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Abstract 

This study investigates unsupervised machine learning (ML) for anomaly detection in solar photovoltaic (PV) 

power generation data from 2019 to 2023. An unsupervised approach is selected to overcome the absence of pre-

labeled fault data, enabling the autonomous identification of operational patterns. Following data preparation, K-

means clustering (k=3) identifies distinct operational patterns, specifically characterizing regimes such as optimal 

performance (Cluster 2) and low energy output attributed to adverse weather conditions (Cluster 1). These clusters 

are subsequently visualized using principal component analysis (PCA) to validate their distinct separation. An 

isolation forest model is then employed for anomaly detection, identifying 17 significant deviations. These anomalies 

occur most frequently in 2020, coinciding with the COVID-19 pandemic period. Many fall outside the typical energy 

range of 2.0–3.2 kWh/day and are associated with non-ideal weather conditions. This finding demonstrates that 

unsupervised ML provides a scalable framework for monitoring PV system health, enhancing reliability, and 

supporting preventive strategies. 
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1. Introduction 

The increasing need to mitigate climate change and reduce global reliance on finite fossil fuels drives the global transition 

toward sustainable energy systems. Renewable energy sources—including solar, wind, hydro, and biomass—emerge as 

cornerstones of this transformation, given their capacity to provide clean, low-carbon electricity at scale. Governments, 

industries, and international organizations respond by implementing supportive policies, offering financial incentives, and 

investing in research and development to accelerate the deployment of these technologies. Among the various forms of 

renewable energy, solar power achieves particular prominence due to its inherent scalability, continuously declining costs, and 

broad geographic applicability. Solar energy is primarily harvested through multiple technologies, with photovoltaic (PV) 

systems being the most widely adopted [1]. These systems directly convert sunlight into electricity, offering a flexible solution 

applicable in both grid-connected and off-grid environments. PV technology is integrated into diverse applications, ranging 

from residential rooftops to utility-scale solar farms.  

As the global deployment of PV systems rapidly expands, the necessity for reliable monitoring and data-driven 

performance assessment becomes increasingly critical. PV plants generate large volumes of operational data, encompassing 
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energy output and environmental indicators, which are essential for assessing performance and detecting system faults [2]. 

Recent studies emphasized the critical role of simulation-based comparative analysis and material parameter investigation in 

optimizing the operational reliability of photovoltaic modules [3-4]. Monitoring the operational performance of PV systems 

relies heavily on the continuous recording and analysis of sensor and meter data streams. These data capture valuable 

information on the system's energy output, efficiency, and overall health. However, raw data collected from real-world PV 

plants are often incomplete, noisy, or contain anomalies that obscure meaningful patterns [5]. This underscores the importance 

of data preprocessing and anomaly detection as prerequisite steps for robust data-driven analysis in renewable energy systems.  

Anomalies in PV plant data can arise from a wide range of sources, including equipment degradation, sensor malfunctions, 

unexpected weather events, or human intervention (e.g., maintenance). Detecting these anomalies is paramount, as they may 

signal inefficiencies, potential safety hazards, or crucial opportunities for system optimization. Traditional rule-based systems 

often prove insufficient due to the complex, non-linear, and dynamic nature of PV operations, and they struggle to adapt to 

changing environmental and operational conditions over time [6]. To circumvent these limitations, recent studies have 

increasingly leverage machine learning (ML) techniques, which offer a more flexible and scalable approach to pattern 

recognition and fault detection [7]. Specifically, unsupervised learning methods are exceptionally well-suited to PV plant data, 

which typically lacks pre-labeled fault instances or established ground truth. Existing literature often treats anomalies primarily 

as noise to be filtered out to improve forecasting accuracy [7]. In contrast, this study treats anomalies as critical diagnostic 

signals that focus on classifying deviations to trigger preventive maintenance. 

Although ML applications in PV anomaly detection yield promising results, a gap remains in effectively interpreting 

these anomalies within noise-heavy operational data. Many studies focus on algorithmic accuracy but fail to clearly link 

detected anomalies back to underlying environmental factors. This study bridges this gap by contrasting clustering-based 

methods with isolation-based methods. The primary novelty lies in analyzing how combining these distinct methodological 

assumptions allows operators to distinguish between weather-induced low production (contextual anomalies) and true system 

faults (point anomalies). This approach offers a level of operational interpretability often missing in "black-box" anomaly 

removal techniques. 

The remainder of this manuscript is structured into three main sections: Section 2, Methodology, outlines the research 

design, detailing the data preparation steps, and the model training and evaluation process. Section 3, Results and Discussion, 

presents data insights via the correlation matrix heatmap, followed by the interpretation of the operational patterns identified 

through K-means clustering (visualized via principal component analysis). Finally, Section 4, Conclusion, summarizes the key 

findings and offers implications for system reliability and future work. 

2. Methodology 

The methodology is structured into three distinct subsections to ensure a systematic analysis.  Research design establishes 

the study’s quantitative exploratory framework, justifying the selection of unsupervised ML—specifically K-means clustering 

and isolation forest—to address the absence of labeled ground truth. Subsequently, Data preparation details the acquisition and 

processing of historical inputs from nine PV plants, focusing on data sanitization, normalization via Specific Energy, and the 

engineering of rolling temporal features to capture system dynamics. Finally, Model training and evaluation describe the 

configuration and validation of the algorithms, delineating the criteria used to optimize cluster separation (k=3) and calibrate 

the anomaly detection threshold (-0.05) for maximum reliability. 

2.1.  Research design 

This research employs a quantitative exploratory design grounded in data-driven analysis of historical operational data 

from a PV power plant. The quantitative nature of the study is reflected in the systematic collection, preprocessing, and 
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computational analysis of time-series data generated by the PV system. An unsupervised learning approach is adopted 

primarily due to the absence of pre-labeled fault instances and established ground truth within the PV operational dataset, 

which renders supervised or semi-supervised methodologies impractical. By leveraging unsupervised techniques such as K-

means clustering and isolation forest, this study autonomously identifies inherent patterns and isolates anomalies without the 

need for predefined labels. This approach ensures a scalable and flexible detection framework for real-world applications.  

Notwithstanding these advantages, exclusive reliance on unsupervised learning entails specific limitations. These 

primarily the inherent challenge of validating detection accuracy without ground truth labels and the complexity of 

distinguishing between rare environmental variability and genuine technical malfunctions. 

2.2.  Data preparation 

The dataset comprises PV production data collected from plants across the Lisbon region of Portugal, made available by 

the non-profit organization Coopérnico and published by Mendeley Data [8]. The data spans from 2019 to 2023. To ensure 

technological representativeness, the selected PV plants vary in installed capacity (𝑘𝑊𝑝 ) and connection power (𝑘𝑊𝑝 ), 

representing typical distributed generation systems in residential and commercial sectors.  

Regarding climatic representativeness, the plants are geographically distributed in Lisbon. This geographical spread 

captures a range of microclimates characteristic of the Mediterranean region, ensuring the model is tested against diverse 

weather patterns, including varying irradiance levels, cloud cover, and seasonal temperature fluctuations.  Building on this 

representative dataset, the proposed framework is designed to be highly generalizable to other PV systems: the utilization of 

specific energy (kWh/kWp) effectively normalizes the output (applicable to systems of varying capacities), while the 

unsupervised nature of the methodology allows it to autonomously learn operational patterns in different locations. 

The dataset captures key performance indicators that are critical to evaluating the system's efficiency and reliability over 

time. Specifically, the dataset comprises three primary features: Produced energy (kWh), representing the total electrical 

energy generated; Specific energy (kWh/kWp), indicating the energy output normalized by installed capacity; and CO₂ 

Avoided (tons), reflecting the estimated reduction in carbon emissions due to solar energy generation. These variables are 

recorded at regular intervals, offering a temporal view of the system's performance. Such periodic data is essential for 

monitoring trends, identifying inefficiencies, and detecting operational irregularities that may require intervention. The 

dataset's granularity enables detailed temporal analysis, particularly for time-series modeling and anomaly detection.  

Extended durations of zero energy production are observed, which could result from system shutdowns, sensor failures, 

or adverse environmental conditions. Extreme values—both unusually high and low—are identified in the produced energy 

and specific energy features. These outliers, if left unaddressed, distort model outcomes or obscure meaningful insights.  

During the initial preprocessing phase, the CO₂ Avoided (tons) feature is excluded from the modeling process despite its 

strong correlation with energy variables. This exclusion is justified because the column contained a substantial number of 

malformed and non-numeric entries, and performing extensive data cleaning or imputation risked introducing synthetic bias 

into the unsupervised models. Crucially, the use of specific energy (𝑘𝑊ℎ/𝑘𝑊𝑝) serves as a fundamental normalization factor 

that decouples energy output from the plant's physical capacity. By focusing on normalized performance rather than absolute 

magnitude, this approach ensures the generalizability of the anomaly detection framework, enabling its application to other 

PV systems regardless of their scale or installed power [9].  

Fig. 1 shows the methodology for this research. An initial exploratory data analysis (EDA) is conducted to understand 

the PV dataset. The dataset contains 70693 entries comprising numerical and temporal variables. The dataset's structure, 

column names, and data types are reviewed to ensure compatibility with subsequent analysis procedures. Descriptive statistics 

are then generated for the numerical features to summarize their central tendencies and dispersion. This summary helps identify 
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early indications of skewness [10] or data quality issues [11] that could impact the reliability of machine learning models. 

Missing values are also investigated at this stage. Both the absolute number and percentage of missing values per feature are 

calculated to assess the extent of incomplete data. A heatmap is used to visually highlight missing entries across the dataset, 

enabling easier detection of patterns in missingness. These insights are critical for designing appropriate imputation strategies 

during preprocessing.  

 

Fig. 1 Flowchart diagram 

Subsequently, graphical analyses are conducted to better understand the distributions and anomalies in the numerical 

attributes [12]. A correlation matrix is computed to quantify the relationships between numerical variables [13]. This analysis 

provides a preliminary understanding of how different energy metrics relate to one another, which is helpful for feature 

selection and model development. While “produced energy” and “specific energy” are strongly correlated as expected, the role 

of “CO₂ avoided” is found to be less central due to its inconsistencies and is therefore excluded in subsequent modeling steps. 

The data preparation process begins with the identification and removal of duplicate records, a fundamental step to ensure the 

dataset's integrity and reliability. In total, four duplicate rows are detected within the operational data. These duplicates may 

arise from data quality degradation [14] or inconsistencies in periodic reporting [15].  

In the context of PV energy production anomaly detection, not all available features contribute meaningfully to the 

modeling objective. This decision is grounded in both data quality concerns and the feature's relevance to detecting system 

anomalies. Data preparation plays a crucial role in ensuring the quality and effectiveness of subsequent modeling tasks, 

especially in time series anomaly detection. This stage focuses on transforming raw PV plant data into a structured, model-

ready format by time-indexing, feature engineering, handling missing values, and scaling features. To enable temporal analysis, 

the 'Date' column was converted to a datetime format and used as the dataset's index. This restructuring enables chronological 

ordering and allows accurate computation of rolling statistics and temporal transformations.  

2.3.  Model training and evaluation  

The initial selection of cluster centers and the distance metric used will influence the results [16]. Descriptive statistics 

(mean, standard deviation, min, max) are computed for each cluster to characterize PV system behavior within each group. 

This analysis provides insight into the operational variability and potential outliers or failure modes in the dataset. To visualize 

the clustering results, Principal Component Analysis (PCA) is used to reduce the feature space to two principal components. 

A scatter plot was then generated to display a representative subset of 1,000 randomly selected data points, colored by their 

cluster assignments. This visualization facilitates intuitive interpretation of the cluster distribution and the degree of separation 

between groups in the reduced feature space. 

An anomaly-detection model is developed and evaluated to identify unusual patterns in PV system energy production 

data. The isolation forest algorithm is selected due to its effectiveness in detecting outliers in high-dimensional datasets without 

requiring labeled anomaly data [17]. The input feature space for both the K-means clustering and Isolation Forest models 
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comprises ten variables: produced energy (kWh), specific energy (kWh/kWp), and their respective rolling means, rolling 

standard deviations, first-order differences, and percentage changes. These features are selected to provide a multi-dimensional 

representation of system behavior, capturing both absolute performance levels and temporal volatility. Specifically, specific 

energy serves as a crucial normalization factor to ensure the model's generalizability across different plant capacities, 

effectively decoupling output from physical scale.  

Rolling statistics—calculated over a 7-hour window to align with peak daylight dynamics—and difference metrics are 

integrated to capture the short-term variability of solar generation. This allows the models to distinguish gradual environmental 

shifts from abrupt technical anomalies, such as inverter faults or localized shading. The dataset is split into training and test 

sets at 80/20 ratio. The anomaly threshold is set at -0.05 based on a sensitivity analysis of the decision function scores. As 

illustrated in Fig. 2, this value corresponds to the critical inflection point (or “elbow”) of the curve. Below this threshold, the 

detection rate remains relatively flat, indicating potential insensitivity. Conversely, beyond -0.05, the number of detected 

anomalies exhibits an exponential increase, suggesting the inclusion of significant noise or false positives. Therefore, -0.05 is 

selected to maximize the detection of true outliers while maintaining model stability. 

 
Fig. 2 Sensitivity analysis (threshold) 

3. Result and Discussion 

The Results and Discussion section employs a three-stage analysis to evaluate PV system performance. Initial correlation 

analysis established a perfect linear relationship between produced energy and specific energy, while K-means clustering (k=3) 

categorized system operations into three distinct regimes (low, moderate, high), reflecting varying irradiance conditions. 

Subsequently, the isolation forest algorithm identifies 17 anomalies. Although many of these occurred during the 2020 

COVID-19 period, meteorological validation confirmed they are primarily associated with adverse weather conditions—

specifically reduced shortwave radiation—rather than technical malfunctions. 

3.1.  Correlation Matrix Heatmap 

The results serve as a foundation for determining appropriate preprocessing and modeling strategies in the later stages of 

analysis. Prior  to generating the correlation matrix, feature engineering is performed to create rolling statistics and difference 

metrics, expanding the feature set for deeper analysis [18]. The dataset spans from January 1, 2019, to December 31, 2022, 

providing multi-year temporal coverage suitable for time-series analysis. The consistent hourly frequency and chronological 

ordering support rolling statistical analysis and seasonal pattern detection. The features produced energy (kWh) and specific 

energy (kWh/kWp) are of type float64, making them well-suited for quantitative analysis and machine learning modeling. 
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However, the column CO2 avoided (tons) is of type object, indicating the presence of non-numeric entries or blank strings. 

Although no formal missing values are detected, the column format suggests that additional cleaning or exclusion is required 

unless properly transformed [19].  

Descriptive statistics reveal substantial variability in energy production. produced energy (kWh) ranges from 0.0 to 40.0, 

with a mean of 7.53 and a standard deviation of 11.45; Specific energy (kWh/kWp) ranges from 0.0 to 0.87, with a mean of 

0.16 and a standard deviation of 0.25. A significant number of values are equal to zero, particularly in the lower quartiles. This 

pattern is expected in solar energy systems, where zero production corresponds to nighttime or adverse weather conditions. To 

avoid misclassifying these extended zero sequences as anomalies, they are retained as valid data. The isolation forest algorithm 

identifies frequent and high-density cyclical patterns as normal behavior, thereby distinguishing regular nighttime inactivity 

from isolated system failures.  

Inspection of missing values confirms that no columns contain formal null values. However, CO2 Avoided (tons) contains 

blank strings (" "), which, although not detected as NaN, do not provide helpful information. This requires additional 

processing, such as type conversion or imputation depending on the intended analysis. The data exhibits strong temporal 

integrity. The first and last records fell within the defined time frame, and no temporal gaps are observed. The consistent 

timestamp format and granularity confirm time-series modeling techniques, including trend decomposition, anomaly detection, 

and rolling window computations. 

Fig. 3 shows a correlation matrix heatmap that reveals several important observations. A strong positive correlation is 

observed between produced energy and specific energy, with a correlation coefficient of 1.00, indicating an almost perfect 

linear relationship. Both variables show a strong positive correlation (r = 0.94) with CO₂ avoided (tons), validating the metric 

as a meaningful environmental indicator. The Day_of_Week feature shows negligible correlations with all other variables 

(approx. 0.01), suggesting no linear weekly pattern in production. Additionally, the cluster label demonstrates a moderate 

positive correlation (0.51) with produced energy, indicating that the clustering structure is associated with variations in energy 

output levels. 

 
Fig. 3 Correlation matrix heatmap 

3.2.  Clustering using K-means 

During the initial preprocessing phase, the CO2 avoided (tons) column contains numerous missing values (NaN). Upon 

review, this feature is deemed non-essential for the objectives of the current analysis, particularly clustering and pattern 
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recognition. Therefore, no imputation or row removal is performed based on these missing entries. The dataset inspection 

reveals four duplicate entries, each corresponding to the end of October in 2019–2022. These rows exhibited zero values across 

all numerical features and missing values in the CO2 avoided (tons) column. As they contribute no meaningful variance to the 

data and introduce redundancy, these rows are removed using the drop duplicates function. This step improves data integrity 

and reduces noise in subsequent analysis.  

The next stage focuses on identifying and correcting unrealistic or physically implausible values in the produced energy 

(kWh) and specific energy (kWh/kWp) columns. Negative values are considered invalid for both metrics, as energy production 

cannot be negative. Additionally, upper bounds were imposed to eliminate extreme outliers—50 kWh for produced energy and 

1.0 kWh/kWp for specific energy. Values outside these thresholds are capped using the clip method to ensure consistency with 

expected operational ranges. Following the above cleaning procedures, a comprehensive check is conducted to ensure the 

dataset no longer contains missing (NaN) or infinite values across any of the key numerical features. The results confirm that 

the data is fully sanitized and meets the criteria for subsequent analytical stages, including scaling, feature generation, and 

clustering. This quality control step is critical for ensuring robustness and interpretability in the modeling process. 

The energy data clustering analysis determines the optimal number of clusters using the silhouette score as shown in Fig. 

4. The best silhouette score is achieved at k = 3, with a value of 0.6652, indicating reasonable  cluster cohesion and separation 

[20]. Smaller groups or data points located farther from the cluster centroids are considered potential anomaly candidates.  

 
Fig. 4 Silhouette score 

K-means clustering was applied to the feature-engineered dataset to identify patterns of operational behavior in the PV 

energy system. PCA is employed strictly for post-clustering visualization, rather than as a dimensionality reduction 

preprocessing step, to preserve the full variance and physical interpretability of the original features during the clustering 

process. Cluster distributions and energy patterns are visualized to provide deeper insights into the data structure and support 

the identification of underlying behavioral trends across different energy consumption profiles.  

Clustering algorithms have become increasingly pivotal in engineering applications for autonomously defining 

operational boundaries and safety constraints. Their applications range from obstacle avoidance in mobile robotics [21] to 

performance monitoring in energy systems. To classify the operational states of the PV system without prior labeling, K-means 

clustering was applied, a method widely recognized for its efficacy in partitioning unlabelled PV monitoring data [22].  

The optimal number of clusters is guided by the Elbow Method, which analyzes the relationship between the number of 

clusters (k) and the within-cluster sum of squares (inertia). As evidenced in Fig. 4, the inertia plot exhibits a distinct inflection 

point at k=3. Beyond this threshold, the rate of reduction in inertia diminishes significantly. This heuristic approach aligns 

with standard practices for balancing model complexity and interpretability.  
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To corroborate the cluster separability established in the full feature space, PCA is utilized to project the high-dimensional 

data into two principal components. These components explain 89.44% and 7.81% of the total variance (97.25%), respectively. 

As illustrated in Fig. 5, the scatter plot demonstrates a clear stratification of the three discrete regimes along the first principal 

component (PC1).  

 
Fig. 5 K-means Clustering Visualization 

The scatter plot demonstrates a clear stratification of the data into three discrete regimes along the first principal 

component (PC1). Cluster 0 (Low Production) aggregates data points associated with the low-production regime. Although 

meteorological variables are not explicitly used as model inputs, these instances correspond to intervals of minimal solar 

irradiance, such as heavily overcast conditions or early morning/late afternoon periods, given that energy output acts as a direct 

proxy for underlying environmental conditions. Previous studies have characterized such low-output clusters as indicators of 

environmental shading or low irradiance impact [23].  

Cluster 1 (Moderate/Transitional) represents a transitional operational state, capturing the variability inherent in 

fluctuating weather patterns.  Energy output in this cluster is consistent but sub-optimal due to intermittent cloud cover [24]. 

Cluster 2 (High Production) characterizes the high-production regime, signifying optimal system performance during periods 

of peak solar irradiance and clear-sky conditions. 

3.3.  Anomaly detection using isolation forest 

Fig. 6 shows the distribution of anomaly scores generated by a detection model applied to Solar PV system data. The 

distribution reveals a significant concentration of instances with low anomaly scores, indicative of typical operational 

conditions. However, a subset of data points displays elevated scores, approximately between  0 to 0.2, indicating potential 

anomalous behavior.  

 
Fig. 6 Distribution of Anomaly Scores 
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The multimodal nature of the anomaly score distribution, with several smaller peaks beyond the dominant mode near 

0.21, suggests the presence of multiple types of anomalies. These could stem from degraded panel performance, inverter 

malfunctions, tracking system errors, or connection problems.  

The distribution of anomaly scores underscores the necessity for further in-depth investigation. Specifically, it is 

important to examine the data features associated with higher anomaly scores in order to effectively diagnose and address the 

underlying causes of deviations from regular Solar PV system operation. 

Fig. 7 shows the time series chart titled “Detected Anomalies in Produced Energy”, presenting daily energy production 

(kWh) from January 2019 to January 2023. The blue area represents total energy produced each day, while red “X” markers 

highlight detected anomalies—data points that deviate significantly from typical production levels. During these four years, 

the produced energy generally fluctuates between approximately 2.0-3.2 kWh, indicating relatively stable performance. 

Nevertheless, 17 anomalies were detected, occurring unevenly across time, with clusters in mid-2020 and scattered instances 

in 2019, 2021, and 2022. 

 
Fig. 7 Detected Anomalies data 

The most critical deviation occurred in mid-2020, when the produced dropped below 1.0 kWh—substantially lower than 

the average daily value. This may be indicative of major disruptions, such as technical failures, sensor errors [25], energy 

system downtime [26], or environmental conditions [23]. In the absence of ground truth validation, true system faults are 

distinguished from normal variability by cross-referencing detected anomalies with concurrent meteorological data; 

specifically, deviations under optimal weather are considered potential technical failures, whereas those under poor weather 

are attributed to environmental effects.  

Some anomalies fall within the broader 2.0–2.8 kWh range but are still flagged as abnormal, showing that the model 

detects contextual and temporal deviations rather than relying solely on fixed thresholds. The highest anomaly frequency 

occurs in 2020 (8 out of 17 events). Although this coincided with global disruptions due to the COVID-19 pandemic, which 

may have affected maintenance schedules [27], this study’s meteorological analysis (see Table 1) indicates that most of these 

deviations were primarily driven by adverse weather conditions rather than systemic failures. Preventive measures, such as the 

availability of batteries [24]  or combining PV generation with traditional energy sources [28], can mitigate intermittency or 

periods of low production. 

Table 1 presents the meteorological conditions coinciding with the detected anomalies. A close examination reveals that 

the majority of significant energy deviations correspond to periods of reduced solar availability or adverse weather patterns. 

For instance, anomalies observed on dates such as August 12, 2020, and July 22, 2020, were characterized by high cloud cover 



Advances in Technology Innovation, vol. x, no. x, 20xx, pp. xx-xx 10 

(reaching 96%) and significantly reduced shortwave radiation (recorded as low as 178–275 W/m²). These conditions naturally 

limit photovoltaic generation, suggesting that the system performed consistently with the available resource rather than 

suffering from technical malfunction.  

Table 1 Weather on all Anomalies Data 

Time 

(PM) 

Temp. 

(Â °C) 

Humidity 

(%) 

Dew Pt. 

(Â °C) 

App. Temp 

(Â °C) 

Cloud 

(%) 

Wind Spd 

(Km/H) 

Wind Dir 

(Â °) 

SW Rad. 

(W/mÂ ²) 

01/14/21 03:00 12.5 68 6.7 9.3 19 16 352 387 

08/12/20 01:00 21.7 79 17.9 22.5 96 14.2 294 275 

09/24/19 04:00 23.6 72 18.2 25.2 14 9.7 297 401 

09/25/19 05:00 20.9 63 13.5 19.4 0 17.6 337 309 

03/25/20 04:00 18 67 11.8 16 30 17.4 326 434 

04/08/21 02:00 18.8 70 13.2 18.9 36 12 229 699 

09/11/21 04:00 26.4 56 16.8 27.1 0 11.4 235 542 

10/03/20 03:00 19.6 50 8.9 17.1 85 15 294 456 

03/13/20 02:00 17.4 63 10.3 15.5 42 18.4 354 679 

05/03/22 05:00 19.3 57 10.6 15.8 20 25.3 345 412 

05/02/20 01:00 21.1 67 14.8 24.7 46 2.8 220 916 

06/14/20 03:00 21.3 54 11.8 20.8 2 14.8 274 760 

05/06/20 04:00 20.7 63 13.5 20.3 31 12.5 316 607 

08/28/21 05:00 24.1 65 17.2 24.7 40 12.9 306 342 

06/07/19 01:00 20.2 36 4.8 18.6 47 14.3 342 881 

07/21/20 07:00 29 52 18.1 31.4 1 3.7 349 178 

05/21/21 04:00 20.1 63 12.7 18.2 29 20.9 336 616 

To quantitatively validate these observations, a pearson correlation analysis is conducted specifically on the anomalous 

data points listed in Table 1. The analysis shows a strong positive correlation (r = 0.69, p < 0.05) between produced energy 

and solar shortwave radiation. The robustness of the detected anomalies is validated through physical consistency analysis 

rather than algorithmic parameter tuning. These findings demonstrate that detection aligns strongly with meteorological 

conditions. In particular, the 17 anomalies primarily reflect environmentally driven operational variability rather than 

stochastic noise or model artifacts.  

In the absence of labeled ground truth, this study utilizes internal validation metrics to contrast the efficacy of the two 

methods. The K-means algorithm demonstrates robust structural definition of operational regimes, as evidenced by a silhouette 

score of 0.6652, which indicates a high degree of cluster cohesion and separation.  

In comparison, the isolation forest model’s performance is objectively assessed through the distribution of anomaly scores 

and a sensitivity analysis of the decision function. An inflection point at -0.05 optimizes the trade-off between detection 

sensitivity and stability. This comparison indicates that while K-means is superior for minimizing within-cluster variance to 

define global operational baselines, isolation forest offers greater discriminatory power for isolating sparse, stochastic 

deviations that do not conform to the dense cluster structures.  

Beyond diagnostic accuracy, computational efficiency is a critical factor for real-time in industrial settings. Both K-means 

and isolation forest are computationally lightweight algorithms. K-means operates with a time complexity of 𝑂(𝑛 ⋅ 𝑘 ⋅ 𝑖), 

where n is the sample size, k is the number of clusters, and i is the number of iterations. Isolation forest exhibits a logarithmic 

time complexity of 𝑂(𝑛 log 𝑛) for training and effectively constant time for inference. This low computational overhead 

implies that the framework does not require high-performance computing infrastructure and is suitable for deployment on 

resource-constrained edge devices or embedded controllers.  
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4. Conclusion 

Based on four years of operational data from the solar PV system, this study employed a multivariate approach, using K-

means clustering (visualized via PCA) and anomaly detection, to characterize both typical and irregular system behaviors. The 

main conclusions are summarized as follows: 

(1) The K-means clustering analysis, visualized via PCA, categorized the system’s operational performance into three distinct 

clusters. This framework confirms the existence of unique production-related patterns shaped by a combination of 

environmental and performance variables. 

(2) The results reinforce that while solar irradiance is the primary driver, PV performance is significantly affected by 

secondary meteorological parameters—including extreme temperature, high humidity, dense cloud cover, and potentially 

unmeasured atmospheric pollutants. 

(3) A total of 17 operational anomalies were identified across the four years. The highest frequency of anomalies (8 

occurrences) was observed in 2020, a finding that may be tentatively linked to external systemic disruptions, such as those 

associated with the COVID-19 pandemic or operational delays. 

(4) The observed reductions in PV output on the selected dates were consistently attributable to non-ideal and variable weather 

conditions, confirming that these meteorological factors directly impact the solar energy conversion efficiency. 

(5) To address system intermittency and abnormal output reductions, preventive approaches are recommended. These include 

the incorporation of battery energy storage solutions (BESS) and the strategic integration of PV systems with conventional 

power sources to ensure supply continuity and enhance overall system reliability.  
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