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irradiance measurements, meteorological variables, rainfall, wind
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SHAP Analysis; XGBoost assessed using R?, RMSE, MAE, and MAPE. Results show LSTM

achieved the highest accuracy with R? of 0.9647 and RMSE of 88.40 W,
whereas XGBoost obtained the lowest MAPE of 19.18%. SHAP analysis
and an ablation study were conducted to identify influential features and
evaluate their contributions to forecasting performance. SHAP analysis
identified global horizontal radiation, global tilted radiation, and cyclical
temporal features, particularly day cos and hour cos, as the most
influential predictors, while wind speed and daily rainfall showed limited
impact. The findings demonstrate that deep learning models can provide
reliable PV power forecasts when combined with informative feature
engineering and appropriate temporal window selection.
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1. INTRODUCTION

The world's transition to renewable energy sources is accelerated due to environmental concerns
and the depletion of fossil fuels, has established solar photovoltaic (PV) systems as the foundation of
contemporary sustainable energy infrastructure [1][2][3]. However, the intrinsic fluctuations and
sporadic nature of solar radiation—influenced by meteorological factors such as cloud cover,
temperature, humidity, and wind— provide serious obstacles to energy dispatch optimization and grid
stability, and the reliable integration of PV power into existing electricity networks [4][5][6]. Accurate
short-term PV power output predictions is therefore not merely beneficial but essential for balancing
supply and demand, lowering the cost of operations, and enhancing the resilience of power systems [7].
This necessity has motivated extensive research into various forecasting approaches. However, a clear
understanding of which models and input features are most effective under real-world conditions
remains an open question.
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Data-driven methods, especially machine learning (ML) and deep learning (DL) models, have
gained popularity in recent years, have demonstrated remarkable success in capturing the complex,
nonlinear, and time-dependent patterns of solar power generation [8][9]. Among these, recurrent neural
network architectures such as Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are
widely recognized for their ability to model temporal dependencies over extended sequences [10]. At
the same time, ensemble methods like Random Forest (RF) and Extreme Gradient Boosting (XGBoost)
offer robust predictive performance by leveraging multiple decision trees, often with lower
computational overhead [11][12]. Despite the proliferation of hybrid and optimized models in the
literature—many of which incorporate metaheuristic algorithms, signal decomposition, or external
optimization routines [13]—and the increasing recognition that such complex pipelines often lack
generalizability [14], there remains a notable gap in fair, direct comparisons of these four fundamental
models under strictly identical conditions. Moreover, comprehensive interpretability analyses (e.g.,
SHAP) and feature ablation studies are seldom reported alongside such comparative evaluations.

To address these gaps, this study presents a systematic and rigorous comparative analysis of LSTM,
GRU, Random Forest, and XGBoost for 3-hour-ahead PV power forecasting using real-world
operational data. The main contributions of this work are:

o Utilization of three consecutive years (2023-2025) of 5-minute resolution data from the
DKASC solar database, with a clear temporal split (2023 training, 2024 validation, 2025 testing)
and three independent runs per model to ensure statistical robustness.

e A comprehensive feature engineering process that results in 14 input variables, including
multiple irradiance components, meteorological parameters, wind direction (converted to
sine/cosine), daily rainfall, and cyclical time features (hour and day of the year).

e Application of a 36-step sliding window (equivalent to 3 hours) to capture short-term temporal
dependencies.

e A fair, non-optimized comparison of the four models under identical preprocessing and
hyperparameter settings.

e SHAP (SHapley Additive exPlanations) analysis and an ablation study to interpret model
predictions and quantify the contribution of each feature group.

The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3
describes the dataset, preprocessing steps, and the methodological framework. Section 4 presents and
discusses the results, including model performance, feature importance, ablation study, and SHAP
analysis. The work is finally concluded in Section 5, which also suggests future research areas.

1.2. Related Works

A hybrid FHOGRULSTM model optimized with the Fire Hawk algorithm achieved R? values
above 0.996 for both polycrystalline and monocrystalline PV arrays [15]. Several machine learning
models, including Random Forest and XGBoost, were evaluated across forecast horizons from 0.5 to 24
hours, with Random Forest giving the best average R? of 0.89 [16]. A comparison of BiLSTM, LSTM,
and XGBoost for solar energy forecasting showed that BiILSTM slightly outperformed LSTM with a
test RMSE of 0.1186 versus 0.1187, while XGBoost exhibited strong training fit but weaker
generalization [17]. A decomposition-based hybrid model combining EEMD, LSTM, XGBoost, and the
Snake Optimizer achieved R? values around 0.996 after signal decomposition [18].

An MLPLSTMGA hybrid model for both electrical consumption and PV generation forecasting
reported near-perfect R? values (0.9999) after genetic algorithm optimization [13]. A direct comparison
between LSTM and GRU for solar power forecasting found that GRU outperformed LSTM, achieving
a lower MAE (1.618 vs. 1.964) and a higher R? (0.9836 vs. 0.9733) [19]. A novel interval forecasting
approach combining LSTM, XGBoost, kernel density estimation (KDE), and differential evolution
achieved significantly narrower prediction intervals (PINAW of 0.122 at 95% confidence level) [20]. In
the context of energy communities, Random Forest achieved the lowest RMSE (5.35 Wh), while GRU
excelled in short-term irradiance forecasting [21]. A comparative review highlighted that LSTM offers
superior accuracy but higher computational complexity, whereas Random Forest and XGBoost provide
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a better balance [22]. Despite these advances, most existing works either rely heavily on metaheuristic
optimisation, signal decomposition, or focus on a single model type. In contrast, the present study
provides a direct comparison under identical preprocessing, feature engineering (14 features), and
temporal windowing (36 steps) using three years of real-world DKASC data, supported by SHAP
explainability and ablation analysis.

2. RESEARCH METHOD

2.1. Dataset Description

The dataset comprises three consecutive years of operational data (2023-2025) obtained from the
DKASC photovoltaic system, with 1000 DKA\ M1\ A\ Phase\ Active\ Power selected as the target
variable. The recorded variables encompass solar irradiance and core meteorological parameters, with
data split chronologically into training (2023), validation (2024), and testing (2025) subsets as detailed
in Table 1.

Table 1. Summary of the dataset across the three years (after preprocessing)

Year Split Samples | Min Power Max Power Mean Power Std Power
(W) (W) (W) (W)
2023 Training 101,175 0.0 1674.9 344.9 488.6
2024 Validation | 103,356 0.0 1674.3 331.8 471.4
2025 Testing 105,179 0.0 1641.2 337.5 471.5

Note: The number of samples is approximate (assuming 5-minute intervals for a full year: 365x24x12
= 105,120). Max power = 1.6413 kW = 1641.3 W; mean power = 0.3373 kW = 337.3 W.

2.2. Data Preprocessing

Several preprocessing steps were applied before model development:

e Missing values were handled using linear interpolation followed by backward-fill and forward-
fill. Any remaining missing values were replaced with zeros.

o Invalid or negative power values (due to sensor noise) were clipped to zero: y = max(y, 0).
Similarly, negative radiation values were set to zero.

e Wind direction (measured in degrees) was transformed into sine and cosine components to
preserve its cyclical nature: wind dir_sin = sin(6 x n/180), wind_dir_cos = cos(6 x n/180).

e Timestamp information was converted into cyclical temporal features. Hour of day: hour sin
= sin(27 % hour/24), hour cos = cos(2x X hour/24). Day of year: day sin = sin(2x x day/365),
day cos = cos(2m x day/365).

Fourteen input variables made up the final feature set: temperature, relative humidity, wind speed,

wind direction (sine and cosine), global horizontal radiation, diffuse horizontal radiation, global tilted

radiation, diffuse tilted radiation, daily rainfall, hour sine, hour cosine, day sine, and day cosine. To
guarantee numerical stability, all features were normalized to the range [0,1] using Min-Max scaling.

2.3. Time-Series Window Construction

To capture temporal dependencies in PV generation, a sliding-window approach was employed. A
fixed window size of 36 consecutive observations (approximately 3 hours, given a 5-minute sampling
interval) was used. For each prediction sample, the previous 36 time steps were provided as model input,
while the power value at the next time step was used as the prediction target. Formally, the input
sequence is X t = {x_ {t-35}, x {t-34}, ..., x_t} and the corresponding target value is y_{t+1}. This
strategy enables the models to learn temporal patterns and short-term dynamics in solar power
production.
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2.4. Prediction Models

Four machine learning and deep learning models were evaluated. All models were trained using
the same training/validation/test split (2023/2024/2025) and were run three independent times with
different random seeds to ensure statistical robustness.

1. Long Short-Term Memory (LSTM)

LSTM is a sophisticated recurrent neural network that uses gating methods to capture long-
term relationships. The LSTM cell incorporates three multiplicative gates—the forget gate, input
gate, and output gate—that regulate the flow of information by selectively retaining or discarding
past states, thus mitigating the vanishing gradient problem commonly encountered in standard
RNNs[24][25]. One LSTM layer with 64 hidden units, a 0.1 dropout rate, and a dense layer with
linear activation make up the implemented architecture. Using mean squared error loss, the model
was optimized using the Adam method (learning rate = 0.001). In order to reestablish the optimal
weights, training was limited to 50 epochs with an early stopping patience of five periods depending
on validation loss.

2. Gated Recurrent Unit (GRU)

A streamlined version of the LSTM, the GRU combines the input and forget gates into a single
update gate. Specifically, the GRU employs an update gate that determines how much of the past
information to carry forward, and a reset gate that controls the integration of new input with the
previous hidden state. It often requires fewer parameters and can be computationally more efficient
[26][27]. The GRU model followed the same configuration as the LSTM: one GRU layer with 64
hidden units, a dropout layer (0.1), a dense output layer (1 neuron), and the same optimizer, loss
function, and early stopping settings.

3. Random Forest (RF)

Random Forest is an ensemble learning technique that creates many decision trees and
averages their predictions. The algorithm constructs each tree using a bootstrap sample of the
training data (bagging) and randomly selects a subset of features at each split, which decorrelates
the individual trees and enhances generalization. It is robust to overfitting and can capture nonlinear
relationships without requiring feature scaling [28][29]. The RF regressor was configured with 50
decision trees (n_estimators = 50), a maximum tree depth of 12 (max_depth = 12), and parallel
processing enabled (n_jobs = -1).

4. Extreme Gradient Boosting (XGBoost)

XGBoost is a tree boosting technique that uses regularization to avoid overfitting and produces
trees in a sequential fashion, each of which fixes the mistakes of its predecessor by focusing on the
residuals of the previous trees. Unlike Random Forest, which builds trees independently, XGBoost
employs a gradient-based optimization framework that minimizes a regularized objective function
combining a loss term and penalty terms for model complexity (L1 and L2 regularization), which
controls overfitting and enhances predictive performance [30][31]. The XGBoost model was
configured with 500 boosting rounds, maximum tree depth of 8, learning rate of 0.03, subsample
ratio of 0.8, column sampling ratio of 0.8, and objective function: reg:squarederror.

2.5. Model Evaluation

Each model was trained and assessed three times independently using distinct random seeds in
order to guarantee outcome stability. The obtained metrics' mean + standard deviation matches the stated
data. Four commonly used regression measures were used to evaluate the model's performance: Mean
Absolute Error (MAE), Coefficient of Determination (R?), Root Mean Square Error (RMSE), and Mean
Absolute Percentage Error (MAPE). Samples with genuine power <0.01 W were not included in MAPE
in order to prevent numerical instability (safe MAPE).

2.6. Feature Importance Analysis

The trained model's feature significance was derived using the built-in feature importances
attribute. Importance scores were aggregated across all 36 time lags to obtain a single importance value
per original feature. This allowed the identification of the most influential variables affecting PV power
prediction.
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2.7. Ablation Study

To assess the contribution feature groups, an ablation study was carried out. Six experimental
configurations were taken into account:
1.  Full Features — all 14 variables.
2. Without Radiation — removal of the four radiation variables.
3. Without Time — removal of the four cyclical time features (hour sin, hour cos, day sin, day cos).
4. Without Weather — removal of temperature, humidity, wind speed, wind direction (sin/cos), and
daily rainfall.
Without Wind — removal of wind speed and wind direction sin/cos.
6. Radiation + Time Only — retention of only the four radiation variables and the four time variables.

W

Table 3. Feature importance obtained from XGBoost (aggregated over time lags)

Feature Importance
radiation_global horiz 0.4293
radiation_global tilted 0.1664

hour sin 0.1384

hour cos 0.1014

temperature 0.0249

day cos 0.0242

humidity 0.0232

wind_dir_sin 0.0220
wind_dir_cos 0.0200
radiation_diffuse horiz 0.0153
radiation_diffuse_tilted 0.0152
daily_rainfall 0.0115
day_sin 0.0083
wind_speed 0.0000

2.8. SHAP Explainability Analysis

To enhance model interpretability, SHAP (SHapley Additive exPlanations) [32][33] analysis was
applied to the final XGBoost model. SHAP values were computed using a subset of the test dataset (500
samples) and subsequently aggregated across the temporal window to obtain a per-original-feature
importance score. Three types of visualisations were generated: a SHAP bar plot (aggregated absolute
SHAP values per original feature), a SHAP summary plot (scatter plot showing the distribution of SHAP
values for the top 20 time-lagged features), and a SHAP waterfall plot (detailed decomposition of a
single prediction).

2.9. Visual Diagnostics

For the XGBoost model, additional diagnostic plots were created to visually assess prediction
quality: a scatter plot of actual versus predicted power (with a diagonal reference line), a residuals plot
(sequence of prediction errors over the test set to detect systematic bias), and a time series comparison
(overlay of actual and predicted power for the first 1000 test samples to visually evaluate temporal
tracking).
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3. RESULTS AND DISCUSSION

3.1. Comparative Model Performance
The performance of the four prediction models on the 2025 test set is summarized in Table 4. Each
value is the mean + standard deviation over three independent runs.

Table 4. Comparative performance of forecasting models

Model R? RMSE (W) MAE (W) MAPE (%)
LST™M 0.9647 £ 0.0026 88.40 £3.30 36.20 +£2.90 22.63+1.24
GRU 0.9512 £0.0058 103.90 £ 6.30 39.70 +£3.50 24.09 £2.25
Random Forest 0.9075 £ 0.0001 143.34 £ 0.04 52.89+0.04 31.73 £0.02
XGBoost 0.9463 £ 0.0022 109.20 +£2.20 39.80+0.40 19.18 £ 0.14

As presented in Table 4, the LSTM model demonstrated the highest predictive accuracy (R2 =
0.9647, RMSE = 88.40 W), confirming its superior capability in capturing temporal dependencies.
Conversely, Random Forest yielded the weakest baseline (R2 = 0.9075, RMSE = 143.34 W). Under the
36-step sliding window which generates 504 lagged inputs, tabular ensemble models faced an expanded
feature space prone to high collinearity and the curse of dimensionality. However, empirical findings
revealed a sharp divergence in mitigation: XGBoost showed exceptional resilience to overfitting,
achieving a robust R2 of 0.9463 and the lowest overall MAPE (19.18% plus or minus 0.14%) due to its
built-in L1/L2 regularization and sparsity-aware splitting. In contrast, Random Forest’s random feature
sampling at each split point frequently selected sub-optimal, highly collinear lagged candidates, thereby
degrading its structural predictive capacity.

3.2. Feature Importance

Feature Importance - XGBoost (from model.feature_importances_)
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Figure 1. Feature importance from XGBoost (aggregated over time lags).

Figure 1 shows the feature importance from XGBoost (aggregated over time lags). Global
horizontal radiation is the dominant factor (importance 0.4293), followed by global tilted radiation
(0.1664) and hour sine (0.1384). Wind speed shows negligible importance (<0.0000). These results are
physically consistent with PV energy conversion principles.
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3.4 Ablation Study

Ablation Study (XGBoost) - 6 experiments, 3 runs each
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Figure 2. shows the ablation study results (R? for six feature sets).

Table 5. Mean absolute SHAP values

Rank Feature Mean SHAP
1 Radiation Global Horizontal 0.131
2 Day Cos 0.122
3 Radiation Global Tilted 0.078
4 Hour Cos 0.028
5 Wind Direction Sin 0.025
6 Radiation Diffuse Horizontal 0.018
7 Temperature 0.017
8 Radiation Diffuse Tilted 0.016
9 Humidity 0.014

10 Hour Sin 0.012

Table 6. Ablation study results (XGBoost, mean R? + std over 3 runs)

Feature Set Num R? £ std % Change
Features

Full Features 14 0.9505 + 0.0027 0.00
Without Radiation 10 0.8694 + 0.0062 —8.53
Without Time 10 0.9424 +0.0027 —0.85
Without Weather 8 0.9587 £ 0.0003 +0.87
Without Wind 11 0.9552 +0.0029 +0.50
Radiation + Time Only 8 0.9587 £ 0.0003 +0.87

The most severe performance degradation occurs when radiation variables are removed (R? drops
from 0.9505 to 0.8694, a —8.53% change). Removing time features causes only a minor decrease (—
0.85%). Interestingly, removing weather variables (temperature, humidity, wind, rainfall) slightly
improves R? (+0.87%), suggesting that some of these variables introduce noise. The Radiation + Time
Only configuration achieves the highest R? (0.9587), indicating that irradiance and temporal information
alone are sufficient for accurate prediction.
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3.5 SHAP Explainability

SHAP Summary Plot {Top 20 time-lagged features)
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Figure 3. SHAP summary plot (top 20 time lagged

Figure 3 presents the SHAP summary plot, which provides a comprehensive overview of the
contribution of the most influential features to the XGBoost model predictions. The results indicate that
solar irradiance variables, particularly global horizontal radiation and global tilted radiation, have the
strongest impact on photovoltaic power forecasting. Higher irradiance values are generally associated
with positive SHAP values, leading to increased predicted power output, whereas lower irradiance
values contribute negatively to the prediction. Temporal features, especially day cos and hour cos, also
exhibit substantial influence, reflecting the seasonal and diurnal patterns inherent in photovoltaic power
generation. In contrast, variables such as wind speed and daily rainfall show relatively small SHAP
contributions, indicating a limited effect on forecasting performance. Overall, the SHAP analysis
confirms that irradiance and temporal information are the primary drivers of PV power prediction and
supports the findings obtained from the feature importance and ablation analyses, thereby enhancing the
interpretability and reliability of the proposed forecasting framework.

4. CONCLUSION

In this study, three years of actual operational data (2023—-2025) from the DKASC database were
used to create and assess four forecasting models for photovoltaic (PV) power prediction: Long Short-
Term Memory (LSTM), Gated Recurrent Unit (GRU), Random Forest (RF), and XGBoost. A sliding
window of 36 time steps (three hours) was employed to capture temporal dependencies, and a
comprehensive feature engineering process was carried out, resulting in fourteen input variables that
included multiple irradiance components, meteorological measurements, wind characteristics, daily
rainfall, and cyclical time features (hour and day of year). All models were trained on 2023 data,
validated on 2024 data, and tested on unseen 2025 data, with each experiment repeated three times to
report mean + standard deviation.

The LSTM model achieved the highest overall performance, attaining an R? score of 0.9647, the
lowest RMSE (88.40 W), and the lowest MAE (36.20 £ 2.90 W). XGBoost, while slightly lower in R?
(0.9463), delivered the best MAPE (19.18%), demonstrating its strength in relative-error minimization.
GRU performed competitively (R? = 0.9504), whereas Random Forest yielded the weakest results,
indicating limited capability in capturing complex nonlinear temporal patterns.

SHAP analysis identified global horizontal radiation as the most influential variable, followed by
day cos, global tilted radiation, and hour cos. Time features contributed significantly, while wind speed
and daily rainfall had negligible impact. The ablation study confirmed that removing radiation variables
caused a drastic drop in R? (—8.53%), whereas eliminating weather variables (temperature, humidity,
wind, rainfall) slightly improved performance, suggesting that some meteorological variables may
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introduce noise. The ‘Radiation + Time Only’ configuration achieved the highest R? (0.9587), indicating
that irradiance and temporal information alone are sufficient for accurate PV power forecasting.

More sophisticated like transformer-based models (like Informer and Temporal Fusion
Transformer), which have demonstrated potential in long-sequence forecasting, may be investigated in
future research. Multi-step ahead forecasting and probabilistic forecasting to quantify prediction
uncertainty are also valuable directions. Furthermore, future work will explore advanced feature
extraction techniques to alleviate the dimensionality of the sliding window for tabular models. Finally,
deploying the best-performing model (LSTM or XGBoost) in a real-time edge computing environment
for on-site PV power prediction would constitute a practical extension of this research.
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