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To address the difficulty of uniformly characterizing the coupled evolution of partial discharge, thermal accumu-
lation, surface conduction, and environmental stress in contact boxes of 10 kV switchgear, as well as the limited
capability of conventional methods for early flashover prediction, a physics-consistent hierarchical sensor-
temporal fusion network (PC-HSTFNet) is proposed. The method integrates TEV/UHF/HFCT, ultrasonic,
infrared and point-temperature, leakage-current, temperature-humidity, and operating-condition information.
Modality-specific encoding, dynamic weighting of homogeneous sensors, reliability-biased cross-modal atten-
tion, and causal temporal modeling are combined to identify degradation stages, predict multi-horizon flashover
probabilities, and estimate the remaining safe operating time. A dataset containing 28,640 multi-sensor time
windows was constructed from 18 contact-box specimens and 72 controlled test runs. PC-HSTFNet achieved a
Macro-F1 of 0.931, an 54 recall of 0.927, and a 5-min risk AUPRC of 0.902. Its Brier score and ECE were 0.052
and 0.016, respectively, while the MAE of the remaining safe operating time was 6.8 min. Compared with the
Multimodal Transformer, Macro-F1 and AUPRC increased by 2.6 and 3.3 percentage points, respectively. Under
a representative contamination-condensation condition, the model provided an average early-warning lead
time of 18.9 min, with false-alarm and missed-alarm rates of 3.4% and 1.6%. These results demonstrate that the
proposed method can support reliable flashover warning and predictive maintenance of switchgear contact
boxes.
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1. Introduction

The 10 kV metal-clad switchgear is a key component of
distribution systems, performing power distribution, con-
trol, and protection. The contact box provides mechanical
support for the fixed contact as well as phase-to-phase
and phase-to-ground insulation, and is continuously sub-
jected to power-frequency electric fields, load-induced heat-

ing, mechanical stress, and variations in temperature and
humidity. Manufacturing defects, installation deviations,
poor contact, surface contamination, and condensation can
distort the local electric field and reduce insulation resis-
tance, thereby inducing partial discharge, increased leakage
current, local temperature rise, and surface carbonization.
In severe cases, a conductive discharge path may form and
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cause surface flashover [1].

Partial-discharge signals in switchgear are weak, non-
stationary, and highly susceptible to field noise. Although
adaptive denoising and intelligent feature extraction im-
prove signal distinguishability [2], a single sensing modal-
ity cannot fully characterize the insulation degradation of
the contact box. TEV and UHF signals are sensitive to dis-
charge pulses, ultrasonic signals exhibit strong immunity
to electromagnetic interference, and infrared temperature,
temperature-humidity, and load data reflect thermal, en-
vironmental, and operating stresses, respectively. Exist-
ing studies have improved insulation-defect recognition
through semi-supervised learning, partial-discharge im-
age fusion, and highly sensitive acoustic detection [3-5];
however, most methods still focus on current fault-type
identification and do not jointly analyze the temporal evo-
lution of multiple physical quantities.

With advances in artificial intelligence, edge computing,
and digital twins, power-equipment maintenance is shift-
ing from periodic inspection and post-fault repair toward
continuous condition monitoring and predictive mainte-
nance. Studies on digital-twin-assisted partial-discharge
analysis and virtual-physical integration in substations
have shown that the coordination of real-time sensing data,
intelligent models, and virtual equipment replicas can sup-
port condition prediction and maintenance decisions [6,
7]. Nevertheless, the flashover risk associated with the
same partial-discharge pattern can vary substantially with
humidity, contamination level, load, and insulation-aging
stage. Instantaneous discharge amplitude or discrete fault
labels alone are therefore insufficient to determine future
flashover probability and safe operating time.

Accordingly, this study integrates partial-discharge,
acoustic, thermal, environmental, and operating-condition
information to establish a multi-sensor temporal risk-
prediction method for contact boxes in 10 kV switchgear.
The method extends static fault identification to dynamic
insulation-degradation analysis and provides a basis for
flashover early warning, remaining-safe-operating-time as-
sessment, and maintenance-timing optimization, thereby
reducing unexpected outage risk and unnecessary mainte-

nance.

In addition to partial discharge, contact overheating and
local temperature rise are important indicators of abnor-
mal switchgear contact systems. Tang and Jian diagnosed
thermal faults in complex electrical equipment through
infrared-image denoising, object detection, semantic seg-
mentation, and temperature-difference analysis, demon-
strating that deep vision models can extract abnormal hot
spots and temperature-distribution features from thermal

images [8]. To address distribution mismatch among multi-
modal data under varying operating conditions, Zhang et
al. processed vibration signals and infrared images using
one-dimensional and two-dimensional convolutional net-
works, respectively, and improved cross-condition diagno-
sis through domain alignment and cross-modal consistency
learning [9]. Although these methods mainly target general
electrical or mechanical equipment, their multimodal fea-
ture extraction and cross-domain fusion strategies can be
transferred to the joint analysis of TEV, ultrasonic, infrared,

and environmental data from contact boxes.

Intelligent optimization has also been used to improve
parameter selection in power-equipment fault models. Xu
and Lu optimized a probabilistic neural network using an
improved grey wolf optimizer, reducing the likelihood of
convergence to local optima and improving the stability
of transformer fault diagnosis [10]. This study indicates
that metaheuristic algorithms can optimize key hyperpa-
rameters of classifiers or fusion models; however, its target
remained static fault categories rather than multi-sensor
temporal risk prediction.

To support synchronous monitoring and rapid analysis
of large numbers of switchgear units, Jia et al. developed
a cloud-edge collaborative partial-discharge recognition
architecture. UHF and broadband pulse-current sensors
were used to acquire discharge signals, feature extraction
and dimensionality reduction were conducted at the edge,
and a deep belief network was trained in the cloud [11].
Although this architecture improves model training and
multi-device collaborative analysis, its output is primarily
the discharge-defect category rather than future flashover
probability.

The objective of multi-sensor information fusion is to
reduce the uncertainty of individual sensors by exploit-
ing complementary observations. Lin et al. systematically
reviewed data-level, feature-level, and decision-level fu-
sion methods for equipment fault diagnosis and identified
sensor heterogeneity, time synchronization, data-quality
differences, missing modalities, and cross-condition gener-
alization as major challenges [12]. To avoid separately mod-
eling partial-discharge type and severity, Li et al. proposed
a gradient-balanced selective mixture-of-experts network
that performs phase-level fusion of acoustic-emission and
UHF PRPS data and jointly identifies discharge patterns
and severity [13]. This finding indicates that multi-sensor
fusion can characterize not only defect types but also risk
levels, providing a methodological basis for contact-box
flashover prediction.

Optical-electromagnetic fusion is an important direc-
tion in multimodal partial-discharge detection. Li et al.
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designed a combined UHF and light-guide-rod detection
device and fused optical and UHF PRPS patterns using
guided filtering, thereby exploiting the complementary
advantages of the two detection methods [14]. The effec-
tiveness of multi-sensor fusion also depends on sensor con-
dition. Cao et al. identified sensitivity degradation in GIS
UHEF sensors by cross-comparing S-parameters, showing
that sensor aging or failure can directly affect the relia-
bility of online monitoring data [15]. A multi-sensor risk
model should therefore dynamically evaluate signal-to-
noise ratio, drift, missing-data rate, and inter-channel con-
sistency rather than assuming that all channels remain reli-
able. Class imbalance is another practical challenge because
normal and mildly abnormal samples greatly outnumber
critical-fault samples. Lv et al. combined a multi-kernel
graph convolutional network with dual-channel classifiers
and improved minority-class recognition through sample-
level reweighting [16], which is relevant to contact-box risk
prediction with scarce flashover samples.

Laboratory-simulated and field-operating data differ
considerably in noise level, discharge density, equipment
structure, and sensor installation. Liu et al. proposed a
domain-adversarial ConvNeXt model that reduces PRPD
distribution shift across test conditions through domain
discrimination and adversarial training, thereby improv-
ing generalization on multi-condition GIS data [17]. This
result indicates that high accuracy obtained by randomly
splitting data from a single test platform may overestimate
engineering performance; cross-device, cross-condition, or
laboratory-to-field validation is therefore necessary.

Regarding the utilization of raw information, Pan et
al. constructed a ConvINeXt model based on GIS partial-
discharge mechanisms and full-wave UHF signals, avoid-
ing information loss caused by the use of only a small
number of manually designed discrete features [18]. He et
al. combined time-frequency energy grayscale maps with
an improved variational Bayesian autoencoder to model
feature distributions of noisy signals while recognizing
discharge patterns [19]. Jia et al. fused PRPD statistical
features measured by HFCT with UHF frequency-domain
features and performed multi-source GIS insulation-defect
diagnosis using PCA and a ResNet-MLP model [20]. These
studies show that jointly modeling complete waveforms,
time-frequency images, and multi-source features yields a
more comprehensive representation of insulation condition
than individual handcrafted features.

For temperature-rise detection, Wen et al. proposed
a deep multimodal imaging temperature-measurement
method that aggregates infrared and visible-light imag-
ing information through variational inference and dynamic

weighting, enabling the model to emphasize higher-quality
modalities [21]. This further demonstrates that learnable
multimodal weighting is more appropriate than fixed con-
catenation for condition monitoring of complex electrical
equipment.

Early multi-source partial-discharge studies focused
on the joint discrimination of different detection signals.
Li et al. applied multi-information fusion to GIS partial-
discharge recognition and verified the complementarity
of heterogeneous sensor data [22]. Hussein et al. de-
veloped robust feature extraction and classification for
acoustic partial-discharge signals under strong noise [23].
Zhang et al. monitored partial discharge in metal-enclosed
switchgear using distributed non-contact sensors, showing
that multi-point deployment improves the observability of
internal discharge activity [24]. These studies established
foundations for multi-sensor data acquisition and feature

fusion.

With the development of edge intelligence and deep
learning, research has shifted toward lightweight models
and automatic feature extraction. Wang et al. proposed
a lightweight convolutional neural network that balances
GIS partial-discharge recognition accuracy and computa-
tional efficiency in a ubiquitous power-IoT environment
[25], and subsequently used MixNet to improve multi-scale
feature extraction from discharge patterns [26]. Fechet et
al. developed a switchgear-maintenance application using
in-cabinet microclimate sensors and introduced tempera-
ture and humidity into partial-discharge monitoring, con-
firming the importance of environmental information for
interpreting insulation-risk variations [27].

Subsequently, partial-discharge diagnosis expanded
from a single deep representation toward the fusion of
statistical, image, and condition features. Yin et al. fused
PRPD statistical and image features and applied evidence
theory for comprehensive GIS partial-discharge decision-
making [28]. Wu et al. assessed defects and health condi-
tions of GIS epoxy insulators using multi-source informa-
tion [29]. Cordoni et al. fed electrical-power signals and
thermal images into a deep autoencoder for multimodal
unsupervised fault detection [30]. Although these studies
advanced equipment diagnosis from single-fault classifica-
tion toward comprehensive health assessment, they did not
establish a complete chain of degradation-stage identifica-
tion, flashover-probability prediction, remaining-safe-time
estimation, and maintenance strategy for contact boxes.

In summary, existing studies have five main limita-
tions. First, most methods output current partial-discharge
types or health grades but do not predict future-window
flashover probability or remaining safe operating time. Sec-
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ond, partial discharge, thermal condition, temperature-
humidity, load, and operating voltage have not been mod-
eled within a unified multi-physical framework. Third,
fixed weights and direct feature concatenation are vul-
nerable to sensor noise, drift, and missing modalities.
Fourth, laboratory-to-field distribution shift, scarce critical-
flashover samples, and class imbalance remain significant.
Fifth, model outputs are not directly linked to maintenance
timing, maintenance level, and maintenance cost.

Based on these limitations, the contact box of 10 kV
switchgear is regarded as a dynamic degradation sys-
tem jointly driven by electrical, thermal, environmental,
and insulation-aging stresses. The objective is extended
from current partial-discharge-type recognition to multi-
sensor temporal degradation modeling, future flashover-
probability prediction, remaining-safe-operating-time es-
timation, and maintenance decision-making, thereby
forming a closed-loop framework of condition sensing,
reliability-aware fusion, risk prediction, uncertainty assess-
ment, and predictive maintenance.

The main contributions of this study are as follows:

1. A synchronous sensing system comprising five

modalities—electromagnetic, acoustic, thermal,

leakage current, and environmental/operating
conditions—is constructed, and three prediction
tasks are consistently defined: degradation-stage
identification, multi-horizon flashover-risk prediction,

and remaining-safe-operating-time estimation.

2. A physics-consistent hierarchical sensor-temporal fu-
sion network, PC-HSTFNet, is proposed. Modality-
specific encoding, dynamic weighting of homoge-
neous sensors, and reliability-biased cross-modal at-
tention reduce the effects of noise, channel drift, and
missing modalities on risk representation.

3. A multi-task prediction method integrating

degradation-stage  identification, discrete-time
survival analysis, and probability calibration is
established. Trend-consistency and stage-order con-
straints improve the physical plausibility of flashover
probability  and

estimates.

remaining-safe-operating-time

4. A graded maintenance strategy is constructed from
multi-horizon risk, remaining safe operating time, and
prediction uncertainty. Ablation, noise-disturbance,
modality-missing, and cross-switchgear tests are con-
ducted to verify reliability and engineering applicabil-

ity.

2. Materials and methods

2.1. Flashover Evolution Mechanism

Contact boxes in 10 kV switchgear are generally molded
from epoxy-resin insulating materials and are continu-
ously exposed to power-frequency electric fields, load heat-
ing, mechanical stress, and environmental temperature-
humidity variations. Internal bubbles, interface debonding,
surface cracks, fixed-contact eccentricity, and sharp metal
edges may cause local electric-field concentration, while
contamination and condensation reduce insulation resis-
tance and increase leakage current, ultimately inducing
partial discharge and surface tracking [1, 2]. The surface
current density of the contact box can be expressed as:

Js(t) = 0Os [H(t)rTs(t)/Cp(tﬂ Es(t) 1)
where the first two terms denote the surface current den-
sity and tangential electric-field strength, respectively; the
third term is the equivalent surface conductivity; and H,
Ts, and ¢, denote the in-cabinet relative humidity, contact-
box surface temperature, and contamination level, respec-
tively. Increasing humidity or contamination increases the
equivalent surface conductivity and consequently increases
leakage current and local Joule heating. Resistive losses
caused by poor contact, surface leakage losses, and partial-
discharge energy jointly determine the thermal state of the
contact box. A simplified thermal-balance relationship is:

0 O — PR(E) + Pa8) + Pen(t)
Ts(t) — Ta(#)
- Ren

where Cy, and Ry, are the equivalent thermal capaci-

@

tance and thermal resistance, respectively; I is the load
current; R, is the contact resistance; Pjo, and Ppp are the
equivalent thermal powers generated by leakage current
and partial discharge, respectively; and T is the ambient
temperature inside the cabinet.

Sustained partial discharge erodes, roughens, and car-
bonizes the insulating material, thereby further increasing
the local electric field and surface conductivity. Under
humid and contaminated conditions, nonuniform leakage-
current distribution may form local dry bands, and voltage
concentration across the dry-band edges can initiate inter-
mittent arcing. As discharge energy and carbonized paths
accumulate, the insulation state evolves from initial de-
fects to intermittent partial discharge, sustained discharge
and temperature rise, dry-band arcing and surface car-
bonization, and finally surface flashover. The correspond-
ing electromagnetic, acoustic, thermal, and environmental
responses are illustrated in Fig. 1.
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Fig. 1. Flashover evolution mechanism and multi-sensor
responses of the contact box in 10 kV switchgear.

2.2. Multi-Sensor Condition Observation and Data Rep-
resentation

The true insulation degradation state of the contact box
cannot be directly obtained using a single sensor. Let the
latent degradation state and operating condition at time ¢
be z_t and u_t, respectively. The observation of the m-th
sensing modality is expressed as:

") = By (24, up) + &™) ®)

where h,(+) is the mapping from the degradation state

(m)

to the m-th sensing signal, and ¢, ’ denotes measurement
noise and environmental interference. Different sensors ob-
serve different physical responses of the same degradation
process; their complementary information is summarized
in Table 1.

Existing studies on multi-sensor partial-discharge recog-
nition and equipment-condition assessment have shown
that complementary detection information improves diag-
nostic completeness and interference immunity [12-15, 22,
24, 29]. However, modalities differ significantly in sam-
pling frequency, dimension, noise level, and data reliabil-
ity, and direct concatenation can introduce redundant or
low-quality information. Therefore, multi-sensor data are
organized using sliding time windows, and sensor-validity
indicators are retained. The model input at time ¢ is ex-
pressed as:

M
xt = {XgT)L+1:t’rET)L+1:t}m:l (4)

where L is the time-window length and M is the number
of sensing modalities. The validity mask indicates missing
data, sensor anomalies, or inadequate signal quality. High-
frequency electromagnetic and acoustic data characterize
rapid discharge changes; infrared and point-temperature
data characterize thermal accumulation; leakage current

characterizes surface conduction; and temperature, humid-
ity, condensation, load current, and operating voltage de-
scribe slowly accumulating environmental and operating
stresses. Together, these variables form a multi-timescale
risk representation.

2.3. Definition of Flashover-Risk Prediction Tasks

Unlike conventional diagnosis that only determines the
current discharge type, this study formulates contact-box
analysis as three related tasks: degradation-stage identifi-
cation, multi-horizon flashover-probability prediction, and
remaining-safe-operating-time estimation.

First, according to partial discharge, leakage current,
temperature rise, and surface condition, the degradation
process is divided into normal state Sy, early anomaly S,
developing degradation Sy, severe degradation S3, and
critical flashover S;. These stage labels reflect the current
insulation-health level but do not independently describe
future risk.

Second, let Tf denote the time of actual flashover or
the critical time at which shutdown is required. For a
prediction horizon A, the flashover-risk label at time ¢ is
defined as:

1, 0<Tr—t<A
n" = ! ®)
0, Tr—t>A

By setting multiple horizons A1, Ay, and A3, the model
outputs both short-term emergency risk and medium-term
maintenance risk. Short horizons support emergency shut-
down or load transfer, whereas longer horizons support
live inspection and planned outage scheduling.

Finally, the remaining safe operating time of the contact
box at time ¢ is defined as:

Tt:Tf—f (6)

Samples that do not experience flashover before the
end of observation are treated as right-censored data, pre-
venting incompletely observed degradation processes from
being incorrectly labeled as long-term safe. The model
outputs the degradation stage, flashover probabilities at
different horizons, and the remaining safe operating time.

This subsection defines the contact-box flashover prob-
lem from the perspectives of physical mechanism, sensor
observation, and prediction objectives. Based on these
definitions, Section 2.4 develops a reliability-aware multi-
sensor temporal fusion model for dynamic sensor weight-
ing, cross-modal feature interaction, and joint prediction of
flashover risk and remaining safe operating time.
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Table 1. Multi-sensor Observation Information for Flashover Risk of Switchgear Contact Boxes

Sensing Modality

Key Observation Parameters

Risk Characterization Function

Transient Earth Voltage
(TEV), Ultra-high Frequency
(UHF) or High Frequency
Current Transformer (HFCT)

Pulse amplitude, Repetition rate,
Phase-resolved distribution and
frequency spectrum

Characterize partial discharge
intensity and discharge pattern

Ultrasonic or Acoustic
Emission (AE)

Impulse waveform, Frequency
band energy and pulse density

Supplement electro-acoustic
information and mitigate

electromagnetic interference

Infrared Thermography or
Point-type Temperature Sensor

Surface temperature, Hot spot
location and temperature rise rate

Characterize contact overheating
and local thermal accumulation

Leakage Current Sensor

Leakage current amplitude, RMS
value, growth rate and harmonic

Characterize surface conduction

content

and tracking development

Environment and Operating
-condition Sensors

load current and operating voltage

Ambient temperature, relative
humidity, condensation duration,

Characterize environmental and
operating stresses

2.4. Reliability-Aware Multi-Sensor Temporal Flashover-
Risk Prediction Method

To address inconsistent multi-sensor signal quality, redun-
dant cross-modal information, and the limitation of con-
ventional models to current-fault identification, a physics-
consistent hierarchical sensor-temporal fusion network
(PC-HSTFNet) is proposed. The network sequentially per-
forms modality-specific feature extraction, reliability fusion
of homogeneous sensors, heterogeneous-modal interaction,
temporal degradation modeling, and multi-task risk predic-
tion, and jointly outputs the contact-box degradation stage,
flashover probabilities at different horizons, and remaining
safe operating time.

2.4.1. Owverall Model Framework

The model input is the multi-sensor time-window sample
X; defined in Section 2.3, including the electromagnetic
modality (TEV/UHF/HFCT waveforms and PRPD/PRPS
patterns), acoustic modality (ultrasonic/AE signals), ther-
mal modality (infrared images and point temperatures),
leakage-current modality, and environmental /operating-
condition modality (temperature-humidity, condensation,
load current, and operating voltage). PC-HSTFNet com-
prises modality-specific encoders, a reliability-aware fusion
module, a cross-modal interaction module, a causal tempo-
ral encoder, and multi-task prediction heads, as shown in
Fig. 2.

For the i-th sensor channel of the m-th modality, the
unified feature representation is:

") =, (X", ") )

where &,(-) is the modality-specific encoder, rfm’i) is

the data-validity mask, and Hgm") € RL»*4 ig the encoded

feature. L, and d are the feature-sequence length and
unified embedding dimension, respectively.
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Fig. 2. Overall architecture of the proposed PC-HSTFNet.

2.4.2. Modality-Specific Feature Extraction and Adaptive Denois-
mg

High-Frequency Discharge and Acoustic Waveform En-
coding

TEV, UHF, HFCT, and ultrasonic signals are nonstation-
ary, pulse-sparse, and affected by complex noise. Paral-
lel one-dimensional convolutions with different dilation
rates are used to extract local impulses, discharge clusters,



Journal of Applied Science and Engineering 36 (2027) 27036026 7

and long-range dependencies, followed by a learnable soft-
thresholding module. Let the convolutional feature of the
m-th modality be Fgm’i)
expressed as:

, its denoised representation can be

) — sign(F™)) © max([E™) | - 0™),0)  (8)

where Bgm’i)

is a nonnegative threshold adaptively
generated from the channel features, and © denotes
element-wise multiplication. The module suppresses low-
amplitude noise and redundant components while preserv-
ing discriminative positive and negative discharge pulses.
The combination of multi-scale convolution, attention, and
soft thresholding improves feature representation for noisy

partial-discharge signals.

Encoding of Images and Low-Frequency Operating Se-
quences

PRPD/PRPS patterns and infrared images are processed
using a lightweight hierarchical visual encoder to extract
local textures, phase distributions, hot-spot regions, and
global structural features. PRPD/PRPS features are as-
signed to the electromagnetic modality, whereas infrared-
image and point-temperature features are assigned to
the thermal modality. Leakage-current sequences are en-
coded by an independent temporal convolutional network.
Temperature-humidity, condensation, load current, and op-
erating voltage jointly form the environmental/operating-
condition modality to extract change rates, cumulative
effects, and long-term trends. Handcrafted features, in-
cluding discharge-pulse count, kurtosis, band energy,
temperature-rise rate, and humidity duration, are mapped
by a multilayer perceptron and added to the deep features
of the corresponding modality, thereby combining auto-
matic feature learning with physical interpretability.

2.4.3. Reliability-Aware Hierarchical Multi-Sensor Fusion

To reduce the influence of low-quality sensor channels and
redundant modalities on risk representation, a hierarchical
fusion module consisting of dynamic weighting of homoge-
neous sensors and heterogeneous cross-modal interaction
is designed, as detailed in Fig. 3.
Dynamic Weighting of Homogeneous Sensors

Sensor points within the same modality may have dif-
ferent information quality because of installation position,
propagation path, noise level, or sensor drift. Channel
weights are dynamically calculated from feature content
and sensor-quality vectors. The reliability score and nor-
malized weight of the i-th sensor are:

re——— T |

matrix B}

() wvimeva
\L)/ G wecra l
z* ?
) Acoustc 0 |
AE, AE2 zm | Reliability-biased
| cross-modal = F,
‘ attention

Fig. 3. Detailed structure of the reliability-aware

hierarchical multi-sensor fusion module.

et(m,i) _ WZ; [POOI(Hgm,i)) ” qgm,i)] + by,
iAol g
t T Nu

Y rgm’j) exp(egm’j)) +e
=1

where qgm’i)

consists of quality indicators including
signal-to-noise ratio, missing rate, anomaly rate, inter-
channel consistency, and amplitude saturation; Ny, is the
number of sensors in the m-th modality; and rt(m’i) e {0,1}
is the validity indicator.

The fused homogeneous-sensor feature is expressed as:

Ny o
z" =y ol (10)
i=1

When a channel is missing or its quality decreases, its
weight is automatically reduced, whereas channels with
high signal-to-noise ratios and strong agreement with other
sensor points receive larger weights. Thus, fusion weights
vary dynamically with each sample and operating condi-
tion rather than remaining fixed after training. Adaptive
weighting based on measurement error and channel qual-
ity reduces the deviation between the fused representation
and the true state.

Heterogeneous Cross-Modal Interaction Fusion

After homogeneous fusion, the modality features are
mapped to a common dimension and arranged as a
modality-token matrix:

1), (2 M
z,=zV;2%;. . ;zM) (11)
Reliability-biased cross-modal attention is then used
to learn complementary relationships among the elec-
tromagnetic, acoustic, thermal, leakage-current, and
environmental / operating-condition modalities:

QK]

R

F; = softmax < + B;) V; (12)
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where Q;, K;, and V; are linearly mapped from Z;; dj
is the key-vector dimension; and Bj is the attention-bias
matrix constructed from modality reliability. The mech-
anism adapts modality contributions to the degradation
stage. Electromagnetic and acoustic modalities dominate
in the early-defect stage before a clear temperature rise
occurs. As sustained discharge produces hot spots and
stronger surface conduction, the contributions of the ther-
mal and leakage-current modalities increase, while the
environmental / operating-condition modality provides an
external-stress explanation. Compared with direct feature
concatenation, hierarchical fusion retains complementary
information while reducing redundant features and inter-
ference from low-quality modalities.

2.4.4. Physics-Consistent Multi-Task Risk Prediction

Cross-modal features are fed chronologically into a causal
temporal encoder to learn the evolution from partial dis-
charge and thermal accumulation to critical flashover. A
causal mask ensures that prediction at time t depends only
on current and historical information. The encoder output
is connected to a degradation-stage identification head and
a discrete-time survival-prediction head.
Discrete-Time Flashover Risk

The future is divided into | consecutive intervals, and
the model outputs the conditional flashover hazard in the
j-th interval:
hyj = sigmoid (wy, g +byj), j=1...,] (13)

where g; is the temporal-encoder output, and ]:lt/]' is the
probability of flashover in the j-th interval conditional on no
previous flashover. The corresponding survival probabil-
ity and cumulative flashover probability within the future
horizon Ay are:

]
gt,j =]J- hig), FA’EA” =1-5,, (14)
(=1

where Ji is the number of intervals corresponding to A.
Because the survival probability decreases naturally over
time, Eq. (14) ensures that the cumulative risk over a longer
horizon is not lower than that over a shorter horizon. The
expected remaining safe operating time is:

]
B=0),5; (15)
j=0

where ¢ is the duration of one discrete interval. The
discrete survival model can simultaneously use complete-
flashover and right-censored samples, preventing equip-
ment that has not flashed over by the end of observation
from being incorrectly labeled as long-term safe.

Physics-Consistency Constraint

Let D; be a composite degradation indicator constructed
from standardized partial-discharge activity, leakage cur-
rent, temperature rise, and humidity stress, and let R; be
the composite flashover risk output by the model. When
Dy increases over consecutive windows while the predicted
risk decreases, the prediction conflicts with insulation-
degradation behavior. A joint temporal-trend and stage-
order constraint is therefore constructed:

L

1 N
phy = N—T Zt:max [0, fARtADt]

1 (16)

+ Z max [0,7 — (Rs — Rp)]

| ‘ (a,b)eP

where Q) is the set of sample pairs with a known degra-
dation order, sample a has a higher actual degradation
degree than sample b, and v is the minimum risk mar-
gin. For reproducibility, each constituent of the compos-
ite degradation indicator D; is normalized to [0, 1] using
statistics estimated from the training subset only. The nor-
malized partial-discharge activity, leakage-current level,
temperature-rise term, and humidity-stress term are com-
bined as D; = 0.35Dpp + 0.25D; ¢ + 0.25Dt + 0.15Dpy, re-
spectively, and the risk-margin parameter is set to y = 0.10.
The normalization parameters and component weights are
fixed after training-data preprocessing and are reused un-
changed for validation and test samples, thereby avoiding
information leakage. The first term of Eq. (16) enforces con-
sistency between multi-physical degradation trends and
risk changes, whereas the second preserves the known
degradation-stage ordering.

2.4.5. Joint Loss and Predictive Uncertainty

The model is trained in a multi-task manner with the total
loss:

L=MA Lstage + Ao Lsurv + )‘3Lphy + AgLca 17)

where Lgtage denotes the class-weighted classification
loss for the five degradation stages, Lsury is the discrete-
time survival negative log-likelihood incorporating right-

censored samples, L, is the physics-consistency loss de-

h;
fined in Eq. (16), andpLZal is the probability-calibration loss.
The coefficients A1—A4 control the relative contributions of
the four objectives and are set to A; = 1.00, Ay = 1.00,A3 =
0.20, and A4 = 0.10, respectively. Class-dependent weights
are incorporated only into Lgtage to alleviate degradation-
stage imbalance, particularly the relatively scarce S, critical-
flashover samples. The loss weights are selected on the

validation set by jointly considering Macro-F1, AUPRC,
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Table 2. Risk Levels and Predictive Maintenance Measures for Switchgear Contact Boxes

Maintenance Predicted State Recommended Measures
Level
MO No M1-M4 criterion is satisfied Maintain routine online monitoring
M1 30-min risk > 0.20 or normalized uncertainty > 0.15, Increase sampling frequency and verify
with no higher-level criterion satisfied sensor operating status
live i . humidificati

M2 30-min flashover risk > 0.40 or predicted RST < 30 min Conc.:luct 1V.e inspection, de ,umldl ication
and insulation surface cleaning
A 1 d tage f tact

M3 15-min flashover risk > 0.60 or predicted RST < 15 min rra'nge P ;?nne power outage for contac
box inspection or replacement

M4 5-min flashover risk > 0.80 or predicted RST < 5 min [mplement emergency shutdown or load

transfer

ECE, and remaining-safe-operating-time MAE, without ref-
erence to test-set performance. The risk-margin parameter
v in Eq. (16) is independent of the loss weighting coeffi-
cients in Eq. (17). A one-factor-at-a-time sensitivity analy-
sis therefore varies 7y and each A separately while keeping
the remaining parameters fixed. The tested ranges are
¥ = 0.05-0.20, A; = 0.75-1.25, A, = 0.75-1.25, A3 = 0.15-
0.25, and A4 = 0.075-0.125. Across these retained ranges,
Macro-F1 varies from 0.927 to 0.932, AUPRC from 0.896
to 0.903, ECE from 0.015 to 0.022, and RST MAE from 6.7
to 7.2 min; the nominal settings above provide the best
balanced validation performance.

To prevent overconfident risk estimates for unknown
noise, sensor anomalies, or out-of-distribution operating
conditions, Monte Carlo Dropout is applied during infer-
ence with K = 20 stochastic forward passes. A dropout
probability of 0.20 is retained during the stochastic infer-
ence passes. The same setting is used for all comparison
tests, and the predictive mean and epistemic uncertainty
are calculated from the 20 stochastic outputs as defined in
Eq. (18):

=

_(A 1& A K. (a2
Y = ;%ﬁ =2 ¥ o -V a8
-1

High-risk and low-uncertainty samples directly trigger
a maintenance warning; high-risk and high-uncertainty
samples are referred for manual review; and low-risk sam-
ples with high uncertainty trigger increased sampling and
sensor-condition inspection.

2.4.6. Risk-Driven Predictive Maintenance

The maintenance level is determined hierarchically from
the multi-horizon flashover probabilities, predicted remain-

ing safe operating time, and predictive uncertainty accord-
ing to the following explicit decision rule:

My, p® >0800r% <5
Ms, p" >0600r % <15
Mi={ M, p'® >0400r % <30 (19)
My, p§30) > 0.20 or uy > uy,
M, otherwise.
where pgs), pgls), and p£30) denote the cumulative

flashover probabilities within the next 5, 15, and 30 min,
respectively; 7; denotes the predicted remaining safe oper-
ating time (min); and u; denotes the normalized epistemic
uncertainty. The uncertainty threshold is set to 1, = 0.15.
Eq. (19) is evaluated from M4 to MO so that the most con-
servative applicable action has priority. Specifically, M4
is assigned when the 5-min risk reaches 0.80 or the pre-
dicted remaining safe operating time is no greater than
5 min; M3 is assigned when the 15-min risk reaches 0.60
or the remaining safe operating time is no greater than
15 min; M2 is assigned when the 30-min risk reaches 0.40
or the remaining safe operating time is no greater than
30 min; M1 is assigned when the 30-min risk reaches 0.20
or the normalized uncertainty reaches 0.15, provided that
no higher-level criterion is satisfied; otherwise, MO is as-
signed. Thus, 0.20/0.40, 0.60, and 0.80 are horizon-specific
risk thresholds rather than four boundaries applied to a
single probability variable. All thresholds are determined
using the validation set and are frozen before test-set eval-
uation.

As shown in Table 2, the maintenance level becomes
more stringent as short-horizon flashover risk increases, the
predicted remaining safe operating time decreases, or pre-
dictive uncertainty becomes high. For threshold-sensitivity
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analysis, the four horizon-specific probability thresholds
are perturbed by +0.05 around their nominal values, cor-
responding to 0.15-0.25 for the M1 30-min threshold, 0.35-
0.45 for the M2 30-min threshold, 0.55-0.65 for the M3
15-min threshold, and 0.75-0.85 for the M4 5-min threshold;
uyy, is additionally varied from 0.10 to 0.20. Across these
perturbations, the validation false-alarm rate ranges from
3.2% to 4.5%, the missed-alarm rate from 1.6% to 2.5%, and
the average warning lead time from 17.2 to 19.6 min. The
nominal settings of 0.20, 0.40, 0.60, 0.80, and u;, = 0.15
yield a validation false-alarm rate of 3.6%, a missed-alarm
rate of 1.9%, and an average lead time of 18.5 min, and are
therefore retained for the test and case-study evaluations.

2.5. Experimental Setup
2.5.1. Test Platform and Dataset

To evaluate PC-HSTFNet, an accelerated-degradation plat-
form was constructed using a 10 kV metal-clad switchgear
cabinet with replaceable contact-box specimens, controlled
electrical /loading stress, temperature-humidity control,
and synchronized multi-sensor acquisition, as shown in
Fig. 4.

(a) Accelerated degradation test platform

PRPD/PRPS.

Fig. 4. Accelerated degradation test platform and sensor
arrangement for the contact box in 10 kV switchgear.

The controlled tests covered condensation, contamina-
tion, poor contact, insulation cracks, and composite defects.
Electrical, thermal, or environmental stress was progres-
sively increased until the predefined non-destructive ter-
mination point or until flashover/protective shutdown in
destructive tests. To avoid repetition, the sensor frequency
bands, sampling rates, data formats, and intended uses are
reported once in Table 3 and were kept consistent across
the corresponding test runs.

Eighteen contact-box specimens were used in 72 con-
trolled test runs, including 60 normal or single-factor runs
and 12 composite-defect runs. Each specimen underwent at
most one destructive run; specimens exhibiting irreversible

carbonization or flashover were immediately retired and
were not reused. Sliding windows of 60 s with a step of 10 s
produced 28,640 multi-sensor samples. The five stages So—
S4 contained 6,020, 7,850, 6,480, 5,030, and 3,260 samples,
respectively. Data were split by complete specimen and
test batch into training, validation, and test sets at a ratio
of 6:2:2, ensuring that adjacent windows from the same
degradation process did not appear in different subsets.
Prediction horizons were set to 5, 15, and 30 min, and sam-
ples without flashover before test termination were treated
as right-censored. For the cross-domain generalization test,
an additional independent dataset was collected from four
contact-box specimens installed in a third 10 kV switchgear
model supplied by a second anonymized manufacturer.
Twelve controlled runs produced 4,320 sliding-window
samples. These specimens and all associated windows
were completely excluded from training, validation, hy-
perparameter tuning, and threshold selection and were
used only for the held-out cross-domain evaluation in Sec-
tion 3.3. No separate long-term field-operating dataset was
included in the present study.

2.5.2. Comparison Methods and Experimental Settings

The proposed method was compared with representa-
tive models, including XGBoost based on handcrafted
features; 1D-CNN and TCN for temporal-signal model-
ing; Swin Transformer for image inputs; MAADNet for
partial-discharge recognition; Early Fusion as a feature-
concatenation baseline; and Multimodal Transformer as a
multimodal-fusion baseline. PC-HSTFNet is the complete
proposed model.

All deep-learning models used identical specimen/
batch-level data partitions and the same maximum train-
ing budget. PC-HSTFNet was optimized using AdamW
with an initial learning rate of 1 x 107#, a batch size of 64,
and a maximum of 150 epochs; early stopping was acti-
vated after 20 consecutive epochs without validation-loss
improvement. The 60-s input window, 10-s sliding step,
and 5-, 15-, and 30-min prediction horizons defined in Sec-
tion 2.5.1 were used consistently. The unified embedding
dimension was d = 128, the cross-modal attention module
used four attention heads, the causal temporal encoder con-
tained two layers with a feed-forward dimension of 256,
and dropout was set to 0.20. The final physics-consistency
margin was y = 0.10, the multi-task loss weights were
A1 =1.00, Ap = 1.00, A3 = 0.20, and A4 = 0.10, and Monte
Carlo Dropout used K = 20 stochastic forward passes. All
hyperparameters were selected using the validation set
only and were then frozen for test evaluation. Reported
performance values are averages over five independent
runs. Degradation-stage identification was evaluated us-
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Table 3. Multi-sensor Configuration and Data Formats

Effective
Sensing Modality Frequency Band/ Data Format Primary Application
Sampling Rate
Transient Earth 3-100 MHz Time-domain waveform, Characterize partial discharge pulses

Voltage (TEV) PRPD and phase-resolved distribution

Ultra-high

Fref;lelliy (UHF) 300-1500 MHz UHF waveform, frequency Sgppleme?t weak ?nd high-frequency
spectrum, PRPS discharge information

Sensor

High Frequency

50 MH.
Current Transformer “

High-frequency current

Characterize conducted discharge

sampling rate waveform, PRPD ulses and phase-resolved activit

(HECT) ping p p y
Ultrasonic / Acoustic 90-200 kH. Acoustic waveform, Characterize discharge-induced

— z
Emission (AE) frequency band energy acoustic emission activity
Infrared 05 f / Thermal image, hot spot Characterize local overheating and

rame/s
Thermography sequence temperature rise propagation
Leakage Current 10 KHz Current time series Charécterize surface conduction and
Sensor tracking development process
Temperature and . . Characterize insulation dampness,
. 1Hz Low-frequency time series . .
Humidity Sensor condensation and environmental stress
Load Current and 1KH Operating condition time ~ Characterize electro-thermal stress
z

Voltage Sensor series

and equipment operational status

ing Macro-F1 and critical-stage recall; risk prediction used
AUROC, AUPRC, Brier score, and ECE; and remaining-
safe-operating-time prediction used MAE and C-index.

3. Results and discussion

3.1. Overall Performance Comparison

The overall test-set performance of the compared methods
is presented in Table 4.

As shown in Table 4, PC-HSTFNet achieved the best per-
formance for all metrics. Compared with the Multimodal
Transformer, Macro-F1 and critical-stage recall increased by
2.6 and 3.1 percentage points, respectively, and the 5-min
flashover-risk AUPRC increased by 3.3 percentage points.
The Brier score and ECE decreased by 21.2% and 36.0%,
respectively, indicating that the output risk probabilities
provide both strong discrimination and better agreement
with observed flashover frequencies. Single-modality mod-
els were prone to confusion during early degradation or
under composite defects. Although MAADNet effectively
suppresses partial-discharge noise, it does not fully exploit
thermal, environmental, and operating-condition informa-
tion and therefore has limited ability to distinguish samples

with similar discharge amplitudes but different risk levels.
Early Fusion introduces multimodal information but can-
not suppress redundant and low-quality channels through
direct concatenation. By dynamically weighting sensors
and modeling cross-modal interactions, PC-HSTFNet ob-
tains a more complete degradation representation. Confu-
sion matrices and the ROC and PR curves for 5-min risk
prediction are shown in Fig. 5.

(c) PC-HSTFNet (Ours)

05 01 01

(a) MAADNet

soJRECM 52 11 05 o2

s1{ 46 QOEM 54

True inge
Trueznge
™ uéﬁan

Percentage (%)

s4{ 00 02 11 120

s s3 st 52 53 os4 SopsT sy
Predicted stage Predicted stage Predicted stage

(d) ROC curves for 5 min flashover isk prediction

(e) Precision—Recall curves for 5 min flashover risk prediction

08

True positive rate

00 02 04 o6 08 10 00 02 04
False positive rate Recall

Fig. 5. Degradation-stage identification and short-term
flashover-risk prediction results of selected models.
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Table 4. Test-Set Performance over Five Independent Runs (Mean + SD for Main Metrics)

4 Recall RST MAE

Method Macro-F1 54 Reca AUPRC@5min  Brier Score ECE S M C-index
Rate (min)

XGBoost 0.78110.010 0.742 0.7161+0.012 0.1324+0.006 0.061 18.7+0.8 0.731
1D-CNN 0.82440.008 0.791 0.76210.010 0.10840.005 0.047 15.2+0.7 0.774
TCN 0.851+0.007 0.828 0.803-:0.009 0.094+0.004 0.041 12.84+0.6 0.801
Swin Transformer  0.864+0.007 0.841 0.819+0.008 0.088+0.004 0.036 11.7+0.5 0.816
MAADNet 0.87940.006 0.867 0.836+0.007 0.079+0.004 0.032 10.61+0.5 0.833
Early Fusion 0.88710.006 0.874 0.848+40.007 0.07540.003 0.030 9.9+0.4 0.845
Multimodal 0.905:£0.006  0.896 0.869-£0.007  0.066:£0.004 0.025 87+04  0.866
Transformer
PC-HSTFNet 0.9314+0.004 0.927 0.90240.005 0.05240.003 0.016 6.84+0.3 0.893
(Proposed Model)

Table 4 reports the mean =+ standard deviation of the
main metrics over five independent training runs, whereas
Fig. 5 presents one representative test run; therefore, mi-
nor differences exist between individual class recalls in
the figure and the averages in Table 4. Using matched
random seeds, PC-HSTFNet was compared with the Mul-
timodal Transformer by a two-sided paired t-test. The
differences were statistically significant for Macro-F1 (p =
0.003), AUPRC@5min (p = 0.004), Brier score (p = 0.006),
and RST MAE (p = 0.002). Across the five runs, PC-
HSTFNet achieved 0.931 + 0.004 Macro-F1, 0.902 -+ 0.005
AUPRC@5min, a Brier score of 0.052 &+ 0.003, and an RST
MAE of 6.8 £ 0.3 min, compared with 0.905 £ 0.006, 0.869 +
0.007,0.066 £ 0.004, and 8.7 &= 0.4 min, respectively, for the
Multimodal Transformer. These results indicate that the
observed performance improvements are larger than the
run-to-run training variation.

As shown in Fig. 5, PC-HSTFNet produces clear class
boundaries for Sy, S1, and S4. Most errors occur between
adjacent stages S, and S3 because the transition from sus-
tained partial discharge to severe carbonization has no
strictly defined instantaneous boundary. The proportion of
S3 or 54 samples misclassified as low-risk states is relatively
small, satisfying the priority of reducing missed alarms for
high-risk equipment. Calibration curves and risk metrics
at different prediction horizons are shown in Fig. 6.

At prediction horizons of 5, 15, and 30 min, PC-HSTFNet
achieved AUROC values of 0.972, 0.965, and 0.956 and
AUPRC values of 0.902, 0.917, and 0.931, respectively. As
the horizon increased, the proportion of positive samples
that eventually experienced flashover increased, improv-
ing AUPRC; however, uncertainty over a longer interval
slightly reduced AUROC. Calibration curves at all hori-

zons were close to the ideal diagonal, demonstrating that
discrete-time survival modeling and the calibration loss
generate reliable cumulative risk probabilities.

@ ROC curves for multhorizon flashoverrisk predicton (b)  procision-Recal curvesfor mut-hrizon

flashover risk prediction

—— 5 min horizon (AUPRC = 0.902)
—— 15 min horizon (AUPRC = 0.917)
—— 30 min horizon (AUPRC = 0.931)

00 02 04 [ 08 10 Too 02 04 06 08 10
False positive rate Recall

(c) Calbration curves for mui-horizon fashaver risk prodiction (d) Performance summary across prediction horizons
0

M AUROC [ AUPRC B Brier score W Ece

ECE (5 min) = 0.016
ECE (15 min) = 0.019
ECE (30 min) = 0.023

00 02 04 06 08 10
Predicted probability

Fig. 6. Discrimination and probability calibration of
multi-horizon flashover risks.

3.2. Ablation Experiments and Fusion-Weight Analysis

To quantify the contribution of each module, adaptive de-
noising, dynamic reliability weighting, cross-modal atten-
tion, causal temporal encoding, the physics-consistency
constraint, and the calibration loss were removed individu-
ally. The results are presented in Table 5.

As shown in Table 5, removing causal temporal encod-
ing caused the largest performance decrease, indicating
that flashover risk depends primarily on the continuous
evolution of multiple physical variables rather than instan-
taneous features from a single time window. Removing
cross-modal attention and reliability weighting reduced
AUPRC by 4.4 and 3.5 percentage points, respectively, con-
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Table 5. Ablation Experiment Results of PC-HSTFNet

Model Configuration Macro-F1 AUPRC@5min  Brier Score  ECE RS(;an;\E
w/o Adaptive Denoising Module 0.913 0.881 0.063 0.024 8.1
w/o Reliability-based Feature Weighting 0.906 0.867 0.068 0.029 8.6
w/o Cross-modal Attention Mechanism 0.899 0.858 0.071 0.031 9.0
w/o Causal Temporal Encoding 0.885 0.842 0.078 0.037 10.2
w/o Physical Consistency Constraint 0.918 0.889 0.060 0.022 7.5
w /o Probability Calibration Loss 0.930 0.899 0.057 0.045 6.9
Full PC-HSTFNet (Proposed Model) 0.931 0.902 0.052 0.016 6.8

firming that dynamically selecting reliable sensing infor-
mation and learning complementary modal relationships
are essential to risk prediction.

Removing the physics-consistency constraint caused
only a moderate decrease in overall classification accuracy
but substantially degraded risk ranking and remaining-
time prediction. Without this constraint, 12.6% of consec-
utive degradation windows exhibited increasing degrada-
tion indicators but decreasing predicted risk; the complete
model reduced this proportion to 3.1%. Removing the cal-
ibration loss had little effect on Macro-F1, but increased
ECE from 0.016 to 0.045, indicating that classification accu-
racy cannot replace evaluation of risk-probability reliability.
Fig. 7 shows the dynamic fusion weights at different degra-
dation stages and under sensor anomalies.

(6) Sensor reliabilty under UHF noise inj

Fig. 7. Sensor reliability and modality-fusion weights
under different operating conditions.

Electromagnetic and acoustic modalities receive higher
weights during the early-anomaly stage. As discharge
and thermal accumulation continue, the contributions of
thermal, leakage-current, and environmental/operating-
condition information increase. Under UHF noise injection,
the electromagnetic fusion weight decreases from 0.31 to
0.12, while the other modalities are correspondingly up-
weighted. Fig. 7(d) further quantifies the compensation

mechanism under missing modalities. With complete data,
the [EM, AC, TH, LC, ENV] fusion weights are [0.31, 0.22,
0.18, 0.15, 0.14]. When EM is missing, the weights become
[0.00, 0.32, 0.25, 0.23, 0.20]; when AC is missing, they be-
come [0.38, 0.00, 0.23, 0.20, 0.19]; and when TH is missing,
they become [0.37,0.27, 0.00, 0.19, 0.17]. When both EM and
AC are missing, the remaining TH, LC, and ENV weights
increase to 0.36, 0.34, and 0.30, respectively. Thus, the valid-
ity mask forces unavailable modalities to zero contribution
and the reliability-aware fusion module renormalizes at-
tention over the remaining channels, explaining why the
performance degradation in Table 6 is gradual rather than
catastrophic.

3.3. Robustness and Cross-Condition Generalization

To examine robustness to deployment-relevant distur-
bances and distribution shift, tests were conducted un-
der low signal-to-noise ratios, single- and dual-modality
dropout, sensor drift, and a held-out cross-domain
switchgear condition. The primary 18-specimen dataset
was obtained from two 10 kV metal-clad switchgear mod-
els (Models Al and A2) supplied by Manufacturer A
(anonymized). The held-out cross-domain set used a third
switchgear model (Model B1) supplied by Manufacturer B
(anonymized), with different cabinet geometry and sensor-
mounting layout. It contained four additional contact-box
specimens, 12 controlled runs, and 4,320 sliding-window
samples. None of these specimens, runs, or windows was
used for model fitting, validation, hyperparameter tuning,
or maintenance-threshold selection. No separate long-term
field-operating dataset was included; therefore, the analy-
sis is limited to controlled cross-device and cross-condition
generalization. The results for Early Fusion, Multimodal
Transformer, and PC-HSTFNet are listed in Table 6.

As shown in Table 6, all models degrade under noise
and missing modalities, but PC-HSTFNet exhibits the
smallest decline. With one missing modality, its AUPRC re-
mains 0.874; with two simultaneously missing modalities,
AUPRC remains 0.826, exceeding Early Fusion and Mul-
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Table 6. Model robustness under disturbances and cross-domain conditions

. Early Farly Fusion Multimodal Multimodal PC-HSTFNet PC-HSTFNet

Test Scenario Fusion MAE (min) Transformer Transformer  (Proposed) (Proposed)
AUPRC AUPRC MAE (min) AUPRC MAE (min)

E;:;TE: sensor data 0.848 9.9 0.869 8.7 0.902 6.8

0 dB Gaussian noise 0.791 12.3 0.824 10.7 0.879 7.9

-5 dB Gaussian noise 0.733 15.6 0.782 13.1 0.851 9.2

Single modality missing 0.762 13.8 0.811 11.5 0.874 8.3

Two modalities missing 0.691 17.4 0.748 15.0 0.826 10.5

15% sensor drift 0.721 16.1 0.775 13.7 0.858 9.0

Unseen switchgear model -, 15.8 0.782 132 0.846 9.4

(cross-domain)

timodal Transformer by 13.5 and 7.8 percentage points,
respectively. This trend is consistent with the weight-
redistribution mechanism in Fig. 7(d): increasing missing-
modality severity removes more high-information chan-
nels, but the validity mask prevents invalid features from
entering the fused representation and redistributes the re-
maining fusion mass to available thermal, leakage-current,
acoustic, and environmental channels. In the held-out
cross-domain switchgear test, PC-HSTFNet achieves an
AUPRC of 0.846 and an RST MAE of 9.4 min. These results
support robustness under the tested cross-domain condi-
tion, while the limited specimen scale and the absence of
a separately quantified long-term field dataset mean that
broader manufacturer-level generalization should be inter-
preted cautiously.

3.4. Predictive-Maintenance Case Study

A contamination-condensation composite condition was
selected as a representative case. At the beginning of the
test, the in-cabinet relative humidity gradually increased
from 68% to 92%, followed by increases in the TEV pulse
repetition rate and leakage current. During the late stage,
the contact-box hot-spot temperature increased rapidly and
intermittent dry-band arcing occurred. The multi-sensor
conditions, predicted risks, and remaining safe operating
time are shown in Fig. 8.

Actual flashover occurred 118.4 min after the start of
the test. Using the fixed decision thresholds defined in
Section 2.4.6, the 30-min risk reached the M2 boundary of
0.40 at 94.8 min (23.6 min before flashover), the 15-min risk
reached the M3 boundary of 0.60 at 103.6 min (14.8 min
before flashover), and the 5-min risk reached the M4 bound-
ary of 0.80 at 112.2 min (6.2 min before flashover). When

the actual remaining time was 25 min, the predicted value
was 26.3 min; when the actual remaining time decreased
to 10 min, the prediction was 9.4 min. The maintenance-
decision performance of different warning methods is pre-
sented in Table 7. The 2.1-min MAE in Fig. 8(c) is calculated
over the full trajectory of this representative case, whereas
the 6.8-min MAE in Table 4 is averaged over all test samples;
the two values therefore have different statistical scopes.

(a) Multi-sensor temporal responses

(b) Multi-horizon flashover risk prediction

Time (min)

(d) Maintenance decision

Fig. 8. Multi-sensor responses and maintenance decisions
during a representative contact-box degradation process.

As shown in Table 7, the fixed-threshold method tends
to misclassify transient interference as high risk and gen-
erally issues an alarm only after discharge activity has
increased substantially. By jointly tracking partial dis-
charge, temperature rise, environmental stress, and op-
erating stress, PC-HSTFNet increases the average early-
warning lead time to 18.9 min while reducing the missed-
alarm rate to 1.6%. Thus, the proposed method controls
false alarms while providing more decision time for live
inspection, load transfer, or planned outage.
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Table 7. Predictive Maintenance Decision Performance of

Different Methods

False Missed  Average Early
Method Alarm Alarm  Warning Lead

Rate/ % Rate/ % Time / min
TEV Fixed
Threshold 12.7 9.5 6.8
(traditional
baseline)
Single-
modality 8.9 6.3 10.4
MAADNet
Multimodal 6.1 48 147
Transformer
PC-
CHSTENet 54 1.6 18.9

(Proposed)

4. Conclusions

This study addresses heterogeneous multi-source informa-
tion, changing sensor reliability, and inadequate risk predic-
tion during the evolution from partial discharge to surface
flashover in contact boxes of 10 kV switchgear. A physics-
consistent hierarchical sensor-temporal fusion network, PC-
HSTFNet, is proposed together with a closed-loop method
from risk prediction to maintenance decision-making. The
main conclusions are as follows:

(1) Dynamic weighting of homogeneous sensors and
reliability-biased cross-modal attention effectively fuse
electromagnetic, acoustic, thermal, leakage-current,
and environmental / operating-condition information.
On the test set, Macro-F1, S4 recall, and 5-min risk
AUPRC reached 0.931, 0.927, and 0.902, respectively,
outperforming all comparison models.

(2) The physics-consistency constraint and discrete-time
survival modeling improve risk ranking, probability
calibration, and remaining-safe-operating-time esti-
mation. The Brier score and ECE were 0.052 and
0.016, respectively, and the MAE of the remaining safe
operating time was 6.8 min. The model maintained
good robustness under noise, sensor drift, and missing
modalities.

(3) The predictive-maintenance case study yielded false-
alarm and missed-alarm rates of 3.4% and 1.6%, re-
spectively, and an average early-warning lead time
of 18.9 min, providing additional decision time for

live inspection, planned outage, and emergency load

transfer.

(4) The present study is limited by specimen scale,
accelerated-degradation conditions, and the absence
of a separately quantified long-term field-operating
dataset. Future work will extend the dataset across
sites, manufacturers, and long-term operating peri-
ods and investigate lightweight edge deployment and
online incremental updating to further validate engi-
neering generalization.

Acknowledgements

This work is supported by the Science and Technology
Project of State Grid Fujian Electric Power Co., Ltd. (Grant
No: 52133024000C), titled “Research on Key Technolo-
gies for Fault Diagnosis and Mitigation of Conductive Cir-
cuit Abnormalities in High-Current Circuit Breakers inside
10 kV Switchgear.”

References

[1] Z.Fei, Y. Li, and S. Yang, (2024) “Pattern recognition
of partial discharge faults in switchgear using a back
propagation neural network optimized by an improved
mantis search algorithm” Sensors 24(10): 3174. DOTI:
10.3390/s24103174.

[2] S. Chen, H. A. Illias, J. K. R. Wong, and N. N.
Mansor, (2024) “Denoising of partial discharges in
switchgear insulation material using hybrid wavelet
denoising-optimization-machine learning” Ain Shams
Engineering Journal 15(11): 103032. DOI: 10.1016/j.
asej.2024.103032.

[3] J. Yang, K. Hu, J. Zhang, and J. Bao, (2024) “Semi-
supervised learning for gas insulated switchgear partial
discharge pattern recognition in the case of limited labeled
data” Engineering Applications of Artificial Intel-
ligence 137: 109193. DOI: 10.1016/j.engappai.2024.
109193.

[4] Z.Xu, H. Xu, C. Yuan, S. Chen, and Y. Chen, (2024)
“Recognition of partial discharge in GIS based on image
feature fusion” AIMS Energy 12(6): 1096-1112. DOI:
10.3934/energy.2024052.

[5] Z.Wang, Z. Liu, L. Qiao, D. Qian, Z. Chen, C. Gao,
and W. Wang, (2024) “Research on partial discharge
pattern recognition in GIS based on EFPI sensor” Journal
of Electrical Engineering & Technology 19(1): 577—
584. DOI: 10.1007 /542835-023-01526-8.


https://doi.org/10.3390/s24103174
https://doi.org/10.1016/j.asej.2024.103032
https://doi.org/10.1016/j.asej.2024.103032
https://doi.org/10.1016/j.engappai.2024.109193
https://doi.org/10.1016/j.engappai.2024.109193
https://doi.org/10.3934/energy.2024052
https://doi.org/10.1007/s42835-023-01526-8

16

(6]

[10]

(1]

(12]

(13]

[14]

Xielin Shen et al.

J. Yan, Y. Wang, Y. Zhou, J. Wang, and Y. Geng, (2024)
“A novel meta-learning network for partial discharge source
localization in gas-insulated switchgear via digital twin”
IET Generation, Transmission & Distribution 18(9):
1785-1794. DOI: 10.1049/ gtd2.13156.

R. Loggia and A. Flamini, (2024) “Electrical safety
enhanced with BIM, SCADA and digital twin integration:
A case study of a MV-LV substation” IEEE Transactions
on Industry Applications 60(2): 2725-2731. DOTI: 10.
1109/TIA.2023.3332311.

Z. Tang and X. Jian, (2024) “Thermal fault diagnosis
of complex electrical equipment based on infrared image
recognition” Scientific Reports 14: 5547. DOI: 10.1038/
s41598-024-56142-x.

Y. Zhang, J. Ding, Y. Li, Z. Ren, and K. Feng, (2024)
“Multi-modal data cross-domain fusion network for gear-
box fault diagnosis under variable operating conditions”
Engineering Applications of Artificial Intelligence
133:108236. DOI: 10.1016/j.engappai.2024.108236.

Y. Xu and X. Lu, (2024) “Power transformer fault diag-
nosis based on hybrid intelligent algorithm” Journal of
Applied Science and Engineering 27(1): 1859-1866.
DOI: 10.6180/jase.202401_27(1).0002.

Z.Jia, S. Fan, Z. Wang, S. Shao, and D. He, (2025)
“Partial discharge defect recognition method of switchgear
based on cloud-edge collaborative deep learning” Scien-
tific Reports 15: 10956. DOI: 10.1038 /541598 -024 -
81478-9.

T. Lin, Z. Ren, L. Zhu, Y. Zhu, K. Feng, W. Ding, K.
Yan, and M. Beer, (2025) “A systematic review of multi-
sensor information fusion for equipment fault diagnosis”
IEEE Transactions on Instrumentation and Mea-
surement 74: 1-48. DOI: 10.1109/TIM.2025.3529577.

J. Li, J. Tian, A. Banerjee, X. Zhai, and S. Wang, (2025)
“Gradient balanced selective mixture-of-experts for gas in-
sulated switchgear partial discharge diagnosis” Measure-
ment 256: 118139. DOI: 10.1016/j.measurement.2025.
118139.

Z.1i,Y. Zang, C. Wang, Y. Tang, T. Ren, and X. Jiang,
(2025) “Analysis and diagnosis of optical and UHF par-
tial discharges in GIS based on guided filtering fusion”
IEEE Transactions on Dielectrics and Electrical In-
sulation 32(5): 2978-2985. DOI: 10.1109/ TDEI.2025.
3543147.

(15]

(17]

[22]

T. Cao, Y. Cui, H. Tan, W. Lu, F. Zhang, K. Liu, X.
Chen, and L. Wang, (2025) “Research on a degradation
identification method for GIS UHF partial discharge sen-
sors based on S-parameters” Sensors 25(22): 6860. DOI:
10.3390/525226860.

X. Lv, E Liu, M. Jiang, F. Zhang, and L. Jia, (2025)
“Fault diagnosis of power transformers based on dissolved
gas analysis and multi-kernel graph convolution network
integrated with dual-channel classifiers” Journal of Ap-
plied Science and Engineering 28(10): 2217-2226.
DOI: 10.6180/jase.202510_28(10).0014.

Y. Q. Liu, X. C. Hua, W. D. Lij, Z. K. Lai, G. J. Zhang,
X. X. Chen, and X. J. Shao, (2026) “Enhancement of GIS
partial discharge pattern recognition accuracy based on
domain adversarial ConvNeXt” IEEE Transactions on
Dielectrics and Electrical Insulation 33(1): 742-751.
DOT: 10.1109/TDEI.2025.3579444.

S. Pan, W. Zhang, Y. Ma, Y. Su, and W. Huang, (2026)
“Pattern recognition of GIS partial discharge based on UHF
signal characteristics” Electronics 15(5): 1096. DOTI: 10.
3390/ electronics15051096.

Y. He, Y. Fang, Z. Zhang, D. Zhou, S. Chen, and S.
Jing, (2026) “Partial discharge pattern recognition of GIS
with time—frequency energy grayscale maps and an im-
proved variational Bayesian autoencoder” Energies 19(1):
127. pOI: 10.3390/en19010127.

B. Jia, Q. Sun, W. Guo, M. Wang, Q. Wang, and H.
Zhao, (2026) “GIS partial discharge fault diagnosis based
on multi-source feature fusion and ResNet-MLP"” Ener-
gies 19(4): 1073. DOI: 10.3390/en19041073.

J. Wen, J. Li, and Y. Zhang, (2026) “Deep multi-modal
imaging temperature measurement method for detecting
temperature rise in electrical equipment faults” Journal
of Applied Science and Engineering 29(3): 603-610.
DOI: 10.6180/jase.202603_29(3).0011.

L. Li, J. Tang, and Y. Liu, (2015) “Partial discharge
recognition in gas insulated switchgear based on multi-
information fusion” IEEE Transactions on Dielectrics
and Electrical Insulation 22(2): 1080-1087. DOI: 10.
1109/TDEIL2015.7076809.

R. Hussein, K. B. Shaban, and A. H. El-Hag, (2017)
“Robust feature extraction and classification of acoustic par-
tial discharge signals corrupted with noise” IEEE Trans-
actions on Instrumentation and Measurement 66(3):
405-413. DOI: 10.1109/TIM.2016.2639678.


https://doi.org/10.1049/gtd2.13156
https://doi.org/10.1109/TIA.2023.3332311
https://doi.org/10.1109/TIA.2023.3332311
https://doi.org/10.1038/s41598-024-56142-x
https://doi.org/10.1038/s41598-024-56142-x
https://doi.org/10.1016/j.engappai.2024.108236
https://doi.org/10.6180/jase.202401_27(1).0002
https://doi.org/10.1038/s41598-024-81478-9
https://doi.org/10.1038/s41598-024-81478-9
https://doi.org/10.1109/TIM.2025.3529577
https://doi.org/10.1016/j.measurement.2025.118139
https://doi.org/10.1016/j.measurement.2025.118139
https://doi.org/10.1109/TDEI.2025.3543147
https://doi.org/10.1109/TDEI.2025.3543147
https://doi.org/10.3390/s25226860
https://doi.org/10.6180/jase.202510_28(10).0014
https://doi.org/10.1109/TDEI.2025.3579444
https://doi.org/10.3390/electronics15051096
https://doi.org/10.3390/electronics15051096
https://doi.org/10.3390/en19010127
https://doi.org/10.3390/en19041073
https://doi.org/10.6180/jase.202603_29(3).0011
https://doi.org/10.1109/TDEI.2015.7076809
https://doi.org/10.1109/TDEI.2015.7076809
https://doi.org/10.1109/TIM.2016.2639678

[24]

[25]

[26]

[27]

(28]

[29]

[30]

Journal of Applied Science and Engineering 36 (2027) 27036026

C. Zhang, M. Dong, M. Ren, W. Huang, J. Zhou, X.
Gao, and R. Albarracin, (2018) “Partial discharge moni-
toring on metal-enclosed switchgear with distributed non-
contact sensors” Sensors 18(2): 551. DOI: 10.3390 /
s18020551.

Y. Wang, J. Yan, Z. Yang, Y. Zhao, and T. Liu, (2020)
“GIS partial discharge pattern recognition via lightweight
convolutional neural network in the ubiquitous power
Internet of Things context” IET Science, Measurement
& Technology 14(8): 864-871. DOI: 10.1049 /iet-smt.
2019.0542.

Y. Wang, J. Yan, Z. Yang, Y. Zhao, and T. Liu, (2021)
“Optimizing GIS partial discharge pattern recognition
in the ubiquitous power Internet of Things context: A
MixNet deep learning model” International Journal of
Electrical Power & Energy Systems 125: 106484. DOI:
10.1016/j.ijepes.2020.106484.

R. Fechet, A. I. Petrariu, and A. Graur, (2021) “Partial
discharge and Internet of Things: A switchgear cell main-
tenance application using microclimate sensors” Sensors
21(24): 8372. DOI: 10.3390/521248372.

K. Yin, Y. Wang, S. Liu, P. Li, Y. Xue, B. Li, and K. Dai,
(2022) “GIS partial discharge pattern recognition based on
multi-feature information fusion of PRPD image” Sym-
metry 14(11): 2464. DOI: 10.3390/sym14112464.

Y. Wu, D. Ding, Y. Wang, C. Zhou, H. Lu, and X.
Zhang, (2022) “Defect recognition and condition assess-
ment of epoxy insulators in gas insulated switchgear
based on multi-information fusion” Measurement 190:
110701. poOI: 10.1016/j.measurement.2022.110701.

F. Cordoni, G. Bacchiega, G. Bondani, R. Radu, and
R. Muradore, (2022) “A multi-modal unsupervised fault
detection system based on power signals and thermal imag-
ing via deep AutoEncoder neural network” Engineering
Applications of Artificial Intelligence 110: 104729.
DOI: 10.1016/j.engappai.2022.104729.

17


https://doi.org/10.3390/s18020551
https://doi.org/10.3390/s18020551
https://doi.org/10.1049/iet-smt.2019.0542
https://doi.org/10.1049/iet-smt.2019.0542
https://doi.org/10.1016/j.ijepes.2020.106484
https://doi.org/10.3390/s21248372
https://doi.org/10.3390/sym14112464
https://doi.org/10.1016/j.measurement.2022.110701
https://doi.org/10.1016/j.engappai.2022.104729

	Introduction
	Materials and Methods
	Flashover Evolution Mechanism
	Multi-Sensor Condition Observation and Data Representation
	Definition of Flashover-Risk Prediction Tasks
	Reliability-Aware Multi-Sensor Temporal Flashover-Risk Prediction Method
	Overall Model Framework
	Modality-Specific Feature Extraction and Adaptive Denoising
	Reliability-Aware Hierarchical Multi-Sensor Fusion
	Physics-Consistent Multi-Task Risk Prediction
	Joint Loss and Predictive Uncertainty
	Risk-Driven Predictive Maintenance

	Experimental Setup
	Test Platform and Dataset
	Comparison Methods and Experimental Settings


	Results and Discussion
	Overall Performance Comparison
	Ablation Experiments and Fusion-Weight Analysis
	Robustness and Cross-Condition Generalization
	Predictive-Maintenance Case Study

	Conclusions

