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 Accurate day-ahead photovoltaic (PV) power forecasting is essential for 

effective energy management and grid balancing. This study proposes a 

Bayesian-optimized long short-term memory (LSTM) network for day-

ahead PV power prediction. The model was evaluated using a PV-

meteorological time-series dataset collected from a 500-kWp grid-connected 

PV installation in Mosul, Iraq, between January 1, 2021 and December 31, 

2023 at an hourly sampling interval. After data-quality screening, 25,842 

valid synchronized observations were retained from 26,280 timestamps. 

Each forecasting sample used the previous 24 hours of PV power, solar 

irradiance, ambient temperature, relative humidity, wind speed, and temporal 

indicators to predict the subsequent 24-hour PV power profile. The data 

were divided chronologically into training, validation, and independent test 

subsets. Preprocessing included duplicate removal, missing-value treatment, 

IQR-based outlier handling, temporal alignment, and min-max normalization 

fitted only on the training subset. Bayesian optimization tuned the LSTM 

architecture and training hyperparameters, while a hybrid MSE-MAE loss 

balanced large deviations and overall error. The proposed model achieved an 

MAE of 15.2 kW, an RMSE of 20.5 kW, a MAPE of 8.3%, and an R² of 

0.93, outperforming linear regression and autoregressive integrated moving 

average (ARIMA) under the evaluated conditions. 
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1. INTRODUCTION 

The energy sector is experiencing a fast-moving transformation, where the reduction of greenhouse 

gases (GHG) and the switch from carbon-intensive power-generation systems to cleaner and more 

sustainable alternatives drive the revolution. The energy sector is in a state of accelerated transformation, 

with the focus on reducing GHG emissions and replacing carbon-intensive power generation systems with 

clean and sustainable alternatives. Solar PV generation has been a hot topic, as the energy from the sun is 

omnipresent, the environmental impact of solar PV is relatively low, and the costs of deployment are still 

falling. But there are challenges that occur when PV panels are integrated on a large scale, as sunlight is 

intermittent and very weather-sensitive [1], [2]. 

PV output is influenced by solar irradiance, cloud cover, ambient temperature, relative humidity, 

wind speed, seasonal variation, and local geographical conditions [3]. Rapid changes in these variables can 

produce substantial fluctuations in generated power, increasing uncertainty in generation scheduling and grid 

balancing. Accurate day-ahead PV forecasting is therefore important for storage scheduling, demand–supply 
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balancing, reserve allocation, and secure renewable-energy integration [4]. Reliable forecasts are also useful 

for smart-grid operation, demand-response programs, energy trading, and long-term planning. 

The forecast of PV power is still challenging due to the nature of the underlying time series, which 

is nonlinear and non-stationary, weather-dependent, and shows daily and seasonal fluctuations. The 

traditional methods are persistence, autoregressive models, autoregressive integrated moving average 

(ARIMA), physical models, and numerical weather prediction (NWP) [5]. While persistence is inexpensive 

to compute, there are large errors when weather rapidly changes. Physical and NWP-based models can be 

used for longer time scales, yet they depend on accurate meteorological data, need careful configuration, and 

take up a lot of computational resources [6]. These limitations have encouraged data-driven forecasting 

approaches. Support vector machines, random forests, and artificial neural networks can learn nonlinear 

relationships between meteorological inputs and PV output [7], [8]. Figure 1 illustrates conceptual structures 

of support vector regression and a feedforward neural network used in conventional PV forecasting. 
 
 

  
(a) (b) 

 

Figure 1. Conceptual structures of (a) support vector regression and (b) a feedforward artificial neural 

network used in conventional PV power forecasting 
 

 

While traditional machine learning models can make accurate predictions, many of the process 

observations are taken as independent samples and do not explicitly account for the temporal dependence. 

Recurrent neural networks (RNNs) represent sequential information by means of recurrent hidden states [9]. 

Long short-term memory (LSTM) networks are an extension of recurrent models with the addition of 

memory cells and input, forget, and output gates, which makes it possible to store the relevant information 

for longer periods of time [10], [11]. In general, the LSTM sequence model is presented in Figure 2. 
 
 

 
 

Figure 2. General LSTM sequence-model architecture 
 

 

LSTM-based PV forecasting still faces two important challenges. First, PV and meteorological 

records may contain missing timestamps, duplicate records, sensor noise, communication failures, and 

physically invalid values. Without appropriate preprocessing, such defects can degrade forecasting 

performance [7]. Second, LSTM accuracy depends strongly on architectural and training hyperparameters, 

including the number of recurrent layers, units per layer, learning rate, dropout rate, batch size, and input-

window length. Manual tuning is subjective, while exhaustive grid search can become computationally 

expensive. Bayesian optimization addresses this limitation by using a probabilistic surrogate model and an 

acquisition function to select promising configurations [12]. In this work, a hybrid loss function combining 
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mean squared error (MSE) and mean absolute error (MAE) is used, along with a multivariate LSTM 

forecasting model and a Bayesian optimization method. The evaluation of the framework is performed with 

the PV–meteorological data recorded during 3 years at a 500-kWp grid-connected PV system deployed in 

Mosul city, Iraq, at the hourly level. The framework has been evaluated using PV–meteorological data 

recorded for 3 years at a 500-kWp grid-connected PV system installed in Mosul city, Iraq, at an hourly time 

scale. The historical PV power is combined with solar irradiance, ambient temperature, relative humidity, 

wind speed, and temporal indicators. It is not about introducing new individual algorithms such as LSTM or 

Bayesian optimization but about combining direct 24-step multi-variable forecasting, leakage-aware 

chronological preprocessing, systematic optimization of the most important architectural and training 

parameters, and hybrid MSE–MAE learning in one forecasting framework that is reproducible. 

 

 

2. RELATED WORK 

As solar power becomes a more prominent part of energy systems, forecasting PV generation has 

emerged as a critical part of grid operations, storage planning, reserve scheduling, and generation planning. 

Previous works range from statistical, physical, machine-learning, and deep-learning methods. It is often 

challenging to directly compare the results from published studies due to variations in geographic area, PV 

capacity, sampling time, forecast horizon, input variables, and normalization methods. 

 

2.1.  Early approaches to PV forecasting 

Early forecasting studies relied mainly on historical irradiance and power-generation time series 

[13]. Persistence models make predictions for future generations based on the current value or a similar value 

from a prior point in time. They do not involve much computation, but their accuracy becomes poor if the 

meteorological conditions change quickly [5]. Temporal autocorrelation, trend, and periodic behavior can be 

represented by ARIMA and seasonal ARIMA models, respectively, and have been able to forecast short-term 

values under stable conditions with satisfactory results [14]-[16]. Their performance is, however, dependent 

on the selection of the order and proper treatment of stationarity, but they might not fully describe a nonlinear 

response and sudden changes in the irradiance. The linear and multiple-regression models have the 

advantages of interpretability and low computing cost, but lack the ability to establish a linear model to 

describe the complex interactions between PV and weather. 

 

2.2.  Physical and numerical weather prediction models 

Physical forecasting methods involve estimating the PV output using equations from the 

atmosphere, solar geometry, module characteristics, and NWP information. NWP products can be provided 

to PV-performance models for medium- and long-range prediction [17]. These methods are physically based 

and rely on accurate initial conditions, boundary data, local weather data, and system specifications. They are 

also difficult to compute and cannot be configured easily [18]. Their accuracy will be reduced if the 

conditions in the regions for which the NPWs are computed are not representative of the local conditions of 

the cloud and irradiance, especially in the case of distributed PV. 

 

2.3.  Machine-learning approaches in PV forecasting 

Non-linear relationships can be learnt from the historical PV and meteorological data using 

machine-learning methods [19], [20]. Solar radiation and PV generation forecasting have been attempted 

using artificial neural networks (ANN), support vector machines (SVM), random forests (RF), and gradient 

boosting (GB) [20], [21]. Many of the traditional approaches process observations independently and fail to 

explicitly model the temporal ordering of the process. Lagged variables can be manually entered, but may not 

sufficiently describe longer dependencies. Yet another difficulty arises when the hyperparameters of the 

network architecture and the training procedure are tuned by hand, grid search, or random search, which is 

inefficient when multiple parameters need to be optimized at once. 

 

2.4.  LSTM networks and hyperparameter optimization 

LSTM networks are a type of recurrent network with memory cells and gating mechanisms that 

regulate the flow of information over time [11], [22]. Time series forecasting for hourly and day-ahead solar 

forecasting has been performed successfully using appropriately configured LSTMs [23]-[25]. Their 

accuracy nevertheless depends on the dataset, climatic conditions, feature set, forecast horizon, and 

evaluation protocol. LSTM performance is also sensitive to layer depth, hidden units, learning rate, dropout, 

batch size, and input-window length [25]. Bayesian optimization provides a systematic alternative by using 

previous trial outcomes to guide subsequent candidate selection [26]. The present study applies Bayesian 

optimization to the main LSTM architectural and training parameters and performs feature-level fusion of PV 
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power, weather variables, and temporal indicators [23], [27]. Related work has also combined decomposition 

and LSTM-based PV forecasting [28], evaluated solar-power prediction without exogenous inputs [29], and 

reviewed artificial-intelligence techniques for photovoltaic applications [30]-[33]. 
 

 

3. METHOD 

The proposed methodology employs an LSTM network for multi-step day-ahead PV power 

forecasting. The framework includes data acquisition, data-quality screening, preprocessing, chronological 

sample construction, Bayesian hyperparameter optimization, final model training, and independent 

evaluation. Figure 3 illustrates the physical experimental setup and data flow, while Figure 4 summarizes the 

complete computational workflow. 

The dataset was collected from a 500-kWp grid-connected PV installation in Mosul, Iraq, from 

January 1, 2021 and December 31, 2023. PV output power was obtained from the plant supervisory 

monitoring system, while solar irradiance, ambient temperature, relative humidity, and wind speed were 

obtained from a co-located meteorological station. Hour-of-day and day-of-year variables were derived from 

the timestamps to represent daily and seasonal patterns. The three-year observation period covered winter, 

spring, summer, and autumn and therefore represented seasonal variation in irradiance and local 

meteorological conditions. 
 

 

 
 

Figure 3. Physical experimental setup and data flow for day-ahead PV power forecasting 
 
 

All measurements were synchronized at an hourly interval. The complete three-year timeline 

contained 26,280 timestamps. After duplicate removal, short-gap treatment, and exclusion of unresolved or 

physically invalid records, 25,842 synchronized hourly observations were retained; 438 timestamps (1.67%) 

were excluded. The hourly resolution provides 24 observations per day and supports a 24-step day-ahead 

forecast. This resolution supplies 24 measurements per day, aligns directly with the 24-output forecasting 

target, and represents the complete diurnal generation cycle at the temporal resolution adopted for this study. 

The records were sorted chronologically and checked for duplicates, missing values, inconsistent 

units, and physically impossible measurements. Gaps of no more than three consecutive hours were 

reconstructed by linear interpolation within the corresponding data partition; longer unresolved gaps were 

excluded. Interpolation was not permitted across training, validation, or test boundaries. 

Potential outliers were identified using physical operating limits and the interquartile-range (IQR) 

rule. The IQR and candidate interval were defined as (1) and (2). 
 

IQR = Q₃ − Q₁ (1) 
 

[Q₁ − 1.5·IQR, Q₃ + 1.5·IQR] (2) 
 

The IQR limits were estimated using the training subset only and then applied to the validation and test 

subsets. Values associated with clear measurement or communication errors were winsorized to the 
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corresponding training-derived limits or removed when reliable correction was not possible. Physically 

meaningful nighttime zero-generation observations were retained. 

Min–Max normalization transformed each feature to the interval [0,1]. For a feature x, the 

transformation was: 
 

x′ = (x − xₘᵢₙ) / (xₘₐₓ − xₘᵢₙ) (3) 
 

The minimum and maximum values were estimated exclusively from the training subset. The same training-

derived parameters were applied unchanged to the validation and test subsets to prevent information leakage. 

The final input vector contained historical PV power, solar irradiance, ambient temperature, relative 

humidity, wind speed, hour of day, and day of year. 

The 25,842 retained observations were divided chronologically without random shuffling into 

18,089 training observations (70%), 3,876 validation observations (15%), and 3,877 test observations (15%). 

Sliding windows were constructed separately within each subset. Each sample used the previous 24-hourly 

observations as input and the subsequent 24 PV power values as the target. This produced 18,042 training 

sequences, 3,829 validation sequences, and 3,830 independent test sequences, assuming continuous records 

after preprocessing. 
 
 

 
 

Figure 4. Complete methodology of the proposed Bayesian-optimized LSTM forecasting framework 
 

 

The selected network contained two stacked LSTM layers with 50 units each, a dropout layer with a 

rate of 0.20, and a dense output layer with 24 neurons, one for each hour of the forecast horizon. Figure 5 

shows the implemented architecture. The model was trained using a hybrid MSE–MAE loss: 

 

L = α·MSE + (1 − α)·MAE (4) 

 

The loss weight was α = 0.50. Adam optimization was used with a learning rate of 0.001 and a batch size of 

64. Training was permitted for a maximum of 150 epochs, with early stopping patience of 15 epochs and 

restoration of the weights associated with the lowest validation loss. 

 

 

 
 

Figure 5. Implemented a two-layer LSTM architecture for direct 24-hour PV power forecasting 
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Bayesian optimization was implemented with KerasTuner. A Gaussian-process surrogate 

approximated the validation objective, and an upper-confidence-bound acquisition rule selected candidate 

configuration. For minimization, the acquisition score was expressed as (5): 
 

a(θ) = μ(θ) − β·σ(θ) (5) 
 

where μ(θ) and σ(θ) are the surrogate mean and uncertainty for configuration θ, respectively, and β = 2.6 

controls exploration versus exploitation. The Gaussian-process noise parameter was set to 10⁻⁴. The search 

began with 10 random configurations and evaluated a maximum of 50 valid trials using a fixed random seed 

of 42. The optimization objective was the validation hybrid loss, and the independent test subset was not 

accessed during tuning. 
 

 

4. EXPERIMENTAL WORK AND RESULTS 

The model was implemented using the software environment summarized in Table 1. All 

computations used 32-bit floating-point precision, chronological data loading, and random seed 42. Linear 

regression and ARIMA (2,1,2) were used as baseline methods. The linear regression model used the same 

input variables and chronological partitions, while ARIMA was fitted to the PV power series using the 

training period and selected using validation performance. Linear regression was implemented as a multi-

output regression model. Each 24-hour input window, containing seven variables, was flattened into a 168-

dimensional feature vector, and the model simultaneously generated the 24-hourly PV-power values of the 

subsequent day. Thus, the linear regression baseline used the same input information, chronological 

partitions, and 24-hour prediction horizon as the proposed LSTM. ARIMA was implemented as a univariate 

ARIMA (2,1,2) model using the historical PV-power series. The model generated the subsequent 24-hour 

forecast recursively: each predicted hourly value was incorporated into the forecasting process to obtain the 

next prediction until the complete 24-hour horizon was produced. The order was selected from candidate 

configurations using the lowest validation RMSE, with the Akaike information criterion used as a secondary 

criterion when configurations produced similar validation performance. The Augmented Dickey–Fuller test 

was applied to assess stationarity. The original PV power series was found to be non-stationary at the adopted 

significance level, while first-order differencing produced a stationary series; therefore, d = 1 was used. The 

ARIMA model was fitted only to the training period; its order was selected using the validation period, and 

the independent test period remained unused until final evaluation (2, 1, 2)(𝑝, 𝑑, 𝑞)𝑑 = 1. 

Forecasting performance was evaluated using MAE, RMSE, MAPE, and the coefficient of 

determination (R²). MAE represents the average absolute deviation, whereas RMSE assigns greater weight to 

large errors. MAPE was computed only for observations whose measured PV power exceeded 5 kW to avoid 

instability from nighttime or near-zero generation. MAPE was calculated only for independent-test target 

values whose measured PV power exceeded 5 kW. This cutoff corresponds to 1% of the 500-kWp rated plant 

capacity and was selected to prevent nighttime and near-zero generation values from producing 

disproportionately large and numerically unstable percentage errors. The independent test set contained 3,830 

forecasting sequences, each comprising 24 target hours, yielding 91,920 evaluated target values. Of these, 

approximately 47,800 target values, corresponding to approximately 52.0%, had measured PV power less 

than or equal to 5 kW and were excluded from the MAPE calculation. The remaining approximately 44,120 

target values were used to calculate the reported MAPE of 8.3%. The 5-kW threshold was applied only to 

MAPE; all 91,920 target values were retained when calculating MAE, RMSE, and R².𝑅2 

On the independent test set, the proposed Bayesian-optimized LSTM achieved an MAE of  

15.2 kW, an RMSE of 20.5 kW, a MAPE of 8.3%, and an R² of 0.93 based on the selected configuration in 

Table 2. Linear regression produced an MAE of 25.4 kW, an RMSE of 30.1 kW, and a MAPE of 12.5%. 

ARIMA (2, 1, 2) achieved an MAE of 22.8 kW, an RMSE of 27.6 kW, and a MAPE of 11.0%. Table 3 

summarizes these results. 

Relative to linear regression, the proposed model reduced MAE by 40.16%, RMSE by 31.89%, and 

MAPE by 33.60%, as shown in Table 4. Compared with ARIMA, the corresponding reductions were 

33.33%, 25.72%, and 24.55%. These are controlled comparisons based on the same dataset, chronological 

test interval, sampling resolution, and 24-hour forecast horizon. 

Figure 6 presents measured and predicted PV power over a representative 96-hour interval from the 

independent test subset. The model follows the principal daily generation pattern and reproduces the main 

rising and falling trends. The largest deviations occur near peak-generation periods, where rapid irradiance 

changes produce sharper variations. The one-hour sampling interval provides 24 observations per day and is 

aligned with the 24-step day-ahead prediction objective. It captures the diurnal PV generation profile at the 

temporal resolution used for the scheduling-oriented evaluation in this study. 
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Table 1. Experimental setup and reproducibility settings 
Item Setting 

PV installation 500-kWp grid-connected system, Mosul, Iraq 
Observation period 1 January 2021–31 December 2023 

Sampling interval 1 hour 

Valid hourly observations 25,842 
Training/validation/test observations 18,089/3,876/3,877 

Training/validation/test sequences 18,042/3,829/3,830 

Input/forecast horizon 24 hours/24 hours 
Input features PV power, irradiance, temperature, humidity, wind speed, hour, day of year 

Software Python 3.11.9; TensorFlow 2.16.1; Keras 3.3.3; KerasTuner 1.4.7 

Optimizer/learning rate/batch size Adam/0.001/64 
Maximum epochs/patience 150/15 

Initial/maximum Bayesian trials 10/50 

Random seed 42 
Chronological partition sizes 18,089/3,876/3,877 observations (70%/15%/15%) 

Data-acquisition hardware Plant supervisory monitoring system and co-located meteorological station; 

exact manufacturers and models unavailable in the retained study records 
Excluded-record breakdown 438 timestamps excluded in total; category-level counts unavailable; 

interpolated and winsorized values were retained 

 

 

Table 2. Bayesian-optimization search space and selected configuration 
Hyperparameter Search space Selected value 

LSTM layers 1–3 2 
Units per layer 32–128, step 2 50, 50 
Dropout rate 0.00–0.50 0.20 
Learning rate 10⁻⁴–10⁻², logarithmic 0.001 
Batch size 16, 32, 64, 128 64 
Input window 24, 48, 72 hours 24 hours 
Hybrid-loss weight α 0.20–0.80 0.50 

 
 

Table 3. Test-set performance of the proposed model and baseline methods. 
Method MAE (kW) ↓ RMSE (kW) ↓ MAPE (%) ↓ R² ↑ 

Linear regression 25.4 30.1 12.5 0.85 

ARIMA (2,1,2) 22.8 27.6 11.0 0.87 
Proposed BO-LSTM 15.2 20.5 8.3 0.93 

 

 

Table 4. Relative error reduction achieved by the proposed model 
Baseline MAE reduction (%) RMSE reduction (%) MAPE reduction (%) 

Linear regression 40.16 31.89 33.60 
ARIMA (2,1,2) 33.33 25.72 24.55 

 
 

 
 

Figure 6. Hourly measured and predicted PV generation over a representative 96-hour interval from the 

independent test subset 
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The prediction-error distribution is shown in Figure 7. Most residuals are concentrated near zero, 

indicating no large systematic positive or negative bias. A smaller number of larger residuals occur during 

high-variability and peak-generation periods. Figure 8 compares the test-set MAE, RMSE, and MAPE values 

of the three methods. The proposed model records the lowest error for all metrics. The improvement over 

linear regression demonstrates the benefit of nonlinear temporal modeling, while the improvement over 

ARIMA indicates that the multivariate LSTM captures relationships not fully represented by a conventional 

univariate time-series model. 

 

 

 
 

Figure 7. Distribution of prediction residuals for the proposed Bayesian-optimized LSTM on the independent 

test set 

 

 

 
 (a) (b) 

 

Figure 8. Test-set performance comparison of the proposed BO-LSTM, linear regression, and ARIMA 

(2,1,2): (a) MAE and RMSE and (b) MAPE 

 

 

The lower errors of the proposed model are consistent with its ability to represent nonlinear 

temporal dependencies while jointly processing PV power, meteorological variables, and temporal indicators. 

Linear regression is restricted to a fixed linear mapping, whereas the ARIMA (2,1,2) baseline is a univariate 

time-series model and therefore does not directly exploit the complete multivariable input representation used 

by the LSTM. The time-series and residual analyses also identify the remaining weakness of the proposed 

model. Forecasts follow the principal daily profile over most of the displayed interval, but larger deviations 

occur around peak-generation and high-variability periods, where rapid irradiance changes create sharper 

transitions. Consequently, the results demonstrate improvement only relative to the evaluated baselines under 
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the same single-site test interval and should not be interpreted as universal superiority over all modern 

forecasting architectures. Overall, the results indicate that the proposed Bayesian-optimized LSTM improved 

day-ahead PV forecasting relative to the evaluated baselines under the studied single-site conditions. The 

findings are limited to the evaluated installation, observation period, and climatic conditions in Mosul; 

broader multi-site validation is required before generalization to other PV systems can be established. 

 

 

5. CONCLUSION 

This study presented a Bayesian-optimized LSTM framework for 24-hour-ahead PV power 

forecasting using synchronized PV and meteorological measurements from a 500-kWp grid-connected 

installation in Mosul, Iraq. The evaluation used 25,842 valid hourly observations collected from 1 January 

2021 to 31 December 2023. Historical PV power, solar irradiance, ambient temperature, relative humidity, 

wind speed, hour of day, and day of year were integrated within a multivariate sequential-learning 

framework. Chronological training, validation, and test partitions were employed, and preprocessing 

parameters were estimated from the training subset only to reduce temporal leakage. On the independent test 

set, the model achieved an MAE of 15.2 kW, an RMSE of 20.5 kW, a MAPE of 8.3%, and an R² of 0.93. 

Relative to linear regression, MAE, RMSE, and MAPE were reduced by 40.16%, 31.89%, and 33.60%, 

respectively; relative to ARIMA (2, 1, 2), the reductions were 33.33%, 25.72%, and 24.55%. Bayesian 

optimization provided a systematic procedure for selecting the LSTM architecture and training parameters, 

while the hybrid MSE–MAE loss balanced large deviations and average error. The findings support the 

effectiveness of the proposed framework under the evaluated single-site conditions. Future work should 

investigate multi-site and cross-climate validation, probabilistic prediction intervals, repeated-run statistical 

analysis, additional deep-learning baselines, and real-time deployment in PV energy-management systems. 
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