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Traditional methods for monitoring the operational status of power equipment often suffer from limited 

feature representation and inaccurate dynamic modeling, resulting in low early-fault detection accuracy 

and elevated false-alarm rates. To address these limitations, this paper proposes a comprehensive, big-

data-driven monitoring and fault warning framework, optimized end-to-end from data preprocessing to 

online alert generation. The system incorporates multi-scale sliding-window feature extraction, weighted 

trend-deviation quantification, and redundant-feature compression to enhance the representation of 

degradation signals. A spatio-temporal adaptive graph convolutional network (STAGCN) is employed to 

jointly capture equipment topology and temporal dependencies. In the warning module, an anomaly 

discrimination strategy based on confidence-score reconstruction is deployed on a hierarchical, parallel 

big-data platform, enabling sub-second alerts for critical faults (e.g., line short circuits, insulation 

degradation). Experimental evaluations reveal that, following feature compression, overall detection 

accuracy increases from 89.0% to 92.8%, while the false-alarm rate decreases from 4.8% to 3.5%. For 

typical line short-circuit faults, the proposed system achieves a warning accuracy of 96.5%, with response 

times under 3.1 seconds under full-load conditions. These results demonstrate that the proposed 

framework delivers high real-time performance, accuracy, and reliability in complex grid environments. 

Povzetek: Predlagan sistem za zgodnje opozarjanje na napake v elektroenergetski opremi, ki izboljša 

natančnost (89,0 % → 92,8 %), zniža lažne alarme (4,8 % → 3,5 %) in zazna kratke stike z 96,5 % v ~3,1 

s. 

 

1  Introduction 
As a critical unit in ensuring energy transmission and 

distribution, the operational health of power equipment 

directly impacts the overall security and stability of the 

power grid. With the rapid expansion of smart grids [1–2], 

distributed generation [3–4], and the integration of new 

loads, the operating environment of power equipment [5–

6] has become increasingly multi-source, variable, and 

complex. Traditional approaches based on periodic 

inspections and static threshold judgments can no longer 

meet the requirements for real-time and precise equipment 

condition control. Consequently, power equipment 

condition monitoring [7–8] and fault warning [9–10] have 

become essential means of enhancing power system 

resilience, holding both high engineering application 

value and significant theoretical importance. 

However, several key technical challenges persist in 

practical applications. In terms of fault identification [11–

12], existing methods typically rely on fixed time-window 

processing or simple statistical feature extraction, which 

fail to capture subtle and gradually evolving degradation 

characteristics during equipment operation, making early 

fault signals difficult to detect. For dynamic modeling, 

current time-series analysis methods often neglect spatial 

structural associations when addressing equipment status 

changes in complex environments, resulting in the 

inability to model potential coupling effects between 

different devices and thus reducing overall fault detection 

sensitivity. Regarding anomaly detection [13–14] and 

early warning mechanisms [15–16], most traditional 

approaches are based on static rules or fixed inference 

models, which are slow to respond to minor abnormal 

changes in equipment operation [17–18], leading to high 

false-alarm and missed-alarm rates and impairing 

operation and maintenance (O&M) decision-making. 

These limitations reveal significant shortcomings in 

feature representation, spatiotemporal modeling accuracy, 

and anomaly detection sensitivity, hindering the 

advancement of intelligent, refined O&M for large-scale, 

dynamically evolving power systems. 

In recent years, driven by diverse emerging 

technologies, power equipment condition monitoring has 

advanced rapidly. Long [19] applied Internet of Things 

(IoT) technology for real-time monitoring and analysis of 

power equipment condition data, exploring approaches to 

enhance grid reliability and O&M efficiency. To address 

signal interference and feature extraction challenges in 

real-time monitoring [20–21], several studies have 

explored strategies integrating advanced signal processing 
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with intelligent optimization algorithms. Tong [22] et al. 

collected operational signals from power equipment, 

applying singular value decomposition and particle 

filtering to monitor condition changes. They further 

optimized the pheromone configuration and update 

strategy in the ant colony algorithm to construct a fault-

location evaluation function, achieving timely monitoring 

and over 90% fault-location accuracy. 

Considering the increasing computational and 

responsiveness demands of condition monitoring under 

complex operating conditions, researchers have applied 

multi-level collaborative computing and deep learning to 

enhance system performance. Zhang [23] et al. combined 

edge computing and cloud computing, integrating SURF 

(Speeded-Up Robust Features) detection with a CBAM 

(Convolutional Block Attention Module)-enhanced 

Yolov5 model to achieve precise monitoring and analysis 

in smart substations. Experiments showed recall and 

accuracy rates of 91.21% and 90.54%, respectively, for 

insulator fault detection. These studies form the 

methodological basis for this work in terms of feature 

extraction, signal processing, and edge–cloud 

collaborative computing: Long’s IoT framework informs 

the multi-source online acquisition and transmission 

strategy; Tong et al.’s decomposition and optimization 

algorithms inspire the multi-scale dynamic feature 

extraction approach; and Zhang et al.’s edge–cloud and 

attention mechanisms guide the design for rapid state 

modeling in high-load environments. Nevertheless, 

despite achieving high accuracy in specific condition-

monitoring and fault-location scenarios [24–25], existing 

research remains insufficient in multi-scale condition 

perception, unified data processing, and the development 

of full-link early warning mechanisms for complex grid 

environments. 

Similarly, fault warning technology has attracted 

increasing attention as a vital tool for maintaining grid 

stability. Zhang [26] et al. investigated power equipment 

failure prediction and lifecycle management using big data 

analytics, proposing and validating prediction strategies 

that enhance operational stability and safety. As fault 

warning research deepens [27–28], multi-source data 

fusion and spatial information technologies have emerged 

as key enablers for performance improvement. Kang [29] 

et al. introduced a smart grid fault warning method 

combining multi-sensor fusion with GIS-based 

positioning, verifying its effectiveness in improving both 

accuracy and timeliness. With growing grid complexity, 

efficient transmission-layer fault detection [30] has 

become essential for enhancing system resilience. Mu [31] 

et al. developed a power-flow-based transmission network 

security situation warning framework and applied 

oversampling for sample balancing. Tests on a modified 

IEEE 36-node system demonstrated approximately 90% 

cascading-fault warning accuracy with prediction times 

under one second, significantly improving security 

awareness and reducing anomaly identification latency. 

To further advance early fault detection and reduce 

false alarms in complex monitoring scenarios, recent 

studies have explored advanced classification and 

temporal modeling techniques. For example, Dahr and 

Farjami [32, 33] proposed a hard voting ensemble 

integrating logistic regression, support vector machines, 

and random forests, achieving notable improvements in 

anomaly detection for network intrusion scenarios. In real-

time spatiotemporal analysis, Xu [34] developed a YOLO-

based framework integrating temporal context and 

network analysis, demonstrating the potential of 

combining spatial feature extraction with temporal 

dependency modeling in high-speed detection tasks. 

These related works lay the technical foundation for 

this study in big data analytics, multi-sensor fusion, and 

real-time alarm mechanisms. Zhang et al.’s big data–

driven lifecycle management strategy supports the multi-

stage state modeling and prediction framework proposed 

herein; Kang et al.’s multi-source fusion and GIS 

positioning approach informs the fusion strategy for alarm 

location and timeliness optimization; and Mu et al.’s rapid 

transmission-network warning framework validates this 

work’s confidence reconstruction and rapid decision-

making approach. Although existing studies have 

achieved progress in improving the real-time performance, 

accuracy, and adaptability of warning models, gaps 

remain in large-scale grid-wide validation and dynamic 

responsiveness under complex fault scenarios. 

To address these challenges, this paper proposes a big 

data–driven power equipment condition monitoring and 

fault warning system. In the data preprocessing stage, a 

multi-scale sliding-window method captures both local 

variations and global evolution patterns in operational 

time-series data across multiple time scales, mitigating 

degradation-feature loss from single-scale processing. In 

feature construction, a weighted trend-deviation index is 

introduced, applying differentiated weights to variation 

magnitude and trend to amplify subtle anomalies in the 

feature space. In feature optimization, redundant high-

dimensional features are compressed via correlation 

analysis to eliminate noise and enhance feature 

compactness and effectiveness. 

In the state modeling stage, a spatiotemporal adaptive 

graph convolutional network (STAGCN) is proposed, 

which dynamically updates both spatial adjacency and 

temporal dependencies to jointly model equipment 

topological relationships and operational evolution 

patterns, improving complex-system state representation 

accuracy. For anomaly detection, a confidence-score 

reconstruction strategy models the normal operating-state 

distribution and computes real-time deviations to generate 

quantitative anomaly scores, enabling early detection of 

potential faults. 

The entire system adopts a hierarchical deployment 

architecture combined with a parallel big-data processing 

framework to support real-time ingestion, processing, and 

monitoring of massive equipment datasets, ensuring 

efficiency and reliability in large-scale scenarios. By 

systematically addressing the challenges of small-

degradation feature capture, inaccurate dynamic-state 

modeling, and large errors in early fault identification, this 

work advances intelligent O&M methods for power 

equipment under big data environments. Compared with 

existing approaches that combine graph convolution and 

time-series modeling, the proposed STAGCN introduces 
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a learnable adaptive adjacency matrix and a dynamic 

temporal dependency update mechanism, enabling joint 

adaptive modeling of spatial topology and temporal 

evolution. This design, unlike fixed-topology or static 

time-window approaches, maintains high-precision state 

representation and weak-fault detection performance even 

under heterogeneous network structures and long-term 

dependencies. In large-scale concurrent data-stream 

scenarios, the integration of multi-scale feature processing 

with a parallel computing framework enables superior 

accuracy and lower latency compared with representative 

existing methods. 

 

2  Method design and system 

construction 
In the process of constructing the power equipment 

status monitoring and fault warning system, in order to 

ensure the method’s systematicness and the 

implementation efficiency, it is necessary to clearly plan 

the overall design architecture in layers. Each functional 

module is organically organized according to the data flow 

and processing logic, forming a closely connected 

collaborative system at the level of data preprocessing, 

feature construction, feature optimization, status modeling, 

fault warning, and system architecture. Figure 1 intuitively 

shows the overall framework of the method design and 

system construction in this paper. 

 

 
 

Figure 1: System overall framework diagram 

 

Figure 1 shows the complete process of the system 

from raw data access to final warning output, and each 

layer is linked through clear data and information 

transmission. The data preprocessing layer focuses on the 

dynamic feature extraction of the original multi-source 

time series data; the feature construction layer is 

committed to strengthening the small degradation features 

through weighted trend deviation; the feature optimization 

layer improves the effectiveness of the feature set through 

redundant compression and screening. The state modeling 

layer combines spatial topology and time evolution 

behavior for unified modeling; the fault warning layer 

realizes anomaly discrimination and warning generation 

based on the confidence score reconstruction strategy; the 

system architecture layer uses hierarchical deployment 

and parallel processing technology to ensure the efficiency 

and scalability of the overall system. The overall design is 

closely centered on the goals of equipment status 

monitoring and fault warning, emphasizing the systematic 

and targeted nature of the method in each link. 

 

 

2.1 Data preprocessing layer 
The raw data collected in the power equipment status 

monitoring system usually comes from multi-source 

sensors, showing high-frequency, continuous, and 

heterogeneous time series characteristics. The data types 

cover physical quantities such as voltage, current, 

temperature, and vibration acceleration. The original time 

series data has obvious short-term fluctuations and long-

term trend superposition characteristics under actual 

working conditions. Directly using the original data for 

modeling leads to insufficient feature expression, so it is 

necessary to design a reasonable dynamic feature 

extraction mechanism to process the data. 

For the original multi-source time series data, this 

paper adopts a multi-scale sliding window dynamic 

feature extraction mechanism. It is assumed that the 

original single-channel time series is X = {x1, x2, . . . , xT}, 

where T  is the total number of sampling points. The 

sliding window length is set to L; the step size is set to S; 

the scale factor is set to α. The window length L is set from 

the sampling frequency and dynamic response of the 

equipment, with the step size S = L/4 for moderate overlap. 

The scale factor α is in [0.5, 2.0] to represent different time 

scales. The final scale factor α values of 0.5, 1.0, and 2.0 

were determined through grid search on a dataset, 

optimizing for maximum early fault detection accuracy 

while maintaining a false alarm rate below 4%. At each 

scale α, the original data is scaled to generate a new time 

series sequence X(α) = {x1
(α)

, x2
(α)

, . . . , xT/α
(α)

}. Among them, 

the local average value xt
(α)

 corresponding to the scale 

factor is calculated by Formula (1), which is used to 

smooth short-term high-frequency noise and highlight the 

long-term trend characteristics: 

xt
(α)

=
1

α
∑  α−1

i=0 xt+i (1) 

At each scale, X(α)  is divided into multiple 

subsequences according to the sliding window method, 

and each subsequence is defined by Formula (2): 

Wk
(α)

= {x(k−1)S+1
(α)

, x(k−1)S+2
(α)

, . . . , x(k−1)S+L
(α)

} (2) 

Among them, k is the window number, and Wk
(α)

 is 

the input of a single feature extraction. 

To extract short-term volatility information and long-

term trend characteristics, six statistical features are 

calculated in each window Wk
(α)

: mean μk
(α)

, standard 

deviation σk
(α)

, maximum value, minimum value, kurtosis 

κk
(α)

, and skewness γk
(α)

. The mean μk
(α)

 is defined by 

Formula (3): 

μk
(α)

=
1

L
∑  L

i=1 x(k−1)S+i
(α)

 (3) 

The standard deviation σk
(α)

 is defined by Formula 

(4): 

σk
(α)

= √1

L
∑  L

i=1 (x
(k−1)S+i

(α)
− μ

k

(α)
)

2

 (4) 
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The kurtosis κk
(α)

 and skewness γk
(α)

 are calculated 

based on the fourth-order moment and the third-order 

central moment standardization, respectively, to capture 

abnormal spikes and skew characteristics, as shown in 

Formula (5) and Formula (6): 

κk
(α)

=
1

L
∑  L

i=1 (x(k−1)S+i
(α)

−μk
(α)

)
4

(σ
k
(α)

)
4  (5) 

γk
(α)

=
1

L
∑  L

i=1 (x(k−1)S+i
(α)

−μk
(α)

)
3

(σ
k
(α)

)
3  (6) 

The multi-scale sliding window extracts feature sets 

at different scales and different statistics. For unified 

processing, the features of all scales are concatenated to 

form the final preliminary feature matrix F =
[F(0.5), F(1.0), F(2.0)], where F(α) represents the feature set 

extracted from all windows at scale α. All-scale features 

are concatenated to form the preliminary feature matrix, 

supporting subsequent construction and modeling by 

retaining local fluctuations and global trends. 

 

2.2 Feature construction layer 
After the preliminary extraction of multi-scale 

dynamic features, in order to enhance the characterization 

capability of the minor degradation behavior of power 

equipment, a feature construction method based on 

weighted trend deviation quantification is designed. It is 

assumed that the processed feature sequence is sk}k=1
N , 

where N is the sequence length, and sk is the feature value 

extracted at the k-th moment. For this sequence, the local 

weighted mean νk is calculated by Formula (7): 

νk =
∑  k

j=k−L θjsj

∑  k
j=k−L θj

 (7) 

Among them, L is the length of the local weighted 

window, and θj is the weighting factor corresponding to 

time j, which is set according to the exponential decay law 

shown in Formula (8): 

θj = e−α(k−j) (8) 

Here, α  is the weight decay coefficient, which 

controls the degree of influence of historical features on 

the current local mean. The local weighted mean νk  is 

used to describe the evolution trend of the feature value in 

the short term. The trend deviation ϵk is further defined by 

Formula (9) to represent the degree of deviation of the 

current feature value relative to the local trend: 

ϵk = sk − νk (9) 

To enrich the feature representation, a variety of 

statistics are extracted from the {ϵk}k=1
N  sequence, 

including weighted deviation mean, weighted deviation 

standard deviation, skewness, and kurtosis, and the 

calculation formulas are as follows: 

M(ϵ) =
1

N
∑  N

k=1 ϵk (10) 

S(ϵ) = √
1

N
∑  N

k=1 (ϵk − M(ϵ))2 (11) 

Sk(ϵ) =
1

N
∑  N

k=1 (ϵk−M(ϵ))3

(√
1

N
∑  N

k=1 (ϵk−M(ϵ))2)

3 (12) 

Ku(ϵ) =
1

N
∑  N

k=1 (ϵk−M(ϵ))4

(√
1

N
∑  N

k=1 (ϵk−M(ϵ))2)

4 (13) 

The weighted deviation mean reflects overall trend 

deviation, the standard deviation measures local 

fluctuation intensity, the skewness indicates distribution 

asymmetry, and the kurtosis describes peak characteristics. 

Based on trend deviation quantification, these statistics are 

extracted across multiple time windows to capture both 

short-term disturbances and long-term evolution, forming 

feature vectors that support subsequent feature 

optimization and state modeling. 

 

2.3 Feature optimization layer 
After the initial feature construction is completed, to 

improve the modeling efficiency and identification 

accuracy, the high-dimensional feature set needs to be 

optimized. In the feature optimization layer, this paper 

adopts a redundant feature compression algorithm, 

combined with feature correlation evaluation and validity 

screening mechanism, to remove information redundancy 

and enhance the compactness of the feature set. It is 

assumed that the original feature set is F = {f1, f2, … , fn}, 

where each feature vector is fi ∈ ℝT, and T represents the 

time series length. The Pearson correlation coefficient 

ρ(fi, fj)  shown in Formula (14) is used to measure the 

linear correlation between any two features: 

ρ(fi, fj) =
∑  T

t=1 (fi
t−f̅i)(fj

t−f̅j)

√∑  T
t=1 (fi

t−f̅i)2⋅√∑  T
t=1 (fj

t−f̅j)2
 (14) 

Among them, fi̅ and fj̅ are the time means of features 

fi  and fj , respectively. When |ρ(fi, fj)| > θ , it is 

considered that there is a high degree of redundancy 

between the two. Here, θ  is the threshold, which is 

determined through multiple groups of experiments to 

ensure the balance between compression strength and 

information retention. The threshold θ  was set to 0.92 

based on iterative trials, where feature pairs exceeding this 

correlation were removed to prevent collinearity. The 

number of retained features after compression was fixed 

at 65 to ensure stability across different datasets. On this 

basis, the maximum mutual information method is used to 

evaluate the information contribution between each 

feature and the target state label. The mutual information 

calculation method is as shown in Formula (15): 

I(fi; y) = ∑  fi∈ℱ ∑  y∈𝒴 p(fi, y)log 
p(fi,y)

p(fi)⋅p(y)
 (15) 

Among them, p(fi, y) represents the joint distribution 

probability, and p(fi)  and p(y)  are the marginal 

probabilities of the feature and the label, respectively. The 

first k features with the largest mutual information value 

are retained to construct the final optimized feature subset 

F∗ = {f1
∗, f2

∗, … , fk
∗}. To ensure the uniformity of feature 

scale, all retained features are normalized using the Z-

score normalization method shown in Formula (16): 

fi
∗′

=
fi
∗−μi

σi
 (16) 

Among them, μi  and σi  represent the mean and 

standard deviation of the optimized feature fi
∗ , 

respectively. Through the above redundant compression 

and effectiveness screening process, the optimized feature 
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set is significantly compressed in dimension; the 

redundant interference information is effectively 

eliminated; the key information with discriminative ability 

for state identification is retained, providing a higher 

quality input basis for the subsequent modeling layer. 

 

2.4 State modeling layer 
The state modeling layer realizes the joint modeling 

of the power equipment state by constructing STAGCN. 

The network structure uses the structural topology 

information between equipment to construct the adjacency 

relationship graph in the spatial dimension, and applies the 

gating mechanism for dynamic modeling in the time 

dimension in combination with the evolution trend of the 

sequence data. It is assumed that the network composed of 

power equipment is a graph G = (V, E, A). Among them, 

V represents the node set; E represents the edge set; A ∈

ℝN×N is the static adjacency matrix; N is the number of 

nodes. 

This paper applies a weight update mechanism to 

dynamically adjust the adjacency matrix, and constructs a 

learnable adaptive adjacency matrix Â ∈ ℝN×N  through 

Formula (17): 

Âij =
exp(ReLU(zi

⊤W1+zj
⊤W2+b1))

∑  N
k=1 exp (ReLU(zi

⊤W1+zk
⊤W2+b1))

 (17) 

Among them, zi
  and zj

  are the embedded 

representations of nodes i and j; W1 and W2 are trainable 

weight matrices; b1 is the bias term; ReLU represents the 

activation function. Exponential normalization ensures 

that the matrix is normalized by row, meeting the 

requirements of graph convolution. 

The graph convolution operation is based on the 

adaptive adjacency matrix to aggregate node features and 

define the l-th layer graph convolution operation as shown 

in Formula (18): 

H(l+1) = σ(ÂH(l)W(l)) (18) 

Among them, H(l) ∈ ℝN×dl  represents the node 

feature representation of the l-th layer; W(l) ∈ ℝdl×dl+1  is 

the weight matrix; σ(⋅) is the activation function. 

The temporal modeling module applies the gated 

recurrent unit (GRU) to model the temporal features. 

Assuming that the temporal feature of each node is Xt ∈

ℝN×d , the state update process of GRU is as shown in 

Formulas (19) to (21): 

rt = σ(WrXt + UrHt−1 + br) (19) 

zt = σ(WzXt + UzHt−1 + bz) (20) 

Ht = (1 − zt) ⊙ Ht−1 + zt ⊙ tanh (WhXt +
Uh(rt ⊙ Ht−1) + bh) (21) 

Among them, rt and zt are the reset gate and update 

gate, respectively; ⊙ represents the Hadamard product; 

W∗ and U∗ are parameter matrices; b∗ is the bias term; Ht 

is the hidden state at the current moment. The spatial graph 

convolution and the temporal GRU are fused in the 

network through inter-layer alternation to achieve unified 

modeling of the power equipment state in the dimensions 

of topological structure and time evolution. The final state 

representation uses the aggregation result of multiple 

layers of spatiotemporal features as the output, and the 

input fault warning layer is used to discriminate the model 

and generate warning signals. This modeling method takes 

into account the complex dependencies between nodes 

and the temporal dynamics of the node’s own status, 

effectively supporting high-precision identification of 

subtle degradation trends and abnormal evolution 

behaviors of equipment. 

2.5 Fault warning layer 
The fault warning layer applies an anomaly 

discrimination strategy based on confidence score 

reconstruction, aiming to quantify the degree of state 

deviation and generate early warning signals. This 

strategy is based on the normal distribution characteristics 

of the equipment state, and measures the anomaly of the 

input state by jointly measuring the reconstruction error 

and confidence score. First, the input state feature vector 

x ∈ ℝd  is nonlinearly mapped and input into the multi-

layer autoencoder network to obtain its reconstructed 

output x̂. The reconstruction error is defined as e = x − x̂, 

and its Euclidean norm is calculated by Formula (22): 

E(x) =∥ x − x̂ ∥2
2 (22) 

Among them, E(x)  represents the reconstruction 

error of the input state, which is used to characterize the 

degree of deviation between the current state and the 

normal state distribution. To improve the ability to 

distinguish weak anomalies, the confidence score function 

𝒞(x)  is applied and constructed according to the 

distribution density of the normal state of the input sample 

in the training set. The confidence score is defined by the 

kernel density estimation method shown in Formula (23): 

𝒞(x) =
1

n
∑  n

i=1 exp (−
∥x−xi∥2

2σ2 ) (23) 

Among them, xi is the i-th normal state sample in the 

training set; n is the number of normal samples; σ is the 

kernel width parameter. The confidence score reflects the 

degree of belonging of the current state in the normal 

sample distribution. The lower the value, the greater the 

difference from the normal state. The comprehensive 

discriminant function is defined by Formula (24): 

𝒜(x) = α ⋅ E(x) − β ⋅ log𝒞(x) (24) 

Among them, α  and β  are empirically determined 

adjustment coefficients that control the weights of 

reconstruction error and confidence score in the final 

discriminant value. The abnormal discrimination 

threshold θ is set according to the statistical distribution of 

reconstruction error and confidence score in the training 

set, and the discrimination logic is shown in Formula (25): 

y = {
1,     if𝒜(x) > θ

0,     otherwise    
 (25) 

Among them, y=1 denotes an alarm-triggering 

abnormal state and y=0 a normal state. By combining state 

reconstruction deviation and distribution attribution, the 

strategy enhances early fault sensitivity while maintaining 

a low false alarm rate. Historical alarms and real-time data 

are jointly processed for timestamping and severity 

classification, then pushed via the message bus to support 

rapid front-end decision-making. Integrated with the 

layered architecture, it ensures low-latency processing 

under large-scale data streams. 

 

2.6 System architecture layer 
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The system adopts a collaborative architecture 

integrating edge and centralized computing to form a 

distributed data processing and unified state management 

platform. Field sensors collect raw data, transmitted via 

communication modules to edge nodes, where a 

lightweight unit standardizes data, calibrates time, detects 

anomalies, and sends results to the core cloud cluster 

equipped with CUDA-enabled embedded GPUs for 

asynchronous batch processing. The cloud cluster 

comprises task scheduling, GNN modeling, early warning, 

and result caching nodes, enabling non-blocking data flow, 

dynamic graph modeling with temporal reasoning, 

anomaly scoring, and high-performance in-memory 

storage for visualization. ZeroMQ ensures low-latency 

communication, while CPU/GPU coordination with non-

blocking multitasking maximizes throughput. 

Containerized deployment with Kubernetes supports 

elastic scaling and load-adaptive scheduling, and ELK-

based logging enables real-time monitoring and fault 

tracing, ensuring reliable operation and rapid fault 

warning under large-scale, high-concurrency conditions. 

 

3 Experimental setup and 

implementation 
3.1 Experimental platform and system 

environment 
To ensure the reproducibility of system construction 

and the fairness of experimental evaluation, this paper 

follows the principles of high performance, strong 

stability, and wide adaptability in the configuration of the 

experimental platform and the selection of the software 

environment. Taking into account the actual needs of big 

data processing capabilities, deep learning model training 

efficiency, and multi-module concurrent operation, a set 

of experimental environments with universality and 

engineering application value is constructed. The platform 

resources used include hardware equipment, operating 

system, program language environment, and core 

framework dependencies. The specific configuration is 

shown in Table 1. 

 

Table 1: Experimental platform and system environment parameter settings 

 

Category Name/Model Size/Version Usage Description 

GPU 
NVIDIA GeForce RTX 

3060 
12 GB 

Model training and graph 

convolution 

CPU AMD Ryzen 7 5800X 
8 cores, 16 threads, 

3.8GHz 

Data processing and system 

computation 

Operating System Windows 10 Pro 64-bit, 21H2 
System deployment and resource 

management 

Programming 

Language 
Python 3.7 

Feature processing, model building, 

integration 

Deep Learning 

Framework 
PyTorch 1.10.2 

STAGCN implementation and 

training control 

Data Processing 

Platform 
Apache Spark 3.1.2 

Distributed preprocessing and feature 

extraction 

This configuration has completed heterogeneous 

computing resource support to meet the parallel 

computing requirements of deep graph neural networks 

for graph convolution and time modeling. The operating 

system version is stable and compatible with mainstream 

dependency libraries and middleware environments. 

Python and its dependent framework versions are 

consistent with the STAGCN model implementation 

requirements. The big data processing platform has good 

scalability and task scheduling capabilities, providing 

efficient and reliable operation support for the multi-level 

processing flow proposed in this paper. 

 

3.2 Dataset source and preprocessing method 
The original data comes from the status monitoring 

equipment deployed at the actual substation and 

transmission line site, covering key facilities such as main 

transformers, circuit breakers, capacitor compensation 

equipment, busbars, and transmission line monitoring 

terminals. Various types of equipment continuously 

collect multi-dimensional time series information such as 

temperature, current, voltage, and power. The sampling 

frequency is mainly in seconds, and the daily data volume 

is maintained at a high-frequency and high-dimensional 

level, forming a huge original dataset. The collection 

period covers 180 consecutive days, and the data storage 

structure is organized on the HDFS platform according to 

column encoding, building a unified and accessible 

distributed data foundation. Table 2 shows the number of 

monitoring dimensions, number of daily samples, 

sampling frequency, and cumulative data volume 

corresponding to the collection time of various types of 

equipment, which helps to quantify the structural 

characteristics and scale of the data foundation. 
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Table 2: Structural statistical information of the original monitoring data 

 

Equipment Type 

Number of 

Monitoring 

Dimensions 

Number of Daily 

Samples (records) 

Sampling 

Frequency (Hz) 

Cumulative Data 

Volume (records) 

Main Transformer 8 86,400 1 15,552,000 

Circuit Breaker 6 64,800 0.75 11,664,000 

Capacitor 

Compensation 
7 86,400 1 15,552,000 

Busbar 5 57,600 0.67 10,368,000 

Transmission Line 

Monitoring Terminal 
9 86,400 1 15,552,000 

Table 2 shows the data structure formed by various 

key equipment in the power system during the state 

monitoring process, highlighting the differences in 

sampling frequency, data dimension, and monitoring 

cycle between different equipment types, and reflecting 

the high-density characteristics of the overall time series 

data of the system. The data entries are all derived from 

the real sampling process. By standardizing the sampling 

frequency and acquisition time, the consistency and 

comparability of the data structure are ensured, providing 

structural support for the parameter setting and method 

selection of the subsequent data preprocessing process. 

The data preprocessing process first performs data 

cleaning operations to remove physical illegal values and 

logical conflict values. The physical value constraint 

domain is defined as xt ∈ [xmin, xmax]. Among them, xt 

represents the monitoring value at any time, and xmin and 

xmax  are the theoretical lower and upper limits of the 

corresponding variables of the sensor, respectively. Data 

exceeding this interval are directly set as missing items. 

The logical conflict judgment criterion adopts the multi-

variable linkage consistency rule. For example, the power 

factor between voltage, current, and power is reversed to 

verify whether the constraint relationship is established. If 

not, it is marked as abnormal data. 

The missing data is filled by backfilling the mean of 

the stable segment in the adjacent time period, as shown 

in Formula (26): 

xt
′ =

1

N
∑  N

i=1 xt−i (26) 

Among them, xt
′ represents the value after filling at 

the t-th moment, and xt−i represents the observation value 

in the window of N stable moments in history. The stable 

moment is determined based on the sliding standard 

deviation threshold criterion. When the standard deviation 

σt−w:t+w < δ , the observation value in the interval is 

considered to be in a stable state. The window width is set 

to w = 10, and the threshold is δ = 0.02 × x̅, where x̅ is 

the global mean of the current variable. The data 

standardization process uses the Z-Score normalization 

method to ensure that multi-source heterogeneous 

variables enter the subsequent feature extraction process 

under the same scale. This method ensures that each 

variable is processed in a scale space with a mean of 0 and 

a standard deviation of 1, thereby eliminating the impact 

of dimensional interference on the modeling process. To 

ensure data alignment and consistency, the time 

synchronization alignment process based on the nearest 

matching method is performed to address the timestamp 

offset problem of sensors of different equipment. It is 

assumed that the observation timestamps of equipment i 

and j  are {ti
k}  and {tj

l} , respectively, and the matching 

principle is to find min|ti
k − tj

l| ≤ ϵ , where ϵ  is the 

maximum synchronization error tolerance, set to 1 second. 

The data points that are not successfully matched are 

interpolated and removed. After completing the dataset 

cleaning, completion, standardization, and 

synchronization, a time series data tensor with a unified 

structure is finally formed, providing a data basis for 

subsequent feature extraction and state modeling. 

 

3.3 Experimental parameter configuration 
To ensure the reproducibility of the model training 

and evaluation process and the consistency of parameter 

tuning, this section systematically organizes the key 

experimental configurations. The experiment uses 

multiple sets of parameter combinations to examine the 

impact of different configurations on fault identification 

performance, training efficiency, and system robustness. 

Table 3 summarizes the core parameter settings of each 

experiment to support subsequent model performance 

comparison and result analysis. 

 

Table 3: Experimental parameter configuration and combination settings 

 
Parameter Configuration Configuration 1 Configuration 2 Configuration 3 Configuration 4 

Learning Rate 0.001 0.0005 0.0001 0.0001 

Number of Epochs 100 150 200 200 

Batch Size 64 128 64 32 

Optimizer Adam AdamW RMSprop SGD 

Sliding Window Length 50 100 150 100 

Multi-scale Parameters [1,3,5] [1,2,4,6] [2,4,8] [1,5,10] 

GCN Layers 2 3 3 4 
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Temporal Step Size 1 1 2 2 

Weight Initialization Xavier Kaiming Xavier Normal 

Table 3 shows the core parameter configuration of 

the model under different training strategies, covering 

learning rate, number of training rounds, batch settings, 

optimizer type, time series feature processing parameters, 

and graph neural network structure settings, forming a 

multi-dimensional experimental variable combination. 

The parameter settings provide a basic basis for the 

subsequent model performance differences, and also 

reflect the adaptability and stability of the system under 

complex configuration space. 

This experiment designs four groups of model 

training schemes to evaluate the actual operation effects of 

different parameter configurations in the power equipment 

status monitoring and fault warning system, which differ 

in feature processing granularity, graph network depth, 

optimizer type, and time series modeling step size. 

Parameter combination 1 uses a medium sliding window, 

a lower number of graph convolution layers and an Adam 

optimizer, emphasizing the balance between model 

response speed and generalization ability. Parameter 

combination 2 applies the AdamW optimizer with 

stronger weight regularization while maintaining high step 

size modeling capabilities, aiming to improve long-term 

prediction stability. Parameter combination 3 configures a 

deeper graph convolution structure and uses the RMSprop 

optimizer, aiming to capture more complex state evolution 

patterns. Parameter combination 4 reduces the batch size 

and adopts the SGD optimization strategy to try to 

enhance the feature convergence performance under the 

local optimal update path. The system operation results 

corresponding to different schemes are summarized in 

Table 4. 

 

Table 4: System performance under different parameter combinations 

 

Parameter Configuration Fault Detection Accuracy (%) False Alarm Rate (%) Real-time Processing Rate (%) 

Configuration 1 94.7 3.5 96.2 

Configuration 2 93.2 4.1 95.5 

Configuration 3 91.5 5.2 93.8 

Configuration 4 92.4 4.6 94.1 

From the data results, parameter combination 1 

performs best in all three indicators. Its high accuracy is 

mainly due to the balanced capture ability of the 

mesoscale sliding window for key feature fluctuations, 

and the shallow graph convolution structure reduces the 

risk of overfitting, forming an efficient and stable state 

modeling effect. From the overall performance, parameter 

combination 1 forms a good balance in accuracy, stability, 

and real-time response capability, and is the optimal 

configuration under the current setting. 

 

4  Results 
 

4.1 Multi-scale feature extraction effect 
In the empirical phase of the multi-scale feature 

extraction method, this paper takes the current fluctuation 

data of power equipment as the object, designs and 

constructs a time series signal with local mutation, slow-

changing trend, and background noise superposition 

characteristics, and simulates the dynamic change 

characteristics of equipment data under real operating 

conditions. By setting the scale parameters of the sliding 

window to 3, 7, and 15, respectively, the sliding mean 

features at different levels are extracted to observe its 

ability to capture the key change patterns in the signal. The 

original signal and the mesoscale feature extraction results 

are compared synchronously to verify the role of sliding 

window processing in suppressing disturbances and 

enhancing trend identification. Figure 2 shows the 

comparative relationship between the original signal and 

the mesoscale sliding mean, as well as the response 

differences of feature changes at three scales. 

 

 

 

 
Figure 2: Comparison of multi-scale sliding mean 

feature extraction effects 

 

As can be seen from Figure 2, the original current 

signal shows obvious nonlinear fluctuation characteristics 

from the 1st moment to the 30th moment, and is at a lower 

level from the 1st to the 5th moment. The current value 

rises from 10.15 A to 10.73 A, peaks at 11.70 A at the 18th 

moment, and then gradually decreases to 10.20 A at the 

30th moment. After small-scale (w=3) sliding processing, 

the sequence still retains most of the spike information, 

with values of 10.94 A and 11.64 A at the 9th and 19th 

moments. The reason for this phenomenon is that the 

window width is small, resulting in local disturbances not 

being fully smoothed, thus maintaining the high-

frequency details in the original signal. The medium-scale 

(w=7) curve changes gently between the 1st moment and 

the 22nd moment, and the current peak is significantly 
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lower than the peak of the original signal, indicating that 

some disturbances are suppressed, while the rising and 

falling trends are still retained.  

 

 

 

The large-scale (w=15) smooth curve is the most stable 

overall. From the 1st to the 30th moment, the current value 

is always controlled between 10.27A and 11.10 A, and no 

mutation points appear in the original signal. The 

fundamental reason is that the average of the wide window 

for multi-time data causes short-term changes to be 

smoothed and filtered, thus presenting a response structure 

dominated by low-frequency trend features. It can be seen 

that the sliding window scale determines the degree of 

manifestation of short-term disturbances and long-term 

trends in the signal. 

 

4.2 Feature optimization to improve modeling 

performance 
In large-scale power equipment status monitoring 

tasks, the original sensor data has high dimensions and a 

large proportion of redundant features. Direct modeling 

often faces problems such as heavy computational burden, 

slow convergence speed, and unstable model 

discrimination ability. To improve the model’s learning 

efficiency and expression accuracy in complex feature 

space, the system applies a redundant feature compression 

mechanism to eliminate invalid variables and enhance the 

modeling weight of core feature signals. This section 

compares and analyzes the modeling performance before 

and after compression, and tracks the performance 

evolution trend of the two types of models in the iteration 

process through the dual indicators of training accuracy 

and false alarm rate. The results are shown in Figure 3. 

 
Figure 3: Effect of redundant feature compression on model accuracy and false alarm rate 

Figure 3 (a): Accuracy 

Figure 3 (b): False alarm rate 

 

Figure 3 shows that after feature optimization, the 

model accuracy shows a faster upward trend in the early 

stage of training. The accuracy in the first 15 rounds 

increases from 75.6% to 85.7%, which is 2.9 percentage 

points higher than the performance of the unoptimized 

model in the same round. This difference is mainly due to 

the reduction of interference items brought by the highly 

redundant feature set. The optimization process improves 

the effective density of feature expression, allowing the 

model to capture feature structures that are highly relevant 

to the target state earlier. In the later stage of training, the 

accuracy of the compressed model tends to stabilize at 

92.8%, showing stronger convergence than the final 

accuracy of 89.0% of the unoptimized model. In terms of 

false alarm rate, the optimized model always maintains a 

low level, dropping to 4.1% after the 60th round and 

finally controlled at 3.5%, while the false alarm rate of the 

unoptimized model during the same period remains at 

around 4.8%. The difference comes from the reduced 

disturbance of the redundant factors in the high-

dimensional features on the abnormal discrimination 

boundary. Overall, the feature compression strategy 

effectively improves the model’s generalization ability 

and the sensitivity to weak fault signals. 

4.3 System Fault Warning Effect 

To comprehensively evaluate the performance of the 

fault warning system under different working conditions, 

this paper constructs experimental scenarios with fault 

type and operating load as variables to verify the stability 

and sensitivity of the system under multiple working 

conditions. Five typical fault types cover insulation aging, 

poor contact, mechanical looseness, line short circuit, and 

vibration anomaly, representing the main degradation 

modes and sudden anomalies that may occur in power 

equipment during long-term operation. The operating load 

is set to five levels of 20%, 40%, 60%, 80%, and 100%, 

simulating the real-time working status of the equipment 

under different power outputs to observe the system’s 

response to changes in operating pressure. The experiment 

records the warning accuracy of each fault type and the 

average response time under each load level, and the 

results are shown in Figure 4. 
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Figure 4: Comparison of the accuracy and response 

time of power equipment fault warning 

Figure 4 (a). Warning accuracy under different fault 

types 

Figure 4 (b). Warning response time under different 

operating loads 

Figure 4 shows that in the fault type dimension, the 

system’s warning accuracy for line short circuits reaches 

96.5%, significantly higher than the 91.8% for mechanical 

looseness. This difference is due to the fact that line short 

circuits are more drastic in terms of data fluctuation 

amplitude, frequency characteristics, and energy mutation, 

which makes them have higher discrimination in the 

model, while mechanical looseness is easily misjudged as 

normal fluctuations due to weak interference 

characteristics and slow degradation process, affecting 

model judgment. Poor contact and insulation aging reach 

95.6% and 93.2%, respectively, mainly driven by their 

boundary characteristics in the mid-frequency vibration 

spectrum. The accuracy of vibration anomalies is 92.7%, 

which is related to their strong noise interference and high 

degree of feature overlap. Under load conditions, the 

warning response time increases linearly with the increase 

in load level, reaching 3.1 seconds at 100% load and only 

1.8 seconds at 20% load. The increase in system 

processing pressure leads to a decrease in the parallel 

efficiency of feature extraction and modeling modules, 

which is the main reason for the extension of high-load 

response time. The results show that the system maintains 

strong robustness in typical fault identification and high-

load real-time warning, and has a basis for promotion and 

application. 

4.4 Verification of Overall System Real-time and 

Scalability 

To fully verify the operating effect of the system 

based on big data analysis proposed in this paper in a 

multi-source data stream environment, the experiment 

designs a system performance comparison experiment 

covering different data scales, number of equipment, and 

number of nodes. By quantifying the differences between 

this system and the traditional centralized architecture in 

real-time processing capabilities and resource scheduling 

efficiency from multiple angles, the processing stability 

and scalability of the system under high concurrency 

conditions are deeply evaluated. The experimental results 

are shown in Figure 5. 

 
Figure 5: Comparison of processing performance and resource utilization between this paper’s system and 

centralized architecture under different scales and configurations 

Figure 5 (a): Comparison of processing latency under different data scales 

Figure 5 (b): Comparison of processing rate under different number of equipment 

Figure 5 (c): Comparison of CPU utilization under different number of nodes 

Figure 5 (d): Comparison of memory utilization under different number of nodes 

Figure 5 (e): Comparison of parallel speedup ratio under different number of nodes 

 

Figure 5 (a) shows that as the data input scale 

increases from 10,000/second to 1 million/second, the 

processing latency of this system increases from 11ms to 

40ms, while the centralized architecture latency increases 

from 28ms to 145ms, mainly because this system adopts a 

hierarchical parallel mechanism to effectively alleviate the 

problem of single-point load concentration. In Figure 5 (b), 

when the number of equipment is expanded to 10,000, the 

processing rate of this system reaches 2,300/second, while 

the centralized architecture is only 500/second, which is 

due to the adaptive scheduling mechanism of this system 

for node load balancing. Figure 5 (c) and Figure 5 (d) show 

the CPU and memory utilization, respectively. When the 

number of nodes increases from 4 to 64, the CPU 

utilization of this system increases from 30% to 72%, and 

the memory utilization increases from 38% to 73%. In 

contrast, the CPU utilization of the centralized 

architecture quickly soars to 88%, and the memory 

utilization reaches 92%. The centralized resource 

bottleneck effect is obvious, due to the lack of dynamic 
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migration strategy for cross-node resources. Figure 5 (e) 

shows the trend of parallel speedup ratio changing with 

the number of nodes. When the number of nodes is 64, this 

system reaches 11.2 times, while the centralized 

architecture is only 3.7 times, which is attributed to the 

combined effect of data flow segmentation and 

communication load optimization strategy. The overall 

results show that the system proposed in this paper has 

significant advantages over the traditional architecture in 

terms of multi-dimensional performance indicators, 

especially in the case of large-scale data and high node 

parallelism, showing excellent processing stability and 

resource adaptation capabilities. 

Conclusions 

Based on big data analysis, this paper proposes a 

power equipment condition monitoring and fault warning 

system that integrates multi-scale sliding-window 

dynamic feature extraction, weighted trend-deviation 

quantitative feature construction, redundant-feature 

compression optimization, and STAGCN-based state 

modeling. The system enhances early fault identification 

accuracy through an anomaly discrimination mechanism 

based on confidence-score reconstruction. Experimental 

results show that, after redundant-feature compression, the 

model’s accuracy improves from 89.0% to 92.8%, while 

the false-alarm rate decreases from 4.8% to 3.5%, thereby 

significantly improving modeling efficiency and 

identification accuracy. In fault warning experiments, the 

proposed method achieves a line short-circuit 

identification accuracy of 96.5%, with a warning response 

time of 3.1 seconds under 100% load conditions, 

demonstrating strong real-time performance and high 

fault-detection capability. Although the system performs 

well under typical load and fault scenarios, certain 

limitations remain in detecting weak anomalies under 

conditions of multiple fault superposition and extreme 

load fluctuations. Future work will explore the 

incorporation of multimodal perception and dynamic 

anomaly-threshold mechanisms to further enhance early 

fault detection and response capabilities in complex 

environments, thereby improving the system’s 

adaptability and stability in ultra-large-scale power system 

deployments. 
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