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Abstract 

Growing concern over sustainable waste management and emissions 

control has prompted increased interest in alternative fuels derived 

from non-traditional waste materials. This study compares the 

development of predictive multiple linear regression (MLR) models 

with advanced machine learning (ML) models to estimate CO, NOx, 

and particulate matter (PM) emissions during the combustion of 

alternative pellet fuels. The experimental fuel blends combined 

disposable masks and FFP2 respirators with spruce sawdust at 

varying concentrations (0%, 2%, 3%, 10%, 20%, and 50%). A 

training dataset was created using data from all blends except the 

10% concentration. Emission predictions were performed using both 

multiple linear regression and advanced machine learning 

approaches, incorporating key input variables: the proportion of 

masks and respirators in the fuel, supplied airflow, ambient 

temperature, chimney draft, chimney temperature, O2 content in flue 

gases, and heat output. The 10% mask-content fuel blend dataset was 

reserved for validation and unseen during model development. 

Advanced machine learning models demonstrated superior predictive 

accuracy in this validation test, achieving reductions of 31%, 50.51%, 

and 94.05% in root mean square error for CO, NOx, and PM, 

respectively, compared to multiple linear regression. Despite lower 

precision, multiple linear regression yielded closed-form linear 

equations for simple emission predictions across fuel compositions. 

The findings suggest that machine learning techniques can enhance 

emission prediction accuracy. These models enable emission 

forecasting for various fuel mixtures, reducing the need for individual 

measurements. 
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Introduction 
 

Heat sources are integral to nearly every household, workplace, and residential complex. These systems often 

burn various fuels, with the most common used for heating being coal, natural gas, oil, renewable sources (such 

as biofuels), and waste (Martinopoulos, Papakostas & Papadopoulos, 2018).  Beyond direct combustion routes, 

several pathways for valorizing waste streams are being explored, including material recovery and energy recovery 

strategies in the built environment (Latosinska et al., 2023). However, their combustion generates emissions that 

negatively impact the environment and human health. This necessitates advancements in traditional combustion 

technologies and the development of innovative approaches to reduce emissions while improving combustion 

efficiency (Nussbaumer, 2003; Permchart & Kouprianov, 2004). 

With approximately 4.2 million units in operation, pellet stoves represent Europe's most widely used pellet 

heating system, surpassing boilers, which are estimated at around 1.2 million units (Gauthier & Avagianos, 2021). 

While emissions from pellet combustion are generally lower than those from burning wood logs, they still 

contribute to air pollution (Ozgen et al., 2014). 

There are many ways of adjusting the production of emissions from combustion. One of the options is to 

enhance the combustion process during operation by monitoring key combustion parameters and adjusting the 

combustion device accordingly based on the monitoring results (Xia, Zhang, Tang, & Pan, 2023; Zha et al., 2023).  

For such a purpose, measuring quantities is not always necessary, but predicting them is also possible. When 

predicting combustion parameters, in most existing mathematical models, the approach was to solve (differential) 

equations describing the course of combustion. Most existing mathematical models for predicting combustion 

parameters rely on solving differential equations that describe the combustion process (Boriouchkine & Jämsä-

Jounela, 2016; Boriouchkine, Zakharov, & Jämsä-Jounela, 2012; Porteiro et al., 2006; Van Der Lans et al., 2000). 

The key differences among these models lie in the methods used to solve these equations and the development of 

entirely new modeling techniques tailored to specific research objectives (Zheng et al., 2020). However, many of 

these models are computationally complex and require significant transformations when applied to different 

conditions (Morari & Lee, 1999). 

A common approach to solving combustion-related differential equations is Computational Fluid Dynamics 

(CFD), a numerical method for simulating fluid and gas flow. CFD enables the modeling of complex physical 

processes, including combustion, by simulating airflow, fuel distribution, and gas concentrations within burners 

and exhaust channels. This allows researchers and engineers to test various scenarios and optimize combustion 

system designs to improve efficiency and reduce emissions (Zadravec et al., 2020; Adamczyk et al., 2014). 

However, CFD simulations can be computationally demanding and time-intensive, particularly for multiphase 

combustion systems. High computational costs and specialized hardware/software requirements may become 

significant limitations in such cases. As a result, there is growing interest in developing faster and more efficient 

modeling approaches or hybrid techniques that combine different methods (Panchigar et al., 2022). 

Although various kinetic and equilibrium models exist for describing combustion processes, they are often 

unsuitable for real-time application in operational combustion systems. A promising alternative is the use of 

artificial intelligence (AI). Machine learning (ML), a subfield of AI, employs algorithms that learn from diverse 

data sources, including numerical values, images, text, and audio. Regression models are widely used for 

quantitative prediction tasks, including forecasting real estate prices, estimating costs, predicting energy 

consumption, and health assessments. However, while regression models can provide valuable insights, it is crucial 

to recognize their limitations and interpret results cautiously. ML-based regression models can analyze variable 

interrelationships and be used for predictive purposes. 

Machine-learning approaches are increasingly used across diverse energy sectors, including the evaluation of 

indoor environmental quality and thermal comfort in buildings (Belany et al., 2024; Majewski et al., 2020; Orman 

et al., 2022). In the context of combustion, machine learning regression models can predict parameters such as 

temperature, emissions, particulate matter (PM) generation, and heat source power (Cao, Xin & Yuan, 2016; 

Čajová Kantová, 2024a; Ihme, Chung & Mishra, 2022; Mutlu & Yucel, 2018). For instance, Böhler et al. (2021) 

investigated an emission-limited model predictive control (MPC) system for a small-scale biomass furnace, aiming 

to minimize carbon monoxide (CO) and nitrogen oxides (NOx) emissions while maintaining combustion 

efficiency. Their study demonstrated that predictive control strategies significantly reduced CO emissions, 

particularly under partial-load conditions, achieving up to a 4-fold reduction compared to conventional control 

methods. This model-based approach successfully integrated an emission estimation model, optimizing 

combustion parameters for robust, fuel-flexible control and improved environmental performance without extra 

sensors. 

This study investigates the use of multiple linear regression (MLR) and advanced machine learning (ML) 

techniques for predicting CO, NOx, and PM emissions during the combustion of alternative pellets. Accurate 

emission prediction is crucial when fuel or combustion conditions vary, enabling emission estimation without 

direct measurement. The pellets used in this study were produced by mixing spruce sawdust with crushed 

disposable face masks and FFP2 respirators at varying concentrations (0%, 2%, 3%, 10%, 20%, and 50%). Data 

from the 10% mask-content sample were reserved for validation, serving as an independent test on the same heat 
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source. The goal was to develop predictive models that estimate emissions for different alternative fuel 

compositions, reducing the need for extensive direct measurements. Related experimental characterization of 

mask-based spruce pellets in a small-scale boiler has been reported previously (Čajová Kantová et al., 2024c). 

ML models not only enable emission prediction but also have the potential to control combustion actuators 

and optimize heat-source operation, thereby improving efficiency. While experimental measurements were 

necessary for model development and validation in this study, future research could refine these models to require 

fewer measurements or inputs. Machine learning integration enhances emission-prediction accuracy and enables 

real-time analysis, both of which are valuable for dynamic combustion systems. 

 

Material and Methods 

 

Disposable masks and FFP2 respirators were crushed and added in equal proportions at concentrations of  0%, 

2%, 3%, 10%, 20%, and 50% to spruce sawdust, along with a control sample containing no FFP2 or disposable 

masks (Fig. 1). The moisture content of the produced pellets was determined prior to combustion. Because the 

spruce sawdust provided the dominant hygroscopic fraction, the resulting moisture levels varied only slightly 

across the fuel blends. The measured moisture contents were 5.18% (100/0), 5.44% (98/2), 6.84% (97/3), 7.62% 

(90/10), 5.29% (80/20), and 5.28% (50/50). The masks and FFP2 respirator fragments exhibited moisture contents 

below 1%. Therefore, their contribution to the overall pellet moisture was negligible. All produced blends were 

thus within the typical moisture range recommended for stable combustion in small-scale pellet boilers.  

 

 
 

Fig. 1.  Alternative fuel pellets with crushed disposable face masks and FFP2 respirators at 0%, 2%, 3%, 10%, 20%, and 50% content 

 

This mixture was used to produce 6 mm diameter pellets. These pellet samples were combusted in a LOKCA 

ÚSPOR 18 AUTOMAT automatic pellet boiler (Fig. 2). The boiler has a maximum rated heat output of 18 kW 

and is equipped with a retort burner.  

 

 
Fig. 2.  Small pellet boiler with retort burner. 

 

Fuel dosing occurred at a constant rate of approximately 4.8 kg/h, pulsed with a 15-second feed interval and a 

25-second standby interval. Airflow was maintained at a constant rate with minimal observed fluctuations. The 

generated heat was transferred via a heat exchanger to a cooling tower. A simplified schematic of the main 

measured variables for prediction purposes is shown in Fig. 3. For each fuel sample, 2 measurements were 

performed lasting 30 minutes after the heat output and emission values had stabilized. Data collection was 

performed every 10 seconds. 
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Fig. 3.  The schematic diagram of parameter measurement on the heat source. 

 

The air mass flow rate was calculated by measuring air velocity at the fan inlet with an FVAD 15 MA1 

anemometer, and then adjusting for air density based on temperature and humidity. The ambient temperature was 

measured using thermocouples. These measurements were taken in the environment surrounding the combustion 

process. The chimney draft was continuously monitored using a differential pressure sensor with a maximum range 

of 100 Pa and an accuracy of 0.5%. This device measured the pressure difference to determine the chimney's draft 

during combustion. The chimney temperature was measured using a Type K (NiCr-Ni) thermocouple, located at 

a specific point 1.5 meters above the heat source in the chimney. This sensor provided accurate temperature 

readings for the flue gases. Gas emissions in the flue gases were measured using a gas analyzer, the TESTO 350, 

which detects gas concentrations. The boiler’s heat output was determined by measuring the thermal difference 

between the inlet and outlet temperatures of the heating medium. This calculation relied on the calorimetric 

formula, which includes the mass flow rate of water and its specific heat capacity. Gravimetric measurement of 

particulate matter used a complex sampler (according to ISO 9096:2017). The gravimetric probe was connected 

to a Tecora ISOSTACK BASIC, a Pitot tube, a cooling box, and a dryer. 

This study developed simple, easily interpretable multiple linear regression (MLR) models, enabling the 

creation of equations with coefficient estimates for individual variables. MLR is a statistical method for modeling 

the relationship between a dependent variable and multiple independent variables. It extends simple linear 

regression by incorporating two or more predictors, allowing for a more comprehensive analysis of complex 

systems (Jobson, 1991). These models were created in Excel using the Data Analysis Regression add-in. The 

general form of the linear regression equation is: 

 

yn = b0+b1x1+b2x2+…+bnxn                                                                                  (1) 

 

Where yn is the specific target variable, b0 is the intercept, b1-bn are the regression coefficients, and xn is the 

individual input variable, as listed in Table 1. 

While MLR provides a straightforward, interpretable approach to modeling relationships between variables, 

more advanced ML regression techniques offer greater flexibility for capturing complex, nonlinear dependencies. 

ML regression models are powerful tools for predicting continuous variables by identifying patterns in data. These 

models range from simple linear regression to more sophisticated techniques capable of handling intricate 

relationships. 

Using MATLAB's Regression Learner app, various regression models were tested on the same datasets, 

including regression trees, Gaussian process regression models, support vector machines, kernel approximation, 

ensembles of regression trees, neural network regression, and various linear regression models. These models are 

widely used in predictive analytics, each offering different trade-offs in terms of interpretability, computational 

complexity, and accuracy. The input parameters for model development, including the range of measured values, 

are provided in Table 1. The percentage of added face masks and respirators affects fuel composition, while 

supplied airflow, chimney draft, and O2 content regulate combustion efficiency. Ambient and chimney 

temperatures impact reaction dynamics, and heat output reflects overall combustion performance. The selection 

of specific quantities was based on knowledge of the influence of the given parameter, measurements made, the 

availability of measuring devices for the boiler and fuel, in connection with previous research conducted by 

Kantová et al. (2023, 2024), and on the simplicity of constructing the models. A parameter inherently affecting 
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combustion is fuel moisture content. Moisture influences ignition delay, flame stability, temperature profiles, 

burnout quality, and consequently CO formation and PM generation. Previous studies in small-scale systems 

support the roles of fuel moisture and air management in shaping CO and NOx trends (Lukáč et al., 2019; Lukáč 

et al., 2020). Higher moisture content typically lowers combustion temperature due to the latent heat required for 

water evaporation, potentially increasing CO emissions and altering PM formation pathways. For stable boiler 

operation, most pellet boiler manufacturers recommend a moisture content of approximately 6–10% for wood-

based pellets, ensuring reproducible feeding behaviour, stable flame formation, and predictable emission 

characteristics (EN ISO 17225-2; typical industry requirements). Because the waste-mask additives were dry 

polymeric materials, their moisture contribution was negligible. Only unused and uncontaminated masks and FFP2 

respirators were used in the experiments. Elemental and inorganic analyses show that these materials contain only 

trace inorganic elements and very low ash, indicating no detectable formation of toxic chlorinated compounds. In 

practical waste scenarios, however, discarded masks may contain organic or inorganic residues (cosmetics, dust), 

which could locally increase volatile release and thus affect CO or PM  levels. Such contamination was not present 

in our samples and therefore, was not included as a predictor in the regression and ML models. If contamination 

can be quantified in future studies, it may be incorporated as an additional input variable. A more detailed 

characterisation of these mask/sawdust pellets is provided in a companion study (Čajová Kantová et al., 2024b). 

Since only 2 fuel mixtures are considered in the models, for simplicity, instead of fuel composition and calorific 

value, a variable characterizing the percentage of added face masks and respirators was included. In total, the 

training dataset comprised nearly 1,800 data points, while the independent validation dataset comprised slightly 

over 460. 

 
Tab. 1.  Descriptive statistics of feature and target variables for training and validation datasets. 

Corresponding  

coefficient 
Parameter 

 

Features Minimum value 
Maximum 

value 

Average 

value  

+ SD 

b1 x1  Percentage of added face masks and respirators (%) 0 50  

b2 x2  Mass flow rate (kg/h) 99.9 135.6 114.9 ± 5.9 

b3 x3  Ambient temperature (°C) 20.7 22.8 22.2 ± 0.4 

b4 x4  Chimney draft (Pa) 3.8 24.5 12.7 ± 2.2 

b5 x5  Chimney temperature (°C) 147.8 214.5 187.9 ± 11.0 

b6 x6  O2 content in flue gases (%) 8.9 16.7 13.5 ± 1.44 

b7 x7  Heat output (kW) 5.8 15.7 11.4 ± 1.99 

   Target variables    

 y1 
 

Carbon monoxide CO (mg/m3) 236.3 6417.6 
1317.8 ± 

792.0 

 y2  Nitrogen oxides NOx (mg/m3) 48.6 307.9 109.7 ± 31.1 

 y3 
 

Particulate matter PM (mg/m3) 28.3 527.2 
193.4 ± 

221.9 

 

When comparing prediction models, the root mean square error (RMSE) is often used as an evaluation 

metric (Baruah et al., 2017; Elmaz et al., 2020). The closer the RMSE value is to zero, the more accurate the 

proposed model, indicating that the predicted data closely matches the actual input data. RMSE quantifies the 

average deviation between predicted and actual values. It is easy to interpret and penalizes large errors more 

heavily than small ones. It is calculated as: 

 

RMSE = √(Σ(Pi - Ai)2/ n)                                                                                    (2) 

 

Where: 

• Pi is the predicted value for the i-th observation 

• Ai is the actual value for the i-th observation 

• n is the number of observations 

 

Another important metric is the coefficient of determination (R2), which quantifies the proportion of the 

variance in the dependent variable explained by the independent variables in the model. R2, ranging from 0 to 1, 

represents the proportion of dependent variable variance explained by the model.  0 indicates no explained 

variance, while 1 signifies perfect explanation (Baruah et al., 2017; Elmaz et al., 2020). The formula for calculating 

R2 is: 

R2 = 1 - (SSres / SStot)                                                                                         (3) 

Where: 
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• SSres is the sum of squares of the residuals (the difference between the actual values and the predicted 

values)    

• SStot is the total sum of squares (the difference between the actual values and the mean of the actual 

values) 

In addition to RMSE, the mean absolute percentage error (MAPE) is also given, which expresses the average 

relative deviation between predicted and measured values. MAPE is defined as: 

 

MAPE = (100/n)Σ|(Pi - Ai)/ Ai|                                                                            (4) 

 

These evaluation metrics provide a quantitative assessment of model accuracy, but they do not reveal the 

relative importance of individual input features in shaping predictions. To address this, Shapley importance was 

applied. Shapley importance, derived from cooperative game theory, is a widely used method for interpreting 

machine learning models. It assigns an importance value to each feature by considering its marginal contribution 

across all possible feature combinations. This ensures a fair and consistent distribution of importance scores, 

making it particularly useful for complex, nonlinear models. In this study, Shapley importance graphs were 

generated for a basic linear multiple regression model and also for the selected most successful validation model 

among advanced ML models. These analyses help identify key predictors, enhance model transparency, and 

support explainable AI applications. 

 

Results and discussion 

 

Basic multiple linear regression models were developed to predict CO, NOx, and PM emissions from burning 

pellets composed of spruce sawdust and crushed disposable face masks/FFP2 respirators (0%, 2%, 3%, 20%, and 

50% concentrations). The coefficients and statistical metrics derived from these models, following validation on 

a 10% dataset, are presented in Table 2. 
 

Tab. 2.  Statistical characteristics and coefficients of basic multiple linear regression models predicting CO, NOx and PM emissions. 

Calculated coefficient CO model NOx model PM model 

b0 10401.666 1262.856 -63.152 

b1 6.787 -0.436 8.098 

b2 -20.001 0.668 7.634 

b3 -445.026 -52.385 50.959 

b4 30.188 -0.343 -3.005 

b5 -7.496 -0.431 -9.473 

b6 323.212 -2.082 -26.526 

b7 -43.044 3.751 29.336 

Model metrics    

R2 - Original training model (without 10% sample) 0.59 0.59 0.87 

MAPE - Original training model (without 10% sample) 33.2% 12.9% 104.6% 

RMSE - Original training model (without 10% sample) 377.25 21.60 85.77 

R2 - Validation test (10% sample) 0.51 0.02 0 

MAPE - Validation test (10% sample) 28.2% 28.6% 300.9% 

RMSE - Validation test (10% sample) 1017.71 38.53 136.24 

 

The R2 values for the CO, NOx, and PM models in the original training set were 0.59, 0.59, and 0.87, 

respectively, with the PM model demonstrating a moderate-to-strong fit. The RMSE values for the training models 

are 377.25 for CO, 21.60 for NOx, and 85.77 for PM, showing reasonable prediction accuracy for CO and NOx 

emissions, with the lowest error seen for NOx. While the validation test (10% sample) shows a decrease in 

performance, with R2 values of 0.51 for CO, 0.02 for NOx, and 0 for PM, these results provide valuable insight 

into the models' variability and suggest that further refinement may be needed to improve their generalization. The 

RMSE values for the validation test are higher, especially for CO (1017.71), indicating that the models may face 

challenges in predicting emissions under varied conditions, particularly for CO and PM. For the validation model 

compared to the trained model, RMSE increased by 169.79% for CO, 78.38% for NOx, and 58.89% for PM. 

However, this is because the model is being tested on an independent measurement.  

The analysis of the Shapley importance values for the Multiple Linear Regression (MLR) models predicting 

carbon monoxide (CO), nitrogen oxides (NOx), and particulate matter (PM) emissions reveals distinct influences 

of key combustion parameters on each pollutant (Fig. 4). 
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Fig. 4.  Shapley importance for CO (a), NOx (b), and PM (c) prediction using multiple linear regression models. 

 

For the CO model, the O2 content in flue gases is the dominant factor affecting CO emissions. This is consistent 

with combustion principles, where an increase in oxygen availability leads to more complete combustion, thereby 

reducing CO formation. Other influential factors for the MLR model include mass flow rate, ambient temperature, 

and heat output, albeit with a significantly lower impact than O2 content. Parameters related to chimney conditions, 

such as chimney temperature and draft, have little influence, suggesting that post-combustion factors have little 

effect on CO levels.  

In the NOx model, the most critical predictor is ambient temperature. Heat output and O2 content in flue gases 

are key contributors, influencing combustion temperature and oxidation conditions. Mass flow rate and chimney 

temperature have a moderate impact, while chimney draft and mask/respirator percentage have minimal influence. 

The PM model shows a strong correlation between combustion intensity and particulate emissions, with heat 

output as the most significant factor. Higher heat output suggests increased fuel-burning rates, which can lead to 

greater particulate formation. Chimney temperature and the percentage of added face masks and respirators also 

play substantial roles, possibly reflecting variations in combustion efficiency. O2 content, mass flow rate, and 

ambient temperature contribute to a lesser extent, while the chimney draft has the lowest impact. The importance 

of heat output and chimney temperature suggests that both combustion conditions and post-combustion factors 

influence PM emissions (in the MLR model). 

Overall, these findings validate the MLR models' ability to capture key combustion-related processes that affect 

emissions.  

Table 3 presents the statistical characteristics of the obtained advanced machine learning models used to predict 

CO, NOx, and PM emissions. The metrics for the most successful test models as well as the most successful 

validation models are presented here. 

 
Tab. 3.  Statistical characteristics of advanced machine learning models predicting CO, NOx, and PM emissions. 

Model type CO model NOx model PM model 

Selected the most successful test models  

(by lowest RMSE value) 

Gaussian Process Regression  

(Exponential GPR) 

Ensemble 

(Bagged Trees) 

Ensemble 

(Bagged Trees) 

R2 - Original training model (without 10% sample) 0.87 0.98 1.00 

RMSE - Original training model (without 10% sample) 213.81 5.30 2.32×10-12 

MAPE - Original training model (without 10% sample) 15.2% 3.6% 0.0% 

R2 - Validation test (10% sample) 0.39 0 0 

RMSE - Validation test (10% sample) 756.93 31.76 8.11 

MAPE - Validation test (10% sample) 28.6% 23.0% 18.5% 

Selected the most successful validation models  

(by lowest RMSE value) 

Support Vector Machine  
(Cubic SVM) 

Efficient Linear  
(Least Squares) 

Tree  
(Fine Tree) 

R2 - Original training model (without 10% sample) 0.82 0 1.00 

RMSE - Original training model (without 10% sample) 251.52 33.52 2.42×10-12 

MAPE - Original training model (without 10% sample) 17.6% 17.5% 0.0% 

R2 - Validation test (10% sample) 0.47 0 0 

RMSE - Validation test (10% sample) 702.34 19.07 8.11 

MAPE - Validation test (10% sample) 27.5% 13.7% 18.5% 

 

The selected most successful models for predicting CO, NOx, and PM emission prediction models show 

substantial improvement over the original training models. Focusing first on the most successful training models, 
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the Gaussian Process Regression model achieved an R2 of 0.87 and an RMSE of 213.81 for CO emissions, 

indicating a strong fit and relatively low prediction error. For NOx, the Ensemble model performed excellently, 

with an R2 of 0.98 and an RMSE of 5.30, demonstrating high accuracy. The PM model, also utilizing the Ensemble 

method, reached an impressive R2 of 1.00 and an RMSE close to zero (2.32×10⁻12), indicating near-perfect 

prediction accuracy in the training phase. Turning to the most successful validation models, while validation tests 

showed a decrease in performance compared to training, the models still offered valuable insights. The best 

validation model for CO was the Support Vector Machine with an R2 of 0.47 and an RMSE of 702.34. For NOx, 

the Efficient Linear model achieved an R2 of 0 and an RMSE of 19.07, suggesting challenges in validation but 

still providing some predictive value. Finally, for PM emissions, the Fine Tree model had an R2 of 0 and an RMSE 

of 8.11.  

The study conducted by Ross-Veitía et al. (2024) evaluated CO and NOx emissions, along with CO2 and 

temperature, from steam boilers using advanced machine learning models and MLR, identifying the Gradient 

Boosting Regressor as the most accurate predictor, with an RMSE of 2.86 and R2 = 0.998. In contrast, MLR 

predictions in this study yielded an RMSE of 24.76 and an R2 of 0.78. Key input variables affecting emissions 

included ambient temperature, working pressure, steam production, and fuel type. In comparison, our study 

achieved similarly strong results for the NOx emissions validation model using MLR, with RMSE = 21.6 and R2 

= 0.59. Furthermore, for PM prediction using advanced machine learning models, the RMSE was nearly zero, and 

the R2 value reached 1.00, indicating exceptionally high predictive accuracy. 

Li et al. (2022) developed a convolutional neural network (CNN)-based model with a channel attention 

mechanism for predicting NOx emissions from a coal-fired boiler, achieving high accuracy with RMSE values of 

3.03 mg/Nm3 and 3.24 mg/Nm3. The model incorporated 55 input variables, including boiler load, total airflow, 

fuel flow, steam parameters, oxygen concentration, and various airflow rates, demonstrating strong predictive 

performance and improved computational efficiency.  In contrast, our proposed NOx model achieves comparable 

accuracy while using a significantly smaller subset of input parameters.  This reduction in input dimensionality 

not only simplifies the model architecture but also potentially improves its generalization capabilities and reduces 

the risk of overfitting. 

The advanced machine learning models achieved almost perfect predictions of PM emissions during the 

original training stage, yielding excellent overall results. The RMSE values for the most successful validation 

models increased by 179.24% for CO and decreased by 43.11% for NOx (indicating an improvement in accuracy). 

The RMSE value for PM increased by 335.12 trillion %. The drastic rise in PM RMSE is caused by the initial 

value being extremely low (almost zero). Even a small absolute increase in RMSE from such a low base translates 

into a large percentage increase. 

The Shapley importance values for the machine learning models predicting carbon monoxide (CO), 

nitrogen oxides (NOx), and particulate matter (PM) highlight the key predictors influencing the emissions of each 

pollutant (Fig. 5). The analysis reveals notable differences in feature importance across the models, reflecting the 

distinct mechanisms governing their formation. 

 

 
 

Fig. 5.  Shapley importance for CO (a), NOx (b), and PM (c) prediction using advanced machine learning models. 

 

For the CO model, developed using a Support Vector Machine (SVM), the most influential predictor is 

O2 content in flue gases, which aligns with fundamental combustion principles—higher oxygen levels improve 

combustion efficiency, thereby reducing CO emissions. The percentage of added face masks and respirators also 

shows a strong impact, suggesting a notable influence on CO formation, possibly through effects on combustion 

conditions or filtration efficiency. Other significant contributors include heat output and chimney temperature, 

indicating the role of energy output. Ambient temperature, chimney draft, and mass flow rate have relatively lower 

importance for that model. 
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In the NOx model, using an efficient linear method, chimney temperature emerges as the most significant 

predictor. The mass flow rate follows as the second most influential factor, indicative of its role in the 

determination of fuel-air mixing and combustion conditions. The percentage of added face masks and respirators 

also contributes significantly, potentially modifying airflow and combustion characteristics. Surprisingly, ambient 

temperature and O2 content in flue gases, which are typically crucial for NOx formation, exhibit minimal influence 

in this model.  

In the PM model, which uses a tree-based learning approach, the percentage of added face masks and 

respirators overwhelmingly dominates the feature importance. This finding suggests that changes in filtration or 

airflow caused by additional masks and respirators have a direct, substantial effect on PM levels. Other predictors, 

including mass flow rate, ambient temperature, chimney draft, chimney temperature, O2 content in flue gases, and 

heat output, exhibit negligible influence in this model. Tree-based models, such as decision trees and random 

forests, are prone to high dependence on a single parameter. This is because these models work by dividing the 

data into branches based on the values of a single parameter in each node. Therefore, if one parameter is 

significantly more important than the others, the model may become overly dependent on it, thereby ignoring the 

others. 

Variations in predictor significance across models indicate that effective emission control strategies must 

be tailored to specific pollutants. While optimizing oxygen levels can effectively reduce CO emissions, controlling 

NOx and PM emissions may require adjustments in fuel composition, combustion temperature, and airflow 

dynamics. Furthermore, the observed limitations of tree-based models, particularly their sensitivity to dominant 

predictors, suggest that a hybrid modeling approach integrating multiple machine learning techniques could 

enhance predictive accuracy. 

 

Conclusion 

 

The conclusions of this study apply to pellets made from spruce sawdust with 0–50% (w/w) addition of 

crushed disposable masks and FFP2 respirators, combusted in an 18 kW retort-burner pellet boiler within the 

operating ranges listed in Table 1. The most meaningful next step is to expand the dataset across additional boiler 

types and to include quantified mask contamination and key fuel-property descriptors (e.g., moisture, ash, and 

elemental composition) as explicit predictors to improve model generalization. 

This study demonstrated the feasibility of using multiple linear regression (MLR) and advanced machine 

learning (ML) models to predict CO, NOx, and PM emissions from alternative fuel pellets containing varying 

amounts of crushed disposable face masks and FFP2 respirators. The results indicate that while MLR models 

provide an interpretable and straightforward approach to estimating emissions, advanced ML techniques 

significantly enhance predictive accuracy, particularly for CO and PM emissions. The best-performing ML models 

achieved high R2 values during training, demonstrating near-perfect prediction accuracy for PM emissions. 

However, the validation phase revealed challenges with generalization, particularly for CO, suggesting the need 

for further refinement and a larger dataset to improve model robustness.  

Compared to the basic multiple linear regression model, the advanced machine learning models 

demonstrate improved prediction accuracy, as evidenced by the RMSE values from the validation test on an 

independent dataset obtained during the combustion of a sample with a 10% addition of FFP2/face masks. For the 

CO model, the predictive performance was 31% higher based on RMSE values; for the NOx model, it was 50.51% 

higher; and for the PM model, it was 94.05% higher. 

Shapley importance analysis highlighted the dominant predictors for each emission type, confirming the 

crucial role of O2 content in flue gases for CO, chimney temperature for NOx, and the percentage of added face 

masks and respirators for PM emissions. The study also identified potential risks associated with excessive reliance 

on individual features in tree-based models, emphasizing the importance of careful feature selection and validation 

to avoid overfitting. 

Overall, integrating ML models into combustion emission prediction offers a powerful tool for optimizing 

fuel blends and reducing environmental impact without requiring direct emissions measurements. Future research 

should explore real-time applications of ML-driven predictive control, investigate hybrid modeling approaches 

combining physics-based and data-driven methods, and refine models with larger and more diverse datasets to 

enhance generalization and reliability in practical applications. 
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