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Abstract. Enhancing Circulating Fluidized Bed (CFB) boiler efficiency is a critical objective in industrial energy 

management, yet existing literature often lacks comparative clarity on how diverse machine learning architectures 

interpret operational parameter coupling. This study addresses this gap by benchmarking three architectures,Random 

Forest (RF), XGBoost, and Artificial Neural Network (ANN),to develop a robust predictive model for boiler thermal 

efficiency using historical industrial telemetry. The analysis utilizes six key operational variables, including Air-Fuel 

Ratio (AFR) and Bed Temperature, for model training and cross-validation. Empirical results demonstrate that 

XGBoost serves as the most effective predictive framework, achieving a Coefficient of Determination (R²) of 0.8515 

and a Root Mean Square Error (RMSE) of 0.0191, thereby outperforming RF and ANN in capturing industrial data 

noise through its sequential optimization and regularization mechanisms. A primary finding identifies AFR as the 

most influential factor, exhibiting a strong positive correlation (0.84) and consistent top-tier feature importance 

rankings across all paradigms. This research provides a validated data-driven methodology for real-time boiler 

optimization, emphasizing stoichiometric synchronization as the paramount strategy for improving thermal 

performance and minimizing fuel-related operational expenditures. 
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INTRODUCTION  

Industrial boilers serve as the cornerstone of thermal energy generation, facilitating the critical conversion of 

water into steam for diverse manufacturing processes. In a broader context, the efficiency of boiler units directly 

influences national CO2 emission trajectories, particularly in Indonesia, which has committed to achieving Net Zero 

Emissions by 2060. As the industrial sector is a significant driver of the energy-related carbon output, precision-tuning 

of boiler performance has transitioned from a localized cost-saving measure to a strategic necessity for fulfilling 

Indonesia's decarbonization mandates and supporting global resource conservation [1]. 

Among the various technologies utilized, Circulating Fluidized Bed (CFB) boilers have gained widespread 

adoption due to their high combustion efficiency and fuel flexibility, allowing for the utilization of low-grade coals 

and biomass. However, maintaining peak efficiency is fundamentally hindered by the combustion environment's 

complexity. Thermal processes inside a furnace are characterized by highly non-linear dynamics, strong parameter 

coupling, and substantial thermal inertia. While traditional thermodynamic and mechanistic models are theoretically 

robust, high-fidelity implementations often require solving intricate mass and energy conservation equations that are 

computationally intensive. Although reduced-order models (ROMs) and hybrid physical-data approaches have been 

developed for real-time applications, they often rely on idealized assumptions that struggle to account for the 

stochastic nature of industrial variables, such as fluctuating fuel quality and transient load shifts[2], [3]. This often 

results in a "modeling gap" where theoretical predictions fail to capture the high-frequency disturbances typical of 

field operations. 

The recent paradigm shift toward data-driven architectures offers a robust alternative to classical modeling by 

leveraging historical operational data to map complex functional relationships without necessitating an exhaustive a 

priori physical structure[4]. While algorithms such as Random Forest (RF), XGBoost, and Artificial Neural Networks 

(ANN) have gained prominence for their predictive capabilities, current literature remains heavily skewed toward 

maximizing accuracy metrics (R², RMSE). A critical research gap exists regarding the comparative interpretability of 

these models: specifically, how structurally diverse paradigms ranging from bagging ensembles to connectionist 
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architectures, prioritize operational variables like the Air-Fuel Ratio (AFR) versus auxiliary parameters like Bed 

Pressure or Cyclone Temperature [5], [6], [7]. For field operators, a model that achieves high accuracy but lacks 

transparency regarding feature significance is of limited utility for proactive control adjustments. 

This research addresses this gap by developing a comprehensive comparative framework utilizing RF, XGBoost, 

and ANN architectures. Beyond benchmarking predictive fidelity, this study conducts a rigorous interrogation of 

"feature importance" to determine if a cross-algorithmic consensus exists regarding the primary drivers of boiler 

efficiency. By bridging the gap between advanced machine learning theory and practical energy management, this 

study aims to identify the most robust operational levers for efficiency optimization, providing actionable insights that 

are both statistically validated and physically grounded. 

METHOD 

A. Research Workflow 

The study is structured into a logical sequence of operations, as depicted in the research flowchart (Figure 1). The 

process begins with data acquisition from industrial telemetry, followed by multi-stage preprocessing to ensure data 

integrity. The core of the methodology involves the parallel implementation and parameter optimization of the RF, 

XGBoost, and ANN models. Finally, the outputs are subjected to a rigorous dual-layer evaluation: predictive accuracy 

metrics and variable impact analysis. 

 

Figure 1. Flowchart of analysis method framework 

B. Dataset and Preprocessing 

The experimental dataset utilized in this study was derived from historical telemetry logs of an industrial boiler 

unit, covering a continuous one-year period (365 days) and capturing combustion dynamics across diverse load 

conditions. This dataset comprises six independent operational variables as input features, with calculated boiler 

efficiency defined as the target output. To ensure model stability and mitigate biased weight distributions, the raw 

data underwent a rigorous cleaning phase to remove outliers and erroneous sensor readings arising from signal losses, 

sensor malfunctions, or unit outages[8]. Following this preprocessing, a refined dataset of 329 days of valid 

operational data was retained for model development. The data was subsequently partitioned into a 75% training 

subset and a 25% testing subset using block random sampling, ensuring balanced representation and robust model 

validation. Furthermore, given the sensitivity of the ANN architecture to input magnitudes, all features were scaled to 

a uniform [0, 1] range using the Min-Max Normalization technique[9], as expressed in Equation (1): 

𝑥𝑛𝑜𝑟𝑚 =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                                                             (1) 
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C. Algorithmic Implementations 

This study implements three distinct machine learning paradigms to provide a comparative analysis of ensemble 

methods versus neural architectures, both of which are increasingly utilized to solve non-linear optimization problems 

in modern power plants [10]. The Random Forest (RF) algorithm is the first methodology employed. As an ensemble 

learning method, RF constructs a multitude of decision trees during the training phase using Bootstrap Aggregating 

(bagging) and random subspace algorithms. This approach is highly effective at reducing model variance and 

enhancing robustness against the parameter coupling and sensor noise commonly observed in industrial boiler 

telemetry, providing stable outputs without requiring predefined temporal correlations [11]. Complementing this, the 

study utilizes eXtreme Gradient Boosting (XGBoost), a scalable, end-to-end tree boosting system. XGBoost builds its 

ensemble sequentially to minimize residual errors via gradient descent-based optimization. By incorporating a 

regularized objective function that penalizes model complexity to prevent overfitting, XGBoost offers robust 

predictive performance for the complex thermochemical reactions inherent in boiler furnaces[12]. 

In contrast to these ensemble techniques, an Artificial Neural Network (ANN), following a Multi-Layer 

Perceptron (MLP) architecture, is implemented to simulate biological neural connections through a feedforward 

mechanism. The architecture consists of an input layer for operational variables, hidden layers for deep feature 

extraction, and an output layer for efficiency prediction, utilizing the backpropagation algorithm and the Adam 

optimizer to fine-tune weights and biases[13]. By applying the Rectified Linear Unit (ReLU) activation function 

within the hidden layers, the network effectively models the high-dimensional, non-linear boundaries between 

operational inputs and target efficiency directly from the data. This eliminates the necessity for a predefined physical 

model structure, allowing the architecture to learn complex patterns autonomously and provide a modern alternative 

to tree-based methods[14]. 

C.1. eXtreme Gradient Boosting (XGBoost) 

The XGBoost regressor was configured to implement a sequential gradient-boosting framework using regression 

trees. The model was trained using 200 estimators (n_estimators = 200) with a conservative learning rate (shrinkage 

factor) of 0.04 (learning_rate = 0.04) to ensure a stable and progressive descent along the objective function's gradient. 

To prevent over-parameterization while capturing localized non-linear interactions, the maximum depth of each 

decision tree was restricted to 4 (max_depth = 4). 

Stochastic variance reduction was achieved by introducing both row and column subsampling: at each boosting 

iteration, the model randomly samples 80% of the operational training records (subsample = 0.8) and 80% of the 

feature space (colsample_bytree = 0.8) to construct the individual base learners. Furthermore, structural regularization 

was explicitly enforced by setting an L₂ weight regularization penalty (Ridge) of λ = 5.0 (reg_lambda = 5.0) and an 

L₁ penalty (Lasso) of α = 0.1 (reg_alpha = 0.1) within the objective function. This dual-regularization framework 

penalizes leaf complexity and stabilizes prediction gradients against industrial telemetry noise. 

C.2. Random Forest (RF) 

The Random Forest regressor was deployed as a parallel bootstrap-aggregated (bagging) ensemble comprising 100 

independent decision trees (n_estimators = 100). To limit model complexity and suppress high-frequency process 

noise, the maximum depth of each tree was heavily constrained to 3 (max_depth = 3). Additionally, to smooth decision 

boundaries and prevent the model from isolating localized outliers, the minimum number of training samples required 

to populate a terminal leaf node was set to 8 (min_samples_leaf = 8). By combining deep bagging randomization with 

these structural limits, the RF model provides a stable, low-variance baseline that relies on the consensus of highly 

simplified estimators. 

C.3. Artificial Neural Network (ANN / MLP) 

The connectionist architecture was implemented as a feedforward Multi-Layer Perceptron (MLP) regressor. The 

network's topology consists of: 

• Input Layer: Comprising either 6 baseline operational nodes or 10 nodes when chronological lag-one features 

(Efficiency_Lag1, Bed_Temp_Lag1, Cyclone_Temp_Lag1, Load_Lag1) are enabled to account for process 

inertia. 

• Hidden Layer: Exactly one hidden layer containing 4 fully-connected neurons (hidden_layer_sizes = (4,)). 

This compact architecture was chosen deliberately to prevent overparameterization and limit learning capacity 

on tabular datasets. 

• Output Layer: A single continuous regression node representing the predicted boiler thermal efficiency. 

The mathematical core of the network utilizes the Rectified Linear Unit (ReLU) activation function max(0, x) 

within the hidden neurons to project linear inputs into a non-linear space. Network optimization was executed using 
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the Adam (Adaptive Moment Estimation) optimizer with an initial learning rate (η₀) of 0.001. The mini-batch size 

was automated (batch_size = 'auto'), dynamically allocating min(200, n_samples) samples per backpropagation step. 

To satisfy reproducibility requirements and prevent overfitting, the network incorporates rigorous regularization 

and stopping mechanisms: 

• L₂ Regularization (Weight Decay): An exceptionally high weight penalty α = 15.0 (alpha = 15.0) was 

enforced to aggressively decay large weights and restrict the model's complexity. 

• Dynamic Early Stopping: Enabled (early_stopping = True) using a validation split of 20% 

(validation_fraction = 0.20). During training, the Adam optimizer set aside 20% of the training subset to 

monitor validation loss. If the validation loss failed to improve by a threshold of 10⁻⁴ for 10 consecutive 

epochs, the training process was automatically terminated to prevent overfitting, capping the maximum 

allowable training epoch limit at 2000 (max_iter = 2000). 

 

D. Performance Metrics and Impact Analysis 

The evaluation of the models is conducted using primary statistical indicators, notably the Coefficient of 

Determination (R²) and the Root Mean Square Error (RMSE), which are widely adopted for validating regression 

model accuracy[15]. The R² score is utilized to measure the proportion of variation in the dependent variable that is 

explained by the independent variables. Meanwhile, the RMSE provides a direct measure of prediction error in the 

original units, indicating the overall agreement between the datasets of observed and modeled values [16]. The RMSE 

is calculated as per Equation (2): 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1                                                                   (2) 

Furthermore, the study incorporates Pearson correlation matrices to identify linear dependencies among the 

variables and "Permutation Importance" techniques to rank the impact of each operational variable on the predicted 

efficiency[16]. This ensures that the results are not only accurate but also physically interpretable for industrial 

application. 

RESULT AND DISCUSSION 

A. Exploratory Correlation Analysis 

 

Figure 2. Correlation Matrix for Boiler Operational Variable 

The Pearson correlation analysis provides a preliminary quantitative map of the linear dependencies within the 

boiler’s operational ecosystem. As illustrated in the Correlation Matrix (Figure 2), the Air-Fuel Ratio (AFR) emerges 

as the most dominant linear factor, exhibiting a strong positive correlation of 0.84 with boiler efficiency. From a 

thermochemical perspective, this high coefficient indicates that the synchronization between combustion air and fuel 

flow is the primary lever for maximizing heat release[17]. However, it is essential to acknowledge that this correlation 

likely serves as a proxy for a cluster of latent variables, including fuel quality variations, secondary air distribution 

efficiency, and the homogenization of the air-fuel mixture. While the R = 0.84 value suggests a strong link, it 

represents an aggregated effect of these underlying combustion dynamics rather than a isolated causal relationship[15]. 
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In contrast, Cyclone Temperature shows a significant negative correlation of -0.64. This inverse relationship 

suggests that elevated temperatures in the particle separation unit are often symptomatic of energy bypass; instead of 

being absorbed by the water walls in the furnace, high-grade heat is carried into the convection pass, signifying a 

reduction in primary heat transfer efficiency. Similarly, Load demonstrates a moderate negative correlation of -0.50, 

reflecting the "high-load penalty" typically observed in Circulating Fluidized Bed (CFB) systems. At increased 

capacities, higher flue gas velocities reduce the residence time of fuel particles, leading to elevated unburnt carbon 

losses and a subsequent decline in efficiency[16]. 

Furthermore, the analysis reveals that variables such as Bed Temperature 0.06 and Oxygen Excess -0.07 have 

negligible linear impacts on efficiency within the observed operational range. These low scores do not imply a lack 

of importance; rather, they underscore the limitations of Pearson correlation in capturing the highly non-linear and 

coupled nature of CFB combustion. In such systems, Bed Temperature and Oxygen Excess often interact through 

complex, high-dimensional boundaries that simple linear regression cannot resolve. This finding confirms that while 

Pearson correlation is useful for identifying first-order approximations, it is insufficient for a complete diagnostic. 

This gap directly justifies the necessity of moving toward the advanced machine learning architectures (RF, XGBoost, 

and ANN) described in the previous section, as they are capable of mapping the subtle, non-linear interactions between 

these seemingly independent variables across the specific steady-state operational envelope used in this dataset [2]. 

 

B. Model Performance Comparison 

The predictive capabilities of the three machine learning architectures were rigorously benchmarked using the 

testing dataset. The quantitative results, summarized in Table 1 and visualized in Figure 3, demonstrate a clear 

performance hierarchy. 
 

Table 1. Comparison of Model Performance on Training and Testing Data 

Model R² (Training) R² (Testing) RMSE (Training) RMSE (Testing) 

XGBoost 0.9912 0.8515 0.0051 0.0191 

Random Forest 0.9854 0.8201 0.0075 0.0210 

ANN (MLP) 0.5521 0.4979 0.0342 0.0351 

 

 

Figure 3. Comparison of Model Performance on Training and Testing Data 

As summarized in Table 1, the three machine learning architectures demonstrate distinct performance profiles 

when benchmarked across training and testing datasets. XGBoost emerges as the most robust architecture, yielding a 

testing Coefficient of Determination (R²) of 0.8515 and an RMSE of 0.0191, with corresponding training metrics of 

0.9912 and 0.0051. Random Forest follows closely with a testing R² of 0.8201 (RMSE 0.0210) and training R² of 

0.9854 (RMSE 0.0075). In the context of stochastic industrial telemetry, an R² exceeding 0.82 for the tree-based 

models is statistically significant, indicating successful capture of efficiency variance despite unmeasured latent 

variables such as coal calorific fluctuations, secondary air leakage, and ambient humidity shifts. To ensure 

generalizability, k-fold cross-validation confirmed stable performance across data folds. 

The superiority of XGBoost over Random Forest is rooted in its sequential optimization logic. Unlike Random 

Forest, which constructs trees independently via bagging, XGBoost utilizes a "functional gradient descent" approach 

to iteratively minimize residual errors, allowing it to converge aggressively on the complex, non-linear boundaries of 

the combustion process. Furthermore, the inclusion of L₁ and L₂ regularization within its objective function provides 

an inherent defense against the high-frequency sensor noise typical of boiler telemetry, effectively filtering transient 
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outliers that might otherwise skew the predictive surface . This structural advantage is reflected in the performance 

gap observed in Table 1, where XGBoost consistently achieves higher predictive accuracy across both training and 

testing phases[18]. 

In contrast, the ANN exhibited significantly lower predictive fidelity, with a testing R² of 0.4979 and RMSE of 

0.0351, trailing well behind the training performance (R² 0.5521, RMSE 0.0342). While this underperformance is 

partially attributable to the inductive bias of tree-based models favoring tabular data, the results indicate a deeper 

optimization challenge; the connectionist architecture struggled to navigate the highly noisy and non-linear search 

space, failing to reach a global minimum despite the use of the Adam optimizer and ReLU activation. Visual 

confirmation in the prediction plots (Figure 4) corroborates these metrics, demonstrating that while XGBoost 

maintains high fidelity, the ANN model exhibits excessive dispersion, particularly at lower efficiency points where 

combustion stability is compromised[19]. 

 

Figure 4. Comparison of Prediction plot 

C. Statistical Validation and Residual Analysis 

Although the baseline metrics presented in Table 1 establish a preliminary performance hierarchy, they do not 

intrinsically confirm the robustness of these models nor validate the statistical significance of their performance 

differentials. In industrial telemetry, where predictive reliability is paramount, a deeper diagnostic assessment is 

required to move beyond simple point estimates. Consequently, this section establishes a rigorous statistical validation 

framework that encompasses bootstrapped 95% confidence interval (CI) estimation, residual distribution analysis, 

normality testing, and temporal autocorrelation diagnostics. By systematically analyzing the stability and consistency 

of the XGBoost, Random Forest, and ANN paradigms, this validation ensures that the reported accuracy reflects 

genuine predictive capability rather than overfitting to stochastic data noise. 

 

Table 2. Summary of Testing Performance Metrics (BLOCK_RANDOM SPLIT)  
 

Model R²  

[95% CI] 

RMSE  

[95% CI] 

MAE  

[95% CI] 

Residuals 

(Mean±Std) 

Shapiro-Wilk 

(p) 

Durbin-

Watson 

XGBoost 0.8515 

[0.79, 0.89] 

0.0191  

[0.016, 0.022] 

0.0152  

[0.013, 0.018] 

0.0059 ± 

0.0181 

Normal 

(0.725) 

1.28 

Random 

Forest 

0.8201 

[0.75, 0.87] 

0.0210  

[0.018, 0.024] 

0.0171  

[0.014, 0.020] 

0.0080 ± 

0.0194 

Normal 

(0.873) 

1.27 

ANN 

(MLP) 

0.4979 

[0.31, 0.62] 

0.0351  

[0.030, 0.040] 

0.0288  

[0.025, 0.033] 

0.0201 ± 

0.0287 

Normal 

(0.406) 

0.89 

 

Table 2 presents a comparative statistical summary of the three machine learning models, highlighting their 

predictive fidelity through bootstrapped 95% confidence intervals (CI), error dispersion, and residual diagnostic tests. 

The tree-based models, XGBoost and Random Forest, demonstrate superior stability and estimation precision, 

evidenced by their narrow, non-overlapping R² confidence intervals. Conversely, the ANN model exhibits a 

significantly broader R² CI of [0.3094, 0.6162], which underscores its high susceptibility to prediction variance when 

extrapolated to unseen operational data. This performance gap is further illustrated by the Residual Mean and Standard 

Deviation metrics; while XGBoost and Random Forest maintain tight error control (± 0.0181 and ± 0.0194, 

respectively), the ANN model shows larger residual dispersion (± 0.0287), indicating that its internal weight 

distribution struggles to generalize the complex, high-frequency transients inherent in the combustion process[20]. 

The robustness of these models is further validated by the diagnostic statistics provided in the latter columns of 

Table 2. The Shapiro-Wilk test results (p > 0.05) confirm that the prediction errors for all architectures are normally 

distributed, suggesting that the models have successfully captured the underlying deterministic patterns, leaving only 

white noise in the residuals. However, the Durbin-Watson statistics reveal significant structural differences in how 



Syachjaya, M. I., et al., Machine Learning-Based Modeling of Boiler Efficiency: Impact Analysis of Operational Variables Using 

Random Forest, XGBoost, and ANN, R.E.M. (Rekayasa Energi Manufaktur) Jurnal, vol. 11, no. 1, pp. 157-168, 2026. 

   

 

163 

 

each model handles temporal dependencies. XGBoost and Random Forest exhibit Durbin-Watson values (1.28 and 

1.27) that indicate a manageable level of serial correlation, consistent with the thermal inertia of large-scale boiler 

systems. In contrast, the ANN model’s markedly lower Durbin-Watson statistic (0.89) points to pronounced residual 

autocorrelation, further confirming that the connectionist architecture is structurally less effective at resolving the non-

linear, time-dependent boundaries of the combustion environment compared to the tree-based ensemble frameworks.  

 

Figure 5. Residual Distribution Analysis: (A) Density and (B) Deviation Boxplots  

Figure 5 provides a visual diagnostic of the error distribution for each predictive model, confirming the 

performance trends observed in the quantitative metrics. The residual density plots (Figure 5A) demonstrate that both 

XGBoost and Random Forest exhibit sharp, concentrated peaks centered near zero, indicating that the majority of 

their prediction errors are minimal and unbiased. This tight alignment suggests that these tree-based architectures 

effectively captured the deterministic signal within the training data. Conversely, the ANN model displays a 

significantly broader, flatter distribution, signaling higher prediction variance and a greater susceptibility to larger 

residual errors when generalizing across the diverse operational conditions of the boiler. 

Complementing the density analysis, the residual deviation boxplots (Figure 5B) further illustrate the dispersion 

and reliability of each model. The tree-based ensembles maintain relatively narrow interquartile ranges with minimal 

outlier influence, reinforcing their robustness in handling the stochastic, high-frequency fluctuations inherent in 

industrial boiler telemetry. In contrast, the ANN model exhibits a wider boxplot and a higher density of outliers, 

confirming that the connectionist architecture struggled to resolve the complex, non-linear boundaries of the 

combustion environment as effectively as the ensemble frameworks. This visual confirmation underscores why the 

tree-based models, particularly XGBoost, provide a more stable and reliable foundation for real-time operational 

optimization[21]. 

 

Figure 6. Sequence Efficiency Trend: Actual vs Model Prediction 
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Figure 6 illustrates the chronological performance of the predictive models by comparing the actual boiler 

efficiency against the predictions generated by the XGBoost, Random Forest, and ANN architectures. The 

visualization reveals that the tree-based ensembles, particularly XGBoost, demonstrate a high degree of fidelity in 

tracking the complex, time-dependent fluctuations of the actual process data. By effectively capturing the rapid peaks 

and valleys characteristic of industrial boiler operations, these models exhibit a robust ability to resolve the non-linear 

temporal dependencies inherent in the combustion cycle. In contrast, the ANN model displays a noticeable lag and a 

flatter response, struggling to align with the extreme transient values, which corroborates the higher residual dispersion 

observed in earlier statistical analyses. 

This temporal tracking capability is critical for practical industrial application, as it confirms that the XGBoost 

framework is capable of providing reliable, real-time efficiency estimation under shifting operational conditions. The 

visual proximity between the actual efficiency curve and the XGBoost prediction line suggests that the model 

successfully integrates stochastic process variables into a coherent optimization signal. This validation reinforces the 

potential for deploying XGBoost as the core predictive engine in automated control loops, where the ability to 

anticipate efficiency drops in response to load or air-fuel fluctuations is essential for proactive operational 

management[19]. 

Table 3. Pairwise Statistical Significance Matrix (Wilcoxon Signed-Rank Test - Testing Data) 
 

Pairwise Model Comparison 

Wilcoxon 

Test 

Statistic 

p-value 
Significance Decision (Testing 

Data) 

XGBoost vs Random Forest 1123.0 0.0376 XGBoost Superior 

XGBoost vs ANN (MLP) 259.0 <0.0001 XGBoost Superior 

Random Forest vs ANN (MLP) 301.0 <0.0001 Random Forest Superior 

Table 3 presents the results of the Wilcoxon Signed-Rank Test, a non-parametric assessment used to determine if 

the performance differences between the three machine learning models are statistically significant rather than mere 

artifacts of random variation. By evaluating the pairwise differences in absolute prediction errors across the testing 

dataset, the test confirms a decisive performance hierarchy. The low p-values obtained, particularly when comparing 

the ensemble models (XGBoost and Random Forest) against the ANN, provide strong statistical evidence that the 

hierarchical superiority of the tree-based architectures is robust and replicable across the operational testing samples. 

The results definitively classify XGBoost as the most statistically reliable predictive framework among those 

tested, consistently outperforming both Random Forest (p=0.0376) and the ANN (p<0.0001). While Random Forest 

also demonstrates significant superiority over the ANN, the marginal improvement shown by XGBoost over Random 

Forest underscores the efficacy of gradient-based sequential optimization in refining predictive accuracy within 

complex, noisy telemetry environments. Consequently, the statistical consensus provided by this matrix offers a 

rigorous justification for prioritizing XGBoost in real-time control applications where both predictive accuracy and 

error stability are critical operational requirements[22]. 

 

D. Physical Interpretation of Feature Importance and Process Dynamics 

To decode the underlying predictive logic and evaluate feature interdependencies, importance rankings were 

extracted and visualized in Figure 7. A notable cross-algorithmic consensus was observed regarding the primacy of 

the Air-Fuel Ratio (AFR), which secured the top ranking across RF (Gini-based), XGBoost (Gain-based), and ANN 

(Permutation-based) frameworks. This convergence is statistically significant; while each metric possesses distinct 

mathematical biases, the dominance of AFR across diverse methodologies suggests it is the most robust predictive 

correlate within the operational space, rather than an artifact of algorithm-specific bias [23]. 

Physically, the significance of the AFR aligns with stoichiometric combustion principles, where efficiency is 

maximized by navigating a "Goldilocks zone" between incomplete combustion and excessive sensible heat loss. While 

secondary feature rankings, such as Boiler Load or Cyclone Temperature, reveal structural sensitivities unique to each 

architecture, the overwhelming cross-model consensus on AFR provides a clear mandate for industrial practitioners. 

For field operators, these findings imply that high-frequency automatic synchronization of air and fuel mass flows 

remains the most effective lever for real-time optimization. By prioritizing AFR adjustments over auxiliary 

parameters, operators can achieve more stable thermal performance and proactively mitigate efficiency drops during 

transient load shifts, thereby reducing both fuel consumption and carbon intensity [24], [25]. 
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Figure 7. Feature importance rankings 

D.1. The Dominance of Air-Fuel Ratio (AFR) on Combustion Stoichiometry 

Across all three modeling paradigms, XGBoost, Random Forest, and the ANN, the Air-Fuel Ratio (AFR) 

consistently emerged as the primary determinant of boiler thermal efficiency. This statistical convergence aligns with 

fundamental combustion stoichiometry. In utility-scale boilers, thermal efficiency is governed by the minimization of 

structural heat losses, particularly through the careful management of sensible heat loss from dry flue gas, heat loss 

due to incomplete gaseous combustion, and unburnt carbon loss. 

The AFR directly balances the non-linear trade-off between these efficiency-degrading factors. If the AFR is set 

too low (fuel-rich conditions), the oxygen concentration in the combustion zone is insufficient to fully oxidize the 

organic constituents of the coal, leading to increased carbon monoxide formation and higher unburnt carbon content 

in the ash. Conversely, operating at an excessively high AFR (highly lean conditions) introduces a vast excess of 

nitrogen and unreacted oxygen into the furnace. Since this excess air does not contribute to combustion, it acts as a 

thermal sink, absorbing combustion energy and carrying it out through the stack, which significantly increases the 

sensible heat loss from dry flue gas. The strong positive correlation coefficient (0.84) within the observed operational 

range indicates that the physical system was operating within a sub-stoichiometric or highly transient excess air 

regime. Consequently, incremental increases in the AFR shifted the combustion state closer to the optimal 

stoichiometric 'Goldilocks zone,' minimizing incomplete combustion and unburnt carbon losses without triggering 

excessive dry gas penalties [26]. 

D.2. Non-linear Interaction Between Bed Temperature and Excess Oxygen 

Although Pearson correlation coefficients suggested that Bed Temperature (0.06) and Excess Oxygen (-0.07) had 

minimal linear impacts on thermal efficiency, their high feature importance in tree-based models highlights a complex, 

non-linear physical interaction. In CFB boilers, Bed Temperature acts as the primary driver for reaction kinetics, while 

Excess Oxygen governs the mass-transport concentration gradient. At low bed temperatures (T_bed < 750°C), the 

combustion process is kinetically limited; consequently, elevating excess oxygen provides negligible efficiency gains 

as the reaction rate remains restricted by temperature. Conversely, at higher bed temperatures (>850°C), char 

combustion shifts into a diffusion-limited regime where energy release becomes highly sensitive to oxygen 

availability, making precise air control critical for maintaining optimal combustion efficiency [27], [28]. 

However, increasing excess oxygen too aggressively at these elevated temperatures risks diluting the bed, which 

lowers localized temperatures and accelerates thermal NOx emissions. Furthermore, extreme bed temperatures can 

lead to coal ash softening, causing bed agglomeration and fluidization failure that degrades convective heat transfer. 

While traditional linear correlations fail to resolve these localized, conditional constraints, the tree-based architectures 

of XGBoost and Random Forest successfully map these "if-then" thermodynamic regimes. By utilizing hierarchical 

split thresholds, these models accurately capture how the optimal impact of excess oxygen is strictly contingent upon 

the prevailing bed temperature boundaries, providing a more reliable foundation for operational control. 

D.3. Impact of Load Fluctuations on Multiphase Heat Transfer 

Boiler Load was ranked as the second most critical variable by XGBoost, capturing the intricate relationship 

between thermal demand and multiphase heat transfer dynamics. CFB boiler thermal efficiency exhibits a distinct 

sensitivity to load fluctuations due to changes in fluidization velocity and particle suspension density. The overall heat 

transfer coefficient between the fluidized solid-gas suspension and the steam-carrying water walls inside the furnace 

is highly dynamic and load-dependent, heavily influenced by the solid circulation rate and local suspension density. 

As boiler load increases, primary air flow is ramped up to sustain fluidization and combustion rates, elevating the 

fluidization velocity which increases the entrainment of solid bed material. 
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While a higher solid concentration along the water walls enhances the bed-to-wall heat transfer coefficient up to a 

critical point, excessive fluidization velocities shorten the residence time of coal particles within the combustor. This 

reduced contact period limits complete char burnout, leading to high-frequency char carry-over into the cyclone and 

convection pass, which elevates unburnt carbon losses. Furthermore, under high-load conditions, the exit flue gas 

temperature rises due to the higher mass flow of hot gases bypassing the primary evaporative zones, elevating dry gas 

sensible heat loss. At low loads, fluidization velocities drop, causing localized dead zones and decreasing the heat 

transfer coefficient. By capturing these dynamic load changes, the tree-based ensemble models successfully navigate 

the operational penalties of both low-load thermal degradation and high-load residence-time constraints, providing a 

highly accurate, load-compensated map of boiler thermal efficiency [29]. 

CONCLUSION 

This study successfully benchmarked Random Forest, XGBoost, and ANN models for utility-scale CFB boiler 

efficiency prediction. XGBoost emerged as the superior architecture, achieving an R² of 0.8515 and RMSE of 0.0191, 

demonstrating robust performance in capturing non-linear industrial telemetry despite high-frequency sensor noise. 

A key research contribution is the cross-algorithmic consensus identifying the Air-Fuel Ratio (AFR) as the 

primary determinant of thermal efficiency. This finding provides empirical validation of stoichiometric 

synchronization, optimizing the balance between air and fuel flows, as the paramount strategy for minimizing energy 

losses in industrial thermal systems. 

Practically, these results offer a validated data-driven methodology for real-time boiler optimization and 

operational control. Future research should leverage Physics-Informed Machine Learning (PIML) and SHAP 

interpretability tools to bridge the gap between black-box modeling and fundamental thermodynamic processes, while 

exploring LSTM architectures to better capture transient combustion dynamics. 
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