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Article History: 
The world's primary energy source, which plays a significant role in various global 

sectors, is petroleum. Due to geological influences, energy policies, and geopolitical 

factors, oil production patterns are often fluctuating and non-stationary. This also applies 

to the world's of top three oil-producing countries, that is, the United States, Saudi 
Arabia, and Iraq. This situation poses a challenge in developing accurate forecasting 

models to support global energy planning. This study aims to forecast oil production 

trends in the United States, Saudi Arabia, and Iraq using the Singular Spectrum Analysis 

(SSA) method combined with Trend Regression to obtain a forecasting model capable of 
capturing long-term patterns and mitigating the influence of short-term fluctuations. 

Annual oil production data for the period 1936–2024 were taken from Our World in Data. 

The analysis stages include data decomposition using SSA to separate trends, noise, and 

cycles, followed by trend component modeling using trend regression. Model evaluation 
was carried out using the coefficient of determination (R²). The results of the study 

indicate that the SSA and Trend Regression methods are able to produce stable and 

accurate projections, with the highest R² value in Saudi Arabia (0.98), followed by Iraq 

(0.75), and the United States (0.48). All three countries show an increasing production 
trend until 2034 with different patterns. The SSA and Trend Regression methods are 

effective in capturing the complex and non-stationary dynamics of oil production. This 

study provides both academic and practical contributions in the application of the SSA–

Trend Regression hybrid method for global oil production forecasting as well as practical 
contributions for policymakers in projecting global oil production trends. 
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1. INTRODUCTION 

Oil is essential for humans in various aspects of life. This natural resource is a primary raw material in 

the energy industry, transportation, and even in various everyday products [1]. As technology advances, the 

need for oil continues to increase. Therefore, countries worldwide are competing to discover and manage 

their oil reserves. Without oil, many economic sectors would be hampered, from transportation to the 

production of consumer goods. The use of oil in daily life is diverse and almost unavoidable in modern 

society. One of its most important uses is as a vehicle fuel, which supports human mobility around the world. 

Furthermore, oil is also used in the production of cooking gas and in the medical sector, such as in the 

manufacture of medicines and medical devices [2]. Without oil, many essential facilities, such as hospitals 

and factories, would not be able to operate efficiently. Therefore, a stable oil supply is crucial for the global 

economy. 

However, modeling oil production remains a significant challenge. Previous studies utilizing pure 

ARIMA models often struggle with the non-stationary and highly volatile nature of energy data, as they rely 

heavily on linearity assumptions [3], [4]. While Singular Spectrum Analysis (SSA) has emerged as a powerful 

non-parametric tool for de-noising and signal extraction [5], [6], direct forecasting using pure SSA, such as 

recurrent or vector forecasting, can be overly sensitive to localized fluctuations or missing values, potentially 

leading to instability in long-term projections [7], [8]. 

The integration of SSA and Trend Regression proposed in this study is theoretically superior because 

it leverages the strength of SSA in decomposing complex, noisy signals into interpretable components [5], 

[9], while utilizing the parametric stability of trend regression to capture and project long-term structural 

directions [10]. This hybrid approach bridges the gap between non-parametric signal extraction and stable 

long-horizon forecasting. The novelty of this research lies in this specific methodological integration applied 

to a comparative context of the world’s top three oil producers, utilizing an extended dataset up to 2024 to 

generate a decade-long strategic forecast (2025–2034). This provides a more nuanced evaluation of how 

different national production characteristics, from the technology-driven US shale dynamics to the policy-

governed production of Saudi Arabia, respond to long-term hybrid modeling [1], [11]. 

Oil production drives national progress, particularly in the economic and infrastructure sectors. 

Countries with large oil reserves can generate significant revenue from oil exports, which in turn can be used 

for national development. Investments in energy infrastructure and technology are also heavily influenced by 

revenues generated from the oil sector. Some countries even rely entirely on the oil industry to support their 

economies. Therefore, success in oil production can be a determining factor in a country's progress on the 

international stage. The three countries with the largest oil production currently are the United States, Saudi 

Arabia, and Iraq [12]. 

Differences in geological characteristics, energy policies, and levels of technological advancement 

create highly diverse oil production dynamics across countries. The United States, for example, has 

experienced significant production increases thanks to the implementation of fracking technology, which 

enables the exploitation of shale oil. Conversely, Saudi Arabia and Iraq, as countries with the world's largest 

oil reserves, frequently experience production fluctuations due to OPEC policies, regional political situations, 

and dependence on crude oil exports [11]. These differing conditions make these three countries 

representative for analyzing the complex and volatile patterns of global oil production. 

Therefore, fluctuations create data patterns that are difficult to analyze. Oil production data is often 

unstable over time. Changes in price, demand, and technical factors contribute to irregular data. As a result, 

data patterns are difficult to predict with simple methods [4]. Large fluctuations also disrupt long-term 

forecasting. This poses a significant challenge for researchers and policymakers. Not all analysis methods 

can address poor patterns. Some classical statistical methods are only effective for stable data. When data 

contains changing trends, these methods often fail. Analysis results can reveal significant errors, which can 

impact energy policy. Therefore, selecting the right method is crucial [1]. 

High uncertainty in production data often leads to biased or misleading analysis results. Uncertainty 

stems from both internal and external factors. Internal factors include production technology and resource 

quality. External factors include geopolitics, climate, and global market conditions. This combination of 

factors makes the data difficult to interpret. Careless or inappropriate analysis may result in incorrect 

conclusions, potentially leading to suboptimal or even harmful policy decisions [3]. Differences in production 

characteristics between countries also add complexity, making analysis increasingly difficult to conduct 
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consistently. Each country has different geological conditions. These differences affect the number of 

reserves and production levels. Some countries have low fluctuations, while others have very high ones. 

These differences mean that one method is not always suitable for all countries. The Singular Spectrum 

Analysis (SSA) model can improve accuracy in addressing this issue and has been shown to effectively handle 

non-linear, non-stationary time series by decomposing data into trend, oscillatory, and noise components, 

thereby improving forecasting accuracy in the presence of high uncertainty [6], [13]. 

This research is motivated by the need for accurate modeling and forecasting of fluctuating, non-

stationary, and complex oil production data, given that the dynamics of the global energy market are heavily 

influenced by economic, political, and environmental factors. To address this challenge, this study proposes 

a solution through the application of the SSA method combined with trend regression. This approach is 

particularly well suited for handling non-linear and non-stationary time series, as it decomposes the data into 

trend, seasonal, and noise components, thereby enhancing interpretability and forecasting accuracy [6], [13]. 
The main objective of this research is to predict the 2024 oil production trends of the world's three largest oil 

producers (the United States, Saudi Arabia, and Iraq) to obtain an accurate and stable predictive model that 

can effectively capture the complex dynamics governing global oil production. 

This research builds upon previous studies that have demonstrated the effectiveness of Singular 

Spectrum Analysis (SSA) in handling non-linear and non-stationary time series, particularly in economic and 

energy-related applications [6], [13], [14]. Earlier research has mainly applied SSA as a standalone 

forecasting technique or combined it with short-term predictive models, with a primary focus on signal 

extraction and short-horizon accuracy. However, limited attention has been given to the integration of SSA 

with parametric trend modeling for long-term forecasting, especially in highly volatile and heterogeneous oil 

production data.  

From a statistical science development perspective, lies in the formulation of a hybrid SSA–Trend 

Regression framework that explicitly links non-parametric SSA decomposition with parametric trend 

regression to enhance long-horizon forecast stability and interpretability. Unlike existing studies, this research 

systematically compares a single SSA model with the proposed hybrid model to quantify improvements in 

predictive accuracy using statistical performance measures. Moreover, the proposed framework is applied 

across the world’s three largest oil-producing countries is the United States, Saudi Arabia, and Iraq each 

exhibiting distinct production dynamics, volatility structures, and geological conditions. This cross-country 

application has not been comprehensively explored in previous SSA-based studies and provides new 

methodological insight into the robustness of hybrid statistical models under varying degrees of non-

stationarity and uncertainty [15], [16]. Consequently, this study contributes to statistical science by extending 

the application of SSA beyond decomposition and short-term forecasting toward a generalizable hybrid 

modeling strategy for complex, long-term energy forecasting problems. 

In light of these challenges, the primary objective of this research is to model and forecast annual oil 

production for the 2025–2034 horizon based on historical data from 1936–2024 using the hybrid SSA–Trend 

Regression framework. Specifically, this study aims to develop a robust predictive model that mitigates non-

stationary noise, compares the long-term production trajectories across the United States, Saudi Arabia, and 

Iraq, and generates stable trend projections to assist policymakers in global energy planning and resource 

management [1], [17]. 

2. RESEARCH METHODS 

This study uses a combined design of SSA and trend regression to forecast oil production in these three 

countries. This approach was chosen because it is effective in handling non-stationary and highly variable 

time series data. The study population includes annual oil production data from 1936-2024 sourced from the 

Our World in Data (Oil Production) database. The sample used is data from the 1936-2024 period for the 

United States, Saudi Arabia, and Iraq, sourced from the Our World in Data database. The primary 

instrument used is the SSA-Trend Regression method. The research stages include data collection and 

exploration to identify trend and fluctuation patterns, followed by data decomposition using SSA to separate 

key components such as trend, seasonality, and noise. Next, the resulting trend components are analyzed 

using trend regression models, both linear and nonlinear, to produce a stable and accurate forecasting model 

for non-stationary data. All statistical analyses, SSA decompositions, and regression modeling were 
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performed using R programming language (version 4.x) with the 'Rssa' package. The research 

procedure is conducted in a step-by-step operational sequence:  

1. Data collection and exploration,  

2. SSA Decomposition to separate trend from noise,  

3. SSA Reconstruction of the trend signal, and  

4. Trend Regression modeling for long-term forecasting. 

2.1 Singular Spectrum Analysis (SSA)  

Singular Spectrum Analysis or SSA is a non-parametric statistical method utilized to decompose time 

series data into its primary components, such as trend, seasonality, and noise [18]. Essentially, the SSA 

procedure comprises two fundamental stages, that is decomposition and reconstruction. The main advantage 

of SSA lies in its ability to handle nonlinear and non-stationary data and extract hidden trends from fluctuating 

data patterns. 

2.1.1 Decomposition Stage 

In the decomposition stage, an embedding process is performed, which involves forming a trajectory 

matrix from the original data. This is followed by Singular Value Decomposition (SVD) to extract singular 

values and identify dominant patterns. The following are the steps in the decomposition stage [18]: 

1. Embedding 

In the embedding process, select a window length of 𝐿(1 < 𝐿 < 𝑁) and set 𝐾 = 𝑁 − 𝐿 + 1. In 

this study, L = 36 was chosen to capture decadal cycles while maintaining a stable trajectory 

matrix. Select the eigentriple combination (e.g., r eigentriple) associated with the main 

trend/signal, and consider the remainder as oscillatory signals or noise. The principle is that 

eigentriples with large eigenvalues tend to contribute significant variance (trends or cycles). After 

that, form the following trajectory matrix: 

𝐗 = [𝑋1, 𝑋2, … , 𝑋𝐾] =

(

 
 

𝑥1

𝑥2

𝑥3

⋮
𝑥𝐿

𝑥2

𝑥3

𝑥4

⋮
𝑥𝐿+1

𝑥3

𝑥4

𝑥5

⋮
𝑥𝐿+2

⋯
⋯
⋯
⋱
⋯

𝑥𝐾

𝑥𝐾+1

𝑥𝐾+2

⋮
𝑥𝑁 )

 
 

,              (1) 

where each column 𝑋𝑖 = (𝑥𝑖 , 𝑥𝑖+1, … , 𝑥𝑖+𝐿−1)
𝑇 . The matrix is a Hankel matrix (the “anti-

diagonal” diagonals are equal). 

2. Singular Value Decomposition (SVD) 

Calculate the matrix 𝐗𝐗T, then decompose it into eigenvalues 𝜆1 ≥ 𝜆2 ≥ ⋯ ≥ 𝜆𝐿 ≥ 0 and 

eigenvectors 𝑈1, 𝑈2, … , 𝑈𝐿 (EOFs). Then, form eigentriples (elementary matrices) for each √𝜆𝑖 ∙

𝑈𝑖 ∙ 𝑉𝑖
𝑇  with:  

𝑉𝑖 =
𝑋𝑇𝑈𝑖

√𝜆𝑖
.                (2) 

2.1.2 Reconstruction Stage 

The reconstruction stage includes grouping, which groups components according to structure (trend, 

seasonality, and noise) and diagonal averaging to transform the grouped matrices back into a one-dimensional 

time series, thereby reconstructing the filtered signal based on the relevant components (trend and 

seasonality) and eliminating the noise. The following are the steps in the reconstruction stage [18]: 

1. Grouping 

Select a combination of eigentriples (r eigentriples) associated with the main trend/signal, and 

consider the rest as noise. Eigentriples with large eigenvalues tend to contribute significant 

variance (trend or cycle). Separation can be performed using w-correction (weighted correlation) 

between components to evaluate good separation. For the USA and Saudi Arabia, components 1–

2 were selected to represent the main trend. For Iraq, components 1–4 were grouped to better 

capture the trend amidst higher volatility. 
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2. Diagonal Averaging 

After selecting a group, reconstruct the trend series 𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

 using diagonal averaging or the 

diagonal averaging technique of the group matrix. This will yield the following components, 

oscillations, and noise: 

𝑥𝑛 = 𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

+ 𝑥̃𝑛
(𝑜𝑠𝑐)

+ 𝑥̃𝑛
(𝑛𝑜𝑖𝑠𝑒)

.        (3) 

 

2.2 Trend Regression in Time Series Analysis 

Meanwhile, trend regression is used to model the long-term direction of a time series. In this study, 

simple linear regression was applied after extracting the trend component using the SSA method. Trend 

regression can be used to estimate the development of a variable over a specific period and measure the 

strength of the relationship between time and changes in data values. After obtaining the trend series 𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

 

pa in SSA, the next step in trend regression is as follows: 

1. Trend Regression Model Formulation 

The form of the regression model is linear or non-linear (if pattern trend nonlinear) with 𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

 

respect to time t. Simple linear regression model: 

𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

= 𝛽0 + 𝛽1𝑡 + 𝜀𝑡.                (4) 

2. Parameter Estimation  

Perform Estimate the parameters using the Ordinary Least Squares (OLS) method or nonlinear 

regression according to the model. Ensure that the classical regression assumptions 

(homoscedasticity, autocorrelation, normal residuals) are met. If the residuals show 

autocorrelation, corrections (such as GLS, Prais-Winsten) are necessary to ensure consistent 

estimates. This process determines the intercept (𝛽0) and the slope (𝛽1) that best fit the 

reconstructed trend. Based on the analysis, the final model equations for each country are: 

United States:  

𝑥̃𝑈𝑆𝐴
(𝑡𝑟𝑒𝑛𝑑)

= 𝛽0 + 𝛽1𝑡.              (5) 

Saudi Arabia:  

𝑥̃𝑆𝐴𝑈
(𝑡𝑟𝑒𝑛𝑑)

= 𝛽0 + 𝛽1𝑡.              (6) 

Iraq:  

𝑥̃𝐼𝑅𝑄
(𝑡𝑟𝑒𝑛𝑑)

= 𝛽0 + 𝛽1𝑡.              (7) 

(Note: Replace 𝛽0 and 𝛽1 with the actual calculated coefficients from the Results section). 

3. Model Evaluation 

Model fit is evaluated using the coefficient of determination (R²). The use of R² refers to [7], who 

assessed the results of the AAS reconstruction through a regression between the measured series 

and the reconstructed results using the squared correlation coefficient. Additionally, [15] also used 

adjusted R² to assess the fit of the BiLSTM regression model after component extraction with SSA 

and error metrics such as MAPE and RMSE are included to ensure the robustness of the 

trend projection.  

4. Forecasting  

Forecasting was performed using the selected regression models selected for projecting 𝑥̃𝑛
(𝑡𝑟𝑒𝑛𝑑)

 

in 2025-2034. 
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3. RESULTS AND DISCUSSION 

3.1. Data Identification 

In this research, the data used was annual oil production data in the USA, Saudi Arabia, and Iraq for 

the period 1936–2024. The initial stage was to identify data trends. Oil production in these three countries 

exhibits a recurring pattern of increases and decreases over time, reflecting significant fluctuations.  

  
Figure 1. Time Series Plot of Oil Production (1936-2024) in the Top Three Oil-Producing Countries 

From this fluctuation pattern, it can be identified that the oil production data exhibits a long-term trend 

with cyclical disturbances. The autocorrelation function (ACF) and partial autocorrelation function (PACF) 

plots show partial correlations at certain lags, indicating a relationship between production between previous 

periods. 

  
(a) (b) (c) 

 
(d) (e) (f) 

Figure 2. ACF and PACF Plot of Production Data for USA, Saudi Arabia, and Iraq Oil 

(a) ACF-USA, (b) ACF-Saudi Arabia, (c) ACF-Iraq, (d) PACF-USA, (e) PACF-Saudi Arabia, (f) PACF-Iraq 

The ACF plots show a slow decay across lags, indicating strong persistence and non-stationary 

behavior in oil production series for all three countries. The PACF plots exhibit a significant spike at lag 1 

followed by insignificant lags, suggesting that an AR(1) structure is dominant in the data. 

Next, an Augmented Dickey-Fuller (ADF) test was conducted to assess the data's stationarity. The 

findings from the ADF test are presented below: 

Table 1. ADF Test Results 

Country ADF Statistic Lag Order p-value Conclusion 

USA -1.7134 4 0.694 Non-stationary 

Saudi Arabia -3.0686 4 0.1364 Non-stationary 

Iraq -2.6404 4 0.3126 Non-stationary 
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ADF test results show that the three oil production data sets (USA, Saudi Arabia, Iraq) are non-

stationary, meaning their means and variances change over time, and there are long-term trends. Therefore, 

an analysis method capable of handling non-stationary data is essential. In this research, Singular Spectrum 

Analysis (SSA) was chosen appropriately because SSA can extract long-term trends without having to make 

the data stationary through differencing, as in the ARIMA method. 

3.2 Data Analysis 

This study used the SSA and trend regression methods to analyze oil production patterns in the world's 

top three oil-producing countries, that is the USA, Saudi Arabia, and Iraq. SSA has two stages, that is the 

Decomposition stage and the Reconstruction stage. 

3.2.1 Stage 1: Decomposition Stage 

The decomposition stage involves two primary steps, that is embedding and Singular Value 

Decomposition (SVD). 

1. Embedding 

In the SSA decomposition stage, the initial step is embedding, which organizes annual oil 

production data into a Hankel trajectory matrix. This study used n = 84 years of data, so the 

window length was chosen to be L = 36. The K value was obtained from the formula K = n – L + 

1 = 49. This trajectory matrix will be used in the next stage, SVD, to extract the principal 

components (trends, cycles, and noise). The results of this process are as follows: 

The USA trajectory matrix shows a strong trend pattern. Relative production values increase with 

moderate fluctuations. The trajectory matrix shows a strong correlation between periods, 

indicating a stable long-term trend. 

𝑋𝑈𝑆𝐴 =

[
 
 
 
 
 
1728.29 2010.42 1908.56 1988.10
2010.42 1908.56 1988.10 2126.81
1908.56 1988.10 2126.81 2203.84

2126.81
2203.84
2179.35

2203.84
2179.35
2365.64

1988.10 2126.81 2203.84 2179.35 2365.64 2637.11
2126.81
2203.84

2203.84
2179.35

2179.35
2365.64

2365.64
2637.11

2637.11
2693.30

2693.30
2725.18]

 
 
 
 
 

.    

The SAU trajectory matrix displays a production pattern with large jumps in the initial periods 

leading to a peak in high production. This indicates a strong trend but with significant variations, 

likely related to OPEC policies and oil supply controls. 

𝑋𝑆𝐴𝑈 =

[
 
 
 
 
 
0.02326 0.09304 0.77921 6.26857
0.09304 0.77921 6.26857 8.14100
0.77921 6.26857 8.14100 6.86170

8.14100
6.86170
7.21060

6.86170
7.21060
7.55950

6.26857 8.14100 6.86170 7.21060 7.55950 12.36269
8.14100
6.86170

6.86170
7.21060

7.21060
7.55950

7.55950
12.36269

12.36269
33.30136

33.30136
95.36600]

 
 
 
 
 

.   

The Iraq trajectory matrix shows more irregular fluctuations. The matrix columns contain sharply 

fluctuating production values, reflecting the impact of significant geopolitical and domestic 

security factors. As a result, the trend components are difficult to capture with just a few 

groupings, requiring a broader set of combinations (e.g., 1–4). 

𝑋𝐼𝑅𝑄 =

[
 
 
 
 
 
45.29 47.83 48.12 46.09
47.83 48.12 46.09 29.16
48.12 46.09 29.16 18.22

29.16
18.22
30.18

18.22
30.18
41.54

46.09 29.16 18.22 30.18 41.54 48.42
29.16
18.22

18.22
30.18

30.18
41.54

41.54
48.42

48.42
53.58

53.58
54.43]

 
 
 
 
 

.   

2. Singular Value Decomposition 

The second step is singular value decomposition or SVD, which involves finding the eigentriple 

values of the path matrix 𝐗(36×49). Before finding the eigentriple values, a symmetric matrix is 

first created using the formula 𝑺 = 𝐗𝐗𝒕. Thus, the symmetric matrix is obtained by multiplying 
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the path matrix by its transpose, which is then used to extract the singular values and eigenvectors. 

This process aims to separate the principal components in the oil production data so that dominant 

trends, cyclical patterns, and noise can be identified separately. 

Table 2. Singular Value Decomposition 

Component 
Eigen Value Proportion of Variance 

USA Saudi Arabia Iraq USA Saudi Arabia Iraq 

1 214574.978 168314.345 43377.688 67.88 47.27 35.46 

2 33047.363 29531.091 10238.984 10.45 8.29 8.37 

3 22958.933 22086.817 7342.764 7.26 6.20 6.00 

4 6958.552 21273.816 7115.320 2.20 5.97 5.82 

5 6531.624 17398.841 6967.747 2.07 4.89 5.70 

6 4699.021 13269.809 5373.263 1.49 3.73 4.39 

7 3221.235 9512.457 4524.465 1.02 2.67 3.70 

8 2364.787 5946.096 2722.803 0.75 1.67 2.23 

9 2160.770 5236.683 2701.462 0.68 1.47 2.21 

10 1766.055 5162.830 2591.743 0.56 1.45 2.12 

Based on Table 2, it can be seen that: 

In the USA, Component 1 obtained an Eigenvalue of 214.574; Proportion of Variance of 67.88%. For 

Component 2, the Proportion of Variance of 10.45% was obtained. For Component 3, the Proportion of 

Variance of 7.26%. The first three components explained nearly 85.6% of the data variation. After component 

3, the contribution was very small, less than 2%. This means that US oil production is dominated by the long-

term trend (component 1) with little additional variation in components 2 and 3. The data is relatively stable, 

so it is sufficient to analyze it by grouping components 1–2. 

In Saudi Arabia, Component 1 obtained an Eigenvalue of 168.314; Proportion of Variance of 47.27%. 

Components 2–4 explained 8.29%, 6.20%, and 5.97%, respectively. The first five components explained 

approximately 72.6% of the total variation. Contributions were more dispersed than in the USA. This means 

that Saudi Arabian oil production has a dominant trend (component 1), but several additional cycles 

(components 2–5) are quite significant, which could reflect the influence of OPEC policies or global market 

fluctuations. 

For Iraq, Component 1 obtained an Eigenvalue of 43.377; Proportion of Variance = 35.46%. 

Components 2–5 contributed 8.37%, 6.00%, 5.82%, and 5.70%, respectively. The total of the first five 

components explained approximately 61.4% of the variation, much smaller than for the USA and Saudi 

Arabia. The contributions between components were more evenly distributed. This means that Iraqi oil 

production is highly volatile. No single component dominates. Many components are significant (components 

1–5), resulting in a mixed trend with large cyclical variations. This aligns with Iraq's frequent political and 

geopolitical instability. 

 
(a) (b) (c) 
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Figure 3. Singular Value Pattern in USA, SAU and Iraq  

(a) Singular Values Spectrum-USA, (b) Singular Values Spectrum-Saudi Arabia, (c) Singular Values Spectrum -Iraq, 

(d) Eigenvalue (EOF)-USA, (e) Eigenvalue (EOF)-Saudi Arabia, (f) Eigenvalue (EOF)-Iraq 

The first singular value dominates, indicating that the main variation in oil production is explained by 

a single dominant trend component. The leading EOF captures long-term trends, while higher-order EOFs 

represent cyclical and short-term fluctuations, reflecting production dynamics and structural changes over 

time. 

Next, the purpose of SSA component reconstruction is to filter, smooth, and redisplay the main signals 

from the data, so that important trends and patterns in oil production can be more clearly understood and 

serve as a basis for more accurate forecasting. 

    
(a) (b) (c) 

 

Figure 4. Components Reconstruction (1–6) in USA, SAU and Iraq  

(a) Components Reconstruction SSA-USA, (b) Components Reconstruction SSA-Saudi Arabia,  

(c) Components Reconstruction SSA-Iraq 

The results of component reconstruction (1–6) on oil production data show that the USA is dominated 

by a smooth and stable long-term trend, Saudi Arabia displays a major trend with additional policy cycles, 

while Iraq continues to exhibit an unstable trend pattern with large fluctuations. 

3.2.2 Stage 2: Reconstruction Stage 

The second phase of the procedure is the reconstruction stage, consisting of two subsequent steps, that is 

grouping and diagonal averaging. 

1. Grouping 

The grouping stage is carried out by grouping the eigenvectors from the decomposition based on 

the similarity of the pattern characteristics they exhibit. In the oil production data analysis, the 

eigenvector plot shows that the first component represents the main long-term trend, while 

components 2–4 display patterns resembling cycles or seasonal variations. Components 5 and 6 

again reflect additional, smoother trends, while components 7–9 tend to act as noise or random 

fluctuations with no clear pattern. The grouping results are as follows. 
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Figure 5. Interstate Oil Production Grouping Results  

In the grouping stage of oil production analysis, the SSA decomposition results indicate that the 

USA trend can be reconstructed with just 1–2 components due to its stable long-term pattern. 

Saudi Arabia also requires 1–2 groups, which represent the main trend, although still influenced 

by cyclical variations in OPEC policy. While Iraq requires a broader grouping of 1–4 to clearly 

discern its long-term trend, as it is mixed with sharp fluctuations due to geopolitical factors. 

2. Diagonal Averaging 

The diagonal averaging process for the entire matrix reorganizes the time series, resulting in a 

smoother reconstruction of the oil production signal. From this diagonal averaging, the main trend, 

cyclical patterns, and random fluctuations in oil production data can be separated and analyzed 

more clearly. 

 
(a) 

 
(b) 

 
(c) 

Figure 6. Diagonal Averaging Results for Interstate Oil Production 

(a) Diagonal Averaging-Oil Production USA, (b) Diagonal Averaging-Oil Production Saudi Arabia,  

(c) Diagonal Averaging-Oil Production Iraq 

The diagonal averaging results show differences in oil production characteristics between 

countries. The USA is more stable with a clear dominant trend, Saudi Arabia is strong with a main 

trend but is still affected by policy cycles, while Iraq shows a mixed trend with large fluctuations 

reflecting high uncertainty in its production. 
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3.3 Forecasting Stage 

The next step in this research is to conduct a forecast to estimate future oil production by utilizing key 

trends and patterns that have been separated from noise. This forecasting method uses the SSA + Trend 

Regression method. The SSA method was chosen because it is able to unravel trends, cycles, and noise in 

complex oil production data, while trend regression is used to capture long-term trends and provide more 

interpretable forecasts. The combination of the two makes the analysis more robust, flexible, and accurate in 

describing oil production dynamics in the USA, Saudi Arabia, and Iraq. The forecasting results are as follows: 

Table 3. Forecasting Results 

Year USA Saudi Arabia Iraq 

2025 5857.75 7415.64 2056.09 

2026 5887.66 7506.76 2080.01 

2027 5917.58 7597.89 2103.93 

2028 5947.49 7689.02 2127.85 

2029 5977.41 7780.15 2151.77 

2030 6007.33 7871.27 2175.69 

2031 6037.24 7962.40 2199.61 

2032 6067.16 8053.53 2223.53 

2033 6097.07 8144.66 2247.45 

2034 6126.99 8235.78 2271.37 

US oil production is projected to increase slowly from approximately 5,858 in 2025 to 6,127 in 2034, 

while Saudi Arabia tends to remain stable at a high level, increasing from 7,416 to 8,236, and Iraq shows a 

moderate increase from 2,056 to 2,271 over the same period. 

 

 

(a)  (b) (c) 

Figure 7. Forecasting Results Plot International Oil Production  

(a) Forecasting Results Plot-USA, (b) Forecasting Results Plot-Saudi Arabia, (c) Forecasting Results Plot-Iraq 

For the USA, the forecast indicates a continued upward trend in oil production following historical 

fluctuations, reflecting recovery and growth in recent years. For Saudi Arabia, the production series shows a 

strong and stable increasing trend, and the forecast suggests sustained growth driven by consistent production 

capacity. For Iraq, the data exhibit high historical volatility. However, the forecast projects a positive upward 

trend, indicating potential production expansion despite past instability. 

To evaluate the forecasting performance of the SSA–Trend Regression hybrid model, three statistical 

metrics were utilized, the coefficient of determination (R²), Mean Absolute Percentage Error (MAPE), and 

Root Mean Square Error (RMSE). The R², MAPE, and RMSE values obtained in this research are as follows: 

Table 4. Model Accuracy Table 

Country R² MAPE RMSE 

USA 0.480 18.735 799.998 

Saudi Arabia 0.980 57.134 334.241 

Iraq 0.751 42.369 354.296 
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The results indicate that Saudi Arabia achieves the highest R² value (0.98), reflecting an exceptionally 

stable long-term production trend. This is consistent with previous studies highlighting the stabilizing role of 

OPEC policies and long-term state-led production planning [1], [4]. However, Saudi Arabia also exhibits the 

highest MAPE (57.134%), which suggests that while the model captures the overall trend direction perfectly, 

the absolute percentage deviation remains high due to historical production shifts and large-scale output 

adjustments. 

In contrast, the United States shows the lowest R² (0.480), indicating high production variability driven 

by the dynamic shale oil sector and its acute sensitivity to global market prices [1]. Interestingly, the USA 

achieves the lowest MAPE (18.735%), suggesting that despite the lower trend correlation, the model's 

predictions remain relatively close to the actual values in percentage terms. 

Iraq’s intermediate R² value (0.751) and MAPE (42.369%) align with its dual nature, a strong long-

term capacity development trend periodically disrupted by short-term geopolitical instability [1]. The RMSE 

values further confirm these dynamics, where the USA's high RMSE (799.998) reflects large-scale volume 

fluctuations, while Saudi Arabia and Iraq show more concentrated error margins around their mean 

production levels. Overall, these findings confirm that production stability and the underlying drivers of the 

energy sector significantly influence the performance and error structure of trend-based forecasting models. 

4. CONCLUSION 

Based on the Singular Spectrum Analysis (SSA) decomposition, this study reveals that the world’s top 

three oil producers exhibit distinct variance structures. The United States shows a high concentration of 

variance in the first component (67.88%), indicating a dominant and relatively stable long-term trend. In 

contrast, Saudi Arabia displays a more distributed variance across the first five components (totaling 72.6%), 

reflecting a major trend influenced by periodic production cycles under OPEC policies. Meanwhile, Iraq 

presents the flattest variance distribution (61.4% across the first five components), underscoring high 

production volatility driven by geopolitical instability. 

This research successfully addresses the existing research gap by formulating a hybrid SSA–Trend 

Regression framework. This integration proves theoretically superior as it leverages SSA’s non-parametric 

de-noising capabilities with the parametric stability of trend regression, effectively handling non-stationary 

energy data. The final regression models for the 2025–2034 horizon project a sustained growth in oil 

production for all three nations, albeit with different growth rates and stability levels. 

The robustness of the proposed model is validated through multiple performance metrics. Saudi Arabia 

(R² = 0.98) exhibits the most predictable trend, while the United States (R² = 0.48) remains the most sensitive 

to market-driven fluctuations. These findings underscore the profound impact of geological, technological, 

and geopolitical factors on global energy stability. Ultimately, this study provides a significant practical 

contribution for global policymakers, offering a stable and accurate tool for long-term strategic energy 

planning and oil production projections for the coming decade. 
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