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[Abstract]

In this study, an Al-based platform is proposed to monitor power generation equipment using signal features in order to
mitigate increased maintenance costs and reduced efficiency caused by unplanned shutdowns at power generation facilities.
Operational data were collected at a single coal-fired power unit at one-second intervals for an exploratory analysis. An Isolation
Forest model and an Autoencoder model were trained to detect anomalies, and a conventional regression model was trained to
predict their severity. The results of the analysis revealed that a decrease in the correlation coefficient between power generation
and primary steam flow served as a key indicator for predicting unplanned outages. Moreover, the Al models successfully detected
risk patterns 24—48 hours prior to failure. A monitoring system was also implemented to integrate real-time data collection, signal
transformation, anomaly detection, and visualization. By analyzing the features extracted from input signals comprising operational
data in real time, the proposed platform enables early detection of abnormal conditions and quantitative prediction of their severity
to facilitate predictive maintenance. Consequently, the results demonstrate that the proposed approach can enhance the stability,
reliability, and operational efficiency of power generation facilities, and they also confirm the industrial scalability of Al-based
monitoring technologies utilizing public data.
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Table 1. Signal feature functions

Signal Feature

Function Description

length length of time series

absolute energy sum over the squared values

absolute_sum_of_ | sum over the absolute value of consecutive

changes changes in the series x
an estimate for a time series complexity (A
cid_ce more complex time series has more peaks,
valleys etc)
percentage of values in x that are higher
count_above than t (threshold)
the percentage of values in x that are lower
count_below
than t
Calculates the number of peaks in the time
number of peaks series

Ratio of values that are more than 2 * std(x)
(so r times sigma) away from the mean of x

ratio_beyond_2_
sigma

a technique used to quantify the amount of
regularity and the unpredictability of
fluctuations over time—series data

approximate entropy

Pearson correlation coefficient between key

correlation_ operational variables used to quantify
coefficient dynamic relationship strength and detect
correlation breakdown preceding failures
root_mean_square |RMS
standard_deviation | Standard Deviation
skewness Skewness
kurtosis Kurtosis
maximum the highest value of the time series
minimum the lowest value of the time series

absolute maximum | the highest absolute value

crest factor Peak(Absolute Maximum)/RMS

peak to peak maximum — minimum
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Table 2. Daily operating pattern distribution

Category Days Ratio
Normal Operation 201 54.9%
Abnormal Operation 22 5.7%
Shutdown Operation 15 4.1%
Start—up Operation 14 3.8%
Unplanned Outage 27 7.4%
Scheduled Maintenance 81 22.1%
Output Reduction 1 0.3%
Communication Failure 6 1.7%

Fig. 4. Annual trend of the correlation coefficient between
power generation and main steam flow
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