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Introduction
Solar power is becoming more common due to growing concerns about climate change
and sustainability. However, solar power plants face various challenges such as ad-
verse weather conditions, component failures and shading. Timely fault detection
is crucial, as even minor issues can lead to significant energy losses. By applying
statistical and machine learning methods, anomalies in a solar power plant’s power
generation can be identified, aiding in detection of malfunctioning component early.
This allows for timely repairs, optimizing plant performance and improving energy
efficiency.

Methodology
During data preprocessing, 16 key features were extracted from each string’s time
series data to represent the global structure of the data. The extraction process
resulted in a transformed dataset, where each time series is represented as an ob-
ject with 16 features, enabling for more effective analysis. Statistical and machine
learning techniques — including PCA + α-HULL [1], Isolation Forest (iForest) [2],
and Local Outlier Factor (LOF) [3] — were employed to identify systems exhibiting
abnormal behavior. The results demonstrate that a combination of these methods
can help effectively identify outliers, with a combined anomaly score providing a
comprehensive assessment of string performance. Additionally, RANSAC and DB-
SCAN methodology [4] was used to construct fault profiles, which enabled a more
in-depth analysis of each system’s performance and provided further confirmation of
previously identified systems exhibiting abnormal behavior. Figure 1: Abstract workflow chart.

Experiments
In case of PCA+α-HULL methodology, various α parameter values were tested.
Although α-HULL does not directly yield any anomaly score, a naive scoring system
based on the Euclidean distance from the centroid C of the cluster enclosed by the
hull was implemented. For iForest and LOF methods the decision was made to check
the results of outliers using two different contamination parameter values: 0.05 and
0.10. For the results assessment iForest with a contamination parameter set to 0.10,
the LOF method with a contamination value of 0.10, and the PCA + -HULL method
with an value set to 0.5 were used. Figure 3 presents both the combined normalized
anomaly scores and the separate anomaly scores.

Figure 2: α-Hull results.

Figure 3: Anomaly scores.

Previously used methods identified solar panel string outliers based on 15
performance features, yet they lacked explanatory insight into the under-
lying causes of this detection. As a result, the five systems exhibiting the
highest anomaly scores (12.01, 12.02, 8.11, 10.13, 8.10) were investigated
by using the RANSAC + DBSCAN methodology.

The first step clusters points into in-
liers and outliers. Firstly, it is as-
sumed that two closely situated so-
lar systems with identical specifica-
tions exhibit a nearly linear relation-
ship under normal conditions. For
each solar panel string, an optimal en-
ergy generation reference is built using
the closest neighboring strings from
the same inverter, which are expected
to behave similarly. An optimal en-
ergy generation benchmark is created
by selecting the maximum energy out-
put from these neighboring strings at
each timestamp. Linear regression
and RANSAC estimate this relation-
ship, marking points that deviate as
outliers.
In the second step, energy genera-
tion points are visualized on a scat-
ter plot with the hour on the x-axis
and the date on the y-axis. Nighttime
points are removed for clarity. Pat-
terns emerge as outliers cluster around
specific hours, and consistent devia-
tions along the x-axis suggest poten-
tial performance issues with the string
on those days.

In the third step, the DBSCAN al-
gorithm clusters points, identifying
dense regions of anomalous energy
generation. Noise points, which do
not belong to any cluster, are filtered
out, effectively establishing a consis-
tent fault profile.

Figure 4: 12.01 string fault profile.

Results
• Identified 34 potentially faulty energy strings.
• Created a system to evaluate a combined anomaly score based on

metrics from the applied methodologies.
• Constructed fault profiles revealing recurring patterns of reduced

energy generation and further validating previous results.
• Identified consistent occurrence of reduced energy generation during

specific hours, indicating to potential issues such as shadowing.
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