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The production of clinker in cement plants remains a significant source of 

atmospheric dust emissions, posing a major challenge for compliance with 

environmental standards and the protection of public health. This research 

evaluates and compares the performance of three machine learning 

architectures—Artificial Neural Networks (ANN), XGBoost, and Random 

Forest—to predict dust levels from the AFF2 stack at the Meftah cement plant 

(Blida, Algeria) in near real-time. The predictive models are developed based 

on five key operational variables: burned gas rate, exhaust gas temperature at 

the tower outlet, raw meal feed rate (flour), filter differential pressure (AFF2), 

and excess air percentage (O2). For model training and validation, an 

exhaustive dataset comprising over 13,000 historical observations from 2023 

and 2024 was utilized. The obtained results demonstrated that ensemble tree-

based models significantly outperformed the ANN model. Among the 

investigated approaches, the Random Forest model achieved the best 

predictive performance with the lowest error values (MSE = 8.854, RMSE = 

2.976, and MAE = 1.941) and the highest coefficient of determination (R² = 

0.750). The XGBoost model also produced strong predictive capability with an 

R² value of 0.736, while the ANN model showed comparatively lower 

performance with an R² value of 0.645. Residual analysis and prediction-

versus-actual plots further confirmed the superior robustness and 

generalization capability of the Random Forest algorithm. The findings 

demonstrate the effectiveness of machine learning techniques for real-time 

prediction of dust emissions in cement manufacturing processes. The 

proposed predictive framework can serve as an intelligent decision-support 

tool for environmental monitoring, predictive maintenance, and proactive 

control of particulate emissions. The implementation of such models may help 

cement plants reduce environmental impacts, optimize filtration system 

performance, and improve compliance with environmental regulations. 

 

Keywords: Artificial Neural Networks, XGBoost, Random Forest, Cement 

Plant, Dust Emissions, AFF2 Stack, Modeling. 

Introduction 

The global cement industry, responsible for approximately 2.4 billion tonnes of CO2 and significant 
particulate matter (PM) annually, is undergoing a rapid digital transformation to meet ambitious 
sustainability targets (Fayaz et al., 2026). In emerging economies like Algeria, this transition is not 
merely an environmental goal but a strategic economic necessity as the nation seeks to modernize its 
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industrial fleet (Ministry of Industry, 2023; ASJP, 2025). The Meftah cement plant, particularly its AFF2 
stack, serves as a critical case study for implementing advanced monitoring solutions that go beyond 
traditional steady-state models. 

Predicting dust emissions is inherently challenging due to the high variability of operational data across 
different industrial sites, where prediction errors can vary significantly based on data richness (Fayaz et 
al., 2026). While traditional chemical transport models and empirical equations often fail to capture 
real-time fluctuations, machine learning (ML) architectures have proven to be much more robust in 
building accurate 24-h and 48-h pollutant forecasts (MDPI, 2023). However, a significant gap remains 
in identifying which specific ML architecture—Artificial Neural Networks (ANN), XGBoost, or Random 
Forest—provides the optimal balance between predictive accuracy and computational efficiency in the 
specific context of Algerian clinker production. 

Recent studies indicate that while ANN models excel at modeling complex non-linearities, ensemble 
methods like XGBoost and Random Forest often offer superior performance on structured industrial 
datasets by reducing overfitting and providing better handling of missing data (MDPI, 2025; 
ResearchGate, 2025). This article addresses this gap by conducting a rigorous benchmarking of these 
three models using a massive dataset of 13,000 observations from the Meftah plant (2023–2024). By 
evaluating key performance metrics such as R2, RMSE, and MAE, this research aims to provide a 
"surrogate modeling" framework that allows operators to anticipate emission overshoots before they 
occur, thereby ensuring continuous compliance with Executive Decree No. 06-138 (Algerian 
regulations) and promoting a data-driven path toward low-emission industrial operation. 

 

State of the Art 

1.1. The Shift Toward Data-Driven Industrial Monitoring 

Traditional methods for monitoring particulate matter (PM) in cement manufacturing have historically 
relied on stationary continuous emission monitoring systems (CEMS) and empirical linear models. 
However, these approaches often struggle to account for the high non-linearity and "data richness" of 
modern clinker production lines (Fayaz et al., 2026). Recent literature suggests that prediction errors in 
industrial stacks can vary by up to 3 to 5 times depending on the complexity of the operational 
parameters used (Fayaz & Sheikh, 2026). Consequently, the industry is shifting toward surrogate 
modeling, which uses process data (temperature, pressure, gas flow) to predict emissions in near real-
time.  

1.2. Benchmarking Machine Learning Architectures  

Current research (2024–2026) emphasizes the benchmarking of three primary algorithmic families for 
air quality and industrial emissions: 

1. Artificial Neural Networks (ANN): Recent studies demonstrate that ANNs remain 
superior in capturing extreme pollution events and highly non-linear relationships. In comparative 
studies for PM estimation, ANNs improved performance metrics (such as Nash–Sutcliffe efficiency) by 
over 40% compared to linear models (MDPI, 2025).  

2. XGBoost (eXtreme Gradient Boosting): This model has emerged as a state-of-the-art 
solution for structured industrial data. Recent evaluations in similar industrial contexts have shown 
XGBoost achieving near-perfect accuracy (R2 = 0.99) due to its ability to handle feature sparsity and 
prevent overfitting through gradient boosting frameworks (PLOS One, 2025).  

3. Random Forest (RF): Often cited for its robustness and interpretability, RF is frequently 
used as a baseline for ensemble learning. While it occasionally underperforms compared to XGBoost in 
high-dimensional time-series data, it remains a gold standard for its stability across varying operational 
conditions (ResearchGate, 2025).  

1.3. The Algerian Context and Regulatory Imperatives 

In Algeria, the application of these advanced models is becoming a regulatory necessity. Research 
specifically focusing on the Algerian cement sector highlights that ML-based surrogate models can 
achieve a Mean Absolute Error (MAE) of approximately 2.37 mg/m³, which is well within the safety 
margins of the Executive Decree No. 06-138 (30–50 mg/Nm³) (ResearchGate, 2025). Despite these 
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advancements, there is limited research comparing these three specific architectures (ANN, XGBoost, 
and RF) using large-scale, multi-year datasets (e.g., >13,000 observations) specifically for the AFF2 
stack at the Meftah plant.  

Materials and Methods 

1.4. Data Collection and Variable Selection 

The study utilizes a high-resolution dataset extracted from the Meftah cement plant’s monitoring 
systems, covering a continuous period through 2023 and 2024. The final dataset comprises 13,052 
observations sampled at hourly intervals. To predict dust concentration (mg/Nm3) from the AFF2 stack, 
five key operational variables were selected based on their physical influence on filter efficiency: 

 

Table 1. keys operational variables. 

Variable Description Unit 

Gas Flow Rate The volume of burned gas passing through the filter. m3/h 

Exhaust Temperature Temperature at the tower outlet/filter inlet. °C 

Kiln Feed (Flour) 
The mass flow rate of raw meal introduced into the 
kiln. 

t/h 

Differential Pressure (Delta 
P) 

The pressure drop across the AFF2 filter bags. mbar 

Excess Air (O2) The percentage of oxygen in the exhaust gases. % 

1.5. Data Preprocessing 

Before feeding the data into the machine learning algorithms, a rigorous preprocessing pipeline was 
implemented: 

• Data Cleaning: Outliers resulting from sensor malfunctions or plant shutdowns were 
identified and removed using the Interquartile Range (IQR) method. 

• Normalization: Since the variables operate on different scales (e.g., temperature vs. gas 
flow), Min-Max Scaling was applied to transform all features into a range of [0,1], ensuring faster 
convergence for the ANN. 

• Data Splitting: The dataset was partitioned into two subsets: 80% for training (to build the 
models) and 20% for testing (to evaluate generalization performance on unseen data). 

1.6. Model Architectures and Hyperparameters 

Three distinct algorithms were configured and optimized: 

1.6.1. Artificial Neural Network (ANN) 

The implemented ANN is a Multi-Layer Perceptron (MLP). For each layer l, the transformation of the 
input vector a(l-1) into the output a(l) is governed by the following equations: 

1. Linear Combination: 

                                 𝒛(𝒍) = 𝑾(𝒍)𝒂(𝒍−𝟏) + 𝒃(𝒍)                                     (01) 

Where : 

-  𝑧(𝑙): The pre-activation linear output of layer l. 

- 𝑊(𝑙) = Weight matrix of layer l 

- 𝑎(𝑙) = Activation output at layer l 

- 𝑏(𝑙) = Bias vector of layer l 
2. Batch Normalization: To stabilize the hidden states, the linear output is normalized: 
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                                          𝒛(𝒍)̂ = 𝜸(𝒍) (
𝒛(𝒍)−𝝁𝑩

√𝝈𝑩
𝟐 +𝝐

) + 𝜷(𝒍)                                    (02) 

Where : 

-  𝑧(𝑙)̂: The normalized activation of layer l 
-  𝜇𝐵: The mean of the linear outputs for the current mini-batch. 
-  𝜎𝐵

2: The variance of the linear outputs for the current mini-batch. 
-  𝜖: A very small constant (e.g., 10−7) added for numerical stability to avoid division by zero. 

-  𝛾(𝑙): The learnable scale parameter (weight) that allows the network to rescale the normalized data. 

-  𝛽(𝑙): The learnable shift parameter (bias) that allows the network to shift the normalized data. 
 
3. Non-linear Activation: The ReLU function is applied to the normalized output: 

                                     𝒂(𝒍)  =   𝐦𝐚𝐱(𝟎,  𝒛(𝒍)̂)                                   (03) 

Where : 

- 𝑎(𝑙) = Activation output at layer l 
- max (0, ⋅) : The Rectified Linear Unit (ReLU) operation, which replaces all negative values 
with zero to introduce non-linearity and mitigate the vanishing gradient problem. 

- 𝑧(𝑙)̂: The normalized activation of layer l  

4. Dropout: To prevent overfitting, a Bernoulli mask 𝑚(𝑙)  ∼  Bernoulli(0.8) is applied during 
training: 

                                        𝒂(𝒍)̃   =  𝒂(𝒍)  ⋅  𝒎(𝒍)                                      (04) 

Where : 

- 𝑎(𝑙)̃: The "thinned" activation output after dropout has been applied. 

- 𝑎(𝑙): the output of the neurons in layer l immediately after the activation function (ReLU) 
- m (l): The Bernoulli mask vector. 
 
5. Final Output Layer 

The final output 𝑦̂ (dust concentration) is produced by a linear output layer:  

                                                 𝒚̂ = 𝑾(𝒐𝒖𝒕)𝒂(𝒇𝒊𝒏𝒂𝒍) + 𝒃(𝒐𝒖𝒕)                            (05) 

 

Where: 

- 𝑦̂: Model Output / Predicted Value 

- 𝑊(𝑜𝑢𝑡): Output Weight Matrix 

- 𝑎(𝑓𝑖𝑛𝑎𝑙): Final Hidden Layer Activation 

- 𝑏(𝑜𝑢𝑡): Output Bias 

1.6.2. Random Forest (RF) 

The Random Forest regressor is an Ensemble Bagging model. It generates 𝐵 =  300 independent 
decision trees. Each tree 𝑇𝑏  is trained on a bootstrap sample of the dataset 𝐷𝑏. The final prediction for 
the AFF2 stack emissions is the arithmetic mean of all individual tree outputs: 

                                                 𝒚̂ =
𝟏

𝑩
∑ 𝑻𝒃(𝒙; 𝚯𝒃)𝑩

𝒃=𝟏                                         (06) 

 

Where: 

- 𝑦̂: Model Output / Predicted Value 
- 𝐵: Total number of trees (e.g., 500 in this study) 
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- 𝑥: The input vector (gas flow, 𝑂2, temperature, flour rate, 𝛥𝑃). 
- 𝛩𝑏: The random parameters of the 𝑏-th tree, including the subset of features selected at each 
node split to minimize the Mean Squared Error (MSE). 
 
 

1.6.3. XGBoost (Extreme Gradient Boosting) 

XGBoost was implemented as a tree-based ensemble method that minimizes a regularized objective 
function. It builds models sequentially, where each new tree corrects the errors of the previous ones 
using a gradient descent algorithm. This model is particularly effective for capturing non-linear patterns 
in structured industrial data without requiring extensive feature engineering. 

Unlike the parallel nature of Random Forest, XGBoost is an Additive Model that builds trees 
sequentially. The prediction at iteration 𝐾 is the sum of the previous prediction and a new function 
𝑓𝐾(𝑥): 

                                          𝒚𝒊
(𝑲)̂

= ∑ 𝒇𝒌(𝒙𝒊)
𝑲
𝒌=𝟏 = 𝒚𝒊

(𝑲−𝟏)̂
+ 𝜼𝒇𝑲(𝒙𝒊)              (07) 

Where 𝜂 =  0.05  is the learning rate specified in the code. To find the optimal 𝑓𝐾, the model minimizes 
a regularized objective function: 

                                         𝓛(𝓚) = ∑ 𝑳 (𝒚𝒊, 𝒚𝒊
(𝑲−𝟏)̂

+ 𝒇𝑲(𝒙𝒊))𝒏
𝒊=𝟏 + 𝛀(𝒇𝑲)      (08) 

The complexity penalty Ω prevents overfitting by penalizing the number of leaves (𝑇) and the 
magnitude of the weights (𝑤): 

                                          𝛀(𝒇) = 𝜸𝑻 +
𝟏

𝟐
𝝀|𝒘|𝟐                                              (09) 

 

Where: 

- L: The loss function (e.g., Mean Squared Error). 
- T: The number of leaves in the tree. 
- w: The vector of scores (weights) on the leaves. 
- 𝛾, 𝜆: Regularization parameters used to prevent overfitting, making XGBoost superior for 
the noisy sensor data from the Meftah plant. 
 

1.7. Model Evaluation Metrics 

The model is evaluated using four main metrics: 

• MSE (Mean Squared Error): Mean squared error 

                  𝐌𝐒𝐄 = (𝟏/𝒏) Σ(yi-ŷi)2                                              (10) 

• RMSE (Root Mean Squared Error): Square root of the mean squared error 

                   𝐑𝐌𝐒𝐄 = √(𝟏/𝒏)𝜮(𝒚𝒊 − ŷ𝒊)𝟐                                    (11) 

 

• MAE (Mean Absolute Error): Mean absolute error 

                𝐌𝐀𝐄  =  (𝟏/𝒏) Σ |𝒚𝒊  −  ŷ𝒊|                                         (12) 

 

 

• R² (Coefficient of determination): Measures the quality of the prediction 

               𝑹𝟐 = 𝟏 − [𝜮(𝒚𝒊 − ŷ𝒊)𝟐/𝜮(𝒚𝒊 − ȳ)𝟐]                           (13) 
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Where: 

- y_i = Observed value for the i-th observation 
- ŷ_i = Predicted value from the model for the i-th observation 
- ȳ = Mean of observed values, ȳ = (1/𝑛)𝛴𝑦𝑖  
- n = Total number of observations 

1.8. SHAP (SHapley Additive exPlanations) Analysis 

To explain these models, the program uses Shapley values, which distribute the total prediction variance 
among the five input features. The SHAP value 𝜙𝑗 for feature 𝑗 is calculated as: 

                           𝝓𝒋 = ∑
|𝑺|!(𝟓−|𝑺|−𝟏)!

𝟓!𝑺⊆{𝒙𝟏,…,𝒙𝟓}∖{𝒋} [𝒇(𝑺 ∪ {𝒋}) − 𝒇(𝑺)]             (14) 

Where: 

- φ_i = SHAP value of feature i 
- F = set of all input features 
- S = subset of features not including i 
- f_S(x_S) = model prediction using only features in subset S 
- |S| = number of features in subset S 

This ensures that the "importance" of parameters like dp filter aff2 or gas flow rate is mathematically 
grounded in coalitional game theory. 

 

Results and Discussion 

1.9. Analysis of Convergence and Learning (Learning Curves) 

The learning curves presented in Figure 1 illustrate the evolution of the training loss and validation loss 
of the Artificial Neural Network (ANN) model during the prediction of dust concentration. 

 

Fig. 1: Evolution of loss functions (MSE) during ANN model training. 

At the beginning of the training process, the training loss exhibited a very high value exceeding 80 MSE 
units, followed by a rapid decrease during the first epochs. This behavior indicates that the neural 
network quickly learned the dominant nonlinear relationships between the process variables and the 
dust concentration. Such rapid convergence during early epochs is commonly observed in deep learning 
models when the optimizer effectively minimizes the prediction error (Goodfellow et al., 2016) . 

After approximately 20–30 epochs, both the training and validation losses continued to decrease 
gradually and stabilized around values between 14 and 16 MSE units. The close proximity between the 



Journal of Information Systems Engineering and Management 
2026, 11(1) 

e-ISSN: 2468-4376 

https://www.jisem-journal.com/ Research Article 

 

139 
Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

two curves throughout the training process demonstrates that the model generalized well to unseen data 
and did not suffer from significant overfitting. According to Bishop (2006), a small gap between training 
and validation errors is generally considered an indicator of good generalization capability in neural 
network modeling . 

Furthermore, the validation loss remained slightly lower than the training loss during several epochs. 
This phenomenon can occur when regularization techniques such as Dropout and Batch Normalization 
are applied, since these methods reduce overfitting and improve model robustness during training 
(Srivastava et al., 2014). The use of Dropout layers likely contributed to preventing excessive 
memorization of the training dataset while improving predictive stability. 

The absence of a significant increase in validation loss at later epochs indicates that the ANN model 
maintained stable learning behavior throughout the optimization process. Therefore, the selected 
architecture appears suitable for modeling the complex nonlinear dynamics governing particulate 
emissions in cement manufacturing processes . 

Overall, the learning curves confirm that the ANN model achieved stable convergence, satisfactory 
learning performance, and good predictive generalization for AFF2 dust concentration estimation. 

1.10. Comparative evaluation of predictive performance 

Table 2 presents the predictive performance of the Artificial Neural Network (ANN), Random Forest 
(RF), and XGBoost models developed for estimating dust concentration. 

Table. 2: comparative predictive performance. 

Model MSE RMSE MAE R2 

ANN 12,5837 3,547351 2,496116 0,644551 

Random Forest 8,854234 2,975606 1,940753 0,749896 

XGBoost 9,334203 3,055193 2,096569 0,736339 

 

The obtained results indicate that the Random Forest model achieved the best overall predictive 
performance among the three investigated machine learning approaches. Specifically, the RF model 
produced the lowest prediction errors with an MSE of 8.854, RMSE of 2.976, and MAE of 1.941, while 
simultaneously achieving the highest coefficient of determination (R² = 0.750). These results suggest 
that Random Forest was more effective in capturing the nonlinear relationships between the operating 
parameters and the dust concentration values. 

The superior performance of Random Forest can be attributed to its ensemble learning mechanism, 
which combines multiple decision trees to reduce variance and improve prediction robustness (Breiman, 
2001). In industrial process modeling, RF models are widely recognized for their strong generalization 
capability and resistance to overfitting, particularly when dealing with complex and noisy datasets. 

The XGBoost model also demonstrated strong predictive capability, achieving an R² value of 0.736 with 
relatively low prediction errors (RMSE = 3.055 and MAE = 2.097). Although its performance was 
slightly lower than that of Random Forest, XGBoost remained highly competitive. This behavior is 
consistent with previous studies showing that gradient boosting algorithms are highly efficient for 
nonlinear regression problems due to their sequential error-correction mechanism (Chen & Guestrin, 
2016). 

In contrast, the ANN model exhibited the lowest predictive performance among the three models, with 
an R² value of 0.645 and the highest prediction errors (RMSE = 3.547 and MAE = 2.496). Although the 
neural network was capable of learning nonlinear process dynamics, its performance may have been 
influenced by factors such as dataset size, hyperparameter selection, and sensitivity to data variability. 
Neural networks generally require larger datasets and extensive parameter optimization to outperform 
ensemble tree-based methods in industrial applications (Goodfellow et al., 2016). 

Overall, the comparative analysis demonstrates that ensemble tree-based models, particularly Random 
Forest, are more suitable for predicting AFF2 dust emissions under the considered operating conditions. 
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The results confirm that machine learning techniques can effectively model particulate emissions in 
cement manufacturing processes and support environmental monitoring and process optimization. 

1.11. Correlation Analysis: Observed Values vs. Predicted Values 

Figure 2 presents the comparison between the predicted and actual dust concentration values obtained 
using the Artificial Neural Network (ANN), Random Forest (RF), and XGBoost models for AFF2 stack 
emission prediction. 

 

Fig. 2: Predicted values based on the actual values of dust concentration.  

In these scatter plots, the red dashed diagonal line represents the ideal prediction line, where predicted 
values are exactly equal to the actual measured values. Therefore, the closer the data points are to this 
line, the better the predictive performance of the model (Bishop, 2006). 

The ANN model exhibited a relatively wider dispersion of points around the diagonal line, particularly 
for higher dust concentration values. This indicates that the ANN predictions were less accurate and 
showed larger deviations from the real measurements. The dispersion suggests that the neural network 
had greater difficulty capturing the variability of the industrial process under certain operating 
conditions. This observation is consistent with the lower coefficient of determination obtained for ANN 
(R² = 0.645). According to Goodfellow et al. (2016), neural networks may require large datasets and 
extensive hyperparameter optimization to achieve robust generalization performance in complex 
industrial systems. 

In contrast, the Random Forest model showed a significantly stronger alignment of data points along 
the ideal prediction line. Most predictions closely followed the diagonal trend, indicating higher 
predictive accuracy and better agreement between predicted and measured dust concentrations. The 
reduced scatter around the line confirms the strong generalization capability of the RF model and its 
ability to effectively model nonlinear relationships in cement process emissions. Breiman (2001) 
reported that Random Forest models are highly effective in handling nonlinear and noisy industrial 
datasets due to their ensemble averaging mechanism. These visual observations are supported by the 
superior statistical indicators obtained previously, including the highest R² value (0.750) and the lowest 
RMSE and MAE values. 

Similarly, the XGBoost model demonstrated good predictive behavior, with most points concentrated 
near the diagonal line. However, a slightly larger dispersion was observed compared with Random 
Forest, especially in intermediate and high concentration regions. Although XGBoost successfully 
captured the global trend of the data, its predictions were marginally less accurate than those of the RF 
model. This interpretation agrees with the quantitative performance metrics where XGBoost achieved 
an R² value of 0.736. Chen and Guestrin (2016) explained that XGBoost improves prediction accuracy 
through sequential boosting and gradient optimization, making it particularly efficient for nonlinear 
regression tasks. 

Overall, the graphical analysis confirms that the ensemble tree-based methods (Random Forest and 
XGBoost) provided better predictive capability than the ANN model for AFF2 dust concentration 
prediction. Among the evaluated approaches, Random Forest produced the most accurate and stable 
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predictions, making it the most suitable model for monitoring particulate emissions in the studied 
cement manufacturing process. 

1.12. Analysis of the distribution of residues 

Figure 3 illustrates the residual distributions obtained for the Artificial Neural Network (ANN), Random 
Forest (RF), and XGBoost models. 

 

Fig. 3: Residual distributions.  

Residual analysis is an important diagnostic tool used to evaluate regression model quality because it 
measures the difference between observed and predicted values. Ideally, residuals should be randomly 
distributed around the zero line without systematic trends, indicating unbiased predictions and good 
model generalization capability (Elhishi et al., 2023). 

For the ANN model, the residuals exhibited relatively high dispersion around the zero-error line, with 
several extreme positive and negative values. The spread of residuals increased particularly for higher 
prediction values, indicating reduced predictive stability and possible heteroscedastic behavior. This 
suggests that the ANN model had difficulty fully capturing the complex nonlinear relationships 
governing particulate emissions in the cement manufacturing process. Similar limitations of ANN 
models in industrial prediction tasks have been reported in recent machine learning studies when 
datasets are relatively limited or highly variable (Elhishi et al., 2023).  

In contrast, the Random Forest model displayed the most favorable residual distribution among all 
investigated models. Most residuals were tightly concentrated around zero with relatively low variance, 
indicating highly accurate and stable predictions. The absence of clear systematic structures confirms 
that the RF model successfully captured the nonlinear interactions between process variables and dust 
concentration. Recent studies in cement industry applications demonstrated that Random Forest 
models provide strong robustness and superior generalization performance for industrial process 
prediction and emission modeling (Kim et al., 2024). 

The XGBoost model also showed satisfactory residual behavior, with most residuals centered near zero. 
However, compared with Random Forest, the residual dispersion was slightly larger for medium and 
high predicted concentrations. Although XGBoost effectively modeled the global nonlinear trends of the 
process, the prediction variability remained marginally higher than that observed for RF. Recent 
research has shown that XGBoost achieves high predictive capability in engineering and cement-related 
applications because of its boosting-based sequential learning strategy and gradient optimization 
mechanism (Safhi et al., 2023; Al-Taai et al., 2023). 

Overall, the residual analysis confirms the superiority of ensemble tree-based algorithms over the ANN 
model for AFF2 dust concentration prediction. Among all tested approaches, Random Forest produced 
the most stable residual distribution and the lowest prediction variability, confirming its suitability for 
industrial emission monitoring and predictive environmental control in cement manufacturing systems. 
These findings are also consistent with recent studies in cement process prediction, where Random 
Forest frequently achieved higher robustness and predictive accuracy than alternative machine learning 
models (RFR outperforming XGBoost and other methods) in kiln emission prediction applications.  
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1.13. Interpretability of models and importance of variables (SHAP Analysis) 

 

          ANN Model Random Forest model  XG Boost model  

 

 

Fig. 4: Importance of input variables based on SHAP values. 

Common Dominant Feature: Oven Flour Flow Rate  

In all three models, oven flour flow rate consistently appears as the most important feature (highest 
SHAP value magnitude: 13.0 in XGB, 15.0 in RF, and top position in ANN). This aligns with findings by 
Ciobanu et al. (2021) and Su et al. (2025), who identified raw meal and fuel flow rates as primary 
determinants of dust and NOx emissions in cement kilns. The high SHAP values indicate that even small 
changes in this flow rate can significantly alter model predictions — likely due to its direct influence on 
combustion efficiency and particulate matter generation. 

Gas Flow Rate and Pressure Drops  

• Gas flow rate ranks second in XGB (12.0) and RF (11.0), and third in ANN (SHAP = -1.5 in 
relative ordering). 

• dp filter aff2 (likely differential pressure across a baghouse or cyclone filter) is also important, 
especially in RF (SHAP = 9.0). 
These variables are physically linked to dust re-entrainment and filtration efficiency. Zhu et al. (2022) 
and Marengo et al. (2005) have shown that pressure drops strongly correlate with particulate emissions. 
The fact that tree-based models (XGB, RF) assign higher absolute SHAP values to these features than 
the ANN may reflect their ability to model non-linear interactions and threshold effects — a behavior 
highlighted by Lundberg et al. (2020) for tree explainability. 

Temperature and Excess Air  

• t smoke tower outlet (smoke tower outlet temperature) and excess air show lower but still 
meaningful contributions in all models. 

• In the ANN, all features are assigned nearly identical SHAP values (around 1.0–1.5), suggesting 
that the neural network distributes importance more evenly — possibly because of its inherent 
non-linear smoothing or due to weight regularization. 
This contrasts with Breiman (2001)’s random forests, which often produce sparser importance rankings 
(e.g., RF shows a gradual decline from 15.0 to 5.0 across features). The XGBoost results, following Chen 
& Guestrin (2016), offer an intermediate pattern (13.0 down to 9.0). The ANN’s flatter importance 
profile may indicate lower sensitivity to individual features, which could be a strength for robustness 
but a weakness for interpretability, as noted in Lundberg & Lee (2017). 

Model Comparison and Practical Implications  

• XGBoost provides the most balanced SHAP values, with a clear ranking but modest differences 
between top and bottom features (13 → 9). This suggests it captures both dominant and secondary 
effects without over-focusing on a single variable. 

• Random Forest shows the widest spread (15 → 5), implying it strongly prioritizes oven flour flow 
rate while downplaying excess air. This could be due to the bootstrap aggregation and random feature 
selection emphasized by Breiman (2001) — some features may be consistently chosen as primary 
splitters. 
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• Artificial Neural Network yields a compressed SHAP range (approx. 1.0 to 1.5), which may 
reflect the integrated gradient or linear approximation methods used in its SHAP computation. 
However, as Chicco et al. (2021) argue regarding R², absolute magnitudes matter less than relative 
ordering. Still, the ANN’s near-equal SHAP values raise questions about feature discriminability — 
perhaps indicating that the network has learned redundant or highly correlated representations. 
 
Consistency with Literature  

• Su et al. (2025) found that ANNs can achieve high prediction accuracy for cement kiln 
emissions, but their interpretability lags behind tree-based models. Our ANN SHAP plot supports this: 
it identifies the same top features but with less contrast. 

• Marengo et al. (2005) used neural networks to model pollutants and noted that physical 
variables like flow rates and temperatures are always influential — a result confirmed across our three 
models. 

• The role of dp filter aff2 aligns with Ciobanu et al. (2021), who measured pressure drops as key 
indicators of filter performance in cement mills. 
 

All three models agree that oven flour flow rate is the single most important predictor. Gas flow rate and 
dp filter aff2 are consistently secondary.  

From a practical monitoring standpoint, this suggests that tree-based models (especially XGBoost) offer 
a good trade-off between predictive performance and interpretability, as argued by Lundberg et al. 
(2020). For control system design in cement plants, focusing first on stabilizing oven flour flow rate 
would yield the largest expected reduction in emissions, followed by optimizing gas flow and filter 
pressure drops. 

 

Table 3. SHAP feature importance results across the three models. 

Feature 
SHAP XGB 
(XGBoost) 

SHAP RF 
(Random 

Forest) 

SHAP ANN 
(Neural 

Network) 

Key Observations 

oven flour flow 
rate 

13.0 (Highest) 15.0 (Highest) 
1.0~   (Top-
ranked) 

Most important feature 
across all models, 
confirming its dominant 
physical role (Ciobanu et 
al., 2021; Su et al., 
2025). 

gas flow rate 12.0 (2nd) 11.0 (2nd) 1.5~  (Shared top) 

Consistently second-
most important in tree 
models; ANN shows 
similar relative rank but 
compressed scale. 

dp filter aff2 11.0 (3rd) 9.0 (4th) 1.0 ~  (Middle) 

Important for 
filtration/pressure drop 
effects (Zhu et al., 
2022). RF gives slightly 
lower rank than XGB. 

temperature 
smoke tower 
outlet 

10.0 (4th) 7.0 (5th) 1.5 ~  (Shared top) 

Temperature influence 
is moderate; ANN ranks 
it higher relative to 
other features . 

excess air 9.0 (5th) 5.0 (Lowest) 
1.0~  (Lowest in 

ANN) 

Least important in all 
models. RF 
downweights it most 
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Feature 
SHAP XGB 
(XGBoost) 

SHAP RF 
(Random 

Forest) 

SHAP ANN 
(Neural 

Network) 

Key Observations 

strongly; ANN 
compresses differences . 

Importance 
Spread (Max – 
Min) 

4.0 (13  →9)  10.0 (15  →5)  
0.5~    

(1.5  →1.0)  

RF shows highest 
contrast (prioritizes top 
feature). ANN shows 
almost uniform 
distribution. XGB is 
intermediate . 

Interpretability 

High (clear 
ranking, 
moderate spread) 

High (very clear 
ranking, wide 
spread) 

Lower 
(compressed 
values, harder to 
distinguish) 

Tree-based models 
(XGB, RF) align with 
Lundberg et al. (2020) 
for explainability; ANN 
reflects Su et al. (2025) 
– accurate but less 
interpretable. 

Suggested 
Reference for 
Behavior 

Chen & Guestrin 
(2016) – 
balanced 
boosting 

Breiman (2001) 
– bagging & 
random splits 

Lundberg & Lee 
(2017) – 
gradient-based 
approximations, 
Chicco et al. 
(2021) – caution 
on magnitude 
comparison 

 

 

1.14. Implications for Environmental Control and Predictive Maintenance 

The developed machine learning models demonstrated significant potential for improving 
environmental monitoring and predictive maintenance strategies in the Meftah cement plant. Accurate 
prediction of AFF2 dust concentration can provide an effective decision-support tool for anticipating 
abnormal particulate emissions and maintaining compliance with environmental regulations. 

The obtained results showed that ensemble learning approaches, were capable of accurately modeling 
the nonlinear relationships between operating conditions and dust emissions. Such predictive capability 
enables plant operators to estimate future particulate concentration levels before actual exceedances 
occur. Consequently, corrective actions can be implemented proactively to reduce environmental risks 
and avoid regulatory violations. Similar applications of machine learning for industrial emission 
forecasting and environmental monitoring have recently demonstrated substantial improvements in 
process control efficiency and pollution prevention (Kim et al., 2024). 

From an operational perspective, the proposed predictive models can support real-time environmental 
supervision systems by continuously analyzing process variables such as gas flow rate, excess air, smoke 
tower outlet temperature, oven flour flow rate, and differential pressure of the AFF2 filter. When the 
predicted dust concentration approaches regulatory thresholds, the system may generate early warning 
signals for operators. This predictive capability is particularly important in cement manufacturing 
industries where particulate emissions are strictly regulated due to their environmental and health 
impacts (European Environment Agency, 2023). 

Moreover, the integration of predictive modeling with maintenance management strategies offers 
substantial advantages for preventive and predictive maintenance. In particular, abnormal increases in 
predicted dust concentration may indicate deterioration of filter performance, clogging phenomena, 
abnormal pressure drops, leakage in filtration systems, or inefficient combustion conditions. Therefore, 
maintenance interventions can be scheduled before severe equipment degradation or unexpected 
shutdowns occur. Recent studies have emphasized that machine learning-based predictive maintenance 
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reduces maintenance costs, improves equipment reliability, and enhances industrial sustainability 
(Zonta et al., 2020). 

The superior performance of the Random Forest model suggests that tree-based ensemble algorithms 
are highly suitable for industrial environmental applications characterized by nonlinear process 
dynamics and noisy operational data. Their robustness and interpretability also facilitate practical 
implementation in industrial decision-support systems. Furthermore, SHAP analysis provides 
additional interpretability by identifying the most influential process variables affecting dust emissions, 
thereby helping engineers better understand the physical mechanisms responsible for particulate 
generation. 

Overall, the proposed modeling framework contributes to the transition toward intelligent and 
sustainable cement manufacturing by combining artificial intelligence techniques with environmental 
management and predictive maintenance strategies. The implementation of such systems can help 
cement plants improve regulatory compliance, reduce particulate emissions, optimize operational 
efficiency, and minimize maintenance-related costs. 

 

Conclusion 

This study evaluated the performance of three machine learning models, namely Artificial Neural 
Network (ANN), Random Forest (RF), and XGBoost, for predicting dust concentration at the AFF2 stack 
of the Meftah cement plant in Blida, Algeria. The developed models were trained using several important 
operational parameters related to the cement manufacturing process, including gas flow rate, excess air, 
smoke tower outlet temperature, oven flour flow rate, and differential pressure of the AFF2 filter. 

The comparative results revealed significant differences in predictive performance among the 
investigated models. The Random Forest model achieved the best overall performance with the lowest 
prediction errors and the highest coefficient of determination (MSE = 8.854, RMSE = 2.976, MAE = 
1.941, and R² = 0.750). These results indicate that the RF model was the most effective in capturing the 
nonlinear relationships between process variables and particulate emissions. The strong predictive 
capability of Random Forest can be attributed to its ensemble learning mechanism, which improves 
robustness and reduces overfitting in complex industrial datasets (Breiman, 2001). 

The XGBoost model also demonstrated satisfactory predictive performance, achieving an R² value of 
0.736 with relatively low prediction errors (RMSE = 3.055 and MAE = 2.097). Although slightly less 
accurate than Random Forest, XGBoost remained highly competitive and showed strong ability to model 
nonlinear process behavior. This confirms the effectiveness of gradient boosting techniques in industrial 
regression applications (Chen & Guestrin, 2016). 

In contrast, the ANN model produced the lowest predictive accuracy among the three approaches, with 
an R² value of 0.645 and the highest error values (RMSE = 3.547 and MAE = 2.496). Despite its ability 
to learn nonlinear relationships, the ANN model appeared more sensitive to data variability and may 
require larger datasets and more extensive hyperparameter optimization to achieve better 
generalization performance (Goodfellow et al., 2016). 

The graphical analyses, including learning curves, prediction-versus-actual plots, and residual 
distributions, further confirmed the superiority of the ensemble tree-based models over the ANN model. 
In particular, the Random Forest model showed the closest agreement between predicted and measured 
dust concentrations, as well as the most stable residual distribution around the zero-error line. 

Furthermore, SHAP explainability analysis provided valuable insights into the influence of operational 
variables on dust concentration prediction. The interpretability of the developed models represents an 
important advantage for industrial applications, allowing plant engineers to better understand the 
factors affecting particulate emissions and to improve process control strategies. 

Overall, the obtained results demonstrate that machine learning models can serve as efficient tools for 
environmental monitoring and predictive maintenance in cement manufacturing industries. Among the 
investigated approaches, Random Forest proved to be the most suitable model for predicting dust 
emissions under the studied operating conditions. The implementation of such predictive systems may 
help cement plants anticipate regulatory exceedances, optimize filtration system performance, reduce 
environmental pollution, and improve operational sustainability. 
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