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ABSTRACT 

Article History: 
 

Indonesia possesses high solar radiation potential, making solar energy a strategic pillar for the 

national clean energy transition. However, its utilization is hindered by incomplete data due to 

instrument failure, which significantly reduces prediction accuracy. Starting from this problem, 

this study aims to evaluate the performance of the Machine Learning Based Univariate Time 

Series Imputation-Random Forest Regression (MLBUI-RFR) method by comparing it with the 

Mean Imputation method and evaluating it through Long Short-Term Memory (LSTM) 

forecasting. The methodology begins with data preprocessing using the MLBUI-RFR scheme to 

handle missing values, which are then used as input for the LSTM architecture to forecast solar 

radiation in Indonesia. The findings demonstrate that the use of the MLBUI-RFR method 

contributes significantly to improving data quality, where the LSTM model trained with 

MLBUI-RFR imputed data achieves higher accuracy compared to Mean Imputation. The 

evaluation results show a lower error rate, with an NRMSE of (15.68%) and a MAPE of 

(18.98%), whereas the Mean Imputation method yields an NRMSE of (16.06%) and a MAPE of 

(19.15%) proving that the proposed method is more effective in capturing non-linear patterns in 

the data. However, this study is based exclusively on data obtained from the Gorontalo 

Climatology Station in Gorontalo Province, Indonesia. The contribution of this study lies in 

evaluating the integration of MLBUI-RFR and LSTM for solar radiation forecasting, 

demonstrating how machine learning based univariate time series imputation can improve data 

quality and subsequently enhance forecasting performance on solar radiation data. 
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1. INTRODUCTION 

Indonesia receives high levels of solar radiation throughout the year [1]. These favorable 

geographical conditions make solar energy a highly strategic pillar in driving the national transition 

toward clean and sustainable energy in the future [2]. In line with national energy policy, the 

Indonesian government has set a target for new and renewable energy to reach 23% by 2025, with a 

further increase to 31% by 2050 [3]. Therefore, accelerating the development of solar infrastructure 

is a crucial step to support the sustainability of the national power grid and meet global environmental 

commitments [4]. Despite its immense potential, solar radiation data exhibits highly fluctuating 

patterns that are significantly influenced by local atmospheric and weather conditions [5]. This 

inherent variability introduces substantial uncertainty in solar power production, making it difficult 

to maintain grid stability. Therefore, a deeper understanding of radiation variation patterns through 

accurate forecasting is essential to support more effective solar energy planning and management in 

the future [6]-[7].  

Forecasting is the process of predicting future conditions by utilizing historical data patterns to 

enable optimal planning [8]-[9]. For solar radiation, accurate forecasting is crucial yet challenging 

because the data is non-linear and influenced by both short-term and long-term weather variability 

[10]. In a time series structure, solar radiation data values are interdependent across time steps, a 

phenomenon known as temporal dependence [11]. To capture these complex relationships, advanced 

computational frameworks are essential [12]. Although various machine learning approaches have 

been applied due to their ability to map non-linear behavior [13], these approaches have inherent 

limitations in capturing long-term temporal dynamics [14]. To address this, deep learning offers 

specialized architectures such as Long Short-Term Memory (LSTM) networks [10]. As an extension 

of Recurrent Neural Networks (RNNs), LSTMs effectively process long-term temporal trends and 

seasonal variations without suffering from the vanishing gradient problem [15],[16],[17]. However, 

a key prerequisite for LSTMs is that the training data must be complete. The presence of missing 

values severely disrupts the patterns of time series sequences and reduces the model’s ability to 

effectively learn temporal dependencies [18]. Hence, robust data imputation is a mandatory 

preprocessing phase to ensure sufficient data quality [19]. Traditional techniques like mean 

imputation are straightforward but flawed, as they smooth out data variance and disregard historical 

fluctuations [20]-[21]. Alternatively, Machine Learning-based Univariate Time Series Imputation 

(MLBUI) addresses this by restructuring univariate series into multivariate sequences to perform 

forward and backward regressions using Random Forest and Support Vector Regression [22]-[23]. 

Empirical literature confirms the individual strengths of these methods. According to [10] and 

[24] demonstrated LSTM's superior capability in handling non-linear, seasonal meteorological data, 

while [23] verified that MLBUI outperforms conventional interpolation and filtering frameworks. 

However, previous research has separated data imputation from deep learning-based forecasting 

modeling, treating the two as distinct fields. Although various imputation techniques exist, no study 

has explicitly explored how MLBUI-RFR imputation affects LSTM-based solar radiation 

forecasting, particularly when using local datasets such as Indonesian solar radiation data. This 

separation creates a significant gap, as unaddressed missing values can severely disrupt forecasting 

systems. To bridge this critical gap, this study develops an innovative integrated framework that 

combines advanced data cleaning with deeply learning-based time series forecasting to deliver more 

reliable results focused on the local context. The analysis utilizes daily solar radiation data collected 

from the Gorontalo Climatology Station, Gorontalo Province, Indonesia, covering the period from 

2021 to 2025. This dataset was selected because solar radiation in tropical regions such as Gorontalo 

is strongly influenced by local atmospheric variability, including cloud cover, rainfall patterns, and 

seasonal weather fluctuations, making it a suitable case study for evaluating imputation and 

forecasting methods. The comparative performance is evaluated using Mean Absolute Percentage 

Error (MAPE) and Normalized Root Mean Square Error (NRMSE) metrics. 
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2. METHODS 

Material and Data 

The data used in this study are secondary data in the form of daily solar radiation intensity for the 

period 2021–2025, obtained from the Gorontalo Climatology Station, comprising a total of 1826 

daily observations. The dataset contained 107 naturally occurring missing observations resulting 

from data collection and recording issues at the Gorontalo Climatology Station. No artificial missing-

data mechanism (e.g., MCAR, MAR, or MNAR simulation) was introduced in this study. The 

imputation methods were applied directly to these naturally occurring missing values prior to the 

forecasting stage. 

Research Method  

Machine Learning Based Univariate Time Series Imputation-Random Forest Regression 

Machine Learning based Univariate Time Series Imputation (MLBUI), introduced by [23], is an 

approach designed to handle missing values in univariate time series data by transforming the 

segments before and after a gap into multivariate structures through forward and backward 

conversion. The missing values are then estimated using machine learning through both forward and 

backward predictions, which are subsequently aggregated via an ensemble mechanism to enhance 

stability and accuracy. Within this framework, MLBUI is highly compatible with Random Forest 

Regression (RFR), an ensemble learning method that aggregates multiple decision trees to produce 

robust predictions [25]. The integration of RFR within MLBUI ensures highly accurate imputation 

performance by preserving the underlying temporal dynamics and non-linear characteristics of the 

time series data [23]. The stages of the MLBUI method consist of 5 phases, namely:  

1. Data Segmentation (Dividing Data) 

The initial phase involves isolating each data gap of size T into two independent segments. The 

first segment, Db, contains all data preceding the gap, while the second segment, Da, contains the 

data following it. 

Data after gap: 

𝐷𝑎 =  𝑋[𝑁 ∶  𝑡 +  𝑇] (1) 

       

Data before gap: 

𝐷𝑏 =  𝑋[1 ∶  𝑡 −  1] (2) 

 

Where X is the incomplete series, t is the starting index of the gap, and T is the gap size. 

2. Data Transformation 

In this phase, each univariate segment is transformed into a multivariate structure with (T + 1) 

dimensions. This process uses T preceding values to estimate the next value (Forward Converting 

for Db) and T succeeding values to estimate the previous value (Backward Converting for Da). 

3. Model Training 

The transformed datasets are used to train the Random Forest Regression (RFR) models. RFR 

functions by aggregating the predictions of q decision trees built on bootstrap samples. 

Forward Prediction (for Db): 

𝑓𝑏̂(𝑋) =
1

𝑞
∑.

𝑞

𝑡=1

ℎ̂ (𝑋, 𝑆𝜃𝑏
𝑡 ) (3) 

 

Backward Prediction (for Da): 
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𝑓𝑎̂(𝑋) =
1

𝑞
∑.

𝑞

𝑡=1

ℎ̂(𝑋, 𝑆𝜃𝑎
𝑡 ) (4) 

 

Where ℎ̂ represents the individual tree prediction, S is the transformed dataset, and q is the total 

number of trees. 

4. Multi-step Forecasting 

The trained model will estimate missing data by predicting it one step at a time. This model uses 

a recursive method, meaning that the prediction at t time step serves as the basis for predicting the 

next t+1 time step. 

5. Data Completion 

In the final step, the two different prediction sequences from the forward and backward models 

are combined. The final imputed value for each point in the gap is determined by calculating the 

average of these two results, thereby producing a stable and balanced estimate. 

Mean Imputation 

Mean Imputation (MI) is one of the simplest and most frequently used techniques to handle 

missing values. The fundamental principle of this method is to replace missing data points in a dataset 

with the average value of all available observations. Mean Imputation can be mathematically 

expressed using Equation below [26]: 

 

𝑥𝑡̂ =  ∑ .

𝑖:𝑥𝑡∈𝐶𝑘

𝑥𝑡

𝑛𝑘
 (5) 

 

Where 𝑥𝑡̂  is the imputed value at time period t,  𝑥𝑡 is the available data value at time period t, Σ 

denotes the summation operation, 𝐶𝑘 represents all data points within a single variable, and 𝑛𝑘 i   

denotes the total count of available. 

Long Short Term Memory 

Long Short-Term Memory (LSTM) is an advanced variant of the Recurrent Neural Network 

(RNN) designed to process both short- and long-term dependencies using an internal memory cell 

mechanism [27]. Introduced by Sepp Hochreiter and Jürgen Schmidhuber in 1997, LSTM resolves 

the vanishing gradient problem in standard RNNs, where gradients become too small to effectively 

update network weights during training [28]-[29]. LSTMs are highly effective for time series analysis 

due to their ability to selectively retain and discard information [30]. 

The architecture of LSTM outputs two main states: the hidden state (passed to the next time step 

and subsequent layers) and the cell state (acting as the internal memory for long-term information). 

The internal operations are driven by three gates and a candidate cell state [31]. 

1. Forget Gate 

The forget gate determines which information from the previous cell state should be discarded or 

retained using a sigmoid activation function, yielding values between 0 and 1 [29], [32]: 

 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (6) 

 

Where 𝑓𝑡  is the forget gate,  𝜎 is the sigmoid activation function, 𝑥𝑡 is the input, ℎ𝑡−1 is the 

hidden state from time t-1, 𝑊𝑓 is the weight, and 𝑏𝑓 is the bias. 

2. Input Gate 
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The input gate determines which new information to store in the cell state. It consists of a sigmoid 

gate and a hyperbolic tangent (tanh) candidate state: 

 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (7)  
 

𝐶𝑡̃ = tanh(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (8) 

 

 

Where 𝑖𝑡 is the input gate, 𝐶𝑡̃   is the candidate cell state, W and b represent the respective weights 

and biases. 

3. Cell State Update 

The cell state is updated by combining the outputs of the forget and input gates [33] : 

 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶𝑡̃ (9) 

 

Where 𝐶𝑡 is the new cell state, and 𝐶𝑡−1 is the previous cell state. 

4. Output Gate 

The output gate decides what information should be output from the cell state and updates the 

hidden state [32]: 

 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (10) 

 

ℎ𝑡 = 𝑜𝑡 ⋅ tanh(𝐶𝑡) (11) 

 

 

Where 𝑜𝑡 is the output gate, 𝑊𝑜 and 𝑏𝑜 are its weights and biases, and ℎ𝑡 is the updated hidden 

state. 

3. RESULTS  

Descriptive analysis is conducted as an initial step prior to the solar radiation training data 

processing phase. This phase is designed to offer a comprehensive insight into the data characteristics 

and patterns, ensuring that the applied analytical methods are well-suited to the nature of the observed 

data. This analysis utilizes daily solar radiation data from Gorontalo Province covering the period 

from January 1, 2021, to December 31, 2025. A summary of the descriptive statistics is presented in 

Table 1. 

Table 1. Descriptive Statistics 

N Mean Std Min Max Missing Value 

1,826 194.80 56.74 51 534 107 

 

Based on the descriptive analysis of the daily solar radiation data from January 1, 2021, to 

December 31, 2025, the dataset exhibits significant variability, making it highly suitable for time-

series forecasting. Across the 1,826 total observations, there are 107 missing values identified. The 

data indicates a mean radiation of 194.80 𝑊/𝑚2 with a standard deviation of 56.74, along with a 

wide range from a minimum of 51 𝑊/𝑚2  to a maximum of 534 𝑊/𝑚2. The high fluctuation and 

broad span of these values are crucial for modeling, as they allow the forecasting model to 

comprehensively learn and capture complex change patterns over time. 
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Figure 1. Solar Radiation Data Plot 

 

As depicted in Figure 1, the solar radiation time series displays a high degree of daily variability 

and volatility, with most values fluctuating dynamically between 100 and 300 𝑊/𝑚2. An extreme 

spike exceeding 500 𝑊/𝑚2 is observed in days 1,368, which likely indicates a weather anomaly or 

unusually clear sky conditions during this specific timeframe. To address the missing values, the data 

handling process in this study utilizes two different approaches, the MLBUI-RFR method and Mean 

Imputation as a comparative baseline. The implementation of these methods ensures the quality of 

the time series dataset before proceeding to the forecasting stage. A comparison of the imputation 

results between the MLBUI-RFR and Mean Imputation methods is presented in Figure 2, which 

illustrate how effectively each technique preserves the underlying temporal structure and distribution 

of the solar radiation data. 

 

 
Figure 2. Comparison of the MLBUI and MI Imputation Methods 

 

The figures 2 illustrate the comparison of the solar radiation data distribution before and after 

imputation using both the MLBUI-RFR and Mean Imputation methods. Overall, both graphs 

demonstrate that the imputed data, represented by the orange dashed line, effectively fills the missing 

values without distorting the primary structure or long-term trends of the original baseline data. The 

MLBUI-RFR approach produces imputed values that are more in line with the local fluctuations of 

the surrounding data, thanks to the predictive nature of the algorithm. Conversely, the Mean 

Imputation technique tends to pull the missing values toward the global mean, which results in a 

lower variance. Ultimately, these plots confirm that both techniques successfully preserve the 

continuity of the time-series data, which is essential for maintaining model stability and performance 

during the subsequent forecasting phase. 

Following this data preparation stage, the LSTM model was implemented using the Python 

programming language with the normalized dataset as its input. At this phase, the LSTM model was 

constructed using 96 LSTM units, a batch size of 32, and 365 timesteps. These parameters were 

selected through a trial and error approach by testing various combinations of LSTM units, batch 

sizes, and timesteps. Each configuration was evaluated based on the model's performance on the 

validation data, utilizing loss values and error metrics such as MAPE. The test results indicated that 

the combination of 96 LSTM units, a batch size of 32, and 365 timestep provided the best 

performance, characterized by lower error rates and greater stability throughout the training process. 
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Furthermore, the 365 timestep parameter was explicitly chosen to represent the annual seasonal 

patterns within the solar radiation data. The model was then trained using the Adam optimizer in 

accordance with the research methodology. 

Following the development of LSTM model, the next phase involved evaluating the model's 

performance in learning the underlying patterns within the solar radiation data. The training process 

was conducted over 50 epoch, allowing the model to iteratively adjust its weights and parameters to 

minimize the error. Based on the training outcomes, when using the data imputed with the MLBUI-

RFR method, the loss steadily decreased from 0.0255 in the first epoch to 0.0090 by the 50 epoch. A 

similar consistent decline was observed for the dataset imputed using Mean Imputation, where the 

loss fell from 0.0257 at epoch 1 to 0.0090 at epoch 50. This steady reduction demonstrates an 

enhanced proficiency of the model in capturing data patterns over time. Additionally, the validation 

loss maintained a relatively stable trend without any significant increases, indicating that the model 

did not suffer from notable overfitting. Therefore, the LSTM model proves capable of capturing the 

nonlinear relationships within the solar radiation data. The solar radiation forecasting results are 

visually organized within table 2. 

Table 2. Comparison of MLBUI and MI Forecast Results 

Date Actual Data Forecasting Result Data Difference 
 MLBUI MI MLBUI MI MLBUI MI 

3/14/2025 157 157 124.270554 122.924034 32.729446 34.075966 

3/15/2025 138 123 130.804489 129.46611 7.195511 -6.466110 

3/16/2025 132 118 134.946686 131.169571 -2.946686 -13.169571 

3/17/2025 125 125 136.478195 130.395691 -11.478195 -5.395691 

3/18/2025 134 134 135.779129 130.304688 -1.779129 3.695312 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

12/27/2025 98 98 110.935379 110.10894 -12.935379 -12.108940 

12/28/2025 96 96 110.203911 109.317535 -14.203911 -13.317535 

12/29/2025 114 114 109.711662 108.77951 4.288338 5.22049 

12/30/2025 112 112 112.182816 111.198097 -0.182816 0.801903 

12/31/2025 107 107 114.626488 113.645737 -7.626488 -6.645737 

 

Based on the table 2, the model utilizing the MLBUI-imputed data demonstrates superior 

performance compared to the one using the Mean Imputation (MI) method. This advantage is evident 

from the residuals in the MLBUI column, which are generally smaller and closer to zero at several 

observation points such as the samples on March 18 and December 30, 2025 than those in the MI 

column. This indicates that the MLBUI effectively preserves the original data's characteristics and 

variability patterns. As a result, it provides a more reliable foundation for the forecasting model, 

enabling more accurate forecasts that are highly responsive to fluctuations in solar radiation. 

 
Figure 3. Comparison of the MLBUI and MI Forecasting 

 

Figure 3 shows a visualization of the solar radiation forecasting results using the LSTM model 

built on the MLBUI-RFR and Mean Imputation datasets, respectively. Visually, the model utilizing 
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the MLBUI-RFR dataset (shown on the left) demonstrates superior performance, as the predicted 

line (orange) tracks the sharp fluctuations of the actual data (blue) with greater responsiveness and 

precision, particularly at the radiation peaks prior to index 150. Conversely, the predictions on the 

Mean Imputation dataset (shown on the right) appear smoother and exhibit a lag in responding to 

abrupt changes, leading to larger residual errors. The advantage of the MLBUI-RFR method indicates 

that machine learning based imputation delivers a richer representation of feature patterns, which 

directly enhances the generalization ability of the LSTM model in forecasting volatile atmospheric 

phenomena. 

Based on these findings, the trained model was used to forecast solar radiation for the next 10 

days. After undergoing training and evaluation, the model was applied to forecast values for future, 

unobserved periods. The forecasting process was performed sequentially using the last data point 

from the dataset as the initial input, allowing the model to forecast solar radiation values for each 

subsequent day until reaching a 10 day forecast horizon. The results of this 10 day solar radiation 

forecast are detailed thoroughly within Table 3. 

Table 3. Comparison of 10 Day Forecast Results Using the MLBUI and MI Datasets 

Date  MLBUI-RFR Forecasting  MI Forecasting 

01/01/2026 115.669189 114.736435 

01/02/2026 117.454788 116.411575 

01/03/2026 119.329620 118.156235 

01/04/2026 121.119896 119.831909 

01/05/2026 122.794945 121.414696 

01/06/2026 124.366982 122.915138 

01/07/2026 125.858513 124.351913 

01/08/2026 127.291832 125.743332 

01/09/2026 128.685852 127.104752 

01/10/2026 130.055374 128.448013 

 

Table 3 presents the results of solar radiation forecasts for the next 10 days, from January 1, 2026, 

to January 10, 2026, comparing forecasts from the LSTM model when applied to data imputed using 

the MLBUI-RFR and Mean Imputation (MI) methods. As shown in the table, both approaches predict 

a steady upward trend in daily solar radiation, increasing from approximately 114.74 𝑊/𝑚2 and 

115.66 𝑊/𝑚2 at the start of the period to 128.45 𝑊/𝑚2 and 130.05 𝑊/𝑚2 on the tenth day. 

Furthermore, the values estimated by the MLBUI-RFR approach are consistently higher than those 

obtained from the MI method throughout the forecast period. This difference reflects the model’s 

ability to capture the dynamic variations of the original dataset more effectively, indicating that 

machine learning-based imputation techniques provide a more responsive and accurate foundation 

for predicting future atmospheric conditions. To evaluate the forecasting performance of the LSTM 

models trained on different imputed datasets, Mean Absolute Percentage Error (MAPE) and 

Normalized Root Mean Square Error (NRMSE) were calculated using the testing data. These metrics 

were employed to assess forecasting accuracy and were not intended to directly evaluate the 

imputation performance. 

 

Table 4. Evaluation Metrics  

MAPE (%) Interpretation NRMSE (%) Interpretation 

MLBUI MI  MLBUI MI  

18.98% 19.15% Good 15.68% 16.06% Good 

 

Based on Table 4, the MAPE value was 18.98% for the model using the MLBUI-RFR method 

and 19.15% for the model using the Mean Imputation method both utilized LSTM networks for 

forecasting. These figures fall into the good category as they remain within the 10% to 20% range. 

Additionally, the NRMSE values were recorded at 15.68% for the MLBUI approach and 16.06% for 

the Mean Imputation approach. the MLBUI approach demonstrates slightly superior performance by 
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yielding lower MAPE and NRMSE values compared to the Mean Imputation approach. This 

indicates that the LSTM model integrated with MLBUI-RFR imputation achieves a higher level of 

accuracy, making it suitable for forecasting highly fluctuating solar radiation values. 

4. DISCUSSIONS 

The results indicate that the choice of imputation method influences the forecasting performance 

of the LSTM model. Based on Table 4, the LSTM model trained using MLBUI-RFR-imputed data 

achieved lower forecasting errors (MAPE = 18.98% and NRMSE = 15.68%) than the model trained 

using Mean Imputation data (MAPE = 19.15% and NRMSE = 16.06%). Although the performance 

difference is relatively small, the consistent reduction in both error metrics suggests that the quality 

of missing-value treatment contributes to the effectiveness of subsequent forecasting models. 

The improved performance of MLBUI-RFR can be explained by the characteristics of Random 

Forest Regression (RFR), which serves as the predictive engine within the MLBUI framework. 

Unlike conventional statistical imputation techniques, RFR estimates missing values by learning 

patterns from neighboring observations through an ensemble of decision trees. This mechanism 

enables the model to capture complex non-linear relationships and local temporal dependencies that 

are commonly present in solar radiation data. Consequently, the imputed values are more 

representative of the underlying data-generating process and preserve important fluctuations 

surrounding the missing observations. As a result, the reconstructed time series retains more 

information relevant to forecasting, allowing the LSTM model to learn temporal patterns more 

effectively. 

In contrast, Mean Imputation replaces all missing observations with a single average value 

derived from the available data. While this method is computationally simple, it ignores temporal 

dynamics and the contextual information surrounding each missing observation. Consequently, the 

variability of the series is reduced, and extreme values tend to be suppressed. This phenomenon is 

commonly referred to as a smoothing effect, whereby the imputed data become more homogeneous 

than the original observations. For highly variable meteorological data such as solar radiation, the 

loss of local variability may weaken the ability of LSTM to capture abrupt changes and nonlinear 

fluctuations, ultimately leading to less accurate forecasts. 

The findings of this study are consistent with those reported by [23], who introduced the Machine 

Learning Based Univariate Time Series Imputation (MLBUI) framework and demonstrated its ability 

to preserve the characteristics of incomplete time-series data more effectively than conventional 

imputation approaches. Phan showed that machine learning-based imputation methods can exploit 

information embedded in neighboring observations to generate more realistic estimates of missing 

values. Similar evidence was observed in the present study, where the MLBUI-RFR approach 

produced lower forecasting errors than Mean Imputation. This consistency suggests that maintaining 

the intrinsic structure of time-series data during the imputation stage contributes positively to 

downstream predictive performance. 

The results also emphasize the importance of considering data preprocessing as an integral 

component of forecasting systems. Previous studies have extensively examined LSTM for solar 

radiation forecasting and MLBUI for missing-value treatment as separate research topics. However, 

limited attention has been given to evaluating how imputation quality affects the predictive 

performance of deep learning models, particularly for solar radiation data from Indonesia. By 

assessing MLBUI-RFR and Mean Imputation within the same LSTM forecasting framework using 

daily solar radiation observations from the Gorontalo Climatology Station, this study provides 

empirical evidence that preserving temporal characteristics during the imputation stage can 

contribute to improved forecasting accuracy. Therefore, the findings highlight the interdependence 

between data quality and forecasting performance in deep learning-based time-series applications.  

5. CONCLUSION  

This study was conducted to address two main objectives related to the imputation and forecasting 

of solar radiation in Gorontalo Province. The first objective was to evaluate data preprocessing 
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approaches for handling missing values by comparing machine learning-based imputation methods 

with conventional mean imputation methods. The second objective focuses on the development and 

evaluation of a LSTM deep learning model to forecast solar radiation patterns in tropical regions. 

Regarding the first objective, the analysis results demonstrate that machine learning-based 

imputation approaches are far superior to conventional mean-based methods in preserving data 

authenticity and reducing bias. This preprocessing step preserves the diversity and extreme values in 

the time-series data without losing important details. Consequently, this step successfully prevents 

the propagation of errors into subsequent forecasting stages. 

In line with the second objective, the research results demonstrate that  LSTM model can capture 

the complexity and temporal characteristics of solar radiation with high precision. This model not 

only minimizes prediction errors and learns from past data fluctuations but also effectively responds 

to seasonal variations. Furthermore, by addressing the vanishing gradient problem, this architecture 

has proven consistent in generating radiation estimates that closely match actual data. 

Based on these results, this study provides in-depth insights into how the integration of machine 

learning imputation methods and deep learning forecasting models responds to weather dynamics in 

tropical regions. These findings have significant practical implications for the region, which can 

serve as a strategic foundation for government policymakers and the energy sector to guide the 

deployment of large-scale solar infrastructure, enhance smart grid stability, and support the 

renewable energy transition. 
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