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multivariate model achieved the best performance, with the lowest error metrics
(MAE: 0.0275 kW, MSE: 0.0037 kW, RMSE: 0.0611 kW) and the highest
coefficient of determination (R? = 0.94), indicating strong predictive
accuracy for both short- and long-term horizons. Although the
Univariate LSTM model achieved the highest forecasting accuracy in
this study, the Multivariate LSTM model that integrates both weather
sensor and meteorological (MET) data proved to be the most practical
and applicable for real-world use. With performance metrics of MAE:
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1. Introduction

Malaysia offers a great potential for photovoltaic (PV) system installations, thanks to its tropical climate. The
country's annual temperature ranges from 24.9°C in January to 25.9°C in May, showcasing minimal seasonal
variation. Daily solar irradiation intensity spans between 4.7 and 6.5 kWh/m?, with peninsular Malaysia receiving
up to 1800 kWh/m? annually and East Malaysia slightly higher at 1900 kWh/m?, creating a strong opportunity to
expand PV installation systems [1]. Tenaga Nasional Berhad (TNB), Malaysia's primary energy supplier, and the
Malaysian Energy Commission (EC) introduced the LSS (Large Scale Solar) initiative, enabling LSS system
developers to generate electricity through solar PV systems and supply it to the grid [2]. This initiative has driven
many solar companies to establish solar farms, feeding the energy generated into the TNB grid. However,
integrating solar PV into TNB's power grids presents significant technical challenges. Solar energy generation is
inherently weather-dependent, with unpredictable climate variations leading to system instability [3]. These
challenges include frequent reverse power flow, overvoltage issues, inefficient utility planning, and subsequent
financial losses. To mitigate these risks and ensure reliable energy delivery while reducing financial losses, LSS
developers must implement accurate solar PV generation forecasting models for the grid system. This ensures
better system planning, stability, and optimized integration of renewable energy sources.

In recent years, Long Short-Term Memory (LSTM) networks have emerged as prominent deep learning (DL)
architecture for solar power forecasting, garnering substantial interest from researchers and practitioners in the
renewable energy domain. Hochreiter and Schmidhuber [4] proposed LSTM networks consist of an improved
version of Recurrent Neural Networks (RNNs), its designed especially to tackle issues such as the vanishing
gradient problem, which frequently limits the learning capabilities of traditional RNNs. In time-series forecasting
applications, where it is crucial to capture long-term relationships in sequential data, these difficulties are
especially significant. Solar power generation is inherently intermittent and influenced by dynamic
meteorological conditions such as solar irradiance, temperature, wind speed, and cloud cover. Due to the complex
and nonlinear nature of solar power data, traditional statistical models like Autoregressive Integrated Moving
Average (ARIMA) have demonstrated little efficacy in effectively estimation [5].

As a result, there has been an increasing focus on DL-based approaches. DL offers significant advantages for
solar power forecasting by effectively capturing complex, nonlinear relationships in multivariate and time-series
data. Models like LSTM, GRU, and CNN can automatically learn from past patterns, reducing the need for manual
feature engineering and improving forecast accuracy. LSTMs use gating mechanisms such as input, forget, and
output gates, which control the information flow inside the network. LSTMs are especially useful for time-series
forecasting in renewable energy applications because of these features, which enable them to selectively preserve
key long-term information while eliminating unnecessary elements. Their adaptability to various time intervals
and scalability across locations make them highly suitable for real-world solar energy applications, ultimately
supporting more reliable and efficient energy management [6].

Several studies have validated the superior performance of LSTM networks in solar power forecasting. For
example, Janice et al. [7], reported that DL model such as LSTM significantly outperformed traditional statistical
methods in predicting short-term solar power outputs by effectively learning and integrating exogenous features
such as temperature, humidity, and wind speed. Similarly, Mandal et al. in 2021 [8], compared univariate and
multivariate LSTM models for very short-term GHI forecasting. The findings revealed that LSTMs excelled in
addressing the complexities of time-series problems, particularly in capturing long-term dependencies. While
univariate models offered simplicity and computational efficiency, multivariate models provided enhanced
accuracy by incorporating exogenous variables. The trade-off between these approaches highlighted the
importance of model selection based on the specific requirements of forecasting scenarios.

Recently, Time series forecasting has recently seen a major increase in interest in the investigation of
sophisticated Long Short-Term Memory (LSTM) variations, such as bidirectional LSTM (Bi-LSTM) [9-10]. One of
the unique benefits of Bi-LSTMs is that they can analyze input sequences both forward and backward, giving a
thorough grasp of temporal relationships. Bi-LSTMs offer distinct advantages, namely process input sequences in
both forward and backward directions, providing a comprehensive understanding of temporal dependencies. This
bidirectional architecture has demonstrated its effectiveness in reducing forecasting errors over longer horizons
compared to benchmark model, as highlighted by Nadimi et al. [12]. However, the suitability of these architectures
depends on the nature and structure of the dataset. This study aims to systematically evaluate the performance of
univariate, multivariate, and bidirectional LSTM (Bi-LSTM) models for solar power forecasting. The dataset
utilized in this work comprises solar power generation data, weather sensor readings, and meteorological features
to assess the forecasting trends between actual and predicted values. Both univariate and multivariate LSTM
models are explored to evaluate their respective performances across different forecasting horizons. Our findings
will help identify the most suitable LSTM variant for solar power forecasting, balancing the need for computational
efficiency and predictive accuracy, thus advancing the field's understanding of deep learning applications in
renewable energy forecasting.
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2. Methodology

2.1 Data Collection and Data Pre-Processing

The data is categorized into three primary types. The first category comprises an 8 MWp solar energy dataset and
weather sensor data, including temperature and irradiance measurements obtained from Thermopile
Pyranometers. These data were collected from a solar farm owned by Gading Kencana Sdn Bhd, located in Ayer
Keroh, Malacca, at geographic coordinates 2.29301°N and 102.34285°E as shown in Fig. 1. The second category
consists of weather data sourced from the Malaysian Meteorological Department (MET Malaysia), specifically
from the Ayer Keroh station situated at geographic coordinates 2.25459°N and 102.24326°E, approximately 16.7
km from the Gading Kencana solar farm. The dataset was collected from the solar farm over the entire year of
2022, comprising daily records from January to December for power output, temperature, and irradiance dataset
as shown in table 1. Notably, the raw measurements were initially recorded at a high sampling rate of 0.05
seconds, and pre-processing data has been done for daily intervals to align with other input data. In contrast, the
weather data from MET Malaysia is provided at a daily resolution (sampling interval of 24 hours), which provides
additional environmental parameters include temperature, wind speed, humidity, global radiation, and cloud
cover (see table 1).

Fig. 1 8 MWp Gading Kencana Ayer Keroh solar farm overview [12]

Fig. 2 shows the heatmap of Pearson correlation coefficient matrix, the heatmap provides insights into the
relationships between various environmental factors and solar power generation. Strong positive correlations are
observed between daily total solar power and both irradiance (0.84) and global radiation (0.84), highlighting the
direct impact of sunlight on solar energy production. Temperature has a moderate negative correlation (-0.42),
suggesting that higher temperatures may slightly reduce solar power output. Similarly, cloud cover shows a
moderate negative correlation (-0.33), indicating that increased cloudiness reduces solar energy availability.
Humidity and wind speed also show minor negative correlations (-0.18 and -0.45, respectively), signifying their
lesser but still noticeable influence on solar power generation. These relationships provide valuable insights for
optimizing solar power forecasting and system management, emphasizing the importance of environmental
factors in solar energy production. This input selection, consisting of weather sensor data (wsensor) collected
from solar farm Malacca and both weather sensor (wsensor) and meteorological (met) data, will be used in the
Multivariate LSTM model to evaluate the model's accuracy. By incorporating these diverse datasets, the study
aims to assess the predictive performance of the Multivariate LSTM model, examining how different combinations
of input variables impact the accuracy of solar power forecasting.

Table 1 Input data from solar farm Malacca and MET Malaysia

Input Data Solar Farm Malacca MET Malaysia

Power from solar farm v

mean temperature v v
Irradiance v

Global Radiation v
Mean Surface Wind Speed v
Mean Relative Humidity v
Cloud Cover v

In this study, the univariate LSTM model utilized historical solar power generation (MW) data from 2022, the
data interval was set to 10 minutes between each data. A time step of 144 was set to capture daily cycles, and the
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data was scaled using MinMaxScaler for normalization. The architecture consisted of a single LSTM layer with 64
hidden units, followed by a dense output layer. The model was trained for a maximum of 200 epochs using the
Adam optimizer with an initial learning rate of 0.001 and Mean Squared Error (MSE) as the loss function. To
prevent overfitting, an EarlyStopping mechanism was applied, monitoring the validation loss with a patience of
10 epochs. Additionally, a horizon LSTM model was developed to predict solar power at multiple short-term
intervals (10 minutes to 5 hours ahead). The architecture was optimized similarly to the univariate LSTM model
for short-term forecasts.

Correlation Matrix Heatmap

1.0

0.8

- 0.6

-04

- 0.2

- 0.0

Fig. 2 Heatmap of Pearson correlation coefficient matrix

For developing the multivariate LSTM-based solar power forecasting model involved selecting relevant
meteorological and sensor data variables, including solar power output, irradiance, panel temperature, ambient
temperature, relative humidity, wind speed, global radiation, and cloud cover. Data cleaning, linear interpolation
and normalization was used as data pre-processing in this experiment. Linear interpolation is applied to all
numeric columns in the dataset to fill any missing values. Normalization to a [0, 1] range has been set using
MinMaxScaler to improve model convergence [14]. The dataset was split into training (70%) and testing (30%)
subsets, and a sliding window technique with a time_steps value of 144 captured temporal dependencies over 10-
minute intervals. The architecture of LSTM model consists of several layers, including an initial LSTM layer with
64 units returning sequences, a dropout layer with a 20% rate to prevent overfitting, 32 units of second LSTM
layer and a single unit of dense output layer for predictions. Using the Adam optimizer (learning rate: 0.002), the
model stopped early and would cease training after 10 epochs if validation loss did not improve while maintaining
the optimal weights. With a 10% validation split and a batch size of 32, the model was trained across 200 epochs.

Then, all models were evaluated based on standard performance metrics, including Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of
determination (R?) [15]. Visual comparisons of predicted versus actual solar power values were presented using
line plots and scatter plots to assess the models' accuracy. This is the test environment: The Intel(R) Core(TM) i7-

Penerbit
UTHM



272 Int. Journal of Integrated Engineering Vol. 17 No. 6 (2025) p. 268-279

6820HQ CPU runs at 2.70 and 2.71 GHz and has 32.0 GB of RAM (31.9 GB of usable RAM). The operating system is
Windows 11 Pro. Keras, a deep learning framework built on top of Python 3.7, is used for all model development
and performance assessments.

2.2 Long Short-Term Memory (LSTM)

An LSTM network is composed of multiple memory blocks, commonly referred to as cells. Fig. 3 shows schematic
and topological representation of LSTM and Bi-LSTM model. The schematic of the LSTM unit (a) highlights its key
components, including the forget gate (f2), input gate (ic), candidate cell state (C,), cell state (Ct), and output gate
(0t). These gates work together to regulate the flow of information, enabling the LSTM to retain or forget
information as needed, addressing the vanishing gradient problem often encountered in traditional recurrent
neural networks. The forget gate decides what information to discard from the cell state, while the input gate
determines what new information to store. The cell state (C:) is updated by combining retained information with
new candidate states, and the output gate controls what part of the cell state is passed as the hidden state (h:).

The following formulas define an LSTM's gating mechanism [6];

it =o(Wix, + Uth,_, + bY) (1)
fi=oW'x,+U h_; + b)) (2)
0, =o(W°x, +U°h,_; +b°) (3)
C, = tanh(W9x, + U9h,_, + b9 4)
Ct:ft®Ct—1+it®€t (5)
h; = o, Q tanh(c;,) (6)
where:
i; : The input gate
fi : The forget gate
0 : The output gate at time step t
C, : The new memory cell vector
h; : The hidden state
o : The sigmoid function
W,U :Parameter matrices
® : The Kronecker product (entry-wise product).
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Fig. 3 Schematic and topological representation of LSTM and Bi-LSTM model [15]

The topological structure of the LSTM (b) shows how data flows sequentially through the network in a
unidirectional manner, with inputs processed at each time step and passed forward. This structure is effective for
time-series forecasting tasks, where only past data is relevant. The Bi-LSTM topology (c), on the other hand,
captures dependencies from both past and future contexts by processing data both forward and backward.
Combining the results from the two directions, Bi-LSTM networks excel in tasks that require understanding the
entire sequence, such as text sentiment analysis or language modeling. While Bi-LSTM networks are
computationally more expensive, they provide a richer understanding of sequential data compared to
unidirectional LSTMs. This comprehensive visualization effectively highlights the mechanics and applications of
LSTM-based architecture.

3. Results and Discussion of the Simulation

The current study evaluates the performance of several LSTM-based models for short-term solar power
forecasting using both univariate and multivariate datasets. Specifically, four models were compared which are
Univariate LSTM, Multivariate LSTM using only weather sensor data (Wsensor), Multivariate LSTM incorporating
both weather sensor and MET Malaysia data (Wsensor+MET), and a Bidirectional LSTM (Bi-LSTM) model. As
shown in Table 2, the Univariate LSTM model achieved the best overall performance, recording the lowest Mean
Absolute Error (MAE) of 0.0275 kW, Mean Squared Error (MSE) of 0.0037 kW, and Root Mean Squared Error
(RMSE) of 0.0611 kW. These results indicate the model’s strong capability in capturing temporal dependencies
using only past solar output data, without relying on additional input features.

In comparison, the Multivariate LSTM (Wsensor) model, which included weather sensor data from solar farm
as additional inputs, demonstrated slightly lower performance, with MAE, MSE, and RMSE values of 0.0379,
0.0046, and 0.0680 respectively. While these metrics reflect good predictive capability, they also suggest that the
added sensor data may have introduced redundancy or noise that reduced the model’s forecasting precision.
Nevertheless, the inclusion of contextual weather information allowed the model to generalize reasonably well to
the test data.

Further experimentation using the Multivariate LSTM (Wsensor+MET) model, which is combining weather
sensor and meteorological data led to marginal improvement in performance, compared to Multivariate LSTM
(Wsensor) model. This model recorded an MAE of 0.0375, MSE of 0.0044, and RMSE of 0.0664. The addition of
meteorological parameters such as temperature, humidity, and irradiance likely enhanced the model’s ability to
capture external influences on solar generation. However, the performance gain was modest, indicating that
improvements may be constrained by the quality or relevance of the added variables.

The Bi-LSTM model, which was trained using the same combined input data (Wsensor+MET), performed the
weakest among all four models. It registered the highest error metrics, with MAE, MSE, and RMSE values of 0.0408,
0.0052, and 0.0720 respectively. Although Bi-LSTM theoretically benefits from learning both forward and
backward temporal dependencies, the results suggest that this added complexity may have led to overfitting or
difficulty in learning from the available data. The deviation between predicted and actual values was more
pronounced, indicating that the model may not have been well-suited for the characteristics of this dataset.

These findings suggest that, within the context of this study, the Univariate LSTM was the most effective model
for solar power forecasting, likely due to the strong temporal correlations in the solar power output data. This
supports previous research by Rahman et al. in 2023 [2], who found that univariate LSTM models can outperform
multivariate models when additional inputs introduce noise or do not contribute meaningful variance. Similarly,
Limouni et al. in 2022 observed that univariate models perform well in environments with stable weather
conditions, where historical output alone can provide a reliable forecast [17].

Table 2 Evaluation of error matric for Univariate, Multivariate LSTM (Weather sensor data only), Multivariate
LSTM (Weather sensor data and MET daily data), and Bi-LSTM model

Penerbit
UTHM



274

Int. Journal of Integrated Engineering Vol. 17 No. 6 (2025) p. 268-279

Model MAE (kW) MSE (kW) RMSE (kW)
Univariate LSTM 0.0275 0.0037 0.0611
Multivariate LSTM (Wsensor) 0.0379 0.0046 0.0680
Multivariate LSTM (Wsensor+MET) 0.0375 0.0044 0.0664
Bi-LSTM 0.0408 0.0052 0.0720

Nevertheless, although the multivariate LSTM models were inferior to the Univariate LSTM in terms of
forecasting accuracy in this study, they remain the preferred choice in many industrial applications. This
preference islargely due to their ability to incorporate dynamic weather-related variables such as solarirradiance,
temperature, wind speed, and humidity, which are essential for forecasting under real-world conditions with high
variability. These inputs help enhance model adaptability and robustness in operational settings, especially where
solar output is heavily influenced by changing environmental factors.
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Fig. 5 Histogram, scattered graph and epoch graph for (a) Univariate LSTM; (b) Multivariate LSTM (Wsensor);
(c) Multivariate LSTM (Wsensor+MET); (d) Bi-LSTM

Based on the visual observations from Fig. 4, several insights can be drawn that support the quantitative
findings previously discussed. The figure presents the actual versus predicted solar power output for four models
which are Univariate LSTM, Multivariate LSTM using weather sensor data (Wsensor), Multivariate LSTM with
both weather sensor and MET Malaysia data (Wsensor+MET), and Bi-LSTM. Among these, the Univariate LSTM
model (Fig. 4a) shows the closest match between the predicted and actual values, with minimal deviation
throughout the test period. The predicted curve closely follows the actual solar output, particularly during high
generation periods, confirming the model’s low error values (MAE = 0.0275, MSE = 0.0037, RMSE = 0.0611). This
visual alignment further supports its superior performance in capturing temporal patterns using only past solar
output data.

In contrast, the Multivariate LSTM (Wsensor) model (Fig. 4b) also follows the general trend of the actual
output but with slightly more deviation, especially during sharp rises and peaks. The predicted line appears
smoother, which may indicate that the additional sensor data introduced some redundancy or noise. This aligns
with the slightly higher error metrics (MAE = 0.0379, RMSE = 0.0680) compared to the univariate model. Fig. 4c,
which illustrates the Multivariate LSTM (Wsensor+MET), shows a marginal improvement in tracking the actual
values compared to the sensor-only model. The inclusion of meteorological data, such as temperature and
humidity, likely contributed to a better understanding of external influencing factors, which is consistent with its
improved MAE (0.0375) and RMSE (0.0664).

Lastly, the Bi-LSTM model (Fig. 4d) demonstrates the weakest performance among all models. The predicted
values show noticeable deviations from the actual output, particularly during peak solar periods, suggesting that
the model struggled to generalize well. This is in line with its highest error metrics (MAE = 0.0408, RMSE =
0.0720). Although Bi-LSTM is designed to capture both past and future dependencies in sequence data, its added
complexity may have led to overfitting or poor adaptation to the dataset’s characteristics. Overall, the graphical
results in Fig. 4 visually reinforce the numerical findings, the Univariate LSTM outperforms the others in accuracy,
while the multivariate models, despite being slightly less accurate, its remain relevant for real-world applications
due to their ability to handle varying weather conditions.

Fig. 5 shows scattered plot, epoch-loss curve and histogram graph for actual versus predicted value. Starting
with the scattered plots, the Univariate LSTM model (Fig. 5a) shows the strongest correlation between actual and
predicted values, with an R? value of 0.94, indicating that 94% of the variance in solar power output is well
captured by the model. This high R? value reflects the superior performance observed earlier in Fig. 4, where the
Univariate LSTM closely tracked the actual solar power trend. In comparison, both the Multivariate LSTM models
(Wsensor and Wsensor+MET) show slightly lower R? values of 0.92 (Fig. 5b and 5c¢), while the Bi-LSTM model
(Fig. 5d) has the lowest R? value of 0.91. These findings align with the prior error metrics (MAE, RMSE) discussed,
reinforcing that the Univariate model remains the most accurate for this dataset.

An R? value indicates how well a model's predicted values match the actual observed values. In regression
models such as LSTM used for solar power forecasting, an R? of 0.80 or higher is generally accepted as a
benchmark for good performance, as it means that at least 80% of the variance in the output is explained by the
input features. In this study, all models achieved R? values above 0.90, demonstrating very strong predictive
performance. This finding aligns with recent literature, which considers R? values exceeding 0.80 as reliable for
accurate forecasting in solar energy applications [18].

Moving to the epoch-loss graphs, the Univariate LSTM again demonstrates stable and low training loss across
30 epochs, indicating good convergence and minimal overfitting. The Multivariate LSTM (Wsensor) converged
quickly within the first five epochs but displayed higher and less stable loss compared to the univariate model.
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The addition of MET data (Fig. 5c) appears to slightly improve loss stabilization over more epochs. Meanwhile,
the Bi-LSTM model shows relatively higher loss values during training and slower convergence, consistent with
its inferior prediction accuracy observed in both the scattered plot and Fig. 4. This highlights that added model
complexity like bidirectionality may not always yield better results in time-series solar data with clear
unidirectional trends.

Finally, the histograms comparing the first five rows of actual and predicted values confirm the overall
performance trends observed in the other two graphs. The Univariate LSTM (Fig. 5a) again shows minimal
deviation between actual and predicted bars, while the multivariate and Bi-LSTM models display slightly more
mismatch, especially for row indices 2 and 3. Although this histogram only samples a small portion of the dataset,
it reinforces the general trend, thus simpler architectures like univariate LSTM can be highly effective when
historical solar output dominates the forecast influence.

Then, the performance of the Univariate LSTM, Multivariate LSTM (Weather sensor), and Multivariate LSTM
(Weather sensor + MET) models was assessed across multiple forecasting horizons ranging from 10 minutes to 5
hours. The models were evaluated based on MAE, MSE, normalized RMSE (nRMSE), and R?, providing insights into
their forecasting accuracy over time. Table 3 shows the error metrics analysis of the models across different
horizons, its reveals distinct performance characteristics for the Univariate LSTM, Multivariate LSTM (Weather
Sensor), and Multivariate LSTM (Weather Sensor and MET Data). The Univariate LSTM model demonstrated
consistent performance across all forecasting horizons, which is better compared to previous reported [2]. The
MAE remained stable at 0.0297, and the MSE slightly decreased from 0.0039 at 10 minutes to 0.0036 at 5 hours.
The nRMSE showed a small improvement over longer horizons, reducing from 0.0626 to 0.0599. Additionally, the
RZ metric increased slightly from 0.93 at shorter horizons to 0.94 at longer horizons, indicating strong predictive
accuracy over extended time periods. The stable performance across horizons suggests that the Univariate LSTM
model effectively captures the temporal patterns in the data, maintaining accuracy even for long-term forecasts.

The Multivariate LSTM (Weather sensor) model exhibited better performance than the Univariate LSTM for
shorter horizons, with an MAE of 0.0282 at 10 minutes compared to 0.0297 for the Univariate LSTM. The MSE and
nRMSE also improved slightly, with the MSE decreasing from 0.0038 at 10 minutes to 0.0034 at 5 hours. The R2
metric remained consistently high, increasing from 0.93 to 0.94 as the forecast horizon extended. This model's
performance suggests that incorporating weather sensor data improves short-term forecasts and provides
competitive accuracy for long-term horizons. Its slight advantage over the Univariate LSTM in short horizons
highlights the value of sensor data for capturing fine-grained variability in solar power output. The Multivariate
LSTM (Weather sensor + MET) model showed mixed performance across horizons. For shorter horizons, it
exhibited competitive accuracy, with an MAE of 0.0327 and an MSE of 0.0045 at 10 minutes.

Table 3 Evaluation matrix of univariate and Multivariate LSTM model’s error for multi-time horizons
Univariate LSTM
Horizon 10min 20min 30min 40min 50min 1hour 2hour 3hour 4hour 5hour
MAE (kW) 0.0297 0.0297 0.0297 0.0297 0.0297 0.0297 0.0297 0.0297 0.0297 0.0297
MSE (kW) 0.0039 0.0038 0.0038 0.0037 0.0037 0.0037 0.0037 0.0036 0.0036 0.0036
nRMSE (kW) 0.0626 0.0619 0.0616 0.0611 0.0612 0.0610 0.0610 0.0597 0.0600 0.0599

R2 0.93 0.93 0.93 0.93 0.93 0.93 0.93 0.94 0.94 0.94
Multivariate LSTM (Weather sensor)
Horizon 10 min 20min 30min 40min 50min 1lhour 2hour 3hour 4hour 5hour

MAE (kW) 0.0282 0.0272 0.0267 0.0273 0.0275 0.0262 0.0268 0.0264 0.0266 0.0266
MSE (kW) 0.0038 0.0038 0.0037 0.0037 0.0036 0.0036 0.0036 0.0036 0.0034 0.0034
nRMSE (kW)  0.0620 0.0612 0.0609 0.0608 0.0604 0.0602 0.0602 0.0596 0.0587 0.0584

R2 0.93 0.93 0.93 0.93 0.93 0.94 0.94 0.94 0.94 0.94
Multivariate LSTM (Weather sensor and MET data)
Horizon 10 min 20min 30min 40min 50min 1lhour 2hour 3hour 4hour 5hour

MAE (kW) 0.0327 0.0376 0.1040 0.0337 0.0436 0.0542 0.0331 0.0522 0.0515 0.0561
MSE (kW) 0.0045 0.0043 0.0223 0.0040 0.0053 0.0080 0.0040 0.0074 0.0062 0.0070
nRMSE (kW) 0.0668 0.0658 0.1495 0.0631 0.0725 0.0895 0.0634 0.0862 0.0789 0.0840
R? 0.92 0.92 0.60 0.93 0.91 0.86 0.93 0.87 0.89 0.87

However, performance deteriorated significantly for intermediate horizons, such as at 30 minutes, where the
MAE increased to 0.1040 and the Rz dropped sharply to 0.60. For longer horizons (e.g., 2 hours), the model
regained some of its predictive power, achieving an R2 of 0.93 and a relatively low MAE of 0.0331. This variability

Penerbit
UTHM



278 Int. Journal of Integrated Engineering Vol. 17 No. 6 (2025) p. 268-279

indicates that while the inclusion of meteorological data enhances the model's ability to capture external factors,
it may introduce complexity or noise that affects performance at certain horizons. The inconsistent results
highlight the importance of optimizing input feature selection and addressing overfitting or data quality issues for
robust performance across all forecast horizons. The Univariate LSTM demonstrated the most stable performance
across all forecast horizons, making it a reliable choice for consistent predictions. The Multivariate LSTM (Weather
sensor) provided slightly better accuracy for shorter horizons, leveraging sensor data to capture finer temporal
details. However, the Multivariate LSTM (Weather sensor + MET) exhibited inconsistent performance, with
significant degradation at intermediate horizons, likely due to the added complexity of meteorological inputs. This
highlights the trade-off between incorporating additional features and maintaining model accuracy. For scenarios
requiring stable and accurate predictions across both short and long horizons, the Univariate LSTM is the most
reliable choice. However, for applications prioritizing short-term accuracy, the Multivariate LSTM (Weather
sensor) is a better alternative. While the Multivariate LSTM (Weather sensor + MET) shows promise, its
application would benefit from further refinement in feature engineering and model tuning to address
performance variability.

4. Conclusion

This study comprehensively evaluated the performance of LSTM-based models for solar power forecasting using
both univariate and multivariate datasets across varying forecasting horizons. Among the models, the Univariate
LSTM demonstrated superior and consistent performance across all horizons, achieving the lowest error metrics
and the highest R? value (0.94). Its simplicity and ability to effectively capture temporal patterns without the need
for additional input variables make it a reliable choice for scenarios requiring stable and accurate predictions
across short and long-term horizons. The Multivariate LSTM models, incorporating weather sensor data
(Wsensor) and meteorological data (Wsensor + MET), offered valuable insights into the role of additional input
variables. The Multivariate LSTM (Wsensor) showed slightly better accuracy for short-term forecasts by
leveraging sensor data to capture fine-grained variability, while the Multivariate LSTM (Wsensor + MET) exhibited
marginal improvements over its Wsensor counterpart. However, the added complexity of meteorological inputs
introduced variability in performance, particularly at intermediate horizons, underscoring the need for careful
feature selection and model tuning to optimize predictive accuracy.

In contrast, the Bi-LSTM model, which considers both forward and backward dependencies in sequence data,
recorded the highest error metrics and the lowest R* value (0.91). Its complexity may have led to overfitting or an
inability to generalize effectively with the given dataset, suggesting that bidirectional learning might not be
beneficial for datasets of this size and nature. Overall, the results emphasize that the Univariate LSTM is the most
robust and reliable model for solar power forecasting using this dataset, especially for consistent and accurate
predictions. However, in industrial practice, weather plays a crucial role in capturing solar power output, making
Multivariate LSTM models the most practical choice. Although Multivariate LSTM models may perform slightly
worse than Univariate LSTM models, they still demonstrate great potential, especially for short-term horizons or
when detailed input data is available, thus further research is needed to refine these approaches. The findings
providing valuable guidance for selecting appropriate models based on specific forecasting requirements and
dataset characteristics.
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