eration and local electric-field intensification around agglomerates.

Under severe electrical stress (600 V), all filled composites showed 
lower characteristic lifetimes than pure epoxy, indicating that the 
reinforcement effect of nanoparticles is limited to a specific electrical 
stress window. Weibull reliability analysis confirmed this trend, reveal-
ing a progressive decrease in characteristic life (α) with increasing filler 
concentration. However, the 1 wt.% Al2O3 composite exhibited the 
highest Weibull shape parameter (β = 43.77), corresponding to a wear-
out-dominated failure mode with very low dispersion in lifetime val-
ues. Although its characteristic life decreased under 600 V compared 
to lower voltage levels, the exceptionally high β value implies a highly 
repeatable and predictable degradation process rather than random 
failure. This enhanced predictability can be considered a design advan-
tage in reliability-centered insulation systems, where controlled wear-
out behavior is often preferable to stochastic breakdown.

The machine learning models achieved very high predictive accu-
racy (R2 > 98%), demonstrating that the tracking degradation pro-
cess in epoxy/Al2O3 nanocomposites follows a consistent relationship 
between material parameters, electrical stress, and lifetime response. 
The strong agreement between experimental measurements, Weibull 
reliability statistics, and data-driven modeling confirms the valid-
ity and robustness of the proposed hybrid evaluation methodology. 
Therefore, the degradation behavior of the material cannot be consid-
ered purely stochastic; instead, it can be reliably characterized using 
physically meaningful descriptors and predictive modeling.
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