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An anti-interference fault location simulation for XLPE
cables based on improved SSTDR

WANG Yi'?, LAI Guopeng', LUO Zhang’, HE Jiajun’, CHEN Quanfeng’, HUA Zhilei*

(1. School of Communication and Information Engineering, Chongqing University of Posts and Telecommunications,
Chongqing 400065, China; 2. Chongqing Key Laboratory of Mobile Communication Technology, Chongqing University
of Posts and Telecommunications, Chongqing 400065, China; 3. State Grid Chongqing Electric Power Company
Marketing Service Center, Chongqing 400014, China; 4. Yangzhong Electric Power Research Center,

North China Electric Power University, Zhenjiang 212200, China)

Abstract: Complex laying environments and external electromagnetic interference have significantly impacted the accuracy of
cable fault location, particularly in modern power grids with the widespread application of cross-linked polyethylene (XLPE)
power cables. In order to solve the low accuracy of existing fault location methods in high-noise environments, an improved
fault positioning method based on spread spectrum time domain reflectometry (SSTDR) is proposed. Firstly, by introducing a
multi-period signal modeling method using M-sequences, combined with windowed filtering and adaptive wavelet denoising,
the reflected signals are optimized. Subsequently, a quadratic cross-correlation weighting method based on the smoothed
coherence transform (SCOT) weighting function is employed to process the incident signals and the filtered reflected signals for
each period, obtaining the correlation coefficients for each period. The final location information is derived through arithmetic
averaging. Finally, Gaussian smoothing filtering is applied to enhance the peak characteristics of the fault location, and the fault
position is determined using a peak detection algorithm. Simulation experiments conducted on the MATLAB/Simulink
platform demonstrate that under a low signal-to-noise ratio of —20 dB, the average location error for short-circuit, open-circuit
faults at different positions, and multi-branch faults is less than 0.062 m, with an average relative error below 0.25%. Compared
to traditional methods and existing methods, the proposed method exhibits effective localization under low signal-to-noise ratio
conditions, with the relative localization error improving by at least 0.01%. Furthermore, the experimental results validate that
the method proposed in this paper has robust noise-resistant fault localization performance.

Keywords: cable fault location; spread spectrum time domain reflectometry (SSTDR); M-sequence; multi-period signal

modeling; wavelet denoising; Gaussian smoothing filter; peak detection
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Prediction method for dissolved gas in transformer oil based on
the Temporal Fusion Transformer model

ZHOU Yanhao'?, FAN Lu’, REN Hailong'’, ZHAO Su’, WANG Yalin’, YIN Yi’
(1. College of Electrical Engineering, Shanghai University of Electric Power, Shanghai 200090, China;

2. Department of Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: Dissolved gas analysis in transformer oil is regarded as an important indicator for evaluating the operational status of
transformers. Accurate prediction of trends in dissolved gases in oil is beneficial for preventing power transformer failures. A
Temporal Fusion Transformer (TFT) model, optimized via Optuna hyperparameter tuning, is proposed to address the technical
challenge of low prediction efficiency inherent in traditional models that rely on a single variable. Static variables including
transformer group, winding phase, and gas type are introduced into the model, and an interpretable multi-head attention
mechanism is integrated as well. Synchronous prediction of all dissolved gases in the oil of multiple transformers is thereby
achieved, improving the early warning efficiency of substation operation and maintenance systems. An average relative error of
only 0.306% is achieved by the proposed model, representing a 66.7% reduction relative to the Transformer baseline model.
Higher predictive accuracy is also demonstrated in both short-term and long-term forecasting. In addition, the model's training
time is only one quarter that of the Transformer baseline model. This efficiency aligns with the current trend toward
simultaneous prediction across multiple device groups in intelligent early-warning platforms. Strong correlations between
hydrogen and methane and between carbon dioxide and methane are indicated by the model's multi-head attention mechanism.
These correlations are consistent with the gas generation patterns of oil-paper insulation degradation, further demonstrating the
model's good interpretability and providing technical support for synchronous prediction in multiple device groups.

Keywords: electric power transformer; dissolved gas in transformer oil; synchronous prediction; Temporal Fusion Transformer

(TFT) model; time series; attention mechanism
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