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Abstract
Coal blending in stockpile management is widely implemented to meet market quality specifications; however, variations in coal quality parameters may significantly influence the gross calorific value (GCV). This study develops a linear regression-based predictive model to quantify the decline in GCV as a function of total moisture (TM) and ash content (AC) in multi-brand coal blending. A dataset derived from three mine-brand coals (MT-49, BB-51, and BTB-47) was used as a case study. GCV (ar) was treated as the dependent variable, while TM (ar) and AC (ar) were considered independent variables. The regression results reveal a strong negative linear relationship between TM and GCV, with a coefficient of determination (R²) of 0.6303, indicating that 63.03% of GCV variability is explained by changes in total moisture. In contrast, ash content shows a weaker relationship with GCV, with an R² of 0.1974 (19.74%). Quantitatively, an increase in TM by 1%, 2%, and 3% reduces GCV by 104.82, 209.64, and 314.46 kcal/kg (ar), respectively. Similarly, an increase in AC by 1%, 2%, and 3% decreases GCV by 94.60, 189.20, and 283.80 kcal/kg (ar), respectively. Blending simulations representing worst-case, moderate-case, and best-case scenarios were performed using the developed regression model to evaluate their impact on final calorific value (GCV). The moderate-case and best-case scenarios achieved the target specifications, confirming that moisture control plays a critical role in maintaining calorific value during coal stock blending. These findings demonstrate that a simple regression-based approach can serve as an effective decision-support tool for coal quality control and operational blending optimization.
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INTRODUCTION
Batubara remains one of the primary energy resources in many countries, including Indonesia, playing a crucial role in meeting domestic energy demand and supporting export-oriented industries. The economic value of coal is strongly determined by its quality parameters, among which the gross calorific value (GCV) is the most critical indicator used in commercial transactions. Variations in coal quality frequently occur due to the heterogeneous nature of coal formation processes, even within the same seam, leading to fluctuations in calorific value that may affect product consistency and contractual compliance [1]. Among coal quality parameters, total moisture (TM) and ash content (AC) are widely recognized as dominant factors influencing GCV. Higher moisture content reduces the effective heating value due to energy losses during water evaporation, while increased ash content represents non-combustible material that lowers the net energy yield. These parameters are commonly determined through proximate analysis and are routinely used for coal quality evaluation. However, despite their importance, the quantitative relationship between TM, AC, and GCV is often treated descriptively rather than being incorporated into predictive models that can support operational decision-making [2,3] .Coal blending is widely applied to manage coal quality variability by combining coals with different characteristics to achieve target specifications. In practice, blending decisions are frequently based on empirical experience or simple averaging approaches, which may not adequately capture the combined effects of multiple quality parameters on GCV. Previous studies have discussed coal blending strategies and quality control; however, limited attention has been given to the development of simple, data-driven predictive models that explicitly quantify the influence of TM and AC on GCV for blending optimization [4,5,6]. This study addresses this gap by developing a linear regression-based model to predict coal GCV using total moisture and ash content as independent variables. The model is applied to evaluate blending scenarios and to demonstrate its potential use as a practical decision-support tool for coal quality control. The contribution of this research lies in providing a straightforward and operationally applicable predictive framework that links routine laboratory quality data to GCV estimation, thereby supporting more reliable coal blending planning. The objective of this study is to analyze the influence of total moisture and ash content on gross calorific value and to develop a regression-based prediction model that can be utilized in coal blending applications.

METHOD
Research Design and Methodologichal Framework
The research design was conducted through three main stages: field survey, sampling, and calculation and linear regression modeling to predict coal GCV using total moisture content and ash content as independent variables. This model was applied to evaluate blending scenarios and to demonstrate its potential use as a practical decision support tool for coal quality control. The contribution of this study lies in providing a clear and operationally applicable predictive framework that links routine laboratory quality data with GCV estimates, thus supporting more reliable coal blending planning. A schematic illustration is shown in Figure 1. The specific sequence can be seen in Figure 2
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Figure 1. Coal Blending Market Brand

Study Area and Data Collection
This study employed a quantitative research approach utilizing primary and secondary data. The dataset was obtained from routine coal quality monitoring conducted at large-scale coal mining operations in Indonesia. Primary data consisted of the results of three mined coal brands (MT-49, BB-51, and BTB-47), including total moisture content (TM), ash content (AC), and gross calorific value (GCV). Secondary data included market coal specifications, blending plans, and quality monitoring records used to support blending scenario evaluations. The Market Brand BA-48 specification data is based on the directional decision regarding changes to the trademark (brand) and coal specifications of PT. Bukit Asam Tbk in 2022. Coal quality parameters including ash content, total moisture content, and gross calorific value are presented in detail in Table 1.






Table 1. Market Brand BA-48 Specifications
	Kualitas Batubara
	Simbol
	Satuan
	Nilai Rentang	Nilai
(%)	Tipikal

	Ash Content
	AC
	% ar
	6 s/d 9	8

	Total Moisture
	TM
	% ar
	27 s/d 32	30

	Gross Calorific Value
	GCV
	kcal/kg-ar
	4.701 s/d 4.900	4800



Table 2 TM, AC, and GCV Range Values of Mine Brand
	
Mine Brand
	
Data
	TM
(% ar)
	AC
(% ar)
	GCV
(kcal/kg ar)

	MT-49
	62
	26,00-31,80
	1,17-6,51
	4.400-5.141

	BB-51
	42
	24,80-30,50
	1,89-8,18
	4.715-5.496

	BTB-47
	45
	28,30-34,50
	1,34-10,47
	4.414-5.087


The range of coal quality values for the mined coal brands in Figure 2 shows that the dataset, derived from three mined coal brands (MT-49, BB-51, and BTB-47), was used as a case study. GCV (ar) was treated as the dependent variable, while TM (ar) and AC (ar) were considered independent variables.
The field observation survey period was conducted from February to April 2025, during which representative coal quality data were collected for model development and analysis.
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Figure 2. Coal blending observation location at Tarahan Port Stockpile PT. Bukit Asam, Tbk
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Figure 3. PT Bukit Asam Tbk Tarahan Port Unit

Variables and Data Description
In this study, gross calorific value (GCV) was defined as the dependent variable (Y), while total moisture (TM) and ash content (AC) were selected as independent variables (X₁ and X₂). These variables were chosen due to their dominant influence on coal calorific value and their availability from routine laboratory testing. All quality parameters were expressed on an as-received (ar) basis to reflect actual operational conditions.

Linear Regression Model Development
A multiple linear regression model was developed to quantify the relationship between GCV, total moisture, and ash content. The regression analysis was conducted using the Ordinary Least Squares (OLS) method. The general form of the regression model is expressed as follows:
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where:
GCV 	= gross calorific value (kcal/kg, ar) 
TM 	= total moisture (% ar)
AC 	= ash content (% ar)
β₀	= regression intercept 
β₁, β₂ 	= regression coefficients 
ε	= error term
The selection of a linear regression model was based on preliminary data exploration and findings from previous studies that reported approximately linear relationships between GCV and coal quality parameters within operational ranges.

Model Validation and Statistical Analysis
To evaluate the reliability of the regression model, statistical indicators including the coefficient of determination (R²), regression coefficients, and significance levels (p-values) were analyzed. These indicators were used to assess the explanatory power of the model and the contribution of each independent variable to GCV variation. All regression analyses were performed using Microsoft Excel.

Application of the Model for Blending Scenario Analysis
The developed regression model was subsequently applied to evaluate coal blending scenarios. Based on the predicted GCV values, three blending conditions—worst-case, moderate-case, and best-case—were defined to represent different combinations of mine-brand coal proportions. The blending scenarios were assessed by comparing the predicted GCV values
with the target specification. This approach demonstrates the practical applicability of the regression model as a decision-support tool for coal blending planning.

RESULTS AND DISCUSSION
Effect of Ash Content on Gross Calorific Value
Based on the graph above, the linear regression analysis yields the following equation: 
Y = -94.6x + 5130.4
Where Y is the GCV value, and X is the AC value. The -94.6 in this equation represents the slope, indicating that every 1% increase in AC will result in a decrease in the GCV of 94.6 kcal/kg ar. The 5130.4 is the intercept (constant), which represents the theoretical GCV value when AC is 0. The coefficient of determination (R2) is 0.1974, indicating that the contribution of ash content (AC), the independent variable (X-axis), to the decrease in GCV, the dependent variable (Y-axis), is 0.1974, or 19.74%. The remaining 80.26% is influenced by other coal quality parameters outside this regression model.
The Data distribution in Figure 4 shows that most samples are relatively homogeneous, as seen from the points that are close together in some areas. However, there are also points in other areas that are more widely distributed. This is because the number of samples in these areas is much smaller, so the Data points appear separated or spread out due to the greater variation in AC. and GCV values, namely, the AC value range between 1% ar and 10% ar and GCV values between 4400 kcal/kg AR and 5500 kcal/kg AR. The graph also shows that the regression line has a negative slope or a downward trend, indicating a negative (inverse) relationship between AC and GCV. This means that an increase in ash content (AC) results in a decrease in gross calorific value (GCV). This study simulated the increase in the average AC value of MT-49, BB-51, and BTB-47 blending products, using worst-case, moderate-case, and best-case blending conditions of 1%, 2%, and 3%, respectively. These conditions served as independent variables (X) in the calculation using the equation y = -94.6x + 5130.4. The results were as follows:
1. A 1% increase in AC resulted in a decrease in the GCV value of 94.60 kcal/kg.
2. A 2% increase in AC resulted in a decrease in the GCV value of 189.20 kcal/kg.
3. A 3% increase in AC resulted in a decrease in the GCV value of 283.80 kcal/kg. Effect of Ash Content on GCV
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Figure 4. Effect of Increasing AC on Decreasing GCV

Effect of Total Moisture on Gross Calorific Value
Linear regression analysis revealed a clear negative relationship between total moisture content (TM) and gross calorific value (GCV), as shown in Figure 5. The resulting regression equation is:
y = -104.82x + 7901.5
Where Y is the GCV value and X is the TM value. The -104.82 in the equation represents the slope, indicating that every 1% increase in TM results in a decrease in GCV of 104.82 kcal/kg. 7901.5 is the intercept (constant), which represents the theoretical value of GCV when TM is 0. The coefficient of determination (R2) is 0.6303, indicating that the contribution of total moisture content (TM) as the independent variable (X-axis) to the decrease in gross calorific value (GCV) as the dependent variable (Y-axis) is 0.6303, or 63.03%. Meanwhile, the remaining 36.97% is influenced by other coal quality parameter variables outside this regression model.
The data distribution in the graph shows that most samples are relatively homogeneous, as seen from adjacent points, and have a range of TM values between 25% ar and 35% ar and GCV values between 4400 kcal/kg ar and 5500 kcal/kg ar. The graph also shows that the regression line has a negative slope or a downward trend, indicating a negative (inverse) relationship between TM and GCV. This means that an increase in total moisture (TM) results in a decrease in gross calorific value (GCV).
This study simulated the increase in the average TM value from blending MT-49, BB-51, and BTB-47 using worst-case, moderate-case, and best-case blending conditions of 1%, 2%, and 3%, respectively. These variables served as independent variables (X) in the calculation using the equation y = -104.82x + 7901.5. To determine their effect on the decrease in the average GCV value from blending MT-49, BB-51, and BTB-47, the following equations were used:
1. A 1% increase in TM resulted in a decrease of 104.82 kcal/kg in the GCV value.
2. A 2% increase in TM resulted in a decrease of 209.64 kcal/kg in the GCV value.
3. A 3% increase in TM resulted in a decrease of 314.46 kcal/kg in the GCV value.
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Figure 5. Effect of Increasing TM on Decreasing GCV

Implications of Regression Results for Blending Scenarios
Three blending scenarios—worst-case, moderate, and best-case—were assessed using the generated equations in order to actually illustrate the regression model. These scenarios show varying coal usage techniques and rising tolerance levels for quality problems. There is little tolerance for increases in TM and AC in the worst-case situation. The GCV falls below the BA-48 standard even with a 1% increase in either parameter, suggesting a substantial possibility of price modifications or fines. This situation demonstrates how marginal blending designs are susceptible to variations in quality. A balanced blending approach is represented by the moderate scenario, which permits a 1% increase in TM or AC while keeping GCV within the goal specification range. From a technical and financial standpoint, this blending configuration is the most effective since it strikes the ideal balance between the use of coal quality and operational flexibility. The best-case scenario permits up to a 2% rise in TM and AC without going against the GCV specification, providing the largest tolerance for quality variations. Nevertheless, increased use of high-calorie coal results from this resilience, which may lessen total resource optimization. These findings show that the most economically advantageous mixing strategy is not always the most technically safe.



Analysis Particle Size Distribution
 	PSD analysis results indicate that variations in particle size distribution significantly influence coal blending characteristics. Samples with finer distributions (Samples 2 and 5) show potential for increased combustion efficiency due to their larger surface area, while samples with coarser distributions (Sample 3) tend to decrease blend homogeneity and increase the risk of segregation and incomplete combustion. The shape of the PSD curve in the five samples shows a relatively consistent tendency for particle size distribution, which indicates that the characteristics of the particle size distribution in BA-48 blending in this study have a distribution pattern that is not much different between samples, both in terms of the shape of the curve and the value of the particle size distribution parameters obtained. (Figure 6).
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Figure 6. PSD analysis results and its influence on coal blending

Discussion and Research Contribution
This study provides quantitative evidence on the relative influence. Although the negative effects of TM and AC on GCV are generally known, this study also uses operational data and a simple regression-based framework. The primary contribution lies not in identifying the direction of the relationship—which is predictable—but in quantifying the sensitivity of GCV to TM and AC and translating this into actionable blending decisions. The results show that total moisture (TM) has a stronger and more consistent impact on GCV than ash content over the operational range studied. This finding suggests that moisture control should be prioritized in short-term quality management and blending strategies. Furthermore, the application of regression models to blending scenarios demonstrates how simple predictive tools can support decision-making without the need for complex optimization algorithms. However, this study has limitations. The relatively low R² value for ash content suggests that multi-parameter or nonlinear models could improve prediction accuracy. Future research could incorporate additional quality parameters, such as fixed carbon or volatiles, or explore machine learning-based approaches to improve prediction performance

CONCLUSION
This study developed and applied a linear regression-based model to predict the gross calorific value (GCV) of coal using total moisture content (TM) and ash content (AC) as the primary quality parameters. The results showed that both TM and AC exhibited a negative relationship with GCV; however, total moisture content exhibited a stronger and more consistent effect than ash content over the studied operational range. Quantitatively, a 1% increase (ar) in TM reduced GCV by approximately 104.82 kcal/kg (ar), while a similar increase in AC resulted in a smaller reduction of approximately 94.60 kcal/kg (ar). The higher coefficient of determination obtained for TM indicates that moisture content is the dominant variable governing short-term GCV fluctuations in coal blending operations. This finding highlights the importance of moisture content control as a key strategy in maintaining marketable coal quality. The application of the regression model to blending scenarios demonstrated its practical value for operational planning. The moderate and best-case blending configurations were able to maintain GCV within BA-48 specifications, striking a balance between quality compliance and efficient utilization of mine-grade coal. These results demonstrate that a simple prediction model can effectively support blending decision-making without the need for complex optimization techniques. From an industrial perspective, the proposed regression-based approach offers a practical and easy-to-implement tool for predicting GCV variation and managing quality risks in large-scale coal blending operations. Although the model is limited to linear behavior and two quality parameters, it provides a reliable basis for short-term quality prediction. Future studies are recommended to incorporate additional coal properties and explore multivariable or nonlinear modeling approaches to improve prediction accuracy and robustness. 
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