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ABSTRACT: As the central node of the power system, the
transformer has a critical impact on the safe operation of the
power system. However, in the field of transformer condition
assessment and fault investigation and identification, there are
problems such as the difficulty of fault sampling and
unbalanced data sets, which make the existing diagnosis
methods very prone to false positives and false negatives, and
their application in the practical operation and maintenance
scenarios of transformers is limited. Therefore, this paper
proposes a transformer fault diagnosis algorithm that combines
improved active learning and deep neural networks. Four active
learning strategies adapted with deep neural networks are
proposed to enable deep neural networks to learn from oil
chromatography data samples with directional selection to
improve the learning performance of fault detection algorithms
in small and unbalanced samples and to reduce data annotation
and model training costs; Secondly, the label smoothing
algorithm is introduced to improve the cross-loss function of
deep neural networks to solve the overfitting problem caused

by the inconsistency between the distribution of the training

sets and the prediction sets after active learning sampling labels.

The simulation experiment results show that the active learning
algorithm proposed in this paper can effectively reduce the
model training cost and improve the fault identification
accuracy by more than 10% compared with traditional passive
sampling learning methods such as random sampling, and
improve the performance of the algorithm by more than 15%
compared with common methods such as support vector

machine.

KEY WORDS: transformer fault identification; active learning;

deep learning; small sample learning; unbalanced dataset
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combined improved active learning and deep neural
network
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Table 4 Performance comparison between active learning
and traditional sampling strategies
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Table 5 Performance comparison between active learning
and traditional sampling strategies adding normal samples
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Table 6 Comparison of samping numbers between active
learning and traditional sampling strategies
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Table 7 Comparison of samping numbers between active
learning and traditional sampling strategies
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Tab.A3 Comparison of fault identification indicators
between active learning and traditional sampling strategies

Fig. A2 The Confusion Matrix of Different Sampling

Strategies in the Test Set
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A WARFN 99.64 98.85 99.89 99.42
MC Dropout 99.64 99.43 99.43 99.43
BEAL R AR 98.58 95.98 99.40 97.66
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