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Abstract  
Solar irradiance is the process by which radiant energy from the sun reaches the earth. BMKG states 

that solar irradiance reaches 100% when the sun shines for 8 hours a day. Less than 8 hours of solar 

irradiance a day can affect local and global climate systems. This research aims to analyze and 

predict of average sunshine duration in Pasuruan with the Singular Spectrum Analysis (SSA) 

method. Based on the SSA model for optimal solar irradiation with 𝐿 = 41 and Grouping Effect 

𝑟 = 8, this study analyzes the prediction of average sunshine duration in Pasuruan which produces 

a Mean Absolute Percentage Error (MAPE) value of 19.53%. The results indicate that the 

predictions are effectively categorized for estimating the average solar irradiance. The highest 

average was in July at 60.1% and the lowest average was in November at 12.82% 

 

Keywords:   BMKG, Climate, Prediction, Solar Irradiance, SSA 

 

 

1.  INTRODUCTION AND PRELIMINARIES  

Weather is an essential aspect of everyday life, influencing various human activities and 

decisions. Weather has many elements, one of which is solar irradiance [20]. Solar irradiance is the 

process by which radiant energy from the sun reaches the earth. Solar irradiance plays an important 

role in various natural processes, such asp hotosynthesis by plants, global warming, rainfall and 

climate formation [13]. Based on information from the Meteorology, Climatology, and Geophysics 

Agency (BMKG), solar irradiance is said to be 100% when the sun shines for 8 hours a day. Less 

than 8 hours of solar irradiance a day can affect local and global climate systems [15]. Disturbances 

to the local and global climate system can have serious impacts on both the natural environment and 

human life, one of which is changes in extreme weather patterns. In Pasuruan, the maximum 
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temperature ranges from 33 to 35 degrees Celsius during the day. Another factor to be aware of is 

the exposure to ultraviolet (UV) radiation, which is highest between 12:00 PM and 3:00 PM WIB 

[8]. The impact of this was felt in 2023, when Pasuruan city experienced suboptimal crop yields due 

to hot weather. This is the impact of extreme weather patterns, namely a prolonged dry season. This 

greatly affects the agricultural sector, where Pasuruan is one of the largest agricultural producing 

cities in East Java [6]. In a city like Pasuruan, an accurate understanding of average solar irradiance 

is important in optimizing various agricultural and other activities. Therefore, forecasting the 

sunshine duration is something that needs to be considered so that the next step can be taken in 

minimizing the impact of losses caused by solar irradiance [3]. This research aims to determine the 

accuracy of predicting the future average duration of solar irradiance. Forecasting sunshine duration 

is an important solution to minimize the impact of losses caused by solar solar irradiance. By using 

forecasting methods, we can obtain more accurate predictions regarding the intensity and duration 

of sunlight in the future, enabling more effective mitigation measures, both in the agricultural sector 

and other activities that depend on weather conditions. 

Forecasting is the science of estimating future outcomes based on historical data. This 

analysis uses observations from previously collected data called time series [12]. Forecasting is used 

in decision making to obtain a certain goal by predicting future conditions [23]. There are many 

methods that can be applied to forecast future events, but one of the technologies developed by 

modern scientists to forecast future events today is Singular Spectrum Analysis (SSA). SSA 

decomposes a dataset into a sum of a few independent components, which can be interpreted as 

trend, seasonality, and noise. [21]. The advantage of SSA is that it can be used on multiple time 

series as no stationarity assumptions or logarithmic transformations are needed.This method is 

suitable for solar irradiance data. This is because solar irradiance data is not always stationary data. 

Solar irradiance data tends to have seasonal patterns and long-term variances that can make it non-

stationary [22]. 

Some previous studies that applied the SSA method were conducted by [19] to forecast Rice 

Production in Southeast Sulawesi Province in the research, a MAPE value of 0.46% was obtained 

with a window length (L) of 25. which shows very good forecasting accuracy. Then the next research 

was conducted by [7] to forecast the United States Natural Gas Consumption based on this research 

obtained a MAPE value of 1.62%, with relatively constant forecasting results every year. The next 

research was conducted by [16] for monthly rainfall forecasting in Bogor city with comparison of 

SARIMA and SSA methods. The accuracy value obtained by applying the SSA method is greater 

than the SARIMA method, namely MAPE of 22%. And there are many more studies that implement 

the Singular Spectrum Analysis (SSA) approach. 

 

2. Methods 
The research methodology used in this study is quantitative. The data employed in this study 

is secondary data, namely monthly average data on the sunshine duration in Pasuruan for the time 

span of January 2010 to December 2023. There are obtained from the official institution of the 

Pasuruan Meteorology, Climatology and Geophysics Agency (BMKG) totaling 168 data samples. 

In this study, the dataset is divided into two subsets: 80% (134 data points) for training and 20% (24 

data points) for testing. In this research, Singular Spectrum Analysis (SSA) is applied to predict the 

average solar irradiation. Singular Spectrum Analysis or SSA is a forecasting technique that offers 

greater flexibility compared to other methods due to its nonparametric approach, therefore, it does 

not rely on assumption tests like independence and normality of residuals, making it effective for 

both stationary and nonstationary data. There are two main stages in this method, namely 

decomposition and reconstruction. 
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A. Decomposition 
The steps of the decomposition process consist of Embedding and Singular Value 

Decomposition (SVD). 

1. Embedding 
The embedding process involves transforming the initial time series data into a trajectory 

matrix or can be interpreted by transforming one dimensional data into a multidimensional matrix 

structure. [1]. The trajectory matrix is denoted as 𝑋 has a dimension of 𝐿 × 𝐾. With 𝐿 as the 

window length, indicating the total number of rows in the matrix while 𝐾 will be the number of 

matrix columns. There is no definitive approach for identifying the exact value of 𝐿 , so to 

determine the value of 𝐿  is determined through trial and error until the MAPE reaches its 

minimum value is obtained. There is a range in determining the value of L, namely 2 ≤ 𝑁 ≤
𝑁

2
 

with the assumption that L must be greater but not exceed the value of  
𝑁

2
  where the value of K is 

given as follows 𝑁 − 𝐿 + 1. This trajectory matrix can be identified as a Hankel matrix, which is 

defined as a matrix that whose antidiagonal elements have the same value and can be expressed 

as follows [4] 

                                            𝑋 = (𝑋𝑖)𝐿×𝐾 = [

𝑥1 𝑥2  ⋯ 𝑥𝐾
𝑥2 𝑥3      ⋯ 𝑥𝐾+1
⋮

𝑥𝐿+1

⋮
𝑥𝐿+2

     ⋱
     ⋯

⋮
𝑥𝐿+𝐾

]                                        2.1 

 

2. Singular Value Decomposition  
SVD (Singular Value Decomposition) is a process of decomposing time series data into 

eigentriple components, including of Eigenvector Ui , Singular Value √𝜆𝑖  and Principal 

Component 𝑉𝑖
𝑇. The first step to get the eigentriple value is to define the matrix 𝑆 . In [10]: 

  𝑆 = 𝑋𝑋𝑇                                                                    2.2 

where 𝑋  is the matrix obtained in the embedding process. From the above calculation, the 

eigenvalues are obtained in the order according 𝜆1 ≥ ⋯ ≥  𝜆1 ≥ 0  and  𝑈1 … 𝑈𝐿  is the 

eigenvector of each eigenvalue. The rank of matrix 𝑋 can be represented by 𝑑 = max{𝑖, 𝜆1, ≥ 0} 
if it is denoted as follows:  [10].  

𝑽𝟏 =
𝑿𝑻𝑼𝒊

√𝝀𝟏
 for 𝒊 = 𝟏,… , 𝒅,                       2.3 

The SVD decomposition of the trajectory matrix is given as follows: 

𝑋 = 𝑋1 + 𝑋2 + …+ 𝑋𝑑     

 𝑋 = 𝑈1 √𝜆1𝑉1
𝑇 + 𝑈2 √𝜆2𝑉2

𝑇 +𝑈3 √𝜆3𝑉3
𝑇   

𝑿 = ∑ 𝑼𝒊 √𝝀𝒊𝑽𝒊
𝑻𝒅

𝒊=𝟏              2.4 

The basic concept at this stage is to obtain a matrix row from the matrix 𝑆, where each matrix in 

the row contains the eigenvector Ui , singular value √𝜆1  and principal component 𝑉1
𝑇which 

describes the characteristics of each row [5].  

 

B. Reconstruction 
The reconstruction process consists of two steps that must be performed, that is Grouping 

and Diagonal Averaging 

 

1. Grouping  
In this step, eigentriple grouping is performed according to the characteristics of each 

component. Grouping is the first step of the reconstruction stage. The purpose of the grouping 
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step is to separate the eigentriple components produced by the SVD process [14]. These 

components will be broken down into several subgroups including trend, seasonal, and noise 

groups. noise, grouping index sets 𝑖 = {1,… , 𝑑} into 𝑚 mutually independent sets, 𝐼1, 𝐼2  … 𝐼𝑚 

with 𝑚 = 𝑑 , where 𝑑 = 𝑚𝑎𝑥{𝑖, 𝜆𝑖 > 0} . Furthermore, 𝑋𝑖  will be adjusted to group 𝐼 =
 {𝑖1,𝑖2, … 𝑖𝑚 }. Thus, 𝑋𝑖 = 𝑋1 + 𝑋2 +⋯+ 𝑋𝑑 can be written as equation 2.5: [2] 

𝑿 = 𝑿𝑰𝟏 + 𝑿𝑰𝟐 + …+ 𝑿𝑰𝒎                        2.5 

2. Diagonal Averaging 
As a result of this process, the grouping output is structured into a new sequence of length. 

At this step, the transformed of the 𝑋𝐼 matrix grouping results reconstruction into a new sequence 

with a length of 𝑁 will be carried out [11]. The purpose of this stage is to obtain the singular value 

of the separated components, which will subsequently be utilized for forecasting. The diagonal 

averaging step is performed by transforming each 𝑋𝐼 matrix in the clustering stage into a new 

sequence with a length of 𝑁. Given 𝑌 a matrix of size 𝐿 × 𝐾 with elements 𝑦𝑖𝑗, where 1 ≤ 𝑖 ≤

𝐿 𝑎𝑛𝑑 1 ≤ 𝑗 ≤ 𝐾 where 𝐿 ≤ 𝐾 [9].  

𝑌 = [

𝑦11 𝑦12 ⋯ 𝑦𝐾
𝑦21 𝑦22     ⋯ 𝑦𝐾+1
⋮
𝑦𝐿

⋮
𝑦𝐿+1

⋱
⋯

⋮
𝑦𝑁

]             2.6 

The 𝑌 matrix through diagonal averaging will be Transformed into a series format 𝑔1, 𝑔2, … , 𝑔𝑁 

with the following equation: 

                          𝒈𝒋 =

{
 
 

 
 

𝟏

𝒋
∑ 𝒀𝒎,𝒋−𝒎+𝟏
𝒋
𝒎=𝟏                       𝒖𝒏𝒕𝒖𝒌 𝟏 ≤ 𝒋 ≤ 𝑳∗

𝟏

𝑳∗−𝟏
∑ 𝒀𝒎,𝒋−𝒎+𝟏
𝑳∗−𝟏
𝒎=𝟏                          𝒖𝒏𝒕𝒖𝒌 𝑳∗ < 𝒋 ≤ 𝑲∗ + 𝟏

𝟏

𝑵−𝒋+𝟏
∑ 𝒀𝒎,𝒋−𝒎+𝟏
𝑵−𝑲∗−𝟏
𝒎=𝒋−𝑲∗+𝟏          𝒖𝒏𝒕𝒖𝒌 𝑲∗ + 𝟏 < 𝒋 ≤ 𝑵 }

 
 

 
 

         2.7 

Where 𝐿∗ = (𝑚𝑖𝑛 𝐿, 𝐾), 𝐾∗ = (𝑚𝑎𝑥 𝐿, 𝐾) 𝑎𝑛𝑑 𝑁 = 𝐿 + 𝐾 − 1 [9].  

After obtaining the results of diagonal averaging, the next step is forecasting. Forecasting 

with the SSA method can be performed using two techniques, namely the recurrent method (R-

Forecasting) and the vector method (V-Forecasting). RForecasting is a commonly used forecasting 

method because it is believed to be easier, this method performs continuation through the direct use 

of the Linear Recurrent Formula. The R-Forecasting method utilizes diagonal averaging for 

reconstruction, followed by processing with the Linear Recurrent Formula. The R-Forecasting 

method involves calculations based on the Linear Recurrent Formula, which is 𝑎1, … , 𝑎𝑑 using the 

Eigenvector derived from the SVD process. Suppose 𝑈𝑖  is the corresponding eigenvector 𝑈𝑖 =
(𝑢1, 𝑢2, … , 𝑢𝐿−1, 𝑢𝐿)

𝑇 and 𝑈𝑣̅ is the first L - 1 coordinates of 𝑈𝑖 defined 𝑈𝑣̅ = (𝑢1, 𝑢2, … , 𝑢𝐿−1)
𝑇 

while  𝜋𝑞 corresponds to the last element of the eigenvector 𝑈𝑖(𝜋𝑞 = 𝑢𝐿), the LRF coefficient can 

be calculated with the following formula: [17] 𝑈𝑣̅ = (𝑢1, 𝑢2, … , 𝑢𝐿−1)
𝑇 

𝑹 = (𝒂𝑳−𝟏, … , 𝒂𝟏) =
𝟏

𝟏−𝒗𝟐
∑ 𝝅𝒒𝑼

𝒗̅𝑳−𝟏
𝒒=𝟏                                      2.8 

with 𝑣2 = ∑ 𝜋𝑞
2𝐿−1

𝑞=1  

In R-Forecasting, the time series data used is obtained through reconstruction via the 

diagonal averaging process. Forecasting results are obtained based on the following equation: [17] 

𝒈𝒊 = {
𝒚𝒊̃                           , 𝒊 = 𝟎,… ,𝑵

∑ 𝒂𝒋𝒈𝒊−𝟏
𝑳−𝟏
𝒋=𝟏             , 𝒊 = 𝑵 + 𝟏,… ,𝑵 +𝑴

                        2.9 

Where 𝑔𝑁+1, 𝑔𝑁+2, … , 𝑔𝑁+𝑀 are the outcomes of forecasting with the SSA method. 



901 

JURNAL MATEMATIKA, STATISTIKA DAN KOMPUTASI 
Shifa Amelia Rachman, Putroue Keumala Intan, Wika Dianita Utami, Adhim Salamiani 

 

After obtaining the prediction results, the next step is model evaluation. in this study using 

the Mean Absolute Percentage Error. Mean Absolute Percentage Error (MAPE) method is most 

commonly used to measure the average forecasting error. MAPE calculates the mean percentage 

deviation between actual and predicted results. The smaller the prediction error rate, the better the 

forecast or prediction value. MAPE can be computed using the formula below [18]: 

𝐌𝐀𝐏𝐄 =  
𝟏

𝑵
∑ |

𝒇𝒊−𝒈𝒊

𝒇𝒊
| ×  𝟏𝟎𝟎%𝑵

𝒊=𝟏            2.10 

Where N represents the total data, 𝑓𝑖 denotes the observed data values, and 𝑔𝑖 refers to the predicted 

values. The forecasting MAPE value is defined as follows: 

Table 2.1 MAPE Value Terms 

MAPE Description 

< 10% Highly Accurate 

10% − 20% Accurate 

> 50% Inaccurate 

 

The process of implementing the Singular Spectrum Analysis (SSA) method for average sunshine 

duration forecasting is shown in Figure 2.1.  

 

Figure 2. 1 Research flow chart 
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2. MAIN RESULTS  
A.   Data Pattern Analysis 

The data employed in this research is consist of secondary data, namely monthly average 

data on the sunshine duration in Pasuruan for the period January 2010 to December 2023 with a 

total of 168 data. The data will be organized into time series data. Furthermore, a time series data 

plot is carried out to see how the data plot will be managed. The plot below represents the complete 

time series data 

 

Figure 3. 1 Time Series Plot of Sunshine Duration  

 

The graph of sunlight duration from 2014 to 2024 shows a clear seasonal pattern, with 

regular up-and-down oscillations indicating an annual cycle of sunlight exposure. Peaks generally 

occur during months with longer daylight periods, while troughs correspond to periods with less 

sunlight, such as during the rainy season. Periodicity is consistent across the years, although some 

anomalies are noticeable, particularly in 2015 and 2021, where the fluctuations are sharper and less 

regular. Significant deviations are also observed, such as an unusually high peak around late 2015 

to early 2016 and deeper troughs around 2018 and 2022. These variations suggest that while the data 

generally follows a seasonal rhythm, external factors occasionally influence sunlight duration [9]. 

 

B.   Singular Spectrum Analysis 
Before entering the calculation process, the data is split into two sections namely 80% 

training and 20% testing data.  

 

1. Decomposition  

a. Embedding  
Through this process, one-dimensional data is converted into multidimensional data, 

referred to as the trajectory matrix 𝑋  which has𝐿 × 𝐾 . The value of 𝐿  (window length) is 

established through a trial-and-error process, as the data employed in this study are 134 then 

the value of 𝐿 that meets is 2 ≤ 𝐿 ≤ 67. To make the search for the optimum 𝐿 more efficient, 

a trial of the value of 𝐿 = 30,40,50,60 with the minimum MAPE value is carried out. The 

results obtained from the trial-and-error approach can be seen in the table below. 

Table 3. 1 Trial-and-error results of MAPE value 

L 30 40 50 60 
MAPE 20,52% 20,04% 20,38% 22,2% 

 

According to the table above, the 𝐿 value that results in the lowest MAPE is 𝐿 = 40, 

with a value of 20,04%. Additionally, further tracking is performed around 𝐿 = 40 using the 

same method to find the 𝐿 value with the lowest MAPE. The following table displays the results 

obtained from the trial-and-error approach. 
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Table 3.2  Trial-and-error results of MAPE value 

L 41 42 43 44 45 46 47 48 49 
MAPE 19,53% 20,06% 21,24% 21,71% 21,03% 21,48% 23,22% 21,49% 20,54% 

  

Thus the 𝐿 value used is 𝐿 = 41 then the 𝐾  value = 134 − 41 + 1 = 94. Thus, the 

trajectory matrix 𝑋 (Hankel Matrix) can be structured as follows: 

𝑋(41×94) =

[
 
 
 
 
20.30 26.48 26.34 ⋯ 55.36
26.48 26.34 33.94 ⋯ 17.16
26.34
⋮

36.01

33.94
⋮

23.06

28.72
⋮

45.00

⋯
⋱
⋯

5.08   
⋮

21.60]
 
 
 
 

 

 

b. Singular Value Decomposition  
In this process, an SVD is established, consisting of three key elements:  Singular Values 

(√𝜆𝑖), Eigenvectors (𝑈𝑖), and Principal Components (𝑉𝑖
𝑇), known as eigentriple. According to 

the trajectory matrix 𝑋(41𝑥94) obtained from the embedding process that has been carried out, it 

will then be used to obtain the eigentriple values needed at the Singular Value Decomposition 

stage. To obtain the eigentriple value, the first process will be formed symmetric matrix S = 

XXT as follows: 

S =  X(41×94). X(94×41)
T  

= 

[
 
 
 
 
192085.8 175895.4 158954.6 ⋯ 139447.0
175895.4 191968.1 175445.0 ⋯ 149224.3
158954.6

⋮
139447.0

175445.0 
⋮

149224.3

191292.7 
⋮

158315.5

⋯
⋱
⋯

158315.5
⋮

138429.8]
 
 
 
 

 

 

1) Singular Value (√𝜆𝑖)  
From the symmetrical matrix 𝑆(41𝑥41), the eigenvalue is first computed, followed by 

the singular value, which is derived as the square root of the corresponding eigenvalue. The 

results of these calculations are presented below. 

 

Table 3.3 Eigenvalue and Singular Value Results 

No Eigen Value (𝜆𝑖) Singular Value (√𝜆𝑖) 
1 6338367.590 2517.61149 
2 481845.038 694.15059 
3 474387.302 688.75780 
⋮ ⋮ ⋮ 

40 2182.120 46.71317 
41 1625.646 40.31931 

 

According to the table above, the eigenvalues can be observed have a decreasing 

order 𝜆1 = 6338367.590 > 𝜆2 = 481845.038 > 𝜆3 = 474387.302 ⋯ 𝜆40 = 2182.120 > 𝜆41 = 

1625.646 

2) Eigenvector (Ui) 
Once the eigenvalue is obtained, the eigenvector is then computed, yielding the 

following results: 
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U1

[
 
 
 
 
−0.1560
−0.1569 
−0.1564 

⋮
−0.1565 ]

 
 
 
 

, U2

[
 
 
 
 
−0.2056 
−0.1484 
−0.0435 

⋮
0.1750 ]

 
 
 
 

 , ⋯ ,U41

[
 
 
 
 
0.1450
0.2088
0.2147
⋮

0.0732]
 
 
 
 

 

3) Principal Component (𝑉𝑖
𝑇) 

Once the eigenvalue and eigenvector are obtained, the principal component is 

derived, with the results shown below 

V1

[
 
 
 
 
−0.1005
−0.1010  
−0.1025  

⋮
−0.1025 ]

 
 
 
 

, V2

[
 
 
 
 
0.1034 
0.1350 
0.1398 

⋮
0.0835 ]

 
 
 
 

 , ⋯ ,V41

[
 
 
 
 
−0.0452
0.0317
0.0399
⋮

0.1000 ]
 
 
 
 

 

2. Reconstruction 

a. Grouping 
This process is performed to group the eigentriples obtained from the SVD process. 

The grouping is done according to the characteristic properties of each component, including 

trends, seasonality, and noise. The grouping process uses Grouping Effect (𝑟) as a parameter 

used to determine components related to trends and seasonality 

 

1)    Grouping of Noise Components 
The noise components are grouped based on the parameter value 𝑟 determined by 

looking at the number of eigentriples that do not describe the noise component in the 

following plot: 

 

Figure 3. 2 Plot Eigentriple 

  It is said to be a noise component if the eigentriple plot decreases slowly. It can be 

observed in the plot above indicating that the eigentriple plot begin to decrease slowly at the 

9th to 41st eigentriple so it can be said that the eigentriple is a noise component. Based on 

this, the 8 eigentriples that are not identified as noise components are the Grouping Effect 

(𝑟) parameter values which will be utilized to recognize trend and seasonal components 

2)      Grouping of Trend and Seasonal components 

After the noise component has been successfully grouped, the next step is to group 

the eigentriples that reflect the trend and seasonality components. The eigentriple numbers 

employed is 8 eigentriples consisting of eigentriples 1, 2, 3, 4, 5, 6, 7 and 8. To determine the 

trend and seasonal components, use the following plot of the reconstructed series: 
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Figure 3.3 Plot Eigentriple 1-8 

Trend components are defined as all elements on the plot that change slowly. It can 

be observed in the plot above that the series reconstructed by eigentriple 1 illustrates 

components that have slow variance, making eigentriple 1 identified as a trend component.  

Eigentriples that define trend and seasonal components cannot be identified solely 

through the reconstructed plot and eigenvector pair scatterplot, but the identifier can also be 

seen by looking at the wcorrelation plot. The plot serves to find out how the correlation 

between eigentriples, if the plot color is solid black then the eigentriple has a strong 

correlation [2]. The w-correlation plot of 8 eigentriples is as shown below: 

 

Figure 3.4 Plot w-correlation 

The figure above describes that component F1 has no correlation with other 

components but only correlates with itself so it can be grouped into trends. Components F2 

& F3, components F4 & F5 and components F7 & F8 have a strong correlation because the 

slices between these components have a dark color so they can be grouped into seasonal 

components. 

 

b. Diagonal Averaging 
The grouping outcomes are transformed into a new time series in this phase. This 

process is designed to derive the singular values of the decomposed components, which are then 

employed for forecasting. 

 

Table 3.4 Results from Diagonal Averaging 

No. Diagonal Averaging 
1. 18.335021 
2. 20.055453 
3. 25.235563 
⋮ ⋮ 

133 11.825159 
134. 17.176906 
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The in-sample data produces a new time series with a length of 134, which is 

subsequently used for prediction through the R-forecasting method. 

 

3. Applying R-Forecasting for Prediction 
After obtaining the results from the calculation of diagonal averaging, forecasting is then 

conducted using the R-Forecasting technique, producing the following outcomes. 

 

Figure 3. 5 Comparison of SSA-predicted and actual sunshine duration values 

 

Figure 3.5 illustrates that the forecasting data forms a looping pattern comparable to the 

actual data, with predicted values closely following actual values. There are some data forecasting 

results that are very close to the actual data, but there are also some data that have a little distance 

difference. 

Furthermore, the calculation of forecasting accuracy results in this research, MAPE 

method is utilized as follows. 

MAPE =
664.3197

34
100% =  19, 53% 

From the above calculations, it can be seen the obtained MAPE value is 19.53%, 

according to table 2.1 shows that the forecasting results have a fairly good level of accuracy using 

the Singular Spectrum Analysis method with a value of 𝐿 = 41 and Grouping Effect (𝑟) = 8 so 

that it can be used to forecast the average value of solar irradiation in the future. Furthermore, 

forecasting is carried out for the next 12 months and the following results are obtained: 

 

Table 3.5 Predicted Results for 2024 

No Month Average of Sunshine Duration 

1 January 34,4% 
2 February 48.14% 
3 March 52,93% 
4 April 52% 

5 May 53.45% 

6 June  58,6% 

7 July  60,1% 

8 August 51,23% 

9 September 34,16% 

10 October 18,42% 

11 November 12,82% 

12 December 19,51% 

 



907 

JURNAL MATEMATIKA, STATISTIKA DAN KOMPUTASI 
Shifa Amelia Rachman, Putroue Keumala Intan, Wika Dianita Utami, Adhim Salamiani 

 

From Table 8, it is evident that the average duration of solar irradiation obtained in 2024 

in Pasuruan is highest in July with a value of 60.1% while these results can provide more energy 

for activity and growth, they can also pose significant risks and impacts on the environment, 

human health, and life as a whole. While the lowest value acquisition is November with a value 

of 12.82%. If the average solar irradiation is low, some possible consequences are that it can slow 

down the photosynthesis process of plants, it can affect the availability of energy for ecosystems 

and human activities. The impact extends to energy production from solar panels and wind 

turbines in renewable energy facilities and related sectors. 

 

3.  CONCLUSION   
The MSSA method successfully captured the trend, seasonality, and noise components in the 

sunlight duration data, achieving a minimum MAPE of 19.53%, indicating good predictive 

accuracy. The grouping process effectively separated meaningful patterns from noise, demonstrating 

the capability of MSSA to decompose and reconstruct time series data with complex structures. 

These results suggest that MSSA is a reliable approach for forecasting time series with seasonal 

characteristics and could be applied to similar environmental datasets for improved predictive 

performance. 
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