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Abstract

The oil temperature of a transformer can effectively reflect the working condition of a power trans-
former, but it is difficult to predict the future demand of a specific user’s area because it varies with
different factors such as weekdays, holidays, seasons, weather, and temperature. The existing fore-
casting methods cannot be applied to high-precision and long-term forecasting of long-term real-world
data, and managers have to make decisions based on empirical values, which are usually much higher

SCEG| M UK. B T REHLARAR A0S IR A i TN 5 vA D). 18 SR %, 2021, 11(4): 462-469.
DOI: 10.12677/0rf.2021.114052


http://www.hanspub.org/journal/orf
https://doi.org/10.12677/orf.2021.114052
https://doi.org/10.12677/orf.2021.114052
http://www.hanspub.org

JBURER

than the actual demand and lead to waste, and any wrong prediction may result in serious conse-
quences, so an effective method is needed to forecast future electricity consumption. Random Forest
(RF) is an extended variant of Bagging with simple principles, easy implementation, low computa-
tional overhead, yet powerful performance, and is a method representing the state of the art in inte-
grated learning. In this paper, we use the prediction method of Random Forest regression to predict
the oil temperature variation of transformers from the collected transformer data set.
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Figure 1. Oil temperature changes monitored over a two-year period
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Figure 2. Character encoding
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Figure 3. Feature importance data and visual mapping
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Figure 4. Predicted value versus actual value
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Figure 5. More sample data feature importance
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Figure 6. Prediction results of more sample random forest regression modeling
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