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Abstract

The increasing integration of renewable energy into smart grids requires accurate forecasting to
maintain grid stability and optimize energy management. This study compares the performance of
three forecasting models—XGBoost, LightGBM, and Long Short-Term Memory (LSTM)—for
predicting solar photovoltaic (PV) output, wind power output, and total renewable energy generation.
To improve forecasting capability, the study applied feature engineering techniques, including time-
based variables, rolling averages, and lag features to capture temporal dependencies within the
dataset. An 80/20 chronological train-test split was used to maintain time-series integrity. Model
performance was evaluated using Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and coefficient of determination (R?). Results show that gradient boosting models significantly
outperformed the LSTM model across all forecasting targets. LightGBM achieved the best
performance for solar PV forecasting (RMSE: 3.27, R?: 0.987) and total renewable energy prediction
(RMSE: 4.66, R?: 0.988), while XGBoost produced the highest accuracy for wind power forecasting
(RMSE: 3.26, R?: 0.987). In contrast, the LSTM model generated negative R? values, indicating poor
predictive performance. These findings demonstrate that gradient boosting methods are highly
effective for structured renewable energy forecasting datasets and offer strong potential for intelligent
smart grid applications. The forecasting framework is designed to support loT-enabled smart grid
systems, where renewable energy data are continuously collected through distributed sensors and
transmitted via intelligent communication networks. The proposed models can assist real-time energy
monitoring, edge-based prediction, and intelligent network management for modern smart grid
infrastructures.

Keywords: Renewable Energy Forecasting;, Smart Grid Systems; XGBoost; LightGBM; LSTM; Intelligent
Energy Management.

1. INTRODUCTION

1.1 Background and Context

The global energy landscape is undergoing a profound transformation driven by the urgent need to
mitigate climate change, reduce greenhouse gas emissions, and transition toward sustainable energy
systems. Renewable energy sources, particularly solar photovoltaic (PV) systems and wind turbines,
have emerged as cornerstones of this transition, experiencing unprecedented growth in installed
capacity worldwide over the past two decades. Global renewable energy capacity reached over 3,000
gigawatts by the end of 2021, with solar and wind energy accounting for the majority of new
installations. This rapid expansion reflects both technological advancements that have significantly
reduced the levelized cost of renewable energy and policy frameworks that incentivize clean energy
adoption.
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However, the inherent variability and intermittency of renewable energy sources presents substantial
challenges for power grid operators and energy planners. Unlike conventional fossil fuel power plants
that can adjust output on demand, solar PV generation is dependent on solar irradiance, cloud cover,
temperature, and atmospheric conditions, while wind power output fluctuates with wind speed,
direction, and atmospheric pressure patterns. These stochastic characteristics introduce uncertainty
into energy supply planning, potentially leading to grid instability, energy curtailment during periods
of oversupply, or increased reliance on dispatchable fossil fuel backup systems during periods of
undersupply.

Accurate forecasting of renewable energy output is therefore critical for multiple stakeholders across
the energy value chain. Grid operators require reliable predictions to balance supply and demand in
real-time, schedule maintenance activities, and manage ancillary services. Energy traders depend on
forecasts to optimize bidding strategies in electricity markets. Policymakers and planners use long-
term forecasts to inform infrastructure investment decisions and grid expansion planning. The
economic implications of forecasting accuracy are substantial; studies have estimated that a 1%
improvement in wind power forecasting accuracy can save millions of dollars annually in operational
costs for large-scale grid operations [1].

1.2 Literature Review

The field of renewable energy forecasting has evolved significantly over the past decade, transitioning
from traditional statistical methods to sophisticated machine learning and deep learning approaches
[2]. Early forecasting methodologies relied primarily on physical models based on numerical weather
prediction (NWP) systems, which simulate atmospheric conditions to estimate future energy
production [3]. While physically grounded, these models often require extensive computational
resources and may not capture localized phenomena affecting individual generation sites [3].
Statistical time-series methods, including Autoregressive Integrated Moving Average (ARIMA),
Seasonal ARIMA (SARIMA), and Exponential Smoothing State Space Models, have been widely
applied for short-term renewable energy forecasting [4]. These methods are well-understood,
computationally efficient, and effective for capturing linear temporal patterns [4]. However, their
assumption of linearity and stationarity limits their ability to model the complex, non-linear
relationships inherent in renewable energy generation processes [4].

The advent of machine learning has introduced powerful alternatives capable of modeling non-linear
relationships without explicit assumptions about data distributions. Among these, ensemble tree-based
methods have demonstrated remarkable performance across diverse forecasting tasks. XGBoost,
introduced by [5], implements regularized gradient boosting with efficient handling of sparse data and
parallel processing capabilities. The algorithm constructs an ensemble of decision trees sequentially,
with each successive tree correcting the errors of its predecessors. Its regularization parameters help
prevent overfitting, while its ability to handle missing values and diverse feature types makes it
particularly suited for real-world energy datasets.

LightGBM, developed by [6] at Microsoft Research, introduced novel techniques including Gradient-
based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB) to achieve faster training
speeds and lower memory consumption compared to traditional gradient boosting implementations.
LightGBM's leaf-wise tree growth strategy, as opposed to XGBoost's level-wise approach, enables
deeper learning of complex patterns, though it may increase the risk of overfitting on smaller datasets
[7]. Several studies have demonstrated LightGBM's competitive or superior performance relative to
XGBoost in energy forecasting applications, particularly when dealing with large-scale datasets [8].
Deep learning approaches, particularly Recurrent Neural Networks (RNNs) and their variants, have
gained significant attention for time-series forecasting due to their inherent ability to process
sequential data. The LSTM architecture, proposed by [9] and subsequently refined by numerous
researchers, addresses the vanishing gradient problem that limits standard RNNs by introducing
gating mechanisms—input gates, forget gates, and output gates—that regulate information flow
through the network. These gates enable LSTMs to selectively retain or discard information across
long time horizons, making them theoretically well-suited for capturing extended temporal
dependencies in energy generation patterns.
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Recent studies have applied LSTM networks to solar irradiance forecasting, wind speed prediction,
and aggregate renewable energy output estimation with varying degrees of success [10]. Some
researchers have reported competitive performance relative to traditional machine learning methods,
particularly when large training datasets are available and sophisticated architectures (e.g.,
bidirectional LSTMs, attention-enhanced LSTMs, or encoder-decoder frameworks) are employed
[11]; [12]. However, other studies have noted challenges including high computational costs,
sensitivity to hyperparameter selection, and the need for careful data preprocessing and normalization
[12]; [13].

Despite the extensive application of machine learning and deep learning techniques in renewable
energy forecasting, previous comparative studies have primarily focused on either a single renewable
energy source or limited model combinations. In addition, many studies do not provide a direct
comparison between modern gradient boosting methods and deep learning architectures using
identical preprocessing, feature engineering, and evaluation protocols. Therefore, this study aims to
fill this gap by conducting a comprehensive comparative evaluation of XGBoost, Light GBM, and
LSTM models for forecasting solar PV, wind power, and total renewable energy output using the
same dataset and experimental framework.

Although this study utilizes an offline simulated dataset obtained from Kaggle, the forecasting
framework was designed to represent a realistic IoT-enabled smart grid environment. In practical
deployments, renewable energy generation data are continuously collected through distributed
sensors, smart meters, and networked monitoring devices integrated into intelligent energy
management systems. Therefore, the proposed forecasting models are intended as computational
approaches that can later be deployed in real-time IoT-based smart grid infrastructures. This
clarification bridges the gap between the simulation-based experimental setup and the broader smart
grid implementation context discussed throughout this study.

Beyond prediction accuracy, this research also considers the relevance of machine learning
deployment in Information Technology and IoT-based smart grid environments. Renewable energy
forecasting systems are increasingly integrated with distributed IoT sensor networks, edge devices,
and communication infrastructures that require efficient computational models with low latency and
reduced resource consumption. Therefore, the study evaluates forecasting models not only from the
perspective of statistical performance but also from their feasibility for deployment in intelligent
energy monitoring and network-based smart grid systems.

2. RESEARCH METHODOLOGY

2.1 Dataset Description and Preprocessing

The dataset utilized in this study comprises historical records of renewable energy generation,
encompassing solar photovoltaic output, wind power output, and total renewable energy production.
The data captures temporal patterns across multiple time scales, including diurnal cycles (day-night
variations in solar output), seasonal trends (higher solar generation in summer months, variable wind
patterns across seasons), and shorter-term fluctuations driven by weather events.

Prior to model development, the dataset underwent comprehensive preprocessing to ensure data
quality and suitability for machine learning applications. Missing values were identified and
addressed through appropriate imputation strategies, considering the temporal nature of the data to
avoid introducing artificial patterns. Outlier detection was performed to identify and handle
anomalous readings that could arise from sensor malfunctions, maintenance periods, or extreme
weather events, and data normalization and standardization where required by specific model
architectures, particularly for the LSTM model which benefits from scaled input features to facilitate
gradient-based optimization. The dataset taken from
https://www.kaggle.com/datasets/programmer3/renewable-energy-microgrid-dataset?

The dataset contains approximately 10,000 chronological observations with hourly temporal
resolution. Hyperparameter tuning for XGBoost and LightGBM was conducted using grid-search-
based experimentation focused on learning rate, tree depth, number of estimators, and subsampling
ratio. For the LSTM model, tuning involved the number of hidden units, sequence length, batch size,
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and epochs. All experiments were executed on a system equipped with an Intel Core i7 processor, 16
GB RAM, and Python 3.11 using Scikit-learn, TensorFlow, XGBoost, and LightGBM libraries.

The renewable energy dataset represents a simulated IoT-enabled microgrid environment where
energy production measurements are periodically collected from distributed smart sensors. Data
transmission follows an hourly acquisition interval, reflecting a practical smart grid monitoring
scenario in which sensor nodes communicate generation information to centralized energy
management servers through networked infrastructure. In this context, forecasting models must
maintain both prediction accuracy and computational efficiency to support real-time decision-making
and intelligent network operations.

2.2 Feature Engineering

A critical component of the modeling pipeline was the extensive feature engineering process designed
to extract meaningful predictive signals from the raw time-series data. The engineered features were
categorized into three primary groups designed to capture different aspects of the temporal dynamics
in renewable energy generation.

The first category comprised time-based component features extracted from timestamp information.
These included hour of the day (0-23), which captures diurnal generation patterns particularly
relevant for solar PV output; day of the week (0—6), reflecting potential weekly operational patterns;
month of the year (1-12), capturing seasonal variations in both solar irradiance and wind patterns; day
of the year (1-365/366), providing finer-grained seasonal resolution; and quarter of the year (1-4),
representing broader seasonal categories. These cyclical temporal features enable models to learn
recurring patterns associated with time-of-day and seasonal effects without requiring explicit weather
forecast inputs.

The second category consisted of rolling statistical features calculated over various window sizes to
capture recent trends and momentum in energy generation. Rolling mean, rolling standard deviation,
rolling minimum, and rolling maximum were computed over multiple time horizons (e.g., 3-hour, 6-
hour, 12-hour, and 24-hour windows) for each target variable. These features provide the models with
information about recent average generation levels, generation volatility, and the range of recent
output values, enabling more nuanced predictions that account for the current "state" of energy
production.

The third category included lag features representing historical values of the target variables at
previous time steps. Lag-1, lag-2, lag-3, lag-6, lag-12, and lag-24 features were created,
corresponding to generation levels at 1, 2, 3, 6, 12, and 24 time steps prior to the prediction point.
These autoregressive features are particularly valuable for time-series forecasting as they directly
capture serial correlations and temporal dependencies in the data. The combination of multiple lag
horizons allows models to learn both short-term momentum effects and longer-term cyclical patterns.
The feature engineering process was carefully designed to avoid data leakage. All rolling statistics and
lag features were computed using only information available at or before each prediction time point,
ensuring that future information was never inadvertently included in the training features. This
discipline is essential for producing realistic performance estimates that reflect genuine predictive
capability rather than artificially inflated metrics.

2.3 Data Splitting Strategy

The dataset was divided into training and testing subsets using an 80/20 split ratio. Critically, this split
was performed chronologically rather than randomly to preserve the temporal ordering of
observations and maintain time-series integrity. In time-series forecasting, random splitting would
allow the model to "peek" at future data during training, leading to overly optimistic performance
estimates that do not generalize to real-world deployment scenarios.

Under the chronological splitting approach, the first 80% of the data (ordered by timestamp) was
allocated to the training set, and the remaining 20% constituted the test set. This ensures that the
model is trained exclusively on historical data and evaluated on future (unseen) observations,
providing a realistic assessment of forecasting performance. This approach simulates the real-world
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scenario where a deployed model must predict future energy generation based solely on patterns
learned from past observations.

2.4 Model Architectures and Implementation

Three distinct modeling approaches were implemented and evaluated, representing different
paradigms in predictive modeling: two tree-based ensemble methods (XGBoost and LightGBM) and
one deep learning sequence model (LSTM). Each model was applied independently to all three target
variables, resulting in nine separate model-target combinations.

2.4.1 XGBoost (Extreme Gradient Boosting)

XGBoost is an optimized implementation of the gradient boosting decision tree algorithm that has
achieved state-of-the-art results across numerous machine learning benchmarks and competitions. The
algorithm operates by sequentially building an ensemble of weak learners (decision trees), where each
subsequent tree is trained to predict the residual errors of the cumulative ensemble up to that point.
The objective function combines a loss term measuring prediction error with a regularization term
penalizing model complexity, expressed as:

Obj = X L(yi,§i) + 2 02(fk) 1)

where L represents the loss function (squared error for regression tasks), yi and yi denote the actual
and predicted values respectively, and Q(fk) is the regularization term for the k-th tree that penalizes
the number of leaves and the magnitude of leaf weights. This regularization helps prevent overfitting
and promotes generalization.

Key architectural features of XGBoost that contribute to its effectiveness include its support for
column subsampling (analogous to random forests' feature bagging), which reduces overfitting and
improves generalization; built-in handling of missing values through learned optimal default
directions at each split; and efficient parallel computation of split gain calculations during tree
construction. The algorithm's level-wise tree growth strategy builds trees breadth-first, expanding all
nodes at each depth level before proceeding to the next, which tends to produce more balanced tree
structures.

For this study, XGBoost was implemented using the XGBRegressor class from the xgboost Python
library. The model was configured with hyperparameters selected through preliminary
experimentation, including the number of estimators, maximum tree depth, learning rate, and
subsample ratio. The squared error objective function was used, consistent with the regression nature
of the forecasting task.

2.4.2 LightGBM (Light Gradient Boosting Machine)

LightGBM is a gradient boosting framework developed by Microsoft Research that introduces several
algorithmic innovations to achieve faster training speeds and lower memory consumption compared
to conventional gradient boosting implementations, without sacrificing prediction accuracy. Two key
innovations distinguish LightGBM from its predecessors.

First, Gradient-based One-Side Sampling (GOSS) reduces the number of data instances used for
estimating information gain at each split by retaining all instances with large gradients (which
contribute more to information gain) while randomly sampling only a fraction of instances with small
gradients. This approach significantly accelerates training while maintaining estimation accuracy, as
large-gradient instances are more informative for determining optimal split points.

Second, Exclusive Feature Bundling (EFB) reduces the number of features by bundling mutually
exclusive features—features that rarely take non-zero values simultaneously—into single composite
features. This bundling is particularly effective for high-dimensional sparse datasets and reduces the
computational cost of split point evaluation without meaningful loss of information.

Unlike XGBoost's level-wise tree growth, LightGBM employs a leaf-wise growth strategy that selects
the leaf with the maximum gain for expansion at each step. This approach can produce deeper, more
asymmetric trees that capture complex patterns more efficiently, achieving lower training loss with
fewer splits. However, this aggressive growth strategy may increase the risk of overfitting on smaller
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datasets, necessitating careful regularization through parameters such as maximum depth constraints
and minimum data requirements per leaf.

LightGBM was implemented using the LGBMRegressor class from the lightgbm Python library.
Hyperparameters were configured to balance model complexity with generalization capability,
including the number of boosting rounds, number of leaves, learning rate, and feature fraction for
column subsampling.

ergy (Scaled)

ewable_en

Figure 1 LightGBM: total renewablé energy (Actual vs Predicted)

2.4.3 LSTM (Long Short-Term Memory) Network

The Long Short-Term Memory (LSTM) network represents a fundamentally different modeling
paradigm from the tree-based approaches described above. As a variant of Recurrent Neural Networks
(RNNs), LSTM is specifically designed to process sequential data by maintaining an internal state
(memory) that is updated at each time step. The architecture was originally proposed by [9] to address
the vanishing gradient problem that severely limits the ability of standard RNNs to learn long-range
temporal dependencies.

The core innovation of the LSTM architecture lies in its gating mechanism, which consists of three
specialized gates controlling information flow through the network cell. The forget gate determines
which information from the previous cell state should be discarded, computing a value between O
(completely forget) and 1 (completely retain) for each element of the cell state vector.
Mathematically, the forget gate is defined as:

ft = a(Wf - [ht —1,xt] + bf) )

where o represents the sigmoid activation function, Wf denotes the weight matrix, ht-1 is the previous
hidden state, xt is the current input, and bf is the bias term. The input gate controls what new
information should be added to the cell state, consisting of two sub-components: a sigmoid layer that
determines which values to update, and a tanh layer that creates a vector of candidate values. The
output gate regulates what information from the cell state should be output as the hidden state for the
current time step.
These gating mechanisms enable the LSTM to selectively remember or forget information across
arbitrary time intervals, making it theoretically capable of capturing both short-term fluctuations and
long-term seasonal patterns in renewable energy generation data [14]. The network can learn to retain
relevant historical information (e.g., a recent cloud cover pattern affecting solar output) while
discarding irrelevant noise, potentially producing more nuanced forecasts than methods that rely
solely on engineered features.
For this study, the LSTM model was implemented using a deep learning framework with a sequential
architecture. The network consisted of one or more LSTM layers followed by dense (fully connected)
output layers. The model was trained using backpropagation through time (BPTT) with the Adam
optimizer, which adapts learning rates for each parameter based on estimates of first and second
moments of the gradients [15]. The mean squared error loss function was employed, consistent with
the regression objective. Input features were normalized to a common scale to facilitate gradient-
based optimization, as neural networks are sensitive to the magnitude and distribution of input
features [16].
Training was conducted over multiple epochs with batch processing of the training data. The input
data was restructured into three-dimensional tensors of shape (samples, time steps, features) to
conform to the LSTM's expected input format, where each sample consists of a sequence of feature
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vectors representing consecutive time steps. This restructuring is a critical preprocessing step that
directly influences the model's ability to capture temporal patterns, as the sequence length determines
the temporal context available to the network at each prediction step [17].

To improve reproducibility and provide a clearer technical description, the LSTM model architecture
used in this study consisted of a single LSTM layer with 64 hidden units followed by one fully
connected dense output layer. The input sequence length was configured using a 24-hour lookback
window, allowing the network to learn temporal dependencies from the previous 24 observations. The
Rectified Linear Unit (ReLU) activation function was applied within the hidden representation, while
the output layer used a linear activation function suitable for regression tasks. The model was trained
using the Adam optimizer with a learning rate of 0.001 and Mean Squared Error (MSE) as the loss
function. Training was conducted for 100 epochs with a batch size of 32.

Prior to training, all input features and target variables were normalized using MinMaxScaler to
ensure numerical stability during gradient-based optimization. After prediction, inverse
transformation was applied to restore the predicted values to the original scale before computing
RMSE, MAE, and R? evaluation metrics. The sequential input data were reshaped into a three-
dimensional tensor format consisting of (samples, time steps, features), which conforms to the
standard input requirements of LSTM networks.

During experimentation, training and validation loss curves were also monitored to evaluate
convergence behavior and detect potential underfitting or overfitting conditions. The observed
learning curves indicated that the LSTM model converged slowly and exhibited unstable
generalization performance on the testing data, suggesting that the available dataset size and feature
characteristics were not sufficiently optimal for the selected deep learning configuration.

2.5 Evaluation Metrics
Model performance was assessed using three complementary evaluation metrics, each capturing
different aspects of prediction quality. The use of multiple metrics provides a more comprehensive
assessment than any single measure alone, enabling robust conclusions about relative model
performance.
Root Mean Squared Error (RMSE) measures the square root of the average squared differences
between predicted and actual values, defined as [18]:

RMSE = J(1/n - Z(yi — $i)?) 3)

Here, n is the number of observations, yi represents the actual value, and ¥i denotes the predicted
value. RMSE is expressed in the same units as the target variable, facilitating intuitive interpretation.
The squaring operation gives disproportionately higher weight to larger errors, making RMSE
particularly sensitive to outliers and large prediction deviations [19]. This property is desirable in
energy forecasting contexts where large prediction errors can have severe operational consequences,
such as grid instability or costly emergency power procurement.
Mean Absolute Error (MAE) computes the average of the absolute differences between predicted and
actual values:

MAE = 1/n - Z|yi — $i| )

Unlike RMSE, MAE treats all errors equally regardless of magnitude, providing a linear and more
robust measure of average prediction quality [20]. MAE is less sensitive to outliers than RMSE [20],
and the difference between a model's RMSE and MAE can provide insight into the variability of
errors: a large gap suggests the presence of occasional large prediction errors, while similar values
indicate relatively uniform error distribution [21].
The coefficient of determination (R?) quantifies the proportion of variance in the target variable that is
explained by the model's predictions [22]:

R* =1— EWi—-90)*/Z(pi — ) ®)

Here, § represents the mean of the actual values. R? values range from negative infinity to 1.0, where
1.0 indicates perfect prediction, 0.0 indicates performance equivalent to simply predicting the mean
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value for all observations, and negative values indicate predictions worse than the mean baseline [23].
R? provides a normalized, scale-independent measure of model performance that enables meaningful
comparison across different target variables with different scales and units.

The combination of these three metrics enables a thorough performance assessment: RMSE and MAE
provide absolute measures of prediction error in interpretable units, while R? offers a relative measure
of explanatory power. A model must demonstrate strong performance across all three metrics to be
considered reliable for practical deployment.

3. RESULT AND DISCUSSION

3.1 Result

3.1.1 Overall Model Performance Comparison

The comprehensive evaluation of XGBoost, LightGBM, and LSTM models across three renewable
energy forecasting targets revealed a pronounced performance dichotomy between the tree-based
ensemble methods and the deep learning approach. Table 1 presents the complete performance
metrics for all nine model-target combinations, providing a consolidated view of the comparative
results.

Table 1. Complete Performance Metrics for All Model-Target Combinations

Target Variable Model RMSE MAE R?
Solar PV Output LightGBM  3.27 2.54  0.987
Solar PV Output XGBoost 3.30 2.57 0.987
Solar PV Output LSTM 29.05 2536 —0.024

Total Renewable Energy LightGBM  4.66 3.63 0.988
Total Renewable Energy  XGBoost 4.75 370 0987

Total Renewable Energy LSTM 42.72 34.89 —-0.038
Wind Power Output XGBoost 3.26 2.51 0.987
Wind Power Output LightGBM 3.39 2.59  0.986
Wind Power Output LSTM 30.18 25.72 —0.083

The most striking observation from the results is the consistent and substantial performance gap
between the gradient boosting models and the LSTM network. While XGBoost and LightGBM
achieved R? values between 0.986 and 0.988 across all targets—indicating that these models
explained approximately 98.6% to 98.8% of the variance in renewable energy output—the LSTM
model produced negative R? values ranging from —0.024 to —0.083, signifying predictions that are
systematically worse than a naive mean baseline predictor. This represents a performance differential
of considerable magnitude, with the tree-based models demonstrating error rates approximately 8 to
10 times lower than those of the LSTM model.

3.1.2 Solar PV Output Forecasting

For solar PV output prediction, LightGBM achieved the best overall performance with an RMSE of
3.27, MAE of 2.54, and R? of 0.987. XGBoost performed nearly identically, recording an RMSE of
3.30, MAE of 2.57, and R? of 0.987. The marginal difference between these two models—a mere 0.03
units in both RMSE and MAE—falls well within the range of stochastic variation and suggests that
both models capture essentially the same predictive patterns in the solar PV data.

The near-perfect R? values of 0.987 for both tree-based models indicate that the engineered features
(time-based components, rolling averages, and lag features) collectively explain the vast majority of
variance in solar PV output. This is consistent with the strong diurnal and seasonal patterns inherent in
solar generation, where time-of-day and time-of-year features provide powerful predictive signals,
supplemented by lag features that capture day-to-day persistence in solar conditions.

In contrast, the LSTM model produced an RMSE of 29.05, MAE of 25.36, and an R? of —0.024 for
solar PV output. The RMSE is approximately 8.9 times larger than LightGBM's, while the negative R?
confirms that the LSTM's predictions carry less information than simply using the historical mean as a
constant forecast. The MAE of 25.36 indicates that, on average, each LSTM prediction deviates from
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the actual value by over 25 units, compared to approximately 2.5 units for the gradient boosting
models.
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Figure 2 Solar PV Output Trends Over Time

3.1.3 Wind Power Output Forecasting

Wind power output forecasting presented a slightly different competitive landscape between the two
tree-based models. XGBoost achieved the best performance for this target with an RMSE of 3.26,
MAE of 2.51, and R? of 0.987, marginally outperforming LightGBM, which recorded an RMSE of
3.39, MAE of 2.59, and R? of 0.986. While the performance difference remains small (0.13 units in
RMSE), XGBoost's slight edge in wind power prediction is noteworthy as it represents the only target
variable where XGBoost outperformed LightGBM.

The marginally superior performance of XGBoost for wind power output may relate to differences in
the tree growth strategies of the two algorithms. XGBoost's level-wise growth may produce more
balanced tree structures that generalize slightly better on the specific patterns present in wind power
data, which can exhibit more erratic variability compared to solar PV output due to the stochastic
nature of wind patterns [24].

The LSTM model again performed poorly for wind power output prediction, recording the worst R?2
value across all target variables at —0.083. The RMSE of 30.18 and MAE of 25.72 represent
prediction errors approximately 9.3 and 10.2 times larger than XGBoost's, respectively. The more
negative R? value for wind power compared to solar PV suggests that the LSTM struggled even more
with the inherently more variable wind generation patterns, which lack the strong deterministic
diurnal cycle present in solar data [24].
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Figure 3 Wind Power Output Trends Over Time

3.1.4 Total Renewable Energy Forecasting

Total renewable energy output, representing the aggregate of solar PV and wind power generation
(and potentially other renewable sources), exhibited slightly higher absolute error values for all
models compared to the individual source forecasts, as expected given the larger scale of the
aggregated variable. LightGBM achieved the best performance with an RMSE of 4.66, MAE of 3.63,
and the highest R? value observed in the entire study at 0.988. XGBoost followed closely with an
RMSE of 4.75, MAE of 3.70, and R2 of 0.987.

The marginally higher R? for total renewable energy (0.988) compared to individual sources (0.986—
0.987) suggests that the aggregation of multiple renewable sources may have a mild smoothing effect
on prediction residuals, as uncorrelated errors across different generation types partially cancel out
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when combined. This finding has practical significance, as it implies that aggregate renewable energy
forecasts may be inherently more reliable than individual source forecasts—a beneficial property for
grid operators who primarily need accurate total supply predictions.

The LSTM model's performance on total renewable energy was the worst in absolute terms, with an
RMSE of 42.72 and MAE of 34.89—the highest error values across all model-target combinations.
The R? of —0.038 further confirms the model's inability to produce meaningful forecasts. The larger
absolute errors reflect the larger scale of the aggregated target variable, while the negative R2
indicates that the fundamental inability of the LSTM to learn predictive patterns persists regardless of
whether individual or aggregated targets are modeled.

Total Renewable Energy (Scaled)
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Figure 4 Total Renewable Energy Trends Over Time

3.1.5 Best Model Identification

Based on the comprehensive evaluation across all metrics, with RMSE serving as the primary
selection criterion, the best-performing model for each target variable was identified as follows:

For solar PV output, LightGBM was selected as the optimal model, achieving the lowest RMSE
(3.27), lowest MAE (2.54), and an R? of 0.987. Its marginal advantage over XGBoost in this domain,
combined with LightGBM's generally faster training speed, makes it the recommended choice for
solar PV forecasting applications.

For total renewable energy, LightGBM again emerged as the superior model with an RMSE of 4.66,
MAE of 3.63, and the highest R? observed in the study (0.988). The consistency of LightGBM's top-
tier performance across both solar PV and total renewable energy targets suggests that its leaf-wise
tree growth strategy and gradient-based sampling mechanisms are particularly well-suited to capturing
the dominant patterns in these generation profiles.

For wind power output, XGBoost achieved the best performance with an RMSE of 3.26, MAE of
2.51, and R? of 0.987. This result indicates that while LightGBM generally excels, XGBoost's slightly
different algorithmic approach may offer advantages for certain types of energy generation patterns,
particularly those characterized by higher inherent variability.

Across all targets and metrics, the tree-based models demonstrated remarkably consistent
performance, with all R? values falling in the narrow range of 0.986 to 0.988 and all RMSE values
between 3.26 and 4.75. This consistency underscores the robustness and reliability of gradient
boosting approaches for renewable energy forecasting tasks.

3.2 Discussion

3.2.1 Superiority of Tree-Based Ensemble Models

The dominant performance of XGBoost and LightGBM over the LSTM network across all three
forecasting targets represents a significant empirical finding that aligns with a growing body of
evidence in the applied machine learning literature [25]; [26]. Several interrelated factors explain the
superior performance of tree-based ensemble methods in this particular forecasting context.

First, the nature of the input data plays a decisive role. The feature-engineered dataset used in this
study consists of structured, tabular data with well-defined numerical features—time components,
rolling statistics, and lag values. Gradient boosting decision trees are inherently designed to excel on
this type of data [27]; [28]. Each decision tree in the ensemble performs axis-aligned splits on
individual features, efficiently partitioning the feature space into homogeneous prediction regions.
This mechanism naturally handles features of different scales, distributions, and types without
requiring normalization or extensive preprocessing. The sequential boosting process allows the
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ensemble to progressively focus on difficult-to-predict observations, effectively learning complex
non-linear mappings from features to target values.

Second, the feature engineering pipeline provided the tree-based models with highly informative
predictive signals. Lag features directly encode autoregressive relationships, while rolling averages
capture local trends and momentum. Time-based features enable the models to learn deterministic
cyclical patterns. For tree-based models, these pre-computed features effectively substitute for the
temporal pattern recognition that sequential architectures like LSTM perform internally. Essentially,
the feature engineering pre-processes the temporal structure of the data into a format that is optimal
for tabular learning algorithms, enabling gradient boosting models to achieve exceptional
performance without needing to learn temporal representations from raw sequences.

Third, gradient boosting algorithms demonstrate strong performance even with moderate dataset sizes
[29]. Both XGBoost and LightGBM incorporate regularization mechanisms—including tree depth
constraints, minimum leaf sample requirements, learning rate damping, and column subsampling—
that collectively prevent overfitting and promote generalization [30]; [31]. These built-in safeguards
enable robust learning from datasets that may be insufficient for data-hungry deep learning
architectures [32].

The close competition between XGBoost and LightGBM, with performance differences of less than
0.15 RMSE units across all targets, suggests that both algorithms have effectively converged to near-
optimal solutions for these forecasting tasks. The marginal differences observed—LightGBM's slight
advantage for solar PV and total energy, XGBoost's advantage for wind power—Ilikely reflect subtle
interactions between each algorithm's tree growth strategy and the specific statistical properties of
each target variable rather than fundamental algorithmic superiority.

3.2.2 Analysis of LSTM Underperformance

The dramatically poor performance of the LSTM network, evidenced by negative R? values across all
targets, warrants careful analysis as it contradicts the common perception of deep learning as a
universally superior modeling paradigm. Several factors, operating individually and in combination,
likely contributed to this outcome.

Although formal statistical significance testing such as paired t-tests or Diebold-Mariano tests was not
conducted in this study, the consistently large performance gap between the gradient boosting models
and the LSTM model across all evaluation metrics strongly indicates a robust difference in forecasting
capability.

The most probable primary factor is insufficient dataset size relative to the model's capacity. LSTM
networks contain substantially more trainable parameters than gradient boosting models, including
weight matrices for each gate (input, forget, output), recurrent connections, and dense output layers
[33]. These parameters require large volumes of training data to learn meaningful representations
without overfitting to noise [34]. Research in the deep learning literature consistently demonstrates
that LSTMs and other recurrent architectures often require tens of thousands of training samples to
achieve competitive performance on many time-series forecasting tasks [35]. If the training dataset in
this study falls below this threshold, the LSTM may lack sufficient examples to learn robust temporal
representations, resulting in learned patterns that do not generalize to the test set.

A second contributing factor is likely suboptimal hyperparameter configuration. LSTM networks are
notoriously sensitive to architectural and training hyperparameters, including the number of LSTM
layers and units per layer, the sequence length (lookback window), learning rate and learning rate
schedule, batch size, number of training epochs, dropout rates for regularization, and the choice of
optimizer and its momentum parameters [36]. Unlike gradient boosting models, which often perform
reasonably well with default or near-default hyperparameters, LSTMs typically require extensive
hyperparameter search—often through grid search, random search, or Bayesian optimization—to
identify configurations that yield competitive performance [37]. Without such systematic tuning, an
LSTM may converge to a poor local minimum, produce unstable predictions, or fail to learn the
underlying temporal patterns entirely.

Third, the feature engineering approach, while highly beneficial for tree-based models, may have
introduced complications for the LSTM. LSTMs are designed to learn temporal features automatically
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from raw sequential data [38]. When pre-computed features such as lag values and rolling averages
are provided as inputs, the LSTM must learn to integrate both the raw temporal dynamics and the
engineered features, potentially adding redundancy or complexity to the learning process. In some
cases, providing raw, minimally processed sequences to LSTMs—allowing the network to learn its
own feature representations—yields better results than feeding heavily engineered features [39]; [40].
Fourth, the data preprocessing and normalization strategy may not have been optimally configured for
the LSTM architecture. Neural networks, including LSTMs, are sensitive to input feature scaling, and
improper normalization can lead to gradient instability, slow convergence, or convergence to
suboptimal solutions [41]. Additionally, the choice of sequence length (the number of consecutive
time steps provided as input at each prediction) critically affects LSTM performance. Too short a
sequence may not provide sufficient temporal context, while too long a sequence may introduce
irrelevant historical information that dilutes the predictive signal [42].

Additional diagnostic verification was conducted to ensure that the poor LSTM performance was not
caused by implementation bugs or evaluation inconsistencies. The preprocessing pipeline was
carefully reviewed, including feature normalization, sequence generation, tensor reshaping, and
inverse scaling procedures. All prediction outputs were transformed back to the original numerical
scale before RMSE, MAE, and R? calculations were performed. Furthermore, the tensor dimensions
used during training strictly followed the standard LSTM format of (samples, time steps, features).
These verification procedures indicate that the negative R? values originated from genuine model
underperformance rather than technical errors in the implementation pipeline.

It is important to emphasize that these results should not be interpreted as evidence that LSTM
networks are inherently unsuitable for renewable energy forecasting. Rather, they highlight the
substantial effort required to successfully deploy deep learning models for time-series prediction
tasks, particularly when dataset sizes are moderate. With larger datasets, comprehensive
hyperparameter optimization, more sophisticated architectures (such as bidirectional LSTMs,
attention mechanisms, or Transformer-based models), and careful feature selection, LSTM-based
approaches have demonstrated competitive or superior performance in numerous energy forecasting
studies published in the literature [43].

3.2.3 Training Stability and Loss Curve Analysis

To further investigate the poor performance of the LSTM model, additional diagnostic analysis was
conducted by monitoring the training and validation loss curves during the learning process. The
analysis showed that although the training loss gradually decreased over multiple epochs, the
validation loss remained unstable and fluctuated significantly. This behavior indicates weak
generalization capability and suggests that the model struggled to capture robust temporal patterns
from the available dataset.

The negative R? values obtained across all forecasting targets strongly suggest that the LSTM model
failed to learn sufficiently informative temporal representations. Several technical factors may have
contributed to this outcome. First, although approximately 10,000 observations were available, the
effective number of sequential training samples after sequence generation became considerably
smaller for deep learning optimization. Second, the highly engineered tabular feature structure—
including lag features, rolling statistics, and time-based variables—already encoded much of the
temporal information explicitly, thereby reducing the comparative advantage of sequence-based
architectures such as LSTM.

Additional verification was also performed on the preprocessing pipeline to ensure that the negative
R? results were not caused by implementation errors. Feature normalization and inverse scaling
procedures were validated before evaluation metric computation. Tensor reshaping was verified using
the standard three-dimensional LSTM input structure (samples, timesteps, features). Furthermore,
prediction outputs were successfully inverse-transformed into the original numerical scale prior to
RMSE, MAE, and R? calculation. These validation procedures confirm that the poor LSTM
performance was not caused by data leakage, tensor mismatch, or scaling inconsistencies, but rather
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by the incompatibility between the selected LSTM configuration and the structured tabular
characteristics of the dataset.
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Figure 7 Training and Validation Loss Curves for LSTM — Total Renewable Energy

As illustrated in Figures 5—7, the LSTM model exhibits an initially sharp decrease in training loss
during the first few epochs, after which the validation loss either fluctuates or plateaus at a higher
level than the training loss. This pattern is consistent with the negative R? values reported in Table 1
and confirms that early stopping was triggered before the model could achieve stable generalization.
The unstable behaviour of the validation loss, particularly visible for the Total Renewable Energy
target, further reinforces the conclusion that the LSTM configuration was not well-suited to the
structured tabular features used in this study.
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The findings therefore highlight an important practical insight: deep learning architectures are not
universally superior for all renewable energy forecasting problems. For structured datasets with
extensive feature engineering and moderate sample sizes, gradient boosting models such as XGBoost
and LightGBM may offer significantly better predictive performance, lower computational
complexity, and more stable generalization capability.

3.2.4 Practical Implications for Renewable Energy Forecasting

The findings of this study carry significant practical implications for energy industry stakeholders
considering the deployment of machine learning-based forecasting systems. The most immediate and
actionable conclusion is that gradient boosting models—specifically LightGBM and XGBoost—
represent highly effective, efficient, and reliable tools for renewable energy output forecasting when
working with structured, tabular datasets of moderate size.

For operational deployment, several advantages of tree-based models merit consideration beyond raw
prediction accuracy. Training and inference times for gradient boosting models are typically orders of
magnitude shorter than for deep learning models [44], enabling more frequent model updates and
rapid retraining when new data becomes available. The feature importance rankings provided by tree-
based models offer interpretability that is valuable for domain experts [45] seeking to understand
which factors most strongly influence generation forecasts. This interpretability facilitates trust in
model predictions and aids in identifying potential data quality issues or model drift over time.

The near-identical performance of XGBoost and LightGBM across all targets suggests that
practitioners can select between these two algorithms based on secondary considerations such as
training speed (where LightGBM generally excels [6], memory efficiency (an advantage of
LightGBM), existing organizational expertise, or integration requirements with existing software
systems. For most practical purposes, either algorithm will deliver comparable forecasting accuracy.
In practical IoT-enabled smart grid environments, computational efficiency is a critical consideration
because forecasting models may need to operate on distributed edge devices with limited hardware
resources and strict latency constraints. During experimentation, LightGBM demonstrated the fastest
training process and lowest computational overhead due to its histogram-based optimization and leaf-
wise growth strategy. XGBoost also maintained stable computational performance with relatively low
inference latency. In contrast, the LSTM model required substantially longer training times because of
iterative sequence processing and backpropagation operations. These findings further support the
suitability of gradient boosting models for real-time renewable energy forecasting applications in
intelligent smart grid infrastructures.

In addition to predictive accuracy, computational efficiency was also observed during
experimentation. LightGBM demonstrated the fastest training process among all models due to its
leaf-wise growth strategy and histogram-based optimization. XGBoost required slightly longer
training time but remained computationally efficient and stable. In contrast, the LSTM model required
significantly longer training time because of its iterative backpropagation process and sequence-based
computations. These findings indicate that gradient boosting methods are not only more accurate for
this dataset but also more practical for real-time renewable energy forecasting applications.

The superior accuracy demonstrated in this study—with errors in the range of 2.5 to 3.7 units (MAE)
and R? values exceeding 0.986—translates to meaningful economic benefits in operational contexts.
Accurate forecasts enable more efficient scheduling of dispatchable generation assets, reduced
procurement of expensive peaking power, better management of energy storage systems, and more
competitive participation in electricity wholesale markets [46]; [47].

3.2.5 Limitations of the Study
Computational efficiency analysis further supports the superiority of the gradient boosting models for

IoT and smart grid applications. During experimentation, LightGBM showed the fastest training time
and lowest memory utilization due to its histogram-based optimization and leaf-wise growth
mechanism. XGBoost required slightly higher computational resources but maintained stable
inference performance with low latency. Conversely, the LSTM model demanded substantially longer
training durations and greater memory allocation because of iterative sequence processing and
backpropagation operations. These differences are particularly important for edge computing
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environments, where hardware resources, communication bandwidth, and energy consumption are
often constrained.

Several limitations of this study should be acknowledged to contextualize the findings and guide
interpretation. First, the LSTM model was implemented with a relatively standard architecture and
limited hyperparameter optimization. A more exhaustive exploration of network architectures—
including stacked LSTM layers, bidirectional configurations, attention mechanisms, dropout
regularization, and systematic hyperparameter search—might yield substantially improved deep
learning performance. The results therefore represent a comparison between well-optimized gradient
boosting models and a baseline LSTM implementation rather than each method's theoretical
maximum performance.

Second, the study used a single dataset from a specific geographic and temporal context. The relative
performance of the three models may differ across datasets with different characteristics, including
larger sample sizes, different climate zones, different temporal resolutions, or different mixes of
renewable energy technologies. Generalization of these findings to other contexts should be
undertaken cautiously.

Third, the evaluation was based solely on point forecasts using standard accuracy metrics (RMSE,
MAE, R?). Probabilistic forecasting capabilities—the ability to estimate prediction uncertainty
intervals—were not assessed. In many operational contexts, uncertainty quantification is as valuable
as point forecast accuracy, and the relative strengths of tree-based and deep learning models in
probabilistic forecasting may differ from their point forecasting performance.

Fourth, external variables such as weather forecasts, satellite imagery, and atmospheric measurements
were not included as input features. The incorporation of such exogenous data could potentially
improve the performance of all models, particularly the LSTM, which might benefit from richer input
representations.

3.2.6 Future Research Directions

Several promising avenues for future research emerge from this study's findings and limitations. The
most immediate priority is a comprehensive optimization study of the LSTM architecture, employing
systematic hyperparameter search methodologies such as Bayesian optimization or neural architecture
search to identify configurations that maximize deep learning performance for renewable energy
forecasting. Such a study should also investigate the impact of input sequence length, feature selection
strategies, and data augmentation techniques on LSTM prediction accuracy.

The exploration of advanced deep learning architectures represents another high-priority direction.
Transformer-based models, which have revolutionized natural language processing [48] and have
shown promising results in time-series forecasting [49], offer an alternative sequential modeling
approach that may overcome some of LSTM's limitations. Self-attention mechanisms in Transformers
can capture long-range dependencies more effectively than recurrent architectures, potentially
yielding improved performance on energy generation data with complex seasonal patterns. Temporal
Convolutional Networks (TCNs) represent another noteworthy architecture that combines the
parallelizable training of convolutional networks with the ability to process sequential data through
dilated causal convolutions.

Hybrid and ensemble approaches that combine the strengths of tree-based and deep learning models
offer a particularly intriguing research direction. A stacking ensemble, for example, could use
gradient boosting models and neural networks as base learners, with a meta-learner that optimally
combines their predictions. Such approaches can potentially achieve better performance than any
individual model by exploiting the complementary strengths of different modeling paradigms—
gradient boosting's effectiveness on tabular features and deep learning's ability to learn complex
sequential representations.

The integration of exogenous weather data, satellite-derived irradiance measurements, and
atmospheric pressure fields as additional input features could significantly enhance forecasting
performance across all model types. Multi-modal learning approaches that combine tabular energy
generation data with spatial weather imagery represent a frontier in renewable energy forecasting that
leverages the unique capabilities of deep learning architectures.
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Finally, the development of online learning and adaptive forecasting systems that continuously update
model parameters as new data becomes available represents an important practical research direction.
Such systems could adapt to gradual changes in generation patterns caused by equipment aging, grid
topology changes, or long-term climate trends, maintaining forecasting accuracy over extended
deployment periods.

Transfer learning approaches, where models pre-trained on large datasets from one geographic region
or energy installation are fine-tuned for deployment at new sites with limited historical data, represent
another avenue with significant practical value. This approach could accelerate the deployment of
accurate forecasting systems for newly installed renewable energy facilities.

4. CONCLUSION

This study conducted a rigorous comparative evaluation of three machine learning and deep learning
models—XGBoost, LightGBM, and LSTM—for forecasting solar photovoltaic output, wind power
output, and total renewable energy production. The investigation employed identical data
preprocessing, feature engineering, chronological data splitting, and evaluation protocols across all
models to ensure a fair and meaningful comparison.

The results unequivocally demonstrate the superiority of gradient boosting methods for the renewable
energy forecasting tasks examined in this study. LightGBM achieved the best performance for solar
PV output (RMSE: 3.27, R% 0.987) and total renewable energy (RMSE: 4.66, R% 0.988), while
XGBoost excelled in wind power output prediction (RMSE: 3.26, R2: 0.987). Both tree-based models
demonstrated remarkably consistent performance across all targets, with R? values exceeding 0.986 in
every case. The LSTM network, in contrast, produced negative R? values across all targets (ranging
from —0.024 to —0.083), indicating predictions consistently worse than a simple mean baseline.

The performance disparity between gradient boosting and deep learning approaches is attributed to
several synergistic factors: the structured, tabular nature of the feature-engineered dataset aligns
naturally with tree-based learning mechanisms; gradient boosting algorithms are inherently robust
with moderate-sized datasets due to built-in regularization; and the extensive feature engineering
pipeline effectively encodes temporal patterns into a format optimized for tabular learning.
Conversely, the LSTM's underperformance likely stems from insufficient training data volume,
suboptimal hyperparameter configuration, potential redundancy between engineered features and the
network's internal temporal learning, and sensitivity to preprocessing choices.

These findings carry important practical implications. For operational renewable energy forecasting
with structured datasets of moderate size, gradient boosting models—particularly LightGBM and
XGBoost—represent the recommended approach, offering a compelling combination of prediction
accuracy, computational efficiency, training speed, and model interpretability. The choice between
LightGBM and XGBoost can be made based on secondary considerations, as both algorithms deliver
comparable forecasting performance.

However, these conclusions should not be generalized to dismiss deep learning for all energy
forecasting applications. With larger datasets, systematic hyperparameter optimization, advanced
architectures (such as Transformers or attention-enhanced LSTMs), and appropriate feature
engineering strategies, deep learning approaches have demonstrated competitive performance in
numerous published studies(Hamdoun, Sagheer and Youness, 2021, p. 12496). Future research should
prioritize comprehensive LSTM optimization, exploration of alternative deep learning architectures,
hybrid ensemble methods, integration of exogenous weather data, and development of adaptive online
learning systems to continue advancing the state of the art in renewable energy forecasting.

Additional diagnostic evaluation confirmed that the negative R? values produced by the LSTM model
were not caused by preprocessing errors, tensor reshaping issues, or scaling inconsistencies. Instead,
the findings indicate that the selected LSTM configuration was unable to generalize effectively on the
structured tabular dataset used in this study. This observation reinforces the conclusion that model
suitability is highly dependent on dataset characteristics, feature engineering strategies, and data
volume.

Overall, the study confirms that gradient boosting approaches, particularly LightGBM and XGBoost,
provide highly reliable and computationally efficient solutions for renewable energy forecasting in
IoT-enabled smart grid systems. Their low latency, reduced memory requirements, and fast inference
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capabilities make them highly suitable for deployment on distributed edge devices, loT gateways, and
intelligent network management platforms. These characteristics are essential for modern smart grids
that require real-time energy monitoring, adaptive communication, and efficient decision-making
across interconnected energy infrastructures.
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