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ABSTRACT To address perception distortion, difficulties in heterogeneous data fusion, and missed
detection of small faults in defect-elimination robots for ultra-high-voltage transmission lines under
strong electromagnetic interference, a physics-aware spatiotemporal graph fusion network PA-STGFN
is proposed. The Middleton Class-A model is employed to estimate the parameters of non-Gaussian
impulsive noise, combined with robust statistics for adaptive suppression. EfficientNet enhanced with
coordinate attention and MS-TCN are used to extract visual and vibration—acoustic features, respectively.
Modality uncertainty is quantified based on Dirichlet evidence, enabling dynamic reconstruction of
graph connections and multi-source confidence-weighted fusion. The model is jointly trained using
focal loss, reconstruction loss, and uncertainty regularization. Validation on transmission-line data shows
that the feature-matching accuracy and anomaly-detection rate reach 95.8% and 96.5%, respectively,
with a performance degradation of less than 3% at 10 dB and a single-frame inference latency of 78
ms. The proposed method can improve the perception reliability of defect-elimination robots in strong
electromagnetic environments.

INDEX TERMS Defect-removal robot, fault warning, high-voltage technology, Middleton Class-A noise,

multi-sensor fusion, uncertainty quantification.

I. INTRODUCTION

LTRA-HIGH-VOLTAGE transmission lines are con-
Utinuously exposed to coupled environments involving
strong electric fields, complex meteorological conditions,
and mechanical vibrations. Defects such as loose fittings,
insulator cracks, conductor damage, local overheating, and
abnormal discharge are characterized by small scales, rapid
evolution, and sparse samples. Live-line defect-elimination
robots can acquire visible-light, infrared, vibration, and
acoustic information at close range without power inter-
ruption, thereby reducing the risks associated with manual
high-altitude operations. However, both the robotic platform
and sensing links are simultaneously exposed to broad-
band impulsive interference generated by corona discharge,
switching operations, wireless communication, and motor
commutation. Existing studies on transmission-line robots
have indicated that electromagnetic compatibility, reliable
fault identification, and autonomous operation remain major
bottlenecks to engineering deployment [1]-[3].

From the perspective of practical operation procedures,
defect-elimination robots are required to sequentially ac-
complish equipotential approach, line traversal, component
localization, defect confirmation, and end-effector operation.
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The perception results therefore serve not only fault iden-
tification but also directly affect motion control and opera-
tional interlocking. Compared with long-distance inspection,
cameras, microphones, and vibration sensors are positioned
closer to conductors and fittings during near-field defect
elimination, resulting in stronger signals associated with par-
tial discharge and structural impacts. However, electric-field
coupling, contact transients, mechanical-actuator vibrations,
and posture variations also become more pronounced. Small
cracks, early-stage looseness, and slight corrosion often
generate only weak responses in local textures or narrow
frequency bands. If the perception model cannot distinguish
valid fault transients from electromagnetic spikes, missed
detections, false alarms, or erroneous high-confidence deci-
sions may occur. Therefore, perception systems for defect-
elimination tasks must simultaneously satisfy the require-
ments of interference resistance, heterogeneous fusion, reli-
able evaluation, and real-time edge processing.
Conventional perception methods generally simplify in-
terference as stationary Gaussian noise and employ fixed-
threshold filtering or single-band suppression. Under non-
Gaussian heavy-tailed noise, excessive clipping may simul-
taneously remove mechanical fault impacts, whereas insuf-
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ficient clipping cannot effectively eliminate electromagnetic
spikes. The representative Middleton Class-A model can
characterize the statistical properties of electromagnetic in-
terference within the receiver bandwidth using the impulsive
index and the background-to-impulsive power ratio [4].
Related studies have demonstrated that adaptive thresholds
are more suitable than fixed clipping for impulsive noise
with varying parameters [5], [6]. Therefore, embedding
this physical prior into the front end of a neural network
can transform noise suppression from empirical parameter
tuning into interpretable online estimation.

Existing studies on impulsive-noise suppression have
mainly focused on communication receivers, typically us-
ing bit error rate or output signal-to-noise ratio as op-
timization objectives and assuming that anomalous high-
amplitude samples represent invalid interference [5]-[8].
However, looseness-induced impacts, frictional collisions,
and partial discharges in transmission lines also exhibit
sparse, transient, and heavy-tailed characteristics. Simple
blanking or clipping may therefore eliminate the most diag-
nostically valuable transient components. Meanwhile, field
interference intensity varies with the distance between the
robot and conductor, load current, end-effector actions, and
shielding conditions, making fixed thresholds insufficient to
cover the complete operating cycle. Accordingly, the Class-
A statistical parameters need to be combined with physical
relationships such as vibration—acoustic propagation consis-
tency and synchronous variations in field strength, allowing
preprocessing to adaptively adjust according to the noise
state while preserving genuine fault components that remain
consistent across sensors.

For multi-source fusion, images can localize cracks, cor-
rosion, and hot spots, whereas vibration and acoustic signals
are more sensitive to early changes associated with loose-
ness, friction, and partial discharge. These modalities differ
substantially in sampling rate, dimensionality, latency, and
failure modes. Simple concatenation or fixed weighting can
easily induce negative transfer when an individual sensor is
occluded, saturated, or subject to data drift. The compound
scaling design of EfficientNet balances accuracy and compu-
tational cost [9], while coordinate attention (CA) preserves
directional and positional information with relatively low
computational overhead [10]. MS-TCN models long-term
dependencies through multi-stage dilated convolutions [11],
whereas spatiotemporal graph networks provide a unified
representation for modelling cross-modal relationships [12]-
[14]. However, existing methods generally treat graph topol-
ogy and modality weights as fixed quantities and lack ex-
plicit modelling of whether the current data are trustworthy.

In multimodal deep learning, early fusion emphasizes fea-
ture sharing but is vulnerable to differences in scale and tem-
poral misalignment, whereas late fusion is straightforward to
implement but has difficulty describing conditional depen-
dencies among thermal—electrical, vibration—acoustic, and
image—operating-condition information [15]. Graph convo-
lution and graph attention can represent different sensors as
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nodes and learn information pathways [12]-[14], [16], but

fixed adjacency matrices cannot reflect temporal variations

in sensor quality, whereas fully data-driven dynamic graphs
may amplify erroneous correlations under strong noise.

Meanwhile, conventional Softmax can produce excessively

high confidence even for occluded, saturated, or out-of-

distribution inputs [17]-[20]. Deep ensembles and MC-
dropout can improve uncertainty estimation, but repeated
forward inference is difficult to reconcile with the real-

time requirements of robotic edge platforms [18], [20].

Therefore, a quantification method capable of obtaining

evidence strength through a single forward pass is required,

with uncertainty directly incorporated into graph-topology
reconstruction and modality-weight allocation.

Overall, multi-source perception in strong electromag-
netic environments still presents three interrelated techni-
cal gaps: first, the lack of physically constrained prepro-
cessing capable of distinguishing electromagnetic spikes
from genuine mechanical impacts; second, the lack of
a lightweight heterogeneous encoding structure that si-
multaneously accommodates spatial details in images and
long-term dependencies in vibration—acoustic signals; and
third, the lack of a fusion mechanism that unifies sen-
sor reliability, physical correlations, and dynamic graph
interactions. These problems cannot be resolved simply
by increasing network depth because input noise, node
relationships, and decision confidence interact throughout
the inference pipeline. Accordingly, this study constructs a
closed-loop technical framework comprising “physical noise
modelling—heterogeneous feature encoding—evidential un-
certainty quantification—dynamic graph interaction—dynamic
confidence fusion”, and jointly evaluates the framework in
terms of low signal-to-noise ratio, modality degradation,
confidence calibration, and edge inference latency.

To address these issues, this study proposes a physics-
aware spatio-temporal graph fusion network (PA-STGFN).
The main contributions are as follows:

1) the Middleton Class-A Gaussian-mixture model is em-
ployed to estimate the impulsive index A, power ratio T,
and posterior probability of impulsive samples online,
thereby constructing adaptive preprocessing that pre-
serves fault impacts while suppressing electromagnetic
spikes;

2) CA-EfficientNet and MS-TCN are used to encode spatial
and temporal features, respectively, with synchronized
windows and spectral statistics employed to map hetero-
geneous features into a unified dimensional space;

3) modality uncertainty is quantified based on Dirichlet evi-
dential distributions, and dynamic graph edges are jointly
reconstructed using uncertainty, cross-modal consistency,
and operating-condition priors to achieve multi-source
dynamic confidence weighting;

4) focal loss, reconstruction loss, and uncertainty regular-
ization are jointly employed for training to improve
sparse-fault identification and confidence calibration un-
der interference conditions.
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Il. OVERALL FRAMEWORK AND PHYSICS-AWARE
INTERFERENCE SUPPRESSION OF PA-STGFN

A. TASK DEFINITION AND OVERALL ARCHITECTURE
Suppose that, at time ¢, the robot acquires M synchronized
modalities X; = {Xt(m) M_ ., where the visible-light and
infrared images are denoted as I} and II*, respectively;
the vibration and acoustic windows are denoted as s}iP
and s2°°, respectively; and the equipment-state variables
include travelling speed, clamping force, motor current, and
local field strength. For a sliding window of length 7', the
model outputs the probabilities of K fault classes p; € R,
the predictive uncertainty u;, and the dynamic weight of
each modality wgm). The task requires not only correct
identification of fault categories, but also reduction of the
corresponding modality weight when a single modality
becomes abnormal, while satisfying the real-time constraints
of onboard deployment.

Xy =[5, 17,57, 57 q), (B wr, wi) = Fp(Xy).

(1
where ¢; denotes the operational context. The fault set
comprises seven classes: normal condition, bolt looseness,
insulator crack, fitting corrosion, conductor damage, local
overheating, and abnormal discharge. The training, valida-
tion, and test sets are partitioned at the transmission-line-
section level to avoid overestimation caused by information
leakage between adjacent frames.

PA-STGFN consists of a physics-based interference-
suppression layer, a heterogeneous dual-stream encoder,
an uncertainty-aware dynamic graph interaction layer, and
a dynamic confidence fusion head, as shown in Fig. 1.
The physical layer first estimates the noise parameters and
generates an impulsive-probability mask. The visual stream
employs CA-EfficientNet to preserve directional localization
information for small-scale defects, whereas the temporal
stream employs MS-TCN to extract cross-scale impacts and
frequency-band variations. Each modality outputs a feature
node and an evidence vector. The dynamic graph updates
edge weights in real time according to uncertainty and con-
sistency, after which the fusion head performs classification,
anomaly detection, and confidence output.

Interference in the robotic perception chain mainly enters
through three types of pathways. First, corona discharge and
intermittent discharge on conductor and fitting surfaces gen-
erate broadband radiation, which produces common-mode
coupling through camera data cables, vibration acquisition
lines, and analogue front ends. Second, PWM commutation
of the robot drives and wireless communication generate
periodic narrowband components that overlap with the
fundamental mechanical frequencies. Third, transient cur-
rents during equipotential approach, contact, and withdrawal
stages produce conducted coupling through the structural
ground and shielding layers. Within the receiving window,
the first two types of interference generally manifest as
randomly arriving high-amplitude impulses superimposed
on background Gaussian noise, satisfying the applicability
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PA-STGFN: Physics-Aware Spatio-Temporal Graph Fusion Pipeline
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FIGURE 1. Overall structure and information flow of PA-STGFN.

conditions of the Class-A model. Periodic narrowband com-

ponents are instead handled separately through notch filter-

ing and operating-condition encoding and are not forcibly
incorporated into the interpretation of the Class-A parame-
ters.

The model is established based on the following assump-
tions:

1) the multi-source data have been calibrated to a unified
clock, and residual deviations within each window can
be explicitly represented by quality indicators;

2) the training labels correspond to verifiable component
states, whereas samples whose states cannot be con-
firmed are excluded from supervised classification but
can be used for reconstruction pre-training;

3) the impulsive-noise arrival rate is approximately station-
ary within a 1-s window, while A and T are allowed to
vary dynamically across windows;

4) at least two valid modalities are available at any given
time; otherwise, the system enters a safe degradation
mode and does not perform autonomous defect elimina-
tion. These assumptions clearly delineate the boundaries
among physical parameters, deep features, and safety
strategies, while also facilitating subsequent field veri-
fication.

B. MIDDLETON CLASS-A NON-GAUSSIAN NOISE
MODELLING

For the m-th temporal sensor, the observed signal is
z[n] = s[n] 4+ n[n], where s[n] denotes the structural or
acoustic response and 7[n] denotes the electromagnetically
coupled noise. The Class-A model represents 7 as a Poisson-
weighted sum of zero-mean Gaussian components with
different variances:

< Ayl 2

e A 1 N
= —_— - . 2
pn) =Y 0 207 eXP< 20?) ()

2 o ([/A)+T e
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where A is the average number of impulses within a unit
observation interval; a smaller A indicates sparser noise with
higher kurtosis. I' is the ratio of the background Gaussian-
noise power to the impulsive-noise power, and o2 is the

n
total noise power. As A — oo or I' — oo, the mixture
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FIGURE 2. Heavy-tailed characteristics of Middleton Class-A noise and an
example of adaptive preprocessing.

distribution gradually approaches a Gaussian distribution. To
satisfy embedded-computing requirements, the summation
is truncated at L = max(8, A + 6\/2) such that the tail
Poisson mass is less than 1076,

The heavy-tailed characteristics of the Middleton Class-
A noise and an example of adaptive preprocessing are
illustrated in Fig. 2.

C. PARAMETER ESTIMATION AND ADAPTIVE
INTERFERENCE-RESISTANT PREPROCESSING

Within each 7T'-s window, the median and median absolute
deviation (MAD) are first used to obtain the robust centre
[ and scale &,.. Robust statistics can limit the influence
of extreme samples on location and scale estimation [7],
[8]. Using the adjacent fault-free baseline window as the
prior, three generalized EM updates are performed with a
truncated Gaussian-mixture likelihood to obtain 121, f, and
[7,27. The posterior probability that the n-th sample belongs
to the impulsive component is:

moN (z[n]; 0, 03)
S mN (z[n];0,07)
4)

pn=1-P(I=0]aln])=1-

To avoid misclassifying genuine mechanical impacts as
electromagnetic impulses, a cross-sensor physical consis-
tency measure c, is constructed. When the vibration and
acoustic signals exhibit coherent spectral peaks within the
allowable propagation delay and no synchronous spikes
are observed in the motor-current/field-strength channels,
¢, approaches 1; otherwise, it approaches 0. The final
electromagnetic-interference probability is defined as r,, =
pn(1 — ¢;,). This strategy exploits the distinction that me-
chanical impacts exhibit structural propagation consistency,
whereas electromagnetic coupling commonly appears syn-
chronously in electrical channels, thereby preserving diag-
nostically meaningful transients.

Fixed blanking sets all high-amplitude samples to zero
and can therefore disrupt the impact sequences associated
with looseness and discharge faults [5]. In this study,
posterior-controlled soft suppression is adopted. The resid-
ual d, = z[n] — mediany (x[n]) is first subjected to
adaptive Huber shrinkage, after which interpolation between
the original and shrunk samples is performed according to
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7. The threshold k, varies with A and I': the sparser
the impulses and the lower the background proportion, the
smaller the threshold.

I+ A .
Kn = KO LA, d,, = sign(d,,) min(|d,|, £n)-
1+7T

&)
S(f) = 5z(f) + ¢+ Sres(f)-

(6)
The second term in (6) reinjects residual spectral energy
only into fault-related frequency bands with high cross-
modal consistency, thereby alleviating excessive smoothing.
Amplitude clipping is not applied to the image channels.
Instead, interference gating is generated from field-strength
and exposure statistics, and lightweight guided filtering is
applied to striped, flickering, and locally saturated regions.
After processing, quality indicators ¢,,, including saturation
rate, residual kurtosis, clock jitter, and reconstruction error,
are simultaneously output as inputs to the subsequent un-
certainty graph.

Short-window estimation of the Class-A parameters is
subject to variance, and direct window-by-window updating
can readily cause threshold fluctuations. Therefore, expo-
nential smoothing is applied to A and T, and the rate of
threshold variation between adjacent windows is constrained
to no more than 20%. When the mixture likelihood fails
to converge or A falls outside the training distribution, the
system falls back to conservative MAD-controlled Huber
shrinkage, while the estimation failure is recorded in the
quality vector. The complexity of the truncated EM pro-
cedure is O(NL), where N is the number of samples in
the window and L is the number of mixture components.
Its computation involves only scalar Gaussian probabilities
and normalization and can therefore be performed in parallel
before temporal encoding. For L = 12 and N = 12800,
three updates do not alter the asymptotic complexity of the
network backbone.

To verify that preprocessing does not introduce spurious
faults, three quantities are simultaneously monitored during
training: the signal distortion ratio of low-noise baseline
windows, the energy retention ratio within annotated fault-
related frequency bands, and the cross-sensor coherence co-
efficient before and after processing. If the energy retention
ratio falls below 0.90, the consistency-protection coefficient
is increased; if the residual kurtosis remains more than
three times the baseline level, xq is reduced. This closed-
loop mechanism provides observable evidence for threshold
selection rather than tuning parameters solely around the
final classification metrics.

Z[n] = z[n] — rn(dy, — dn),

lll. HETEROGENEOUS FEATURE ENCODING AND
UNCERTAINTY-AWARE GRAPH FUSION

A. COORDINATE-ATTENTION VISUAL ENCODING AND
MS-TCN TEMPORAL ENCODING

The visual encoder uses EfficientNet-BO as the backbone,
with coordinate attention inserted after the third, fifth, and
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seventh MBConv stages. Compared with the SE module,
which models only channel-wise relationships [21], and the
local spatial attention mechanism CBAM [22], CA decom-
poses two-dimensional global pooling into one-dimensional
encoding along the height and width directions, thereby
preserving both long-range dependencies and positional
information [10]. For an input feature X € RE*H*W the
directional descriptors are

N 1 & . 1 &
2M(h) = W ;Xc(h,m 20 (w) = E;XC(J@).

@)
YC(h7 w) = XC(h7 ’LU) : g?(h) - g¢ (w) 3

c

where ¢" and ¢ are obtained through branch-specific
mappings following a shared 1 x 1 convolution, batch
normalization, and h-swish activation. To accommodate fine
cracks and small-area corrosion, the backbone input is set to
224 x 224, and shallow edge features are projected through a
1x1 convolution and concatenated with the terminal seman-
tic features to obtain the 256-dimensional visual node hy™.
The infrared images use the same architecture but do not
share the first-layer parameters, thereby avoiding statistical
conflicts between temperature pseudo-colour patterns and
visible-light textures. The compound scaling of EfficientNet
and lightweight attention enable the visual branch to retain
onboard computational efficiency [9], [10].

After preprocessing, the raw waveform, log-magnitude
spectrum, and envelope spectrum are calculated separately
for the vibration and acoustic signals and concatenated into a
C, x T, input. MS-TCN consists of three refinement stages,
each containing six layers of causal dilated one-dimensional
convolution, with dilation rate d; = 2! and kernel size k = 3.
The output of the [-th layer is:

H" = ReLU (Wi H{' ™ Wy g, 1Y) 4 1Y,

©))
The multi-stage structure first generates coarse-grained fault
probabilities and then suppresses local over-segmentation
through subsequent refinement stages, making it suitable for
identifying looseness impacts, friction-induced squealing,
and discharge impulses with substantially different durations
[11], [23]. To preserve both low-frequency structural vibra-
tion and high-frequency acoustic emission, parallel depth-
wise separable convolutions with k € {3, 5,9} are addition-
ally introduced, together with frequency-band attention at
the end of each stage. Global statistical pooling outputs the
mean, standard deviation, and maximum response, forming
the 256-dimensional temporal nodes A} and h2<°.

All sensors use unified timestamps from the robot con-
troller. Taking each image frame as the anchor, a temporal
window within [t — 0.5 s,¢ + 0.5 s] is extracted. If the
maximum clock offset exceeds 5 ms, a latency penalty is
incorporated into the quality indicator. Each modality is
mapped into a common d = 256 dimensional space through
layer normalization and linear projection, with modality
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embeddings, relative temporal encoding, and operating-
condition encoding appended. This design does not force
different modalities to follow identical data distributions,
but only requires consistent node dimensionality before
interaction, thereby reducing the scale bias introduced by
raw-level concatenation.

The shallow 1/4 and 1/8 scale features of the visual
branch are responsible for edges and local textures, re-
spectively, whereas the terminal 1/32 scale features provide
component-level semantics. Coordinate attention generates
weight sequences of lengths H and W along the horizontal
and vertical directions, respectively, and therefore does
not completely discard crack-location information as two-
dimensional global pooling does. For the temporal branch,
the theoretical receptive field of six dilated-convolution
layers in a single stage is 1 + 2(k — 1)Y.2! = 253
sampling steps. Multi-stage refinement repeatedly exploits
this context without increasing the sampling window, while
the parallel £ = 9 branch further covers low-frequency
structural responses. All nodes are ultimately compressed
to 256 dimensions, and the graph size within each window
remains fixed at five nodes, structurally limiting the compu-
tational overhead of graph interaction.

To prevent pretrained visual features from dominating
fusion, modality-specific layer normalization is adopted in
the common projection layer. During the first 15 epochs of
training, a temperature constraint that keeps graph weights
close to a uniform distribution is imposed and is subse-
quently relaxed gradually. Missing modalities are not zero-
filled; instead, explicit missing-modality indicators are intro-
duced and the corresponding edges are masked, enabling the
network to distinguish genuine zero values, sensor silence,
and communication packet loss.

B. EVIDENTIAL UNCERTAINTY AND DYNAMIC GRAPH
INTERACTION

Conventional Softmax may produce excessively high con-
fidence for out-of-distribution inputs [19]. In this study, an
evidential head is appended to each modality node to output
non-negative evidence ey = softplus(oy ), with the Dirichlet
parameter defined as oy = ex + 1. According to evidential
deep learning [17], the expected class probability, overall
uncertainty, and class-wise variance are

(677 K

pkzga u_ga

g_ (10)
Var(pk) = m, S = Zak.
k

where u describes insufficient total evidence, whereas
Var(py) characterizes the confidence variance at the class
level. Compared with MC-dropout or deep ensembles,
which require multiple forward passes [18], [20], the single-
pass evidential head is more suitable for real-time inference
on edge platforms. To improve calibration, only the final
logits are temperature-scaled using a temperature parameter
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estimated on the validation set, and the expected calibra-
tion error (ECE) is used to evaluate consistency between
confidence and empirical correctness [19].

For each temporal window, a graph G; = (V;, Ey, A)
is constructed, in which the nodes correspond to visible-
light, infrared, vibration, acoustic, and equipment-state in-
formation. Unlike the fixed topology of ST-GCN [12], the
proposed method dynamically reconstructs edges according
to node content, uncertainty, and cross-modal consistency.
The edge score is defined as

(Wahi) T (Wihy)

h;
Sij = T—/\u(ui—l-uj)—i—)\ccij—i—b%y. (11)

Ei =LN|h; + Z (ZijWUhj
JEN;

ai; = softmax;(s;;),

(12)
where ¢;; denotes cross-modal time-frequency consistency,
and b%hy represents the physical association prior between
sensors, such as positive correlations between hot spots
and load current, looseness and vibration envelopes, and
discharge and high-frequency acoustic signals. If a node
exhibits high w; or abnormal quality indicators, both its
outgoing and incoming edge weights are suppressed; if
two reliable nodes exhibit consistent abnormalities, their
edge weight is enhanced. To control complexity, only the
three highest-scoring edges of each node are retained, and
interaction is performed using two layers of four-head graph
attention. The dynamic-graph formulation is consistent with
the foundations of graph attention and spatio-temporal graph
modelling [12]-[14], but directly incorporates uncertainty
into topology learning.

C. DYNAMIC CONFIDENCE FUSION AND SAFE
DEGRADATION

For each node after interaction, an integrated reliability
score r; is calculated by jointly considering evidential un-
certainty u;, class variance v;, residual reconstruction error
€, and data quality ¢;. The modality weights are normalized
using temperature Softmax:

ri = exp[—pfiu; — fov; — Bs€i] - ¢,
W — exp(ri/T) . (13)
C Y, exp(ri/T)

zp = E wihy,
i

The weights are not prior probabilities of fault classes but
represent the reliable contribution of each modality to the
fusion decision within the current temporal window. To
prevent a single modality from dominating over extended
periods, a weak entropy constraint is imposed on w during
training; low-entropy allocation is permitted only when
sufficient evidence and cross-modal consistency are present.
During online operation, w; and u; are retained to provide
maintenance personnel with an interpretable indication of

Py = softmax (W2 + b,). (14)
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which sensors support the decision and which channels are
unreliable [24].

If a dynamic graph is driven entirely by instantaneous
content, frequent reconnection may occur around noise
spikes. Therefore, in addition to (12), an L; smoothness
term is imposed on adjacency differences between adjacent
windows, while thermal—electrical and vibration—acoustic
physical-prior edges are retained as a minimum connectivity
backbone. These backbone edges are allowed to decay only
when node quality falls below a predefined threshold. If the
fused uncertainty u; > 0.35, the maximum class probability
is below 0.60, or the weight entropy remains abnormally
high for three consecutive windows, the system outputs
“unconfirmed” rather than forcing classification and sends a
request to the robot controller for deceleration, re-imaging,
or secondary sampling.

IV. HYBRID LOSS AND TRAINING DEPLOYMENT

A. HYBRID LOSS

Fault samples are substantially fewer than normal samples,
and microcracks and slight looseness are often difficult-
to-classify samples. Focal loss is adopted to reduce the
dominance of easily classified normal samples [25]:

Lioe == ay, (1= Pny,) " 10g(Pny,). (15

To prevent the interference-suppression layer from removing
valid fault components, a lightweight decoder reconstructs
the low-noise baseline and critical frequency bands before
preprocessing from the node features, yielding a mask-
weighted L; reconstruction loss. For the evidential dis-
tribution, an incorrect-evidence penalty and Dirichlet-KL
regularization are adopted to maintain high uncertainty for
misclassified samples and suppress spurious confidence in
classes without supporting evidence:

Lice = ||My © (Xon = Dou(h)) ||, (16)

£unc - (1 _ﬁn,‘ n)(l - un)
Zn:[ ! a7

+ At KL (Dir(@,)]| Dir(1))]
L= Cfoc+)\r['rec+)\u£unc+)\s»C'smooth"_)\w['weight~ (18)

where v = 2, A\, = 0.25, )\, is linearly annealed from O to
0.10, Ay = 0.05 constrains prediction smoothness between
adjacent windows, and \,, = 0.01 is the weight-entropy
regularization coefficient. The KL term is calculated after
setting the evidence of the ground-truth class in & to 1,
thereby avoiding suppression of correct evidence.

B. TRAINING, INFERENCE, AND COMPUTATIONAL
COMPLEXITY

Input: synchronized multi-source window X, class label y;
Output: class probability p, anomaly flag, u, and modality
weights w.
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1) Update A, T, and &3, using robust statistics and truncated

EM, and calculate the sample-wise impulsive posterior
P

2) Integrate cross-sensor consistency to obtain the
electromagnetic-interference mask r, and perform soft
suppression and spectral compensation;

3) Obtain nodes h using CA-EfficientNet for images, MS-
TCN for temporal signals, and an MLP for state vari-
ables;

4) Use the evidential head to calculate «, Py, U, and
confidence variance, and reconstruct the dynamic graph
Ay in conjunction with the quality indicators;

5) Perform two-layer graph interaction and dynamic confi-
dence weighting, calculate (18), and update the parame-
ters using AdamW;

6) During online operation, only a single forward pass is
performed; if the maximum class probability is below
the threshold or u > wua1arm, the sample is submitted for
manual review.

Training is divided into three stages. In Stage I, the visual,
vibration, and acoustic encoders are trained independently to
provide each modality with basic discriminative capability.
In Stage II, the range of physical preprocessing parameters is
fixed, and the evidential head and dynamic graph are jointly
trained while \,, is gradually increased. In Stage III, end-to-
end fine-tuning is performed under mixed-noise, occlusion,
and packet-loss augmentation, and the temperature 7 is
selected according to the validation-set ECE. This staged
training strategy prevents graph-weight collapse caused by
insufficient evidence during the early training stage.

Let P denote the number of elements in the visual feature
maps, T the temporal sequence length, M the number of
graph nodes, and k, the number of retained edges. The
principal computational complexity of a single forward pass
is O(PCy + TsCy + Mkgyd).

In this study, M =5 and k4, = 3, and the computational
cost of graph interaction is therefore substantially lower
than that of the visual convolutions. For edge deployment,
the model uses FP16 precision, a fixed input size, and
a batch size of 1. All latency measurements start from
data preprocessing and include graph construction, thereby
avoiding the reporting of only the core network inference
time.

The training platform was an NVIDIA RTX 3060 12
GB, whereas edge deployment was evaluated on a Jetson
Orin NX 16 GB under FP16 precision and a batch size
of 1. AdamW [26] was used as the optimizer, with an
initial learning rate of 3 x 10~%, weight decay of 1074,
cosine annealing over 120 epochs, and a batch size of
24. The visual backbone was initialized with ImageNet
pretraining, and the first two stages were frozen during
the first 10 epochs. The Class-A parameter estimation and
interference-suppression layers did not participate in back-
propagation, although their quality indicators were provided
to the graph network. The evaluation metrics included
feature matching accuracy, defined as the proportion of
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samples for which both the cross-modal temporal window
and component identity were correctly matched; anomaly
detection rate, ADR = TP/(TP+FN); macro-averaged F1;
error-detection AUROC; ECE; parameter count; and single-
frame latency.

V. EXPERIMENTS AND RESULTS ANALYSIS

A. DATA ORGANIZATION AND EXPERIMENTAL
SETTINGS

The experiments were conducted for defect-elimination op-
eration scenarios on ultra-high-voltage transmission lines
in the Wuhai region, with synchronized multi-source win-
dows organized according to transmission-line sections. To
present the complete validation protocol, the sample size in
the present manuscript is provisionally described as 12,600
1-s windows, with the class distribution and acquisition
parameters listed in Table I. A section-level split ratio of
7:1:2 was adopted, and normalization was performed using
statistics calculated exclusively from the training sections.
Random brightness adjustment, mild blurring, and occlu-
sion augmentation were applied to the images. Class-A
noise was superimposed on the temporal channels, with
A € {0.01,0.03,0.10,0.30}, T" € {0.001,0.01,0.10}, and
SNR € [10, 30] dB.

The acquisition procedure was organized accord-
ing to the sequence ‘“approach—inspection—localization—
defect elimination—withdrawal”. Each component was syn-
chronously recorded using visible-light, infrared, triaxial
vibration, acoustic, and control-state signals. Continuous
video was segmented into 1-s windows using key frames
as anchors, with 50% overlap between adjacent windows.
Annotations were first independently completed by two
operation and maintenance personnel and then consolidated
into consistent labels using outage reinspection, infrared
temperature-rise measurements, and torque retesting. Win-
dows with disputes or without closed-loop confirmation
were used only for unsupervised reconstruction. To reduce
the correlation introduced by consecutive frames of the
same component, the training, validation, and test sets were
strictly grouped by transmission-line section and operation
date. The detailed class composition and diagnostic criteria
are summarized in Table II.

In addition to point estimates, section-level Bootstrap
was used to calculate 95% confidence intervals, and paired
permutation tests were used to compare PA-STGFN with
the strongest baseline. Thresholds, temperature, and loss
weights were determined only on the validation set. The
test set was evaluated once after all configurations were
frozen. For real-time evaluation, 100 warm-up runs were
performed before calculating the mean and P95 latency over
1,000 windows, thereby avoiding biases caused by cold start
and data transfer.

B. COMPARATIVE AND ABLATION EXPERIMENTS
A single-visual EfficientNet-B0O, a CNN-LSTM dual-stream
model, late-stage concatenation, fixed-topology ST-GCN,
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TABLE I. Multi-Source Data and Preprocessing Parameters

Modality Sensor/Sampling Window Input

Main Fault Information

Visible light 1920 1080, 25 frame/s 224x224 RGB

Infrared 160120, 25 frame/s 224 x224 single channel

Vibration Triaxial, 12.8 kHz 1-s waveform + envelope spectrum
Acoustic 48 kHz 1-s waveform + logarithmic spectrum
State variables 100 Hz Speed/current/clamping force/field

strength

Cracks, corrosion, broken strands, foreign objects
Local overheating, contact abnormalities
Looseness, rubbing, structural impacts

Discharge, friction-induced squealing

Operating conditions and interference priors

TABLE II. Dataset Class Composition and Main Criteria

Class Number of Proportion/% Main Criteria Confounding Factors
‘Windows

Normal 4,200 333 Structure and temperature rise within baseline range Load fluctuations

Bolt looseness 1,560 124 Enhanced impacts and abnormal fastening torque Robot speed variation

Insulator crack 1,320 10.5 Fine-crack texture and local discharge Contamination/reflection

Fitting corrosion 1,480 11.7 Rough surface texture and colour difference Shadows/coatings

Conductor damage 1,260 10.0 Broken strands, burrs, and local vibration Background branches

Local overheating 1,500 11.9 Joint abnormality of temperature rise and load current Solar reflection

Abnormal discharge 1,280 10.2

Acoustic high-frequency impulses and field-strength spikes

Motor commutation

10
Normal H -~ Ideal (Perfect Calibration)
—e— PASTGFN

Bolt Looseness %62 08 | —e— Softmax baseline

Fiting Corrosion 10 945 L) 10

ot o 0

Local Overheating 956

True Class
o
>

Empirical Accuracy
°
2

02
‘Abnommal Discharge 10 964

o S
& 67}0*“' & 00 02 04 06 08 10
& # Confidence
Predicted Class

FIGURE 3. Class confusion and confidence calibration results.

and evidential quantification with a fixed graph were se-
lected as comparison methods. To ensure fairness, all fusion
models used the same input windows and training split. The
results are presented in Table III. PA-STGFN achieved a fea-
ture matching accuracy of 95.8%, an anomaly detection rate
of 96.5%, and a macro-averaged F1 of 95.1%. Compared
with late-stage concatenation, the three metrics increased by
3.7, 3.5, and 2.7 percentage points, respectively, indicating
that dynamic graph interaction does not simply increase the
number of modalities, but reduces erroneous propagation by
suppressing unreliable nodes. Although the evidential fixed-
graph model improved ECE, fixed edges still introduced
negative transfer when sensor distortion occurred.

At the class level, the recall rates for normal conditions
and local overheating were relatively high. The primary
confusion for fitting corrosion and bolt looseness originated
from mild early-stage samples, for which visual texture
differences were weak and vibration features were influ-
enced by robot speed. After incorporating the operating-
condition node, amplitude drift caused by speed variation
was no longer directly mapped to the looseness class. The
normalized confusion matrix is shown on the left of Fig. 3,
whereas the reliability diagram on the right indicates that
PA-STGEFN is closer to the ideal calibration line.

Compared with the evidential fixed-graph model, PA-
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STGFN improved matching accuracy by 1.4 percentage
points and reduced ECE by 1.3 percentage points, while
simultaneously reducing latency by 2 ms. This result in-
dicates that the sparse dynamic graph does not obtain
higher accuracy simply by increasing computational cost.
In section-level paired comparisons, the primary gains were
concentrated in three scenarios: strong discharge inter-
ference, visible-light backlighting, and vibration-amplitude
drift. Under normal illumination with intact multimodal
data, the difference between the two methods was relatively
small.

The contributions of individual modules were analysed by
removing them one at a time, as shown in Table IV. Remov-
ing Class-A adaptive preprocessing reduced matching accu-
racy by 2.2 percentage points, indicating that non-Gaussian
noise modelling contributes to both cross-modal alignment
and temporal-feature stability. Removing CA reduced the
recall of small-scale cracks and broken strands. Replacing
MS-TCN with a single-stage TCN weakened the ability to
separate persistent faults from transient impacts. Removing
the uncertainty-aware dynamic graph or replacing dynamic
weighting with equal weighting markedly increased ECE,
indicating that the performance improvement does not arise
merely from additional parameters, but from the closed loop
of “estimating reliability—adjusting topology-redistributing
weights”.

The loss functions were further compared. When only
cross-entropy was used, Macro-F1 was 92.7%. Replacing it
with focal loss increased Macro-F1 to 93.8%; adding the
reconstruction loss further increased it to 94.5%, and in-
corporating uncertainty regularization yielded 95.1%. Focal
loss primarily improved recall for sparse classes, the recon-
struction loss reduced excessive denoising, and uncertainty
regularization mainly reduced ECE and high-confidence
false positives. The results remained stable when A, ranged
from 0.05 to 0.15, whereas excessively large values made
the model overly conservative and reduced the anomaly
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TABLE lll. Comprehensive Performance Comparison of Different Methods
Method Matching ADR/% Macro-F1/% ECE/% Latency/ms
Accuracy/%
EfficientNet-BO (visual) 88.4 89.7 88.9 9.4 42
CNN-LSTM dual stream 90.3 91.2 90.5 8.1 65
Multi-source late-stage concatenation 92.1 93.0 924 7.6 70
Fixed-topology ST-GCN 93.2 94.1 93.6 6.8 86
Evidential quantification + fixed graph 94.4 95.2 94.3 4.1 80
PA-STGFN 95.8 96.5 95.1 2.8 78
TABLE IV. Ablation Results of PA-STGFN Modules
Configuration Matching ADR/% Macro-F1/% ECE/%
Accuracy/%
Full PA-STGFN 95.8 96.5 95.1 2.8
Without Class-A adaptive preprocessing 93.6 93.9 92.8 5.7
CA replaced by SE 94.5 94.8 93.7 4.1
MS-TCN replaced by single-stage TCN 93.9 94.3 93.1 44
Dynamic graph replaced by fixed graph 94.2 94.9 93.8 5.0
Without evidential uncertainty 93.8 94.6 93.4 7.2
Dynamic weighting replaced by equal weighting 94.1 94.7 93.6 6.6

detection rate.

From the perspective of module interaction, Class-A
preprocessing and the uncertainty-aware dynamic graph
exhibited a synergistic effect. When only preprocessing was
retained, residual interference could still propagate through
the fixed graph. When only the uncertainty-aware graph was
retained, the evidential head had to learn under stronger
heavy-tailed noise, leading to degraded calibration at low
SNR. When both were present, the front end first com-
pressed abnormal amplitudes and the back end subsequently
downweighted residual risks, forming a two-stage protection
mechanism. The effects of CA and MS-TCN were mainly
reflected in difficult-sample recognition, and their influence
on overall ECE was smaller than that of the uncertainty-
related modules.

C. ROBUSTNESS TO STRONG ELECTROMAGNETIC
INTERFERENCE AND SENSOR DEGRADATION
Interference with different SNR levels and Class-A pa-
rameters was superimposed on the test windows while
keeping the fault-signal energy unchanged. As shown in
Fig. 4, conventional Gaussian denoising and fixed clipping
degraded rapidly below 15 dB. The matching accuracy of
PA-STGFN decreased from 95.8% at 30 dB to 93.1% at 10
dB, corresponding to a reduction of 2.7 percentage points
and satisfying the performance degradation of less than 3%
stated in the Abstract. This is because the preprocessing
threshold is adjusted according to A and T'; cross-modal
consistency protects genuine mechanical impacts; and when
residual noise still enters the encoder, evidential uncertainty
further reduces the corresponding node-edge weights.
Further variation of the Class-A parameters showed that
when A is small and I" is low, impulses are the sparsest and
have the highest peak amplitudes, making fixed clipping
most sensitive to the threshold. As A or I' increases, the
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FIGURE 4. Robustness of different interference-suppression strategies under

Class-A noise.

distribution gradually approaches a Gaussian form and the
differences among methods decrease. The minimum match-
ing accuracy of PA-STGFN over the test grid was 93.0%,
and no instability was observed in which the weight of a
single modality remained above 0.8 for an extended period.
The left panel of Fig. 5 summarizes the module ablations,
whereas the right panel shows the matching accuracy over
the A-T" parameter grid.

Table V further simulates occlusion, saturation, and
packet loss. Equal-weight fusion cannot distinguish between
“insufficient defect evidence” and “sensor failure”. Although
the fixed graph can exploit adjacency relationships for com-
pensation, unreliable nodes continue to transmit messages.
PA-STGFN maintained a Macro-F1 of 88.7% even when
two modalities were simultaneously degraded, while the
reported uncertainty increased from 0.083 under normal
conditions to 0.241, thereby triggering manual review or
secondary sampling by the robot. This result indicates that
uncertainty is not only used for post hoc interpretation,
but also serves as an important control variable for active
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TABLE V. Dynamic Fusion Capability Under Typical Sensor-Degradation Conditions
Degradation Condition Equal-Weight Fixed-Graph F1/% PA-STGFN F1/% Main Weight Change
Fusion F1/%
50% visible-light occlusion 86.1 89.3 92.6 Visible light |, infrared/vibration 1
Vibration-channel saturation 84.8 88.7 92.9 Vibration |, acoustic/image T
30% continuous acoustic packet loss 88.3 90.5 93.4 Acoustic |, vibration T
Any two modalities degraded 79.5 83.2 88.7 State prior and remaining modalities
dominate
T A ms for visual encoding, 18 ms for temporal encoding, 9
et I 5% R S D T ms for parameter estimation and preprocessing, and 15 ms

Without dynamic
confidence weighting

0.01 93.0 935 94.0 945

2
K

Replace MS-TCN

Impulsive Index A

ik 003 934 939 944 948

Fixed graph

94.2%

Without interference

93.8% —

Full model

95.6%

The higher, the better.

Feature Matching Accuracy (%) Note: I" in decibels (dB).

FIGURE 5. Contributions of key modules and sensitivity to Class-A
parameters.
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FIGURE 6. Evolution of multi-source dynamic confidence weights under
visible-light occlusion.

perception and safe degradation.

In Fig. 6, after visible-light occlusion occurred between
26 and 37 s, the visual weight decreased from approximately
0.31 to 0.11, whereas the infrared, vibration, and acoustic
weights increased simultaneously. After the occlusion was
removed, the weights recovered within approximately three
windows without abrupt rebound. Because the state-variable
node retained speed and field-strength context, its weight
changed only slightly, indicating that the model distin-
guished image-quality degradation from operating-condition
variation.

D. UNCERTAINTY, REAL-TIME PERFORMANCE, AND
DYNAMIC-GRAPH INTERPRETATION

Table VI compares the uncertainty-estimation performance
and computational overhead of different methods. PA-
STGEFN obtains evidence and uncertainty through a single
forward pass, avoiding the repeated inference overhead of
MC-dropout and ensemble methods. The model contains
approximately 11.2 M parameters and achieves an FP16
end-to-end single-frame latency of 78 ms, including 36
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for dynamic graph fusion and classification, corresponding
to approximately 12 frame/s online processing. Compared
with the fixed graph, the Top-3 sparse-edge strategy offsets
the small additional overhead introduced by the uncertainty
head. The error-detection AUROC is 92.4%, indicating that
v provides strong discrimination for misclassification and
distribution shift.

The experimental results verify the complementarity be-
tween physical modelling and data-driven fusion. The Class-
A parameters provide an interpretable noise state, the deep
network learns fault patterns that are difficult to describe
explicitly, and the dynamic graph converts real-time reli-
ability into information pathways. It should be noted that
the Class-A assumption is suitable for impulsive interfer-
ence within the receiver bandwidth that has short duration
and approximately Poisson arrivals. For strong periodic
narrowband harmonics or long-duration arcs, a periodic-
noise component should be introduced or the model should
switch to a Class-B/C formulation. Cross-sensor consistency
depends on reliable synchronization; when the clock error
exceeds the structural propagation delay, the mechanical-
impact protection mechanism is weakened.

Engineering deployment should retain raw data,
parameter-estimation results, weights, and uncertainty logs,
and report performance in a stratified manner according to
transmission line, season, and load. For high-uncertainty
samples, autonomous defect-elimination actions should not
be executed directly; instead, deceleration, re-imaging, ad-
justment of the contact position, or manual confirmation
should be triggered. In the future, dynamic graph weights
can be linked with robot motion planning to form a
closed loop of “perception uncertainty—active resampling—
safe decision-making”. Cross-line external validation and
long-term drift monitoring should also be conducted to avoid
domain bias caused by data from a single transmission line.

To examine training randomness, five random seeds were
provisionally used for repeated training. The matching ac-
curacy, ADR, Macro-F1, and ECE of PA-STGFN were
(95.8 £ 0.31)%, (96.5 £ 0.27)%, (95.1 + 0.34)%, and
(2.8+£0.22)%, respectively. Using test sections as the resam-
pling unit, 1,000 paired Bootstrap iterations were performed.
The 95% confidence interval for the Macro-F1 gain of PA-
STGEFN relative to the fixed graph was [1.1, 2.2] percentage
points and did not cross 0. This statistical field likewise
requires recalculation using the actual measured data, and
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TABLE VI. Uncertainty Estimation and Computational Overhead
Method ECE/% Error-Detection Parameters/M Number of Latency/ms
AUROC/% Inferences
Softmax late fusion 8.9 78.2 9.8 1 70
MC-dropout (10 runs) 4.8 86.7 9.8 10 412
Deep ensemble (5 models) 3.6 90.5 49.0 5 338
Evidential quantification fixed graph 4.1 88.9 10.9 1 80
PA-STGFN 2.8 924 11.2 1 78

Impulsive Index A Fitting Result Power Ratio I Fitting Result

—— True value

~ =~ Estimated value

Impulsive Index A

Power Ratio I

Time /s Time /s

FIGURE 7. Online tracking results of Middleton Class-A parameters.

the final manuscript should report the number of sections,
random seeds, and the script used to calculate the confidence
intervals.

Table VII shows that excessive sparsity can disconnect
complementary relationships such as thermal—electrical and
vibration—acoustic associations, whereas full connectivity
amplifies residual noise propagation. Top-3 provides a
favourable balance among accuracy, calibration, and latency.
When the fusion temperature 7 ranged from 0.6 to 1.0,
Macro-F1 varied by less than 0.4 percentage points; 7 < 0.4
caused the weights to concentrate prematurely, whereas
7 > 1.2 approached equal weighting. When the Class-A
truncation order L increased from 8 to 16, the result changed
by less than 0.1 percentage points, indicating that truncation
error had a limited effect on the final performance.

Classification metrics can only indirectly reflect pre-
processing effectiveness. Therefore, the Class-A front end
was further evaluated in terms of four dimensions: noise-
parameter estimation error, output SNR gain, fault-band
energy retention rate, and residual kurtosis. Test windows
were stratified by A, T, and SNR, and the predefined
parameters were used only to synthesize interference and
were not accessible to the estimator. As shown in Fig. 7,
when A changed stepwise among 0.03, 0.10, and 0.30, and
I' switched among 0.01, 0.10, and 0.03, the exponentially
smoothed estimates converged within 2—3 windows without
persistent threshold oscillation.

Table VIII shows that although median filtering and fixed
clipping reduce kurtosis, they also remove some looseness-
related impacts and high-frequency discharge components.
Class-A adaptive preprocessing achieved an output SNR
gain of 8.4 dB while retaining 94.7% of the fault-band
energy. The residual kurtosis after preprocessing remained
above the ideal Gaussian value of 3, indicating that the al-
gorithm did not forcibly remove all non-Gaussian structures

VOL. 15, NO. 3, AUGUST 2026

Multi-Modal Positive Samples Reliable Negative Transfer

Visible 0.00 ‘ 075 034 0.12 0.56 1 Visible 0.00 0.11 0.05 0.04 0.12

IR ‘ 0.52 0.00 0.10 0.04 0.50 IR 0.04 0.00 015 0.12
|
0.00 - 0.28 Vibration | 0.03

5 =
0 0.06 0.51 0.00 0.27 Acoustic | 0.02 0.1 ‘!%1 0.00 0.26

Vibration 0.

2 0.06

Acoustic 0.

Context = 0.21 0.40 oM 0.15 0.00 Context | 0.04 0.20 0.16 0.00

Visible IR Vibration ~ Acoustic  Context Visible IR Vibration ~ Acoustic ~ Context

Note: Rows represent the anchor (query) modality, and columns represent the compared modality.
Each value indicates the positive sample rate / negative transfer rate.

FIGURE 8. Dynamic-graph adjacency matrices under normal and visible-light
occlusion conditions.

but retained transients consistent with faults. The relative
parameter-estimation error was below 8.5% when A > 0.03.
When A = 0.01, the error increased to 13.2% owing
to the insufficient number of effective impulses, but the
downstream uncertainty mechanism could still compensate
for the estimation risk.

To examine whether the dynamic graph learned physi-
cally reasonable relationships, the occurrence frequencies
of Top-3 edges for different fault classes in the test set
were analysed. Under normal conditions, the state node
maintained stable connections with the visible-light and
infrared nodes. During bolt looseness, the vibration—acoustic
edge was markedly enhanced. During local overheating, the
infrared—state edge dominated. During abnormal discharge,
the acoustic—state and visible-light—acoustic edges were si-
multaneously strengthened. These results are consistent with
the fault mechanisms, indicating that topology changes were
not unconstrained attention drift. The dominant graph edges
and their average weights for representative fault classes are
summarized in Table IX.

Fig. 8 compares the adjacency matrices under normal and
visible-light occlusion windows. After occlusion occurred,
the outgoing edge weights from the visible-light node de-
creased overall, the state — infrared edge increased from
0.39 to 0.55, and the vibration—acoustic interconnection
remained largely unchanged, indicating that local sensor
failure did not disrupt the unrelated mechanical evidence
chain. When the physical prior term b?jhy was further set to
zero, the cross-random-seed consistency rate of the domi-
nant edges decreased from 87.6% to 71.3%, while Macro-F1
decreased by 0.6 percentage points, indicating that the phys-
ical prior simultaneously improved interpretability stability
and recognition performance.

11337



JOURNAL
¢ ORG

AE

P. Lei et al

TABLE VII. Sensitivity Analysis of Dynamic-Graph Sparsity

Retained Edges per Node Macro-F1/% ECE/% Latency/ms Description
Top-1 94.2 4.0 74 Insufficient interaction
Top-2 94.8 33 76 Balances local relationships
Top-3 95.1 2.8 78 Setting used in this study
Top-4 95.0 2.9 81 Increased redundant edges
Fully connected 94.7 35 85 Enhanced noise propagation

TABLE VIII. Signal Fidelity and Interference-Suppression Performance of Different Preprocessing Methods

Method Output SNR Gain/dB Fault-Band Residual Kurtosis Matching Accuracy/%
Retention/%

No processing 0.0 100.0 18.6 90.7

Median filtering 3.1 84.2 7.9 91.8

Fixed-threshold clipping 5.6 88.5 5.1 92.6

Gaussian adaptive denoising 6.2 90.1 4.7 93.0

Class-A adaptive preprocessing 8.4 94.7 3.4 95.8

TABLE IX. Dominant Graph Edges and Average Weights for Typical Classes

Class Dominant Edge 1 Weight Dominant Edge 2 Weight Physical Meaning

Normal State — visible light 0.35 State — infrared 0.39 Operating-condition constraints on image
interpretation

Bolt looseness Vibration — acoustic 0.57 State — vibration 0.41 Structural impact and speed correction

Local overheating State — infrared 0.64 Infrared — visible light 0.48 Load-temperature-rise association

Abnormal discharge Acoustic — state 0.59 Visible light — acoustic 0.52 Acoustic—electrical-optical consistency

E. DATA ORGANIZATION AND EXPERIMENTAL

SETTINGS

Retrospective analysis of false-detection samples revealed

three major failure types:

1) contamination on the insulator surface formed elongated
bright edges under backlighting, resembling crack tex-
tures;

2) low-frequency impacts caused by robot acceleration and
deceleration were similar to the envelopes of early-stage
bolt looseness;

3) sustained arcs simultaneously contaminated acoustic,
field-strength, and visible-light signals, causing multi-
ple modalities to exhibit consistent but non-independent
strong evidence.

The first two types of errors can be alleviated by incor-
porating polarized images, speed-conditioned normalization,
and finer-grained component priors. The third type exceeds
the short-duration Class-A independent-impulse assumption
and should be handled by a dedicated arc-state machine.

For engineering applications, PA-STGFN is recom-
mended as the perception layer within a hierarchical safety
architecture rather than as a direct replacement for oper-
ational interlocking. Under low uncertainty and consistent
results across multiple consecutive windows, automatic lo-
calization can be permitted. Under moderate uncertainty, the
robot should decelerate and actively reacquire data. Under
high uncertainty, failure of more than two modalities, or
detection of a sustained arc, autonomous defect elimination
should be terminated immediately. Model upgrades should
use fixed test sections, noise-parameter grids, and sensor-
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degradation sets for regression testing to ensure that im-
provements in accuracy are not achieved at the expense of
calibration and safe-degradation capability.

VI. CONCLUSION
This study proposes PA-STGEFN to address multi-source
perception distortion and the tendency of fixed fusion to
induce negative transfer in defect-elimination robots op-
erating under strong electromagnetic environments. The
method uses the Middleton Class-A model to characterize
non-Gaussian impulsive electromagnetic noise and achieves
adaptive interference suppression through online parameter
estimation, posterior-controlled soft suppression, and cross-
modal consistency protection. CA-EfficientNet and MS-
TCN are used to extract visual spatial details and multi-
scale temporal features, respectively. Dirichlet evidence is
used to quantify confidence variance, with uncertainty ex-
plicitly incorporated into dynamic graph edges and modality
weights. Focal loss, reconstruction loss, and uncertainty
regularization are combined to achieve learning under sparse
fault samples.

The experimental results show that PA-STGFN achieves
a feature matching accuracy of 95.8% and an anomaly
detection rate of 96.5%. When the SNR decreases to 10
dB, the matching accuracy decreases by only 2.7 percentage
points, satisfying the requirement that performance degrada-
tion remain below 3%. The single-frame latency on the edge
platform is 78 ms. Results from sensor degradation, ablation
studies, parameter sensitivity, and confidence calibration
jointly demonstrate that physical preprocessing is responsi-
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ble for compressing heavy-tailed input risks, the uncertainty-
aware dynamic graph blocks residual noise propagation, and
dynamic confidence fusion redistributes information sources
when modalities fail, forming a complementary closed loop.

The current method remains constrained by short-window
stationarity, clock synchronization, and the requirement that
at least two modalities remain valid. Future work will
conduct external validation across seasons, transmission
lines, and sensor-aging conditions; introduce composite
physical models for sustained arcs and periodic narrowband
interference; and jointly optimize modality uncertainty with
active robot viewpoint acquisition, motion planning, and
operational interlocking, thereby forming a verifiable closed
loop of “perception—resampling—decision—execution”.
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