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Abstract

Intelligent inspection technology has become a key support to ensure the
safe and stable operation of the power grid. In view of the shortcomings
of traditional inspection methods in terms of efficiency, accuracy and adapt-
ability, this paper proposes a multi-source fusion architecture for intelligent
inspection for digital power grids. By integrating multi-source heterogeneous
information such as Unmanned Aerial Vehicle (UAV) remote sensing data,
sensor timing information, GIS geographic data and equipment operation
and maintenance text, combined with dynamic threshold adjustment, spa-
tiotemporal correlation analysis and cascade attention mechanism, a complete
processing process covering data collection, feature extraction, multi-source
fusion and decision output is constructed. Experimental verification shows
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that the model’s F1 score in fault detection reaches 94.8%. Moreover, the
performance retention rate in a 5 dB strong noise environment reaches
85.4%, the inference speed reaches 98 frames/second, and the practicality
score is 0.83, the generalization ability across data sets is 89.6%, and the
scalability retention rate on a thousand-node scale is 93.6%, which signifi-
cantly optimizes the timeliness of inspections and reduces the consumption
of human resources. The multi-source fusion method can not only effectively
improve the accuracy of power grid equipment condition monitoring and fault
prediction, but also enhance the robustness and practicability of the system in
complex environments, and promote the inspection technology to be adaptive
and reliable. direction evolution.

Keywords: Digital grid, MFDF, intelligent inspection, cloud collaboration.

1 Introduction

As the core carrier of the intelligent transformation of the modern energy
system, the construction process of the digital grid is profoundly changing the
operation and maintenance model of the power system. However, traditional
inspection technology still faces severe challenges. For example, existing
methods mainly rely on a single data source or simple multi-source super-
position, and it is difficult to cope with the inconsistency of heterogeneous
data in the power grid environment on the spatial and temporal scale. There
is an information-island phenomenon in the inspection process, and coor-
dination efficiency among personnel is low. Moreover, the fixed threshold
early warning mechanism has a high false alarm rate and is difficult to adapt
to the dynamically changing power grid environment. At the same time, the
uneven allocation of computing resources under large-scale deployment leads
to insufficient real-time performance. These problems seriously restrict the
accuracy and reliability of intelligent inspections, and innovative solutions
are urgently needed.

This paper proposes and validates a novel intelligent inspection method
based on Multi-Source Data Fusion (MFDF), which integrates multi-source
data such as UAV remote sensing, sensor timing, GIS geographic informa-
tion and operation and maintenance text by building a hierarchical fusion
architecture to break through traditional limitations. The proposed framework
introduces three key innovations: proposing a multi-modal data adaptive
alignment mechanism to solve the problem of heterogeneous data integration,
designing a two-layer anomaly detection model combined with dynamic
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statistics and correlation mining to reduce false alarm rates, and develop-
ing a lightweight edge-cloud collaboration framework to optimize resource
allocation. The main contribution of this research is to establish a com-
plete intelligent inspection technology system. Through algorithm innovation
and system verification, it provides theoretical support and practical paths
for improving power grid inspection efficiency and reducing operation and
maintenance costs.

The proposed MFDF framework integrates heterogeneous information
from UAV remote sensing, sensor measurements, GIS data, and operation and
maintenance records within a unified fusion architecture, enabling coordi-
nated utilization of multi-source information that is often processed indepen-
dently in conventional intelligent inspection systems. Through adaptive data
alignment, spatiotemporal feature extraction, and edge-cloud collaborative
processing, the framework enables comprehensive analysis of equipment
operating conditions and fault characteristics. The resulting multi-source
information interaction mechanism enhances detection reliability and robust-
ness while maintaining scalability and computational efficiency for intelligent
inspection applications in digital power grid environments.

2 Related Works

With the in-depth advancement of digital power grid construction, the appli-
cation of MFDF technology in the field of intelligent inspection has become
a research hotspot.

(1) Power grid fault diagnosis and anomaly detection

The core issue in this field lies in how to enhance the accuracy and real-
time performance of fault identification through multi-source data, in order
to address abnormal events in the complex operating environment of power
grid equipment. Early research, such as Wu et al. [1], developed a fault
diagnosis system based on multi-source information fusion. By integrating
sensor data and historical records, it achieved preliminary detection of com-
mon faults in the power grid. However, this method relied on traditional
statistical models and had limited ability to capture nonlinear relationships.
Zeng et al. [2] introduced information entropy theory to optimize the fusion
process, improving the reliability of fault diagnosis. However, their model
lacked robustness in strong noise environments. To further reduce the false
alarm rate, Wu et al. [3] proposed a data fusion method based on self-
attention mechanism, specifically designed for detecting False Data Injection
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Attacks (FDIAs). They achieved high-precision identification through deep
learning, but the computational complexity was high, making it difficult to
apply to resource-constrained edge devices. Wu et al. [4] further constructed
a hybrid deep network that fused sensor data and network traffic information,
performing well in the early stages of FDIA detection, but the interpretability
of the model needed to be enhanced. In renewable energy scenarios such as
wind power, Liang et al. [5] designed a multi-information fusion algorithm
for converter faults, combining signal processing and machine learning to
effectively improve diagnosis efficiency. However, the model’s generalization
ability was limited to specific equipment types. Yang et al. [6] utilized atten-
tion mechanism and residual network to fuse multi-source data, achieving
rapid localization of open-circuit faults in cascaded H-bridge inverters. The
innovation lay in the parallel fusion architecture, but the challenge of multi-
modal data spatiotemporal alignment remained unresolved. Parai et al. [7]
applied multi-source fusion technology to analog circuit parameter fault diag-
nosis, improving detection sensitivity through feature-level fusion. However,
the scalability of this method in large power grids remains to be verified.
Additionally, Xu et al. [8] applied D-S evidence theory to DC cable insulation
defect identification, reducing the false alarm rate by fusing multi-source
information. However, the strategy for handling evidence conflicts was still
crude.

(2) Power system forecasting and state estimation

This direction focuses on enhancing the prediction accuracy of power grid
operational parameters through data fusion, in order to support dynamic
scheduling and risk prevention and control. Ye et al. [9] achieved grid-
level load forecasting based on MFDF, integrating meteorological, historical
load, and real-time monitoring data, significantly reducing prediction errors.
However, the model exhibited strong dependence on data quality. In the
context of wind power scenarios, Wang et al. [10] proposed an AI-driven
power forecasting framework. By integrating multi-source information such
as wind speed and turbine status, it improved stability under renewable
energy integration. Nevertheless, the model demonstrated insufficient adapt-
ability under extreme weather conditions. To address the voltage fluctuation
issues brought about by a high proportion of photovoltaic grid integra-
tion, Zhang et al. [11] developed a deep multi-fidelity Bayesian fusion
method. Through probabilistic modeling, enhancing decision reliability under
uncertainty. However, the computational resource consumption was high,
making it difficult to meet real-time requirements. Regarding the issue of
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outage location, Yuan et al. [12] employed a probabilistic graphical model
to fuse multi-source data, achieving accurate location of outage areas in the
distribution network. Its advantage lies in handling incomplete data, but real-
time performance needs to be optimized. Although these studies have made
progress in prediction accuracy, the dynamic integration mechanism of multi-
source heterogeneous data is still imperfect, especially when dealing with
spatiotemporal asynchronous data.

(3) Innovation in data fusion methods

Research on core data fusion technology is dedicated to addressing algo-
rithmic bottlenecks in heterogeneous data integration, such as inconsistency,
high dimensionality, and computational efficiency issues. He et al. [13]
conducted a systematic review of multi-source information fusion technol-
ogy in intelligent power distribution systems, emphasizing the collaborative
analysis value of structured and unstructured data, laying the foundation for
subsequent application research. Wu and Hu [14] designed a model based
on heterogeneous data fusion for substation safety control systems, captur-
ing equipment associations through graph neural networks and enhancing
safety warning capabilities. However, their model exhibits weak adaptabil-
ity to topological changes. In terms of spatial data fusion, Su et al. [15]
utilized drone LiDAR technology to achieve automatic fusion of multi-
source data in power corridors, improving inspection efficiency through the
combination of point clouds and images. However, this method requires high
hardware configuration. Ganjkhani et al. [16] proposed a real-time anomaly
classification and localization framework, enhancing system response speed
through streaming data aggregation. In terms of knowledge-driven fusion,
Han et al. [17] combined knowledge graphs and data fusion to manage quality
issues in power equipment, improving decision interpretability. However, the
knowledge update mechanism is not robust. Sun et al. [18] designed a hetero-
geneous multi-parameter feature-level fusion framework for power sensing
terminals, verifying its applicability across multiple scenarios. However, they
did not fully consider the demand for lightweight computation. Dai et al. [19]
evaluated the state of transmission lines based on multi-source parameter
fusion. Their method performed robustly in experiments but relies on preset
thresholds and lacks sufficient dynamic adjustment capabilities. Wang and
Zhao [20] evaluated the state of distribution network equipment based on
big data fuzzy decision-making, optimizing maintenance strategies through
the fusion of historical operational data. However, their model exhibits weak
recognition ability for emerging fault modes.
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(4) Application of intelligent warning and management system

This direction focuses on the practical deployment of multi-source fusion
technology in power grid operation and maintenance, aiming to build an
efficient and adaptive intelligent inspection system. Cao et al. [21] developed
a comprehensive intelligent warning system for power grids, which integrates
temporal, image, and text data to achieve multi-level risk early warning.
However, the system has limited generalization ability when applied across
regions.

The integration of intelligent inspection technologies and multi-source
information processing has also attracted increasing attention in modern
power-system applications. Tan et al. [22] developed a data-fusion-based
intelligent fault diagnosis framework for wind power generation systems,
demonstrating the effectiveness of heterogeneous information integration
for improving fault identification performance and operational reliability.
Furthermore, Sun et al. [23] investigated a UAV-assisted live-line inspection
approach for distributed renewable energy grids, highlighting the role of
intelligent inspection technologies in enhancing system resilience and moni-
toring efficiency. These studies further demonstrate the value of combining
intelligent inspection strategies with multi-source information analysis to
support the development of digital and resilient power-grid infrastructures.

Wang et al. [24] proposed a digital twin-based monitoring framework for
substation secondary systems in distributed generation networks, enabling
improved real-time monitoring and fault analysis. Liu et al. [25] introduced
a GCN-enhanced digital twin model for distribution network situation per-
ception, improving fault localization and system awareness. These studies
highlight the role of digital twin and graph-based methods in smart grid
monitoring, while the proposed MFDF framework further extends this by
integrating multi-source fusion and spatiotemporal learning for enhanced
fault diagnosis.

Based on existing literature, there are still significant deficiencies in the
application of MFDF in intelligent inspection: Firstly, most methods rely
on a single data source or simple superimposed fusion, lacking an adaptive
alignment mechanism for the spatiotemporal inconsistency of heterogeneous
data; secondly, fault detection models often adopt fixed thresholds, resulting
in high false alarm rates and difficulty in adapting to dynamic power grid
environments; in addition, the optimization of computational resource allo-
cation is insufficient, limiting real-time performance in large-scale deploy-
ments. This paper proposes a multi-source fusion framework for intelligent
inspection in digital power grids (MFDF) to address these shortcomings.



Application Research of Intelligent Inspection Technology 1361

Through multi-modal data adaptive alignment, a two-layer anomaly detection
model, and a lightweight edge-cloud collaborative framework, it integrates
multiple sources of data such as drone remote sensing, sensor time series,
GIS geographic information, and operation and maintenance text, aiming to
improve inspection accuracy, robustness, and practicality.

Existing multi-source data fusion methods have been widely applied to
fault diagnosis, state estimation, anomaly detection, and equipment mon-
itoring; however, these functions are typically addressed separately rather
than within a unified intelligent inspection framework. The proposed MFDF
framework distinguishes itself through three key innovations. An adaptive
multimodal alignment mechanism integrates UAV imagery, sensor time-
series data, GIS information, and maintenance records while addressing
spatial and temporal inconsistencies among heterogeneous data sources.
A dual-layer anomaly detection strategy combining dynamic threshold
adjustment and spatiotemporal correlation analysis improves detection reli-
ability and reduces false alarms under varying operating conditions. A
lightweight edge-cloud collaborative framework further supports efficient
real-time deployment in large-scale digital power grids. By jointly integrating
heterogeneous data alignment, anomaly detection, spatiotemporal modeling,
and deployment optimization within a single architecture, MFDF provides
a more comprehensive intelligent inspection solution than existing methods
that address these challenges independently.

3 Intelligent Inspection Algorithm Model Based on MFDF

3.1 Overall Architecture Design

This paper proposes an intelligent inspection multi-source fusion architecture
for digital power grids, by integrating multi-source information such as drone
remote sensing data, sensor time-series data, GIS geographic information,
and equipment operation and maintenance text, and combining dynamic
threshold adjustment and spatiotemporal correlation analysis, this archi-
tecture achieves real-time monitoring and fault prediction of power grid
equipment status. The innovations include:

(1) Multimodal data adaptive alignment mechanism: addressing the incon-
sistency issue of heterogeneous data across spatiotemporal scales;

(2) Dual-layer anomaly detection model: Combining dynamic statistical
analysis and association mining to significantly reduce the false alarm
rate;
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Figure 1 Overall workflow of the system.

(3) Lightweight edge-cloud collaborative inference framework: Optimize
the allocation of computational resources to meet the real-time inspec-
tion needs of large-scale power grids.

The overall workflow of the system is illustrated in Figure 1. The
proposed intelligent inspection framework operates through four sequential
stages. First, multi-source data acquisition collects heterogeneous infor-
mation from UAV platforms, IoT sensors, GIS databases, and equipment
operation and maintenance records. Next, data preprocessing and feature
extraction are performed to obtain representative features from different data
modalities. Subsequently, the multi-source fusion module integrates spatial,
temporal, and semantic information to construct comprehensive equipment-
state representations. Finally, the fault prediction and health assessment
module analyzes the fused features to support real-time monitoring, anomaly
detection, and intelligent inspection decision-making. Initially, multi-source
data are collected through Internet of Things (IoT) sensors, drone aerial pho-
tography, and Supervisory Control and Data Acquisition (SCADA) systems,
and are preprocessed before being input into the feature extraction module.
Subsequently, the fusion module employs a cascaded attention mechanism to
integrate heterogeneous features. Finally, the equipment health status assess-
ment is output through the fault prediction model. This architecture supports
real-time monitoring and offline analysis, adapting to the dynamically chang-
ing environment of the digital grid. Practical deployment of intelligent
inspection systems in digital power grids requires careful consideration of
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Figure 2 Conceptual Simulink-style architecture of the proposed MFDF system.

cybersecurity, data privacy, and communication reliability. The proposed
edge-cloud collaborative architecture provides a foundation for secure data
exchange and controlled data access, thereby supporting information secu-
rity and privacy protection. Furthermore, local processing at edge nodes
enables inspection continuity during communication interruptions, while data
buffering and redundant communication mechanisms enhance operational
reliability under complex network conditions.

Figure 2 presents a conceptual Simulink-style architectural representa-
tion of the proposed MFDF intelligent inspection framework. The diagram
illustrates the complete processing pipeline, including multi-source data
acquisition, preprocessing, feature extraction, cascade attention fusion, spa-
tiotemporal graph convolutional analysis, fault prediction, and adaptive warn-
ing generation. It provides a clear visualization of data flow and interactions
among modules in the proposed intelligent inspection system.

3.2 Multi-source Data Preprocessing and Feature Extraction

3.2.1 Dynamic normalization and noise reduction of time series
data

Figure 3 shows the complete process of multi-source data preprocessing
and feature extraction. The figure adopts a hierarchical design structure,
and presents three stages of data input, a preprocessing module and fea-
ture extraction from left to right. The figure clearly shows the parallel
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Figure 3 Multi-source data preprocessing and feature extraction.

processing channels of four types of data sources. Sensor time series data are
denoised by sliding window normalization and Kalman filtering. UAV remote
sensing images undergo histogram equalization and coordinate attention
enhancement. GIS geographic information is spatially encoded. Text data is
transformed by word segmentation and embedding representation. It is partic-
ularly noteworthy that arrow symbols are used in the figure to clarify the data
flow direction between modules, and the eigenvectors of different modes are
distinguished by color. Transformer encoder work in parallel to finally output
feature representations of unified dimensions, providing standardized inputs
for subsequent fusion modules. Heterogeneous data sources require modality-
specific preprocessing before fusion. Sensor time-series data are denoised
and normalized using sliding-window normalization and Kalman filtering.
UAV remote sensing images are enhanced through histogram equalization
and coordinate attention enhancement. GIS information is spatially encoded
into structured feature representations, while operation and maintenance text
records are converted into semantic embeddings using a Transformer-based
model. The extracted features are subsequently mapped into a unified feature
space to reduce differences in scale, format, and dimensionality prior to
multimodal fusion.

There are dimensional differences and noise interference in the time
series data such as current, voltage and temperature generated by power grid
sensors. In this paper, the dynamic normalization method based on sliding
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window is adopted, and its mathematical expression is:

xnorm =
xt − µw

σw + ε
(1)

Among them, xt represents the original data point at time t, µw and σw are
the mean and standard deviation of the data within window w, respectively,
and ε = 10−6 is a constant used to prevent division by zero. The window size
is adaptively adjusted based on the data sampling frequency.

w =

⌊︃
fs
α

⌋︃
(2)

Among them, fs is the sampling frequency and α is the adjustment factor
(usually 5–10).

The state space model is expressed as:

xt = Ftxt−1 +Btut + wt

zt = Htxt + vt (3)

Ft is the state transition matrix, Bt is the control input matrix, ut is the
control vector, wt ∼ N(0, Qt) is the process noise, zt is the observed value,
Ht is the observation matrix, and vt ∼ N(0, Rt) is the observation noise. The
Kalman gain Kt is calculated as follows:

Kt = Pt|t−1H
T
t (HtPt|t−1H

T
t +Rt)−1 (4)

Among them, Pt|t−1 is the prior estimation covariance matrix. The status
update formula is:

x̂t=x̂t|t−1 +Kt(zt −Htx̂t|t−1) (5)

3.2.2 Image data enhancement and feature extraction
This paper improves the YOLOv5 model by combining multi-scale atten-
tion mechanism. First, adaptive histogram equalization is used to enhance
contrast:

Ienhanced(x, y) = T (I(x, y)) =
L− 1

MN

I(x,y)∑︂
i=0

h(i) (6)

Among them, T is the transformation function, L is the number of gray
levels, M ×N is the image size, and h(i) is the gray-level histogram.
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The coordinate attention (CA) module improves small target detection
capabilities by capturing spatial long-range dependencies.

zc =
1

H ×W

H∑︂
i=1

W∑︂
j=1

x(i, j)

zh(h) =
1

W

W∑︂
j=1

x(h, j)

zw(w) =
1

H

H∑︂
i=1

x(i, w())

f = δ(Conv[zh, zw])

yc = xc × fh(c)× fw(c) (7)

x is the input feature map, zc is the channel attention vector, zh and zw are
spatial attention vectors, δ is the Sigmoid function, and fh and fw are the
attention weights in the height and width directions, respectively.

The loss function adopts Complete Intersection over Union (CIoU) loss:

LCIoU = 1− IoU +
ρ2(b, bgt)

c2
+ αv (8)

Among them, IoU represents the intersection over union (IoU), ρ rep-
resents the Euclidean distance, b and bgt represent the center points of the
predicted bounding box and the ground truth bounding box, respectively, c
represents the length of the diagonal of the minimum bounding rectangle,
and v measures the consistency of the aspect ratio.

v =
4

π2

(︃
arctan

wgt

hgt
− arctan

w

h

)︃2

(9)

The weight coefficient is α = v
(1−IoU+v) .

3.2.3 Text data embedding representation
The equipment operation and maintenance record text extracts features
through a pretrained model based on Transformer. First, the text is segmented
and mapped into a word vector:

E = [e1, e2, . . . , en]
T , ei ∈ Rdmodel (10)
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The multi-head self-attention mechanism is calculated as:

Qi = EWQ
i , Ki = EWK

i , Vi = EW V
i

headi = Softmax

(︃
QiK

T
i√

dk

)︃
Vi

MultiHead = Concat(head1, . . . , headh)W
O (11)

WQ
i ,WK

i ,W V
i ∈ Rdmodel×dk is the projection matrix, h is the number of

heads, dk = dmodel
h is the dimension of each head, and WO ∈ Rhdk×dmodel is

the output projection matrix.
Position Feed-Forward Network (FFN) enhances nonlinear representation

capabilities:
FFN (x) = max(0, xW1 + b1)W2 + b2 (12)

Among them, W1 ∈ Rdmodel×dff and W2 ∈ Rdff×dmodel are weight matrices,
and dff is usually set to 4× dmodel.

3.3 MFDF Model

3.3.1 Cascade attention fusion module
In this paper, a cascade attention fusion mechanism as shown in Figure 3 is
designed to improve the robustness of the model through two-stage fusion.
The cascade attention fusion module adopts a two-stage structure. Feature-
level attention is first applied to adaptively weight and integrate features
extracted from sensor, UAV, GIS, and text modalities within a unified fea-
ture space. Decision-level attention is then used to refine the fused output
by emphasizing reliable modality responses and reducing the influence of
inconsistent information. This hierarchical process improves the effective-
ness of heterogeneous data fusion. During implementation, features from
sensor, UAV, GIS, and text data are projected into a unified feature space,
where cross-attention is employed to assign modality-specific weights. The
weighted features are then aggregated to obtain the final fused representation.

Feature-level fusion uses multi-head cross-attention to calculate the
weight of each modal:

αi =
exp(wT tanh(wa[fi; fglobal]))∑︁
j exp(w

T tanh(wa[fj ; fglobal]))
(13)

Among them, fi is the eigenvector of the i-th mode, fglobal is the global
contextual feature, Wa is the weight matrix, and w is the attention vector.
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Decision-level fusion combines prediction results, and the basic probabil-
ity allocation function is defined as:

m(A) =

∑︁
B∩C=Am1(B)m2(C)

1−K

K =
∑︂

B∩C=∅

m1(B)m2(C) (14)

Among them, m1 and m2 represent the confidence assignments for
different modalities, and K measures the degree of conflict between the
evidence.

3.3.2 Spatiotemporal graph convolutional network
Figure 4 vividly presents the topology of the Spatiotemporal Graph Convolu-
tional Network (ST-GCN). The graph adopts the node-edge network visual-
ization method to map power grid devices into vertices in the graph structure,
and the connection relationship between devices is expressed as edges. In
the figure, nodes of different shapes are used to distinguish equipment types
such as transformers and circuit breakers, and the thickness of the edges
reflects the connection strength. The network structure is shown as a two-
layer design: the bottom spatial convolutional layer realizes neighborhood
information aggregation through Chebyshev polynomial approximation, and
the upper temporal convolutional layer uses gated cyclic units to capture the
dynamic evolution law. The spectral decomposition process of graph Fourier
transform and the message passing mechanism in feature propagation are
specifically marked in the figure. Through the three-dimensional coordinate
axis display, the figure clearly embodies the joint modeling idea of spatial

Figure 4 Spatiotemporal graph convolutional network.
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dimension and time dimension, in which the Z axis represents the time series,
and the X-Y plane shows the spatial distribution of equipment.

The power grid topology is modeled as a graph structure G = (V,E),
where nodes vi ∈ V represent devices and edges eij ∈ E represent connec-
tion relationships. Each power grid component is represented as a graph node,
while electrical and geographical relationships are modeled as graph edges.
Graph convolution and GRU operations are jointly applied to capture spatial
dependencies and temporal dynamics for fault analysis. The spatiotemporal
graph convolution operation captures spatial dependencies through spectral
graph convolution:

gθ ∗ x = UgθU
Tx (15)

To reduce computational complexity, Chebyshev polynomial approxima-
tion is adopted:

gθ ∗ x =

K−1∑︂
k=0

θkTk(L̃)x (16)

Among them, L̃ = 2
λmax

is the scaled Laplacian matrix, Tk is the
Chebyshev polynomial, and θk represents learnable parameters.

The temporal dimension is modeled dynamically through a Gated Recur-
rent Unit (GRU):

zt = σ(Wz[ht−1, xt] + bz)

rt = σ(Wr[ht−1, xt] + br)

h̃t = tanh(Wh[rt ⊙ ht−1, xt] + bh)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃ (17)

zt represents the update gate, rt represents the reset gate, and ⊙ represents
element-wise multiplication.

3.4 Fault Prediction and Health Management

3.4.1 Health index calculation
Figure 5 constructs the decision flow chart of fault prediction and health
management. The figure adopts a closed-loop control structure. It uses health
index calculation as the core and includes four main links: status monitoring,
threshold judgment, early warning trigger and decision feedback. In the
figure, the real-time changes of the device health index (HI) are visually
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Figure 5 Fault prediction and health management.

displayed in the form of dashboard, and the state degradation process is
represented by color gradient (green-yellow-red). In the early warning mech-
anism part, the chart uses a dynamic threshold curve to show the comparison
between historical data and real-time monitoring values, highlighting the
outlier detection logic. The fault propagation model is represented by Markov
state transition diagram, in which the nodes represent the equipment state and
the directed edges label the transition probability. The figure also includes
a maintenance strategy generation module, which shows the processing
schemes corresponding to different fault levels through the decision tree
structure.

By fusing multi-source features, a device Health Index (HI) is con-
structed, and its calculation is based on weighted feature fusion and regu-
larization constraints:

HI = σ

(︄
n∑︂

i=1

βi · fi + λ · ∥W∥2F

)︄
(18)

Among them, σ represents the Sigmoid function, and βi represents the
feature weights, which are learned through an attention mechanism:

βi =
exp(vT tanh(Wbfi))∑︁
j exp(v

T tanh(Wbfj))
(19)

The regularization term ∥W∥2F prevents overfitting, and λ is a hyperpa-
rameter.

The dynamic update mechanism of health index considers equipment
aging factors:

HIt = αHIt−1 + (1− α)∆HIt (20)
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Among them, α is the forgetting factor, and ∆HIt is the change in health
at the current time.

3.4.2 Adaptive early warning mechanism
The early warning threshold is dynamically adjusted according to historical
data to avoid false alarms caused by fixed thresholds:

The warning threshold is adaptively updated based on the statisti-
cal characteristics of monitoring observations within the analysis window.
Specifically, the threshold is determined by the baseline threshold and the
standard deviation of the observed data. Under stable operating conditions,
the threshold remains close to the baseline value, whereas increased opera-
tional fluctuations result in a higher threshold, thereby reducing false alarms
while maintaining sensitivity to abnormal conditions.

θt = θ0 + κ · 1

N

N∑︂
i=1

|xt−i − x̂t−i| (21)

Among them, θ0 is the baseline threshold, κ is the sensitivity coefficient,
and x̂ is the predicted value. The anomaly score is calculated as follows:

st =
|xt − x̂t|

σt
(22)

Among them, σt represents the sliding standard deviation. A warning is
triggered whens st > θt. The warning threshold is dynamically updated based
on the statistical characteristics of recent monitoring data. An alarm is gener-
ated when the anomaly score exceeds the adaptive threshold, enabling fault
detection under varying operating conditions while reducing false alarms
caused by fixed thresholds.

The fault propagation model uses Markov process to describe the state
transition:

P (Xt = j | Xt−1 = i) = pij (23)

The state transition probability matrix is estimated by historical data to
realize fault prediction.

3.5 Model Optimization and Training Strategy

Figure 6 systematically illustrates the implementation scheme of model opti-
mization and training strategy. The figure takes the form of a flow block
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Figure 6 Model optimization and training strategy.

diagram, which describes in detail the complete training cycle from param-
eter initialization to model convergence. The figure highlights the parallel
structure of the multi-task learning framework, in which the main task (fault
classification) and auxiliary tasks (life prediction, anomaly detection) are
hard shared through the parameter sharing layer. The optimization algorithm
part shows the parameter updating process of AdamW optimizer in the form
of computational graph. The cosine annealing curve is drawn in the learning
rate scheduling part, and the key stages of warm-up period, stable period
and decline period are marked. The loss function calculation part shows the
combination of focus loss and Huber loss through formula explosion diagram,
and distinguishes the contribution degree of different loss terms by color
coding.

A multi-task learning structure with hard parameter sharing is adopted.
The main task is fault classification, and the auxiliary tasks include equipment
life prediction and anomaly detection. The loss function combination is:

L = λ1Lclass + λ2Lreg + λ3Lanom (24)

Among them, the classification loss adopts focus loss to solve the
category imbalance:

Lclass = −
C∑︂
c=1

(1− pc)
γyc log pc (25)

Regression loss enhances robustness using Huber loss:

Lreg =

⎧⎪⎪⎨⎪⎪⎩
1

2
(y − ŷ)2 if |y − ŷ| ≤ δ

δ|y − ŷ| − 1

2
δ2 otherwise

(26)
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AdamW optimizer is used, combining weight attenuation with learning
rate warm-up:

θt = θt−1 − ηt
ˆ︁mt√ˆ︁vt + ε

ˆ︁mt =
mt

1− βt
1

, ˆ︁vt = vt
1− βt

2

(27)

The learning rate is adjusted by the cosine period:

ηt = η
1

2

(︃
ηminmax

(︃
1 + cos

(︃
Tcur

Tmax
()

)︃
()

)︃)︃
min

(28)

Among them, Tcur is the current training steps and Tmax is the total
number of steps.

3.6 Computational Complexity Analysis

The computational complexity of the proposed MFDF framework is pri-
marily determined by the spatiotemporal graph convolution module, the
Transformer-based text encoding module, and the multi-modal fusion
mechanism.

For the spatiotemporal graph convolution (Chebyshev-based GCN with
order K), the time complexity is approximately O(KEF ), where E is the
number of edges and F is the feature dimension. The temporal model-
ing using GRU introduces an additional complexiy of O(TF 2), where T
denotes the sequence length. The Transformer-based text encoder contributes
a complexity of O(L2D), where L is the text sequence length and D is
the embedding dimension. The multi-modal attention fusion module operates
approximately in O(MF ), where M is the number of modalities.

Therefore, the overall time complexity of the MFDF framework can be
approximated as:

O(KEF + TF 2 + L2D +MF ) (29)

The space complexity is mainly determined by graph feature storage,
temporal hidden states, and multimodal feature representations, and can be
expressed as:

O(NF + EF + TF + LD) (30)

Although the computational cost increases with graph size and sequence
length, the proposed edgecloud collaborative architecture reduces the
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computation burden at individual nodes by distributing processing across
layers. This design improves efficiency in large-scale deployments.

4 Model Performance Verification Test

This section aims to comprehensively verify the comprehensive performance
of the proposed MFDF Intelligent Inspection Algorithm (MFDF) in the digi-
tal grid environment through systematic experimental design. The experiment
will conduct comparative analysis with current mainstream advanced mod-
els from multiple dimensions, including accuracy, robustness, practicality,
interpretability, generalization ability, and scalability, using rigorous data to
demonstrate the effectiveness and progressiveness of the proposed model.

4.1 Test Method

This paper utilizes three representative global public datasets to establish an
evaluation benchmark, ensuring the comprehensiveness and fairness of the
experiment. The UAV remote sensing data were obtained from the Electrical
Fault Detection and Classification dataset on the Kaggle platform. Sensor
temporal data were sourced from the UCI Household Electric Power Con-
sumption dataset. GIS information was derived from the spatial location and
network topology attributes associated with the power equipment records.
Operation and maintenance text data were obtained from the IEEE Data-
Port Power System Fault Report corpus, which contains equipment fault
reports, maintenance records, and inspection logs. The sensor time-series
data originates from the “Household Electricity Consumption” dataset in
the UCI Machine Learning Repository, encompassing over 2 million multi-
dimensional time-series records. The visual data of power grid equipment
is sourced from the “Electrical Fault Detection” dataset on the Kaggle
platform, featuring tens of thousands of visible light and infrared images
of insulators, circuit breakers, and other equipment. The textual data on
equipment status is drawn from the “Power System Fault Report” corpus
on IEEE DataPort. The UCI Household Electric Power Consumption dataset
contains 2,075,259 measurements collected at a one-minute sampling rate
over 47 months, providing baseline operational data. The Electrical Fault
Detection and Classification dataset comprises approximately 12,000 sim-
ulated samples covering LG, LL, LLG, LLL, and LLLG fault conditions.
The Power System Faults dataset includes 506 records spanning line break-
age, transformer failure, and overheating events under diverse environmental
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conditions. Collectively, these datasets provide both normal operating data
and diverse fault scenarios for comprehensive model evaluation. All datasets
undergo a rigorous preprocessing workflow: time-series data is smoothed and
aligned using dynamic normalization based on sliding windows and Kalman
filtering; image data is enhanced through adaptive histogram equalization
and a coordinate attention mechanism to highlight key features; textual
data is tokenized and semantically embedded using a Transformer model,
ultimately mapping multi-source heterogeneous data into a 256-dimensional
feature space to provide consistent input for subsequent fusion. The heteroge-
neous datasets were aligned using common equipment identifiers, geographic
locations, and synchronized inspection time windows. UAV images, sensor
measurements, GIS information, and operation and maintenance text records
corresponding to the same equipment and inspection period were combined
into unified samples. Each sample consisted of one UAV image, one sensor
feature vector, one GIS feature vector, one text embedding, and a com-
mon fault label, ensuring spatial, temporal, and semantic consistency before
feature fusion. Robustness evaluation was performed by injecting additive
Gaussian white noise (AWGN) into the sensor time-series data at signal-to-
noise ratio (SNR) levels of 20 dB, 10 dB, and 5 dB. The noisy samples were
generated using zero-mean Gaussian noise with variance adjusted to achieve
the target SNR. To further assess resilience to incomplete observations,
random data masking with missing rates of 15% and 30% was applied. Model
robustness was quantified using the performance retention rate, calculated as
the percentage of baseline performance preserved under noisy and incomplete
data conditions.

All experiments were conducted on a workstation equipped with an
NVIDIA RTX 3080 GPU, an Intel Core i9 processor, and 256 GB RAM.
The models were implemented using Python and PyTorch under the Win-
dows operating system. The reported inference speed was measured using
a batch size of one under the same computational environment for all
compared methods. The proposed MFDF framework was validated using
an offline dataset-based evaluation approach. Performance assessment was
conducted under controlled experimental conditions using publicly available
benchmark datasets rather than cross-validation, real-time deployment, or
hardware-in-the-loop simulation. The evaluation focused on fault detection
accuracy, robustness, generalization ability, interpretability, and scalability.
The generalization evaluation is conducted through cross-dataset validation
using heterogeneous datasets with different fault distributions and operating
conditions, while scalability testing is performed on progressively enlarged
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simulated power grid networks ranging from 100 to 1000 nodes to assess
performance stability under increasing system complexity. Validation was
performed using multiple benchmark datasets encompassing diverse fault cat-
egories, operating conditions, and heterogeneous data modalities. In addition,
comparative evaluation against representative machine learning and deep
learning models was conducted to assess the effectiveness, robustness, and
adaptability of the proposed MFDF framework across different intelligent
inspection scenarios.

The experimental subjects encompass the MFDF model proposed in this
paper, alongside five cutting-edge baseline models: SVM, CNN, LSTM,
YOLOv5, and BERT. The selected baseline models represent widely adopted
approaches for intelligent inspection and fault detection tasks. SVM was
selected as a representative traditional machine learning method, CNN
and YOLOv5 as image-based deep learning models, LSTM as a temporal
sequence modeling approach, and BERT as a text semantic analysis model.
These benchmark methods cover conventional machine learning, visual
inspection, temporal feature learning, and textual information processing,
enabling a comprehensive evaluation of the proposed MFDF framework
across different data modalities and fault detection paradigms. The com-
parative experimental design spans seven dimensions: performance com-
parison tests (evaluating core metrics such as accuracy and F1 score),
robustness tests (simulating noise of varying intensities and data ),
practicality tests (measuring inference speed and resource consumption),
ablation tests (analyzing the contribution of each module), interpretabil-
ity tests (quantifying the consistency between model decisions and expert
knowledge), and supplementary generalization tests (cross-dataset and cross-
regional validation) and scalability tests (testing the model’s ability to
handle power grids of different sizes). Among these, the interpretability tests
involved 10 power system engineers with over 5 years of experience for
evaluation.

The practicality score is a composite indicator that evaluates deployment
efficiency by combining normalized inference speed, memory footprint, and
energy consumption. Higher inference speed and lower resource require-
ments contribute to a higher practicality score. Generalization ability is quan-
tified using the average Domain Adaptation Accuracy (DA-Acc) obtained
across unseen target datasets without additional fine-tuning and is calculated
as the arithmetic mean of the individual DA-Acc values. The scalability
retention rate is defined as the percentage of the baseline F1-score preserved
under larger network topologies and is calculated as the ratio between the
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F1-score achieved at the target scale and the corresponding baseline F1-score
obtained on the small-scale network.

4.2 Test Results

(1) Performance comparison test

In this test, all models are independently trained to convergence, and the
results are shown in Table 1.

As shown in Table 1, the proposed MFDF model achieves the highest
performance among all compared methods, with an F1-score of 94.8%.
Compared with both traditional machine learning and deep learning baseline
models, MFDF demonstrates superior fault detection performance. In partic-
ular, it achieves a 4.3 percentage point improvement over the best-performing
baseline model (YOLOv5), highlighting the effectiveness of the proposed
multi-source data fusion framework for intelligent power grid inspection. All
baseline models are evaluated using different input modalities such as sensor
data, image data, time-series data, and textual reports, while the proposed
MFDF integrates multi-source data including image, sensor, GIS, and text. A
consistent evaluation protocol with a 70% training and 30% testing split is
applied to all models to ensure fair and unbiased performance comparison.

Similar improvements are observed in precision and recall metrics, indi-
cating that the integration of sensor, image, and textual information enables
more comprehensive feature extraction. These results demonstrate that the
proposed multi-source fusion strategy effectively enhances fault detection
accuracy and classification reliability compared with conventional machine
learning and single-modal deep learning approaches.

Table 1 Performance comparison of baseline models with input data types and evaluation
protocol

Accuracy Recall F1

Models Input Data Evaluation Protocol Rate Precision Rate Score

SVM Sensor features 70% Train – 30% Test split 82.3 81.5 80.7 81.1

CNN Image data 70% Train – 30% Test split 88.7 87.9 87.2 87.5

LSTM Timeseries sensor
data

70% Train – 30% Test split 89.2 88.4 88.1 88.2

YOLOv5 UAV inspection
images

70% Train – 30% Test split 91.5 90.8 90.3 90.5

BERT Textual reports 70% Train – 30% Test split 90.1 89.3 88.9 89.1

This article
(MFDF)

Image + Sensor +
GIS + Text

70% Train – 30% Test split 95.8 94.9 94.7 94.8
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Table 2 Robustness test results (% performance retention)
This Article

Disturbance Condition SVM CNN LSTM YOLOv5 BERT (MFDF)
20 dB noise 85.2 90.1 91.3 93.5 92.1 96.8
10 dB noise 72.4 82.7 84.5 87.9 85.3 92.1
5 dB noise 58.9 70.2 73.1 78.5 75.6 85.4
15% missing data 65.3 78.9 81.2 85.7 82.4 90.3
30% data missing 51.7 65.4 68.9 74.2 70.1 82.6

(2) Robustness test

In this test, by injecting Gaussian noise (5 dB–20 dB) with different signal-to-
noise ratios into the test data and randomly masking some data (missing rate
15%–30%), the interference and data incompleteness in reality are simulated,
and the decline of model performance is evaluated to test its stability. The
results are shown in Table 2.

Table 2 indicates that model performance decreases as noise intensity
increases and data completeness deteriorates. However, MFDF consistently
achieves the highest performance retention under all disturbance conditions.
Under the severe 5 dB noise scenario, MFDF maintains 85.4% performance
retention, exceeding YOLOv5 by 6.9 percentage points and LSTM by 12.3
percentage points. This demonstrates that the adaptive fusion mechanism and
spatiotemporal feature modeling effectively reduce the influence of noisy and
incomplete observations, thereby improving model robustness.

(3) Practicability test

In this test, on a hardware platform equipped with NVIDIA RTX 3080, the
time consumption (frame rate), GPU memory footprint, and energy consump-
tion of a single inference of the model are tested, and the comprehensive
practicality score is calculated to evaluate its engineering deployment poten-
tial. The practicality score was determined based on three metrics: inference
speed (frames per second), GPU memory footprint (MB), and energy con-
sumption per inference (Joules). Models with higher processing efficiency
and lower computational resource requirements achieved higher practicality
scores. The results are shown in Table 3.

Although MFDF does not achieve the highest inference speed among
all methods, it obtains the highest practicality score of 0.83. Compared
with BERT, the proposed framework significantly reduces memory consump-
tion and energy usage while maintaining superior detection performance.
These results indicate that MFDF achieves a favorable balance between
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Table 3 Practicability test results
Inference Memory Energy Practicality

Models Speed (fps) Footprint (MB) Consumption (J) Score

SVM 120 50 0.5 0.72

CNN 95 280 2.1 0.68

LSTM 88 320 2.8 0.65

YOLOv5 105 450 3.5 0.71

BERT 75 520 4.2 0.62

This article (MFDF) 98 380 2.9 0.83

Table 4 Ablation test results (% F1 fraction)
Sensor Image Text Multi-source

Model Variants Data Data Data Fusion
Complete model 94.2 93.8 92.7 94.8
Remove attentionless fusion 90.1 89.7 88.5 91.3
Remove spatiotemporal graph convolution 88.7 87.9 86.4 89.5
Remove dynamic normalization 85.3 84.1 83.2 86.7
Single mode only optimal 91.5 90.8 89.3 –

computational efficiency and diagnostic accuracy, making it suitable for
deployment in practical digital power grid inspection scenarios.

(4) Ablation test

In this test, the key components (attention fusion module, spatiotemporal
graph convolution module, dynamic normalization layer) in the MFDF model
are gradually removed, and the simplified model is trained and tested under
the same conditions to quantify the contribution of each module to the final
performance. The results are shown in Table 4.

The ablation results verify the contribution of each proposed component
to the overall framework. Removing the attention fusion module decreases
the multi-source fusion F1-score from 94.8% to 91.3%, while removing the
spatiotemporal graph convolution module reduces the multi-source fusion
F1-score from 94.8% to 89.5%, corresponding to a performance loss of
5.3 percentage points. This result quantitatively demonstrates the contribu-
tion of spatiotemporal correlation analysis to fault detection performance.
The largest performance degradation occurs when dynamic normalization is
removed, resulting in an F1-score of 86.7%. These observations confirm that
each module contributes significantly to the final detection capability of the
MFDF framework.
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Table 5 Interpretability test results
Attentional Positioning Expert

Models Consistency Accuracy (%) Rating (1–5)
SVM 0.62 75.3 3.2
CNN 0.71 82.7 3.8
LSTM 0.68 81.9 3.6
YOLOv5 0.75 87.5 4.1
BERT 0.73 85.8 3.9
This article (MFDF) 0.89 92.4 4.6

(5) Interpretability test

This test combines quantitative and qualitative evaluation, and invites 10
domain experts to score the model attention diagram and fault location
results. By calculating the consistency score (0–1) between the model atten-
tion weight and the expert labeled area, and the geometric accuracy of fault
location, the comprehensibility and credibility of the model decision-making
are comprehensively measured, and the results are shown in Table 5.

MFDF achieves the highest attention consistency score, positioning accu-
racy, and expert evaluation score among all compared models. The attention
consistency value of 0.89 indicates strong agreement between model decision
regions and expert judgment. Furthermore, the fault localization accuracy
of 92.4% demonstrates that the proposed framework not only provides
accurate predictions but also offers improved interpretability and decision
transparency for practical power grid inspection applications.

(6) Generalization ability test

In this test, the domain adaptation evaluation framework is adopted, and the
model trained on the source dataset is directly applied to three unseen target
datasets with different distributions (IEC TC57, IEEE PES, CEAI) to test
its cross-regional and cross-grid generalization performance. The evaluation
was performed without further fine-tuning on the target datasets, enabling
the assessment of model performance under different data distributions and
operating environments. The generalization ability was measured using the
average Domain Adaptation Accuracy (DA-Acc) obtained across the three
target datasets. The results are shown in Table 6.

As shown in Table 6, MFDF consistently achieves the highest perfor-
mance across all unseen target datasets while obtaining the lowest Maximum
Mean Discrepancy (MMD) score. The average domain adaptation accu-
racy reaches 89.6%, which is 4.2 percentage points higher than YOLOv5.
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Table 6 Generalization ability test results (%)

IEC TC57 IEEE PES CEAI Mean MMD

Models Dataset Dataset Dataset DA-Acc Score

SVM 76.3 74.8 72.1 74.4 0.152

CNN 82.7 80.9 78.5 80.7 0.118

LSTM 84.1 82.3 79.7 82 0.105

YOLOv5 87.5 85.2 83.6 85.4 0.089

BERT 85.8 83.9 81.4 83.7 0.096

This article (MFDF) 91.2 89.7 87.9 89.6 0.062

These results demonstrate that the proposed framework learns domain-
invariant representations and maintains stable performance under different
data distributions and operating environments.

(7) Scalability test

In this test, simulated power grid topology data of different node sizes (100,
500, 1000 nodes) are constructed to test the performance and resource con-
sumption changes of the model when handling increasing data volumes. The
simulated power grid topology follows a hierarchical distributed architec-
ture comprising substations, transmission nodes, and monitoring terminals,
reflecting a large-scale smart grid deployment scenario. The network size was
gradually increased from 100 to 1,000 nodes to evaluate the scalability of the
proposed model under increasing data volume and computational demand.
The test focuses on the F1-score retention rate and training efficiency to
evaluate the feasibility of its application to large-scale actual power grids.
The results are shown in Table 7.

The scalability evaluation demonstrates that all models experience
increased computational cost as the network size grows. Nevertheless, MFDF
maintains an F1 retention rate of 93.6% when the system scale increases
to 1,000 nodes, outperforming all baseline models. This result confirms
that the lightweight edge-cloud collaborative architecture effectively sup-
ports large-scale deployment while preserving diagnostic performance and
computational efficiency.

(8) Simulink-Based Validation Test

A MATLAB/Simulink-based distribution network model was constructed to
validate the proposed MFDF framework in a practical power-system environ-
ment. The simulation incorporated normal operating conditions, voltage sag
faults, over-current faults, load variations, and sensor noise disturbances to
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Table 7 Scalability test results
Memory F1 F1

Training Footprint Score Retention
Data Size Models Time (h) (GB) (%) (%)
Small scale SVM 0.5 2.1 81.1 –
(100 nodes) CNN 1.2 5.3 87.5 –

LSTM 2.1 6.8 88.2 –
YOLOv5 1.8 8.5 90.5 –

BERT 3.5 10.2 89.1 –
This article (MFDF) 1.5 7.1 94.8 –

Medium scale SVM 2.1 10.5 75.3 92.8
(500 nodes) CNN 5.7 26.8 82.4 94.2

LSTM 9.3 34.1 83.7 94.9
YOLOv5 7.2 42.5 86.9 96

BERT 15.8 51.3 84.2 94.5
This article (MFDF) 6.3 35.7 91.5 96.5

Large scale SVM 8.9 41.2 68.7 84.7
(1000 nodes) CNN 22.5 105.6 76.3 87.2

LSTM 37.4 136.2 78.9 89.5
YOLOv5 28.7 170.3 82.1 90.7

BERT 63.1 204.8 79.5 89.2
This article (MFDF) 25.3 142.7 88.7 93.6

Table 8 Simulink-based fault validation results
Detection Precision Recall

Scenario Voltage Profile Current Profile MFDF Output Delay (ms) (%) (%)

Normal
operation

1.00 p.u. steady 0.72 p.u. steady Normal 0 99.1 98.8

Voltage sag
fault

1.00 to 0.72 p.u. 0.74 to 0.91 p.u. Voltage fault 18 97.6 97.1

Over-current
fault

0.98 to 0.93 p.u. 0.75 to 1.38 p.u. Current fault 16 98 97.4

Load
variation

1.00 to 0.94 p.u. 0.71 to 1.05 p.u. Load variation 23 96.8 96.2

Sensor noise
(20 dB)

Noisy 0.981.02 p.u. Noisy 0.69-0.76 p.u. Normal/noise
rejected

21 96.1 95.6

assess the framework’s fault detection and monitoring capabilities. Voltage
and current measurements generated by the Simulink environment were
processed by the proposed framework, and the corresponding fault detection
performance is presented in Table 8.

The results demonstrate that the proposed MFDF framework accurately
detects various operating conditions and fault events while maintaining high
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Table 9 Statistical validation of key performance metrics
Metric Mean (%) Standard Deviation
F1-score 94.8 0.6
Robustness Retention 85.4 0.8
Scalability Retention 93.6 0.5

precision and recall. Furthermore, the framework effectively suppresses mea-
surement noise and provides rapid fault identification with detection delays
below 25 ms, supporting its applicability in practical digital power-grid
inspection environments.

(9) Statistical Validation of Key Performance Metrics

Statistical validation was performed using five independent experimental runs
with different random initialization seeds. The mean value and standard
deviation were computed for the principal evaluation metrics to assess the
consistency of the proposed MFDF framework. The statistical results are
presented in Table 9.

The results indicate limited variation across the five independent experi-
mental runs. The low standard deviations obtained for the F1-score, robust-
ness retention, and scalability retention demonstrate that the proposed MFDF
framework produces stable and consistent performance under different ran-
dom initialization conditions, supporting its reliability and repeatability.

5 Conclusion

This paper systematically investigates intelligent inspection technology based
on MFDF in digital power-grid environments, and demonstrates the effective-
ness of the proposed MFDF model in improving the accuracy and efficiency
of power grid equipment condition monitoring. Its core contribution is the
development of a hierarchical fusion architecture that integrates temporal,
image, and textual data to achieve adaptive alignment and collaborative
analysis of multi-modal information. The test results show that the model has
an F1 score of 94.8% in fault detection, which is 4.3% higher than the opti-
mal baseline model. Meanwhile, it maintains a performance level of 85.4%
under 5 dB noise conditions. The inference speed reaches 98 fps, with a
practicality score of 0.83, a cross-dataset generalization ability of 89.6%, and
a scalability retention rate of 93.6%, confirming its comprehensive advan-
tages in accuracy, robustness, and engineering deployment. The integration
of multiple heterogeneous data sources introduces additional computational
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complexity and resource requirements, particularly in large-scale deployment
scenarios. Real-time deployment performance may be affected by communi-
cation latency, data synchronization overhead, and the resource constraints of
edge computing devices. In addition, environmental factors such as adverse
weather conditions, sensor malfunctions, incomplete observations, and image
quality degradation can influence the consistency and reliability of multi-
source data fusion. Performance degradation may occur under conditions
involving severe sensor noise, substantial missing data, and fault patterns
that differ significantly from the training data distribution. These conditions
reduce the availability and reliability of multi-modal information, thereby
affecting the effectiveness of the fusion and fault detection processes. How-
ever, the model performance still relies on high-quality labeled data, and its
ability to generalize extremely rare faults and rapid adaptability to new equip-
ment types is still insufficient. Future research will focus on few-shot learning
and online incremental learning mechanisms and online incremental learning
mechanisms to reduce data dependence, enhance adaptive capabilities, and
promote the development of intelligent inspections in a more independent
and reliable direction.
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