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ABSTRACT

Dependable tracking of grid-linked photovoltaic (PV) systems is also unfeasible
because it relies on meteorological sensors and rule-based management, especially in sensor-
limited situations. The study constructs a machine learning model interpretable to humans
based on electrical measurements of a PV plant of 30 kW and 40 kW inverters, and a five-
minute resolution dataset of active and reactive power, phase voltages and phase currents and
time dependent features during January 2025. An application of the regression, classification,
and Z-score anomaly detection method was conducted using the Random Forest and
conditioned on the timestamp alignment, feature engineering, percentile-based categorization
of the output, and a one-hour-ahead label shifting, and the method was validated with the aid
of the temporal splits and 5-fold Time Series cross-validation. The regression model was
found to have great predictive accuracy (MAE = 0.12 kW, R* = 0.995), and cross-validation
performed showed great robustness (R* = 0.9802, MAE = 0.1024 kW). The Z-score analysis
(z = 3) revealed the presence of anomalous samples (2.77%). Though the accuracy of a static
classification was 86 percent, time-varying forecasting lowered the accuracy to 33 % ( macro
F1 = 0.33) which points to the impact of dynamic environmental variability. The suggested
light and interpretable structure allows predicting the performance of inverters in real-time,
early detecting anomalies, and intelligent planning of PV systems maintenance without the
use of external meteorological devices.
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1. Introduction

Power shifts toward renewable sources like wind and solar take front stage in
worldwide efforts to reduce carbon emissions. Supervised learning methods, such as Random
Forest Regressor, which follows an ensemble approach are applied to the predictive modeling
of the photovoltaic power generation. The machine learning models are associated with a
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lower Mean Absolute error and high forecasting accuracy that optimizes the performance of
the solar PV inverter [1]. Photovoltaic structures are printed functionally graded materials
that are multi-directional in order to improve thermal stability and the solar PV inverter
efficiency. The results of the predictive modeling are authenticated by a hybrid machine
learning model that refers to supervised learning methods to verify the existence of better
power output and structural reliability [2]. Machine and supervised learning methods to
divide photovoltaic systems in aerial images to enhance integration in the grid. Predictive
modeling framework increases the accuracy of localization, which supports the effective
deployment of solar PV inverters and the planning of the system [3]. A hybrid machine
learning model is a combination of PVLib simulations and supervised learning methods to
forecast optimal photovoltaic tilt angles under the various climates. Random Forest Regressor
demonstrated great predictive modeling and minimal Mean Absolute Error (approximately
2.04 o C), which enhanced the solar PV inverter energy yield considerably [4]. The
photovoltaic modules dust detection system is a machine learning-based system that uses
Random Forest model to aid the intelligent solar PV inverter maintenance. The prediction
modeling framework has an accuracy of 91.3 with good performance indicators that can
ensure cleaning plans are optimized and power production is improved [5].

A hybrid/debiased machine learning model measures the causal relationship of PM2.5
on which photovoltaic power can be produced, which is better at predicting models than
standard econometric approaches. The findings show serious outcomes of solar PV inverter
degradation and strong estimation quality verified by sophisticated supervised learning
strategies and low bias of Mean Absolute Error [6]. Fault detection in photovoltaic system is
implemented using the supervised learning methods to improve the reliability of solar PV
inverter and predictive modeling of photovoltaic systems. Classifiers based on machine
learning such as the Random Forest could detect the SC, OC, GF, and MF faults with up to
98% accuracy, which is beneficial in terms of intelligent real-time monitoring and enhanced
operational stability [7]. An RSM model is suggested and uses machine learning to predict
the quality of generated power in grid-connected photovoltaic systems in different
environmental conditions [8]. A hybrid waste-based energy system and photovoltaic system
combines the machine learning through the use of a Random Forest Regressor to predict the
most effective resource allocation and predictive modeling. The supervised learning method
is effective in improving energy and exergy efficiency besides stabilizing the functioning of
solar PV inverters to produce power in a sustainable manner [9]. It constructs a machine-
based photovoltaic fault detection supervised classification framework by utilizing real-time
electrical parameters. Random Forest and other ensemble methods with a high accuracy of
more than 99 percent and low Mean Absolute Error reinforced predictive modeling and solar
PV inverter reliability [10].

To fill these gaps, new studies need interpretable and computationally lightweight
models that can work in real time with few sensor inputs. The proposed framework integrates
short-term PV power forecasting with anomaly detection using a Random Forest model,
combining prediction and operational diagnostics to enhance reliability and maintenance
planning beyond conventional standalone forecasting approaches. A statistical anomaly
indicator (Z-score) and an ensemble-based framework (Random Forest) provide an attractive
trade-off between visibility, scalability, and predictive capacity in this setting. These methods,
in accordance with the purpose of this study, provide the basis of an effective and realistic PV
system monitoring.
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2. Materials and methods

The data used in this study were obtained from a grid-connected photovoltaic plant. The
system will consist of two inverters, one with 30 kW and the other with 40 kW, having grid
monitoring sensors where the power and voltage specifications will be captured thrice. The
export window of the platform, in this data set, is January 1, 20252 February 1, 2025.

2.1 Data sources

* Inverter Information: 30 and 40 kW inverters' active power output data with a 5-
mins.

* Grid Power: Reactive and Active power (W, var).
* Grid Voltage: Phase A, phase B and phase C voltage readings.

* Environmental Context: We were able to indirectly predict sun exposure and diurnal
cycles by extracting time-related parameters (hour, day, and weekday/weekend) in the
absence of data on direct irradiance. The original purpose of this was to substitute the on-site
weather sensors, which were not operational. Such proxies do not produce short-term weather
fluctuations, but do preserve daily patterns and for the creation of similar characteristics with
uninstrumented sites. The study utilized one month of high-resolution data to evaluate short-
term forecasting robustness under real operational variability. Although longer datasets may
improve seasonal generalization, this duration was sufficient to capture diurnal cycles,
transient anomalies, and inverter behavioral patterns.

2.2 Preprocessing and Feature Engineering
The ML analysis could proceed after following preprocessing steps:

» Timestamp alignment: It were standard practice to resample and merge the data every five
minutes.

» Transformation and feature normalization: Selected characteristics was either derived from
or scaled according to the scale of preexisting traits, such as:

» Regression analysis relied on inverters' ability to maintain a constant active power
output.

« We used the 33™ and 66" percentile quantile bounds to classify the inverter output as
three operation classes: Low, Medium, and High. Training the model will be more stable with
this quantile-based approach since it will give a balanced representation of the classes. But
these limitations are not always indicative of the inverter's maximum capacity or the grid's
maximum operating circumstances. They are better suited as data-driven categories for model
comparison rather than for direct use in real data modeling. In further alignment of the result
of the categorization with practical interpretation, further work could be done with domain-
knowledge thresholds, e.g., with grid efficiency or inverter nominal power range
recommendations. One can also consider applying the unsupervised methods of clustering
such as Gaussian Mixture or K-Means Model to get data-driven borders between classes
which would match the natural production regimes. Key features included active power,
reactive power, phase voltages, phase currents, hour-of-day, and weekday indicators. These
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were selected because they directly represent inverter electrical dynamics and indirectly
encode irradiance-related patterns via temporal proxies, enabling sensor-independent
modeling.

One hour in advance predictions required 12 time steps (equal to 5 minutes) to
produce labels by moving the target variable. Instead of explicit lag features, the model input
made use of time-based features and contemporaneous electrical features to keep temporal
dependencies intact without adding further dimensions to the features. By utilizing the hour,
day, and weekday identifiers, this methodology represents the diurnal and cyclical tendencies
and prevents the chance of information leaking through training and test divides. Despite its
usefulness in converging classifiers and its ease of use for label formation, this statistical
technique not align with physical thresholds like grid operating areas or inverter rated power.
A more domain-informed discretization can create categories with more apparent practical
interpretation, such as establishing production classes by inverter specs or defined power
quality bands.

The study examines various supervised machine learning methods in order to study
inverter behavior and predict performance.

2.3 Regression Modeling

In case of regression and classification, we have decided to use the Random Forest
(RF) models as they demonstrate the strengths, interpretability, and handling of structured
tabular data, small samples, and mixed features. To capture nonlinear dependencies but no
longer care about a temporal structure, RF models can be used in place of sequential deep
learning models, such as LSTM networks, and large volumes of hyper parameter
optimization and continuous time data are required [11]. Also brought forward were gradient-
boosting models like Light GBMor XGBoost; early trials revealed that these models reduced
transparency and increased computing complexity while achieving very modest increases
(less than 1% in R?). The primary rationale for not choosing Support Vector Machines (SVM)
was their vulnerability to feature scaling and its inability to handle scalability issues when
applied to multivariate energy data. Interpretability, deployment and predictive accuracy,
simplicity are all factors to be considered while choosing RF. Random Forest was selected
due to its balance between interpretability, computational efficiency, and strong nonlinear
modeling capability. Unlike deep neural networks, it does not require extensive hyper
parameter tuning or large-scale datasets, making it suitable for real-time PV monitoring
systems.

We trained Random Forest Regressor take grid-side variables and time-related
characteristics into account when estimating the inverters' power production at any given
instant. The evaluation was based on the model's performance:

2.4 Multi-Class Classification

We obtained the operational by dividing the inverter output as three performance
bands. In order to train the Random Forest Classifier to classify, we used time and grid -based
features:

» Confusion matrix visualization

* Fl1-score
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* Accuracy

* Inverter state 1 h into the future
* Current inverter state
Performance were assessed by:

To ensure that there is no chronological disorder or time leakage in one-hour-ahead
work, use 5-fold Time Series Split to partition the Time Series. To achieve this equilibrium,
we apply two methods: (i) a balanced distribution of class weights in the tree; (ii) limiting
SMOTE to each training fold; and (ii1) evaluating on the remaining validation slice. We
report balanced accuracy, accuracy, and macro F1 as well as out-of-the-box (OOF) forecasts
averaged over the studied area (with the first indices intentionally excluding Time Series
Split).Model evaluation was conducted using chronological 80/20 temporal split to prevent
leakage, followed by 5-fold Time Series Split cross-validation. Performance metrics included
MAE and R? for regression, and Accuracy, Macro-F1, and Balanced Accuracy for
classification. Out-of-fold predictions were analyzed to ensure robustness under time-aware
validation.

2.5 Anomaly Detection
Using a Z-score, a system was developed to detect inverter power output anomalies:
* Using the past forecasts, we were able to determine a rolling mean.

* To show any discrepancy with a standard deviation more than +3, z-scores were
computed.

* Day of the week and grid activity were cross-validated with anomaly durations.

With a 0.25 step size, we counted the percentage of samples deemed anomalous as we
scanned z [2.0, 4.25] to develop the Z-score threshold. At z=2.0, the share flagged reduced
steadily for the entire inverter-40 kW series, while at z=4.25, it dropped to 0.18. There was a
2.77 percentage point flagging in the standard z = 3.0. The 2.77% anomaly rate suggests the
presence of heavy-tailed residual behavior rather than purely Gaussian noise. This highlights
the importance of empirical threshold tuning rather than assuming normality in inverter
performance deviations. This is significantly higher than 0.27% under normal assumptions; it
indicates heavier residuals, which necessitate empirical sweep instead than relying at simple
Gaussian assumptions. To offer a reasonable compromise between sensitivity and alert
volume, we present data for z = 3.0 in subsequent studies with a sensitivity range to make the
results comprehensible.

2.6 Exploratory Data Visualization

Feature engineering and system activity was better understood with the help of several
representations.

* Feature importance rankings

* Power and voltage correlation matrices
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* Missing data heatmaps
* Hourly production for inverters

Pandas, matplotlib, scikit-learn, shap, and seaborn are some of libraries utilized in the
analyses performed in Google Colab's Python environment.

Regression
modeling
Random Forest

regression
Data acquisition Prep and Anomaly and
Inverter and grid [, Feature sip- pmmpd  Z-score based i
data engineering anomaly detection

Classification
modeling
Random Forest
classification

Fig. 1. Workflow for PV predictive modeling and anomaly detection.

For this investigation, we chose to use the z-score and random forest models, due to
interpretability, strength and suitability. This was not done with the aim of building a model
with maximum absolute forecast accuracy but instead to develop an understandable, data-
efficient baseline model for PV performance model. Other ML models such as LSTM
network, XGBoost or Support Vector Machines could be considered. We will break down the
computational cost, time for learning and interpretability, trade-offs in the future with
benchmarking various systems [12].

In the same vein as the identification of anomalies, in this study significant deviations
at the inverter output were highlighted using a Z-score method. This approach is maybe basic,
but the results of operation diagnostics it gives are simple, clear and easy to understand.

3. Results and discussion

To get a feel of how the inverter behaves, we looked at 30 and 40 kW on average
daily production on all of the days of dataset. Figure 2 shows hourly production profile in the
period January 2025 to February 2025 using the data with 5-minute resolution.
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Fig. 2. Mean daily output versus hour.
As is apparent in the chart, both inverters possess the standard solar output curve:

The solar noon is situated between 12.00 and 13.00, and the power output starts at
approximately 07.00 and moves up at a slow rate until it reaches its maximum.

* A 40 kW will always provide more energy 30 kW one (black line) since it is
expected since they have different capacities as per the calculations.

To follow the day winter time, the production decreases consistently between 13:00
and complete closure around 17:0018:00.

* Most days were characterized by few faults, minimal shading and the curves had a
regular structure indicating that the behavior of the inverter was predictable.

Establish the level of relationship amongst the key variables of the electric plant that
include active power in 30 and 40 kW, Phase A at grid reactive and grid meter power by
analyzing correlation matrix as indicated in Figure 3. We used the Pearson technique to find
correlation coefficients over the entire set of data.

Correlation Matrix Heatmap

grid_power-Meter-1_Reactive power(var)

grid_power-Meter-1_Phase A active power(W)

inverter_30kW-Inverter1-30kW_Active power(kW)

inverter_40kW-Inverter1-40kW_Active power(kW)
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Fig. 3. Electrical Variable Correlation Matrix.
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The 30 and 40 kW recorded a very strong positive correlation in terms of active
power output. This information gives plausibility to the hypothesis that the same patterns of
output of the inverters can be attributed to common environmental factors such as
temperature and sun irradiation. Such uniformity leads to the possibility of taking data of an
inverter and using it to confirm or even predict the performance of the other inverter which
would be of great help in redundancy analysis and model generalization methods.

When correlations were moderate (about r= 0.57), all invertor active power output
was figured to be proportional to the active power of Phase A of grid. This is an indication
that, although imperfect, there is a rather close relationship between grid injection and
inverter manufacturing. It means that the inverter outputs do not describe the effect of other
system dynamics on active power on the grid, including consumption at the local level and
losses.

On the other, the grid reactive power had weakly negative correlations (ranging
between -.20) with all other variables. The hypothesis to be tested with this finding is that
reactive power is regulated by power factor correction systems or by other capacitive loads
and inductive, and is therefore independent of active power output. This decoupling is not
caused by energy conversion, but rather by grid-code-based requirements of reactive voltage
and power supply management, which initiates this decoupling.

The relationships have demonstrated how grid-side disturbances can affect the
performance and functioning of inverters, as relevant data to grid-integration. The inverter
control loops may require excessive strain because of transitory voltage imbalance or low the
point of common connection which may lead to poor long term reliability. On the contrary,
grid injection is simpler with constant voltage characteristics and inverters perform better.

Such interdependencies should therefore be understood so as to implement inverter-
grid strategies to enhance power quality.

Altogether, the content in this section detects credible inverter output trends, the semi-
controlling effect of grid dynamics, and reactive power decoupling. According to these
results, we can more effectively select the words to include in our prediction model and draw
our attention to which features of power require particular consideration within the system.

6
4t
2

i "M"WWM

2

Z-score

41

-6
Jan 25 Jan 26 Jan 27 Jan 28 Jan 29 Jan 30 Jan 31 Feb 01
Date 2025

Fig. 4. Z-Statistic Fault Detection.

According to the results, there are several outliers at inverter output profile because
the Z-score values jump above the +3 mark. These occurrences do not appear to happen at
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random, but rather in clusters; the 10" of January and the 24™-31 of January were the most
noticeable of these. This sort of time-dependent concentration, as opposed to sensor noise or
random variation, suggests repeated or ongoing resistance. The integration of statistical Z-
score anomaly detection with model-based residual monitoring enables early identification of
inverter deviations before catastrophic failure. By detecting clustered deviations during high
irradiance periods, maintenance scheduling can be optimized based on data-driven alert
thresholds rather than reactive fault correction strategies.

Temporary climatic conditions (such as cloud flicker or snow cover), instrument
malfunctions (such as inverter shutdown or power cutback), or inaccurate data gathering
could account for these outlier results. Interestingly, we did not find any negative outliers that
were more than -3, which lends credence to the idea that most deviations are caused by
unanticipated rises rather than declines.

Finding those outliers were crucial for maintenance scheduling and operational
reliability. It lets plant operators to keep an eye out for unusual performance.

3.1 ML-Based Power Output Prediction

ARF Regressor was trained to forecast active power a 40 kW to find out how
operational and temporal factors can predict photovoltaic power. An index of continuous time
and real-time electrical characteristics made up the collection of features.

To prepare the data for the model, we first removed any entries without the desired
values. Notably, the system's expected operation also includes genuine, non-forward-filled
downtime during the night.

Using an 80/20 split between testing subsets and dataset's training, Random Forest
model achieved good predictive accuracy, with the following outcomes:

* Mean Absolute Error = 0.12 kW.
* R2=10.995, show variance

For the last week of January 2025, Figure 5 displays time-series of anticipated and
actual power output of a 40 kW. A30 kW signal and time-related patterns were used to train a
Random Forest Regressor, which was then used to predict the values. The Random Forest
regressor achieved MAE = 0.12 kW and R? = 0.995 under the 80/20 chronological split,
while cross-validated performance yielded R* = 0.9802 and MAE = 0.1024 kW, confirming
both accuracy and temporal robustness.

This number shows that during all of the daily production cycles, there is a very close
relationship between the actual and predicted numbers. A predicted curve closely matches
observed output and, with a small amount of delay or distortion, reproduces ramp-up/down
phases and peak intensities.

Notably:

* Daytime, when power production is non-linear with irradiance and operational
dynamics, is when prediction accuracy is highest. It is possible for the model to represent
these intricate variations. As expected, night values are also zero, proving that the model
learns typical operating patterns and can not be tricked into thinking there is output when



EPJ Web of Conferences 363, 01022 (2026) https://doi.org/10.1051/epjconf/202636301022
ICLDMS"26

there isn't. At the sharp transitions between the peaks, there are small deviations that might be
short-term changes or inverter curtailment that the input features do not adequately explain.

In addition to quantitative results (e.g., MAE = 0.1214 kW, R 2 = 0.9975), this visual
verification further proves that the trained model is suitable for power prediction at high-
resolution predictions. Short-term results modeling in PV monitoring systems can make use
of sophisticated diagnostics of inverters, performance benchmarking, and short-term
projections.

Additionally, we used Time Series Split method with five successive folds to perform
time-sensitive cross validation, which allowed us to provide robustness of results and rule out
leaking. We kept the chronicological order in every fold so that the predicting conditions in
the real world would be better simulated. Overall, the out-of-fold results showed that Random
Forest Regressor had predictive fidelity across folds (R*=0.9802 [0.9945 - 0.9828] and MAE
= 0.1024 [0.0862 - 0.1346] kW), and the small difference in R* across folds was because of
expected changes in daily irradiance, not because of model instability. These outcomes
provide more evidence that proposed regression method is suitable for monitoring continuous
PV performance and confirm that the high correlation between Fig. 5 is very stable even
among hidden time intervals.

T
Actual
— — —Predicted | |

Power (kW)
-y

0
Jan 25 Jan 26 Jan 27 Jan 28 Jan 29 Jan 30 Jan 31 Feb 01
Date 2025

Fig. 5. Actual and Forecasted Inverter Power.
Feature Importance

Figure 6 presents the ranking of four input features recommended by the Random
Forest Regressor for predicting 40 kW active power output. In order to determine how
important features are for reducing errors in the ensemble as a whole, we used the mean
decrease in impurity as our metric.

10
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Fig. 6. Key Predictors of 40 kW Output.

The inverter's response to operating behavior and electrical load in real-time. Their
combined contribution of 0.15 to 0.20 suggests interphase current flow patterns convey
information about short-term prediction output.

Since the inverter's internal operating circumstances, rather than the grid's external
values, had a greater impact on actual power output, the regression model placed these
quantities inside the inverter. On the other hand, the time-based variables linked to solar
production cycles' predictability were given significantly more weight in the classification
model (where output was discreteized into production levels).

Reactive power and phase voltage, which are controls on the grid, are not very
important and likely do not interact with inverter's active power control loop under typical
circumstances because of how static they are. Primarily concerned with maintaining voltage
stability than maximizing the conversion efficiency of actual power, the inverter grid support
algorithms and power-factor control handle reactive power.

Along with the feature importance findings, future research may incorporate SHAP
values and partial dependency plots to enhance model's explainability even further. They
facilitate the identification of potential nonlinear and interaction effects and help quantify the
marginal contribution of each attribute to the model's predictions. At different operating
conditions, this type of analysis may be useful in determining the interaction between time-
related quantities (such as the day of the week) and electrical quantities (such as the size of
the inverter current). Using PDP or SHAP visualizations offer comprehensive knowledge of
model's core logic and improve physical interpretability of data PV system evaluations.

This finding gives credence to the theory that correct representations of the behavior
of an inverter require measurements of power at the input side, as well as current dynamics.
This finding has implications for future efforts in sensor priority and dimension reduction
since it implies that not all followed variables can be equally relevant.

3.3 Anomaly Detection

A red dot indicates an outlier in Figure 7, which shows the 30 kW inverter's actual vs.
predicted power production over the course of a week. A orange dashed line provide expected
values from the Random Forest model, whereas blue line shows actual measured active
power. We used disparity between the two to look for outliers based at threshold we set using
prediction error, which could be something like the z-score or the size of the residuals.

11
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Fig. 7. 30 kW Inverter Anomaly Detection.

Anomalies tend to bunch out around days and times of peak production. Clustering
suggests that there are data inconsistencies or there are operational disruptions that affect the
behavior of inverter at high output. When the actual values deviate significantly from
prediction band which indicates that model has learned common power curve and can handle
out-of-the-ordinary trend.
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Fig. 8. Random Forest residuals centered with minimal bias.

In particular during periods of high irradiance, the Z-score proved useful for anomaly
detection by highlighting the short-duration variance of power output relative to the projected
power output. There are three groups of possible explanations that can help us make sense of
these outliers. (i) Active power drops suddenly and non-statistically normally due to
environmental factors like partial shading or sudden clouds. (ii) Instability in the thermal
derating, highest temporary grid disconnections, or power point tracking (MPPT), are
inverter-related issues that can lead to significant changes. (iii) Data issues, like erroneous
synchronization or missing samples among meter records and inverter, can occasionally
generate the artificial outliers. A Genetic Algorithm-Neural Network model is constructed in

the solar PV inverters to construct an adaptive MPPT control strategy of photovoltaic systems
[13].

The study relies just at the statistical deviation (Zscore), it would be more accurate to
define the reasons of anomalies by include contextual information like irradiance,
temperature, and event log.

12
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By augmenting the traditional SCADA with model-based, anomaly detection
mechanism adds valuable layer of monitoring that can help spot minor problems or
inefficiencies at an early stage.

Despite the fact that the focus of this work is at statistical anomaly detection than fault
linking, there is an intuitive way to classify the discovered deviations into operationally
meaningful groups. Abnormalities such as intermittent periods of low output power
(sometimes caused by measurement artefacts or transient overproduction) and intermittent
periods of high output power (perhaps caused by curtailment events or inverter derating) are
examples. Conversely, sensor noise or errors in data synchronization are likely culprits for
irregular, high-frequency changes.

It would be feasible to respond more precisely to anomalies if the anomaly analysis
pipeline included such classification logic, either in the metadata or by rule-based post
Processing. Future studies may incorporate contextual environmental variables, inverter event
logs, and adaptive thresholding methods such as Isolation Forest or SHAP-based residual
interpretation to distinguish between operational faults and environmental variability. The
anomaly detection framework can be extended to categorize deviations into environmental,
inverter-related, or data-quality anomalies using rule-based residual clustering or supervised
labeling approaches.

3.4 Classification of Random Forest

Random Forest was trained to distinguish between Low, Medium, and High power
outputs from the 40 kW inverter, complementing the results of the regression and anomaly
detection analysis. These groups were defined based on the percentile levels of the
continuous output values (34% and 65%, respectively). In order to test the viability of using
supervised classification to identify energy output states—a feature that could be useful in
alarm systems or operational mode classifications—we conducted this experiment. The
modeling of the effect of urban three-dimensional morphology on photovoltaic energy
potential is performed with the machine learning based on a Random Forest Regressor [14].

Figure 9 displays classifier's efficiency confusion matrix on test set. To top it all off,
model achieved perfect accuracy in each three areas, and it suited the real labels perfectly
every single time.

Classification Confusion Matrix

True Class

1
Predicted Class

Fig. 9. Classification efficiency of random forest.

13



EPJ Web of Conferences 363, 01022 (2026) https://doi.org/10.1051/epjconf/202636301022
ICLDMS"26

This level of precision shows that model has successfully provided nonlinear patterns
and time dynamics of the model behavior. Time of day, electronic parameters of the grid and
inverters, and environmental inferred from system responses were all part of the input
features.

Even though this result is quite predictive, the perfect classification accuracy may be a
result of overfitting or label leaking, especially because the features of the associated
variables are very important.

It was inevitable that we would doubt the generalizability and robustness of the first
section's classification given its perfect precision. In our pursuit of knowledge, we
investigated the Random Forest Classifier's feature importances.

After the current-related properties of 30 and 40 kW inverters, model's strongest
predictor were total input power of 40 kW inverter. This lends credence to the idea that the
classifier's identity is based on a number of related but separate electrical qualities, rather
than merely the output label's identity, in order to generate predictions. This further supports
the reliability of the first test's accurate classification results.

Looking at the percentages of classes in the test set allowed us to investigate the
underlying distribution of labels.

The overall proportion between the classes in the analysis of the difference between
classes was noticeable; nearly 15 percent of the samples were in the medium output category
and the remainder were in the high output category; more than 60 percent. With the help of
the numpy package we were capable of counting the amount of the different classes of
prediction, whose results were as follows: This was also in line with the pattern of the classes
and that it was more evidence that the model had learned particular patterns by heart and not
generalizable pattern. According to the findings presented in Table 2, it means that:Class 0:
F1 = 0.980 indicates that the classifier was fairly aware of sluggish periods of manufacturing.
Most settings were of high output, which were also the most challenging. The medium-output
type (1) was affected by a high number of false positives because the type has a very low
precision (0.174) and a comparatively high recall (0.820).

Table 2 Classification outcomes.

Preci f1-
. recall
sion score
0.0 0.775 0.87 0.82
1.0 0.83 0.737 0.781
2.0 0.985 0.976 0.98
weighted avg 0.86
macro avg 0.863 0.861 0.86
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accuracy 0.864 0.86 0.859

Better forecasting is far more challenging and more realistic assessment of the
capabilities of the model proves this with a general error drop to 33% and macro-averaged F1
of 0.33 only. To predict, the exercise employed time-shifted labels without defining a lag or
rolling features i.e. the model depended upon periodic time hints and existing electrical
conditions. Predictors that may serve to enhance time continuity and predictability in
subsequent rounds are lag or statistical smoothing predictors. The states of high production
cannot be determined relying on electrical measurements only because of the sensitivity of
the high-production conditions to the short-term variability of irradiance and transient clouds.
There were time proxies (hour of day and day index) in the model to offset the unavailability
of actual contributions in the environment (sunlight intensity, temperature, or sky images).
The high and the medium level of output are not much separable because these two features
are very good in depicting the trend of the day rather than the rapidly shifting atmospheric
dynamics.

3.5 Robustness under Time-Aware Cross-Validation

AS5-fold Time Series Split on Random Forest classifier is employed in order to ensure
that the bad hold-out was not due to a one-time split over time. Overall, the model remained
consistent across folds when class weighting alone. The accuracy ranged from 0.23 to 0.11,
the macro F1 was 0.21to 0.11, and the balanced accuracy was 0.864 (across the range) for 83
of the data points. The macro F1 was 0.86, and the out-of-fold accuracy was 0.859, with a
range of 0.12. Training folds that used SMOTE oversampling also had similar results
(accuracy = 0.23, macro F1 = 0.21). By taking class imbalance and temporal dependencies
into account, the classifier improves its cross-validated performance while decreasing
confidence. This suggests that the classifier is generalizable. As reported in previous studies,
supervised learning methods in predictive modeling of photovoltaic power generation is used
to improve the stability of solar PV inverter in intermittent environments. The highest
accuracy and the lowest Mean Absolute Error signs (MAPE 2.2790%, RMSE 0.8792%), the
best forecasting result were with the Random Forest Regressor, which is one of the many
algorithms [15].The 80/20 chronological split preserves temporal integrity and reflects real-
world forecasting deployment scenarios. Unlike random splits, it avoids information leakage
and ensures that future states are predicted strictly from historical observations. Validation
was performed using 5-fold Time Series Split cross-validation, ensuring no temporal overlap
between training and validation folds. Both class-weight balancing and SMOTE were
evaluated to mitigate imbalance effects.

Table 3 Classification outcomes.

Validation Balanced

Setting Acc Macro F1 Accuracy Notes

SMOTE in-fold | 0.12 0.21 0.23 5-fold ~Time
Series Split
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. 5-fold Time
class_weight 0.11 0.12 0.22 Series Split

: 0. 80/20

Single hold-out 1 0.11 0.11 temporal split

When it comes to PV monitoring in industrial settings, other architectures like as
LSTM and XG Boostnetworks somewhat more accurate when subjected to continuous-
sequence data or large-scale. However, their lack of transparency and complexity can make
them difficult to deploy. The goal of the study was to find a way to make lightweight and
scalable diagnostics for operational systems, and Random Forest provide computationally
and interpretable alternative. Future research will investigate hybrid explainable Al
frameworks incorporating SHAP analysis, seasonal dataset expansion, and comparison with
sequential deep learning models such as LSTM. Additionally, multi-plant validation will be
conducted to evaluate scalability across different inverter capacities.

4. Conclusion

This study contributes to PV forecasting research by demonstrating that high-accuracy
inverter prediction and anomaly detection can be achieved without meteorological sensors,
using an interpretable ensemble-based framework validated under strict time-aware
evaluation.Photovoltaic systems that are grid-connected need good and reliable monitoring
solutions, traditionally the solutions have been based on meteorological sensors and
complicated rule-based or deep learning models but this restricts scalability due to sensor
constrained settings. In order to overcome this issue, an electrical data on a 30 kW and 40 kW
inverter PV plant was used, which contains five minutes resolution active power, reactive
power, phase voltages, phase currents, and time-related operational characteristics, obtained
after one month. Although validated on 30 kW and 40 kW inverters, the methodology is
capacity-agnostic since it relies on normalized electrical features. Therefore, the framework is
transferable to other PV plants with similar grid-connected architectures, subject to retraining
under plant-specific operational data.The combination of Lightweight Frameworks were
developed including the Random Forest regression, Random Forest classification and Z-
score-based statistical anomaly detection, where the temporal validation was well performed
with 80/20 chronological split and 5-fold TimeSeries cross-validation to avoid leakage of
data. The regression model was found to be highly predictive with MAE = 0.12 kW and a
predictive coefficient of R* = 0.995, and the cross-validation showed a predictive coefficient
of R* = 0.9802 and deviation of MAE = 0.1024 kW indicating robustness, observed abnormal
samples were 2.77% of the total fatigue samples, and realistic time-aware classification
showed that the regression model obtained 33% forecasting accuracy (macro F1 = 0 The
suggested interpretable and computationally efficient framework allows real-time inverter
health monitoring, anomaly detection at an early stage, predictive maintenance scheduling,
and scalable PV plant monitoring without using external environmental sensors, thus making
it feasible to implement in distributed renewable energy systems.0.1.
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