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Abstract—Due to Earth’s limited resources and the escalating
impacts of climate change, the transition to green energy is
imperative. This work presents a machine-learning approach for
predicting surplus power in grid-connected photovoltaic mini-
grid systems, where fluctuating solar output can destabilize
the grid. We compare several forecasting models with the N-
BEATS model, including MLP, LSTM, GRU, TCN, Transformer,
CNN, CNN-LSTM, and XGBoost. Experimental results show
that N-BEATS outperforms other methods, achieving an RMSE
of 211.57, MAE of 19.16, MAPE of 0.27%, and an R? of
0.9937. The N-beats results demonstrate that its time series
decomposition and residual learning capabilities enable more
accurate predictions, ultimately supporting more efficient energy
management and grid stability.

Index Terms—Photovoltaic mini-grid systems, Machine learn-
ing, N-BEATS, Excess power prediction, Renewable energy,
Energy management, Deep learning, Time series forecasting,
Grid-connected PV systems.

I. INTRODUCTION

Amid dwindling natural resources and mounting challenges
from climate change and the greenhouse effect, the shift
toward renewable energy has become essential. This transition
addresses the pressing problems of environmental degradation,
excessive greenhouse gas emissions, and resource scarcity,
paving the way for sustainable development [1], [2]. Re-
newable energy is critical, given rising energy demands and
environmental challenges. Increased awareness of its eco-
nomic and environmental benefits has spurred a significant
rise in residential photovoltaic (PV) installations, supported
by policies like net metering that allow households to feed
excess energy back into the grid [3]. However, due to weather
and diurnal cycles, solar generation’s inherent variability
poses challenges for grid stability and energy management.
Unpredictable PV output can lead to overproduction during
high sunlight periods, risking grid instability and overloading
energy storage systems [4], [5], and underproduction during
low sunlight or high demand can strain the grid [6]. To address
these issues, this work employs advanced machine learning
techniques to predict excess power generation in PV mini-
grid systems [7]. It leverages a variety of advanced machine
learning architectures—including MLP, LSTM, GRU, TCN,
Transformer, CNN, CNN-LSTM, XGBoost, and N-BEATS; to
manage better and forecast erratic renewable energy outputs. A
major novelty of this research is its comprehensive comparison
of multiple machine learning models, highlighting the superior
performance of the N-BEATS model. This study provides
valuable insights into predictive accuracy and robustness,
aiding the optimization of energy storage and grid integration.
As more households adopt PV systems under net metering

policies, understanding these dynamics becomes essential for
policymakers and energy system designers in creating resilient,
sustainable grids. The main contributions of this work are as
follows: i) Comprehensive model evaluation: A comparative
analysis of advanced deep learning techniques, highlighting
N-BEATS’s superior performance in forecasting excess power;
and ii) Actionable system design insights: The study provides
critical perspectives on model performance, guiding the design
of resilient, efficient green energy systems.

II. METHODOLOGY

This section provides the proposed methodology. We define
the ML-based approach by first retrieving household power
consumption data from [8]. Initially, the household power
consumption data is loaded from the database and several
optimizations are performed. For instance, the timestamp field
is parsed into a datetime format and the data is sorted in
chronological order. In addition, extra-temporal features are
derived from the timestamp, such as the hour. A key step in
our methodology is the calculation of the net excess power to
the grid. First, the total consumption of fluctuating devices is
determined by computing for each device the mean power
consumption p = AVG(device) and the standard deviation
o = STDDEV(device). Devices with relatively low variability
(i.e., those for which ¢ < 0.60 x w) are defined as Con-
stant Power Devices, while those with higher variability are
classified as Fluctuating Power Devices. The net energy fed
to the grid is then calculated as the difference between the
generated photovoltaic energy and the total consumption of
the fluctuating devices, expressed as
Z Ci,

1 EFluctuating Devices

Net Energy = PV —

where PV represents the generated photovoltaic energy and
c¢; denotes the consumption of each fluctuating device. This
net energy value is then used to create a time series.
Following the computation of the net energy time se-
ries, sequences are generated with a 24-hour lookback and
a l-hour forecast horizon, resulting in a total of 339,480
records (14,145 sequences). Formally, given the time series
D = {x1,29,...,xN}, each sequence is defined as X; =
{zi, Tiy1, ..., Tipo3} With target y; = x; 4024, Where x; rep-
resents the net energy measurement at time ¢. This procedure
effectively generates a sliding window of input-output pairs
used to train forecasting models. Once the sequences have
been generated, they are chronologically divided into training
and testing datasets using an 80%—20% split. Robust scaling is
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Fig. 1: N-Beats Structure
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then applied to both the input features and the target variable to
mitigate the influence of outliers. The resulting preprocessed
data is used as input to various deep learning models such as
LSTM, GRU, Transformer, N-BEATS, and DeepAR, each of
which is optimized through Bayesian hyperparameter tuning
with Keras Tuner. During training, optimization techniques—
such as early stopping, learning rate reduction, and model
checkpointing—are employed to ensure robust performance
and prevent overfitting.

As depicted in Fig. 1, the network architecture of the
N-BEATS model begins with an input layer that accepts
sequences of shape (24,1). The input is flattened and then
processed by a fully connected (Dense) layer that outputs both
the Backcast and the first Forecast. The Backcast is subtracted
from the original input to compute the Residual, which is then
processed by a second Dense layer to generate an additional
Forecast. Finally, the Total Forecast is obtained by summing
the two Forecast outputs, yielding the 1-hour-ahead prediction.

Overall, this end-to-end methodology—from data retrieval
and preprocessing through calculating net energy, time series
sequence generation, data splitting, and device classification
to model optimization—lays a comprehensive foundation for
accurately forecasting the next hour’s excess fluctuating power
to the grid.

III. RESULTS AND ANALYSIS
We evaluated several models (MLP, LSTM, GRU, TCN,
Transformer, CNN, CNN-LSTM, XGBoost, and N-BEATS)
using RMSE, MAE, MAPE, and R? metrics (in Watt per
hour). As summarized in Table I, N-BEATS achieves the best
performance with an RMSE of 211.57, an MAE of 19.16, a
MAPE of 0.27%, and an RZ of 0.9937. In contrast, LSTM
and Transformer record much higher RMSE values (2740.96
and 4463.21, respectively), underscoring the advantage of
N-BEATS for predicting excess fluctuating power.
TABLE I: Performance Metrics for Various Models

Model RMSE MAE MAPE R?
MLP 279.5946  27.1866  0.30%  0.9891
LSTM 2740.9563 1496.8821 86.44% -0.0492
GRU 4633745  425.0102 10.88% 0.9700
TCN 2338.3603 1278.5005 73.61% 0.2364
Transformer 4463.2145 3938.0613 10.71% -1.7821
CNN 947.0377  898.5496 10.90% 0.8747
CNN-LSTM  585.6293  414.4483 11.24% 0.9521
XGBoost 24347758 2064.6270 0.79%  0.1721
N-BEATS 211.5664  19.1646  0.27%  0.9937

N-BEATS’ superiority is attributed to its unique architecture
that decomposes time series into interpretable components,

uses residual learning for iterative error refinement, and ef-
fectively captures non-linear dynamics. Figure 2 illustrates
the rapid and stable convergence of the training loss, demon-
strating efficient optimization compared to more conventional
models. The combination of these architectural and training
advantages results in significantly lower error metrics and a
near-perfect R? for N-BEATS, establishing it as the most
effective approach for forecasting excess fluctuating power in
this study.
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IV. CONCLUSION AND FUTURE WORK

In conclusion, the N-BEATS model outperforms other ad-
vanced forecasting models in predicting excess fluctuating
power, providing a robust solution for grid-connected power
prediction. Its architecture—featuring time series decompo-
sition, residual learning, and effective non-linear dynamics
capture—enables efficient error refinement and rapid conver-
gence during training. These characteristics minimize fore-
casting errors and pave the way for improved power flow
management and integration in real-time energy management
systems. Future work will further enhance model accuracy by
incorporating additional features such as weather data and real-
time grid conditions, as well as exploring ensemble techniques
to boost performance.
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