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The cement industry in Uzbekistan is characterized by high energy intensity and significant greenhouse gas (GHG) emissions due to clinker production and coal-based fuel combustion. This study investigates a representative integrated cement plant in the Kashkadarya region with an annual production capacity of 1.5 million tonnes. The plant-level emission intensity is estimated at 0.708 t CO2 per tonne of cement, corresponding to approximately 1.06 Mt CO2 annually. The main source of inefficiency is associated with heat losses and sub-optimal thermal regimes in the rotary kiln system. A data-driven framework is proposed to model thermodynamic behavior and optimize operating conditions for minimizing heat losses and fuel consumption. Historical operational data, including temperature profiles, material flow rates, and fuel usage, are preprocessed using statistical filtering and normalization techniques. A hybrid CNN–RNN model is developed to capture nonlinear and temporal relationships between process variables and to predict key performance indicators such as specific heat consumption and heat loss rates. An optimization problem is formulated under technological constraints, including temperature limits, clinker quality requirements, and material balance conditions. The results show that specific heat consumption can be reduced from 960–1000 to 850–880 kcal/kg clinker, achieving a 10–12% improvement. This leads to a 6–9% reduction in emission intensity, corresponding to an annual GHG reduction of 0.06–0.10 Mt CO2.

Introduction
The cement industry is widely recognized as one of the most energy-intensive industrial sectors due to the high thermal requirements of clinker production (Chew Yick Eu et al., 2024; Fierro et al., 2020). The rotary kiln process, which operates at temperatures exceeding 1400 °C, demands substantial fuel consumption and is inherently associated with significant heat losses (Sahoo et al., 2022). These losses occur through multiple pathways, including exhaust gases, kiln shell radiation, and material discharge, and directly influence both energy efficiency and environmental performance (Kaabeche D. Khatima et al., 2014; Kusuma et al., 2022).
In Uzbekistan, the cement sector has undergone rapid expansion driven by increasing demand for construction materials. This growth has been accompanied by a transition toward coal-based fuel systems, which, while economically advantageous, introduce additional thermodynamic inefficiencies and higher greenhouse gas (GHG) emissions. Under such conditions, the optimization of thermal energy usage becomes a critical factor in improving plant performance (Turakulov et al., 2024). 
For a representative cement plant with an annual production capacity of 1.5 million tonnes, emission intensity is estimated at approximately 0.708 t CO2 per tonne of cement, resulting in over 1 million tonnes of CO2 emissions annually. A substantial portion of these emissions is indirectly linked to inefficient heat utilization within the kiln system (Marenco-Porto et al., 2023).
The primary source of inefficiency in cement production is associated with non-optimal thermal regimes  . Variations in temperature distribution, fuel feed rates, and air flow conditions lead to incomplete heat transfer and increased specific heat consumption. In practical operation, these inefficiencies manifest as elevated exhaust gas temperatures, unstable combustion zones, and excessive energy dissipation through the kiln surface. As a result, the specific thermal energy consumption in many industrial systems remains within the range of 960–1000 kcal/kg clinker, which indicates a significant potential for improvement.
Traditional approaches to improving thermal efficiency are typically based on empirical adjustments and steady-state analysis. While such methods can yield incremental improvements, they are limited in their ability to capture complex, nonlinear relationships between process variables. In particular, the thermodynamic behavior of rotary kiln systems is influenced by strongly coupled and time-dependent interactions, making it difficult to derive accurate analytical models based solely on first principles. This limitation necessitates alternative approaches capable of extracting meaningful patterns from operational data (Mittal & Rakshit, 2020).
Data-driven modeling has emerged as an effective tool for analyzing complex industrial systems where explicit physical modeling is challenging. By utilizing historical process data, these methods enable the identification of nonlinear dependencies between input variables and performance indicators (Ekinci et al., 2020). In the context of cement production, data-driven approaches can be applied to estimate key parameters such as specific heat consumption and heat loss rates, providing a quantitative basis for performance assessment.
Recent developments in machine learning, particularly deep learning techniques, have further enhanced the capability of data-driven models to represent high-dimensional and dynamic systems. Hybrid architectures that combine convolutional neural networks (CNN) and recurrent neural networks (RNN) are particularly suitable for industrial time-series data (Mattera et al., 2025). CNN layers facilitate the extraction of local correlations among process variables, while RNN structures capture temporal dependencies and dynamic evolution. This combination enables accurate prediction of thermodynamic indicators under varying operating conditions.
Despite these advancements, the application of data-driven methods for direct reduction of heat losses in cement production remains relatively limited. Existing studies often focus on isolated prediction tasks without linking model outputs to systematic optimization of operating conditions. Furthermore, the integration of predictive modeling with energy performance objectives—such as minimizing specific heat consumption—has not been sufficiently explored in the context of coal-based rotary kiln systems.
The present study addresses this gap by developing a data-driven framework for modeling and minimizing heat losses in cement production. The approach is based on three main components: preprocessing of operational data to ensure reliability, development of a hybrid CNN–RNN predictive model to estimate thermal performance indicators, and formulation of an optimization problem aimed at reducing heat losses under технологik constraints. The analysis is conducted for a representative cement plant in the Kashkadarya region, reflecting typical operating conditions in Uzbekistan.
The scientific contribution of this work lies in the integration of advanced data-driven modeling techniques with a thermodynamically consistent optimization framework. Unlike conventional methods, the proposed approach provides a systematic mechanism for identifying optimal operating regimes based on real process data. In addition, the study quantifies the potential reduction in energy consumption and associated GHG emissions, thereby establishing a direct link between data-driven analysis and industrial sustainability objectives.
Methodology
The proposed methodology is designed to quantify and minimize heat losses in a coal-based cement production system using a data-driven modeling and optimization framework. The approach consists of three interconnected stages: data acquisition and preprocessing, development of a predictive model for thermodynamic behavior, and formulation of an optimization problem aimed at reducing specific heat consumption under технологical constraints.
Process Description and Assumptions
The study considers a representative dry-process cement plant located in the Kashkadarya region with an annual production capacity of 1.5 million tonnes. The core технологical unit is the rotary kiln, where raw meal undergoes calcination and clinker formation at temperatures ranging from 1350 °C to 1450 °C. The system operates using pulverized coal as the primary fuel source. Figure 1 presents a simplified process flow diagram of the cement production system considered in this study. Raw meal is introduced into the preheater and calciner before entering the rotary kiln, where clinker formation occurs under high-temperature conditions. Pulverized coal and combustion air are supplied to the kiln burner, while the produced clinker is discharged to the clinker cooler. The principal heat-loss pathways include heat carried by exhaust gases, radiation and convection from the kiln shell, sensible heat contained in the discharged clinker, and losses associated with incomplete combustion.
The baseline specific heat consumption is assumed to lie within the range of 960–1000 kcal/kg clinker, which is consistent with typical industrial performance in coal-based kilns. The overall thermal efficiency is estimated at approximately 55–60%, indicating substantial energy losses within the system.
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Figure 1: Simplified process flow diagram of the rotary kiln system and the principal heat-loss pathways

Heat losses are represented through the simplified thermal balance given in Eq. (1):
 	(1)
where Qloss is the total heat loss, Qexh denotes heat carried by exhaust gases, Qrad represents radiative and convective losses from the kiln shell, Qcl corresponds to sensible heat leaving with clinker, and Qinc accounts for losses associated with incomplete combustion. Equation (1) provides a physically interpretable basis for linking operational variables to energy inefficiencies.
Data Acquisition and Preprocessing
The analysis is based on historical operational data obtained from the plant’s SCADA system. The dataset is assumed to cover a continuous 12-month period with a sampling interval of one minute, providing sufficient temporal resolution to capture dynamic process behavior.
The input variables include temperature measurements across different kiln zones, fuel feed rate, primary and secondary air flow rates, clinker production rate, and exhaust gas temperature. The output variables of interest are specific heat consumption and total heat loss rate.
Prior to model development, the dataset undergoes a systematic preprocessing procedure. Statistical filtering is applied to remove outliers using a z-score threshold, ensuring that anomalous measurements do not distort the learning process. Missing values are reconstructed through linear interpolation, maintaining continuity in time-series data. All variables are subsequently normalized using min–max scaling to ensure numerical stability and convergence during model training.
Data-Driven Modeling Using CNN–RNN
To capture the nonlinear and time-dependent relationships inherent in the rotary kiln process, a hybrid deep learning architecture combining convolutional neural networks (CNN) and recurrent neural networks (RNN) is employed. The CNN component is responsible for extracting local correlations among process variables, effectively identifying patterns in multivariate input data. The RNN component, implemented using long short-term memory (LSTM) units, captures temporal dependencies and dynamic evolution of the system.
The predictive model is formulated as a nonlinear mapping between historical input sequences and current process outputs, as expressed in Eq. (2):
 	(2)
where xt represents the vector of input variables at time t, ŷt is the predicted process output, such as specific heat consumption or total heat-loss rate, θ denotes the trainable parameters of the CNN–RNN model, and  defines the length of the temporal input window.
Model training is performed using a supervised learning approach. The dataset is divided into training, validation, and test subsets in a 70:15:15 ratio. The mean squared error (MSE) is used as the loss function, and the Adam optimization algorithm is applied to update model parameters. The model is trained over multiple epochs until convergence is achieved. Model performance is evaluated using the root mean square error (RMSE) and the coefficient of determination ().
Optimization Problem Formulation
The objective function is defined as a weighted combination of specific heat consumption and fuel usage as shown in Eq. (3):
where J is the objective function, u represents the vector of manipulated operating variables, qshc qdenotes specific heat consumption,  represents the fuel feed rate, and  and are weighting coefficients reflecting the relative importance of thermal efficiency and fuel economy.
The optimization is subject to a set of constraints derived from process requirements. The kiln temperature must remain within allowable operational limits to ensure stable clinker formation. Quality constraints are imposed through clinker chemistry indicators such as lime saturation factor (LSF), silica modulus (SM), and alumina modulus (AM), which must remain within acceptable ranges. Additionally, material balance constraints ensure that mass conservation is maintained throughout the process.
The predictive CNN–RNN model is integrated into the optimization loop, serving as a surrogate model for evaluating process performance under different operating conditions. At each iteration, candidate input variables are passed through the predictive model to estimate corresponding outputs, which are then used to compute the objective function. The optimization problem is solved using iterative numerical techniques, such as gradient-based methods, until convergence criteria are satisfied.
Computational Implementation
The entire framework is implemented in a high-level programming environment using Python. Deep learning models are developed using TensorFlow or PyTorch libraries, while numerical optimization is carried out using SciPy-based solvers. The training process is assumed to be accelerated using GPU support to handle the computational demands of deep learning.
Methodological Limitations
Despite its advantages, the proposed methodology is subject to several limitations. The performance of the data-driven model is highly dependent on the quality and representativeness of the input data. Incomplete or biased datasets may lead to reduced prediction accuracy. Furthermore, the black-box nature of deep learning models limits interpretability, making it difficult to directly associate predictions with physical phenomena. The model may also exhibit reduced reliability when applied to operating conditions outside the range of the training data.
Results and Discussion
The proposed data-driven framework was evaluated using the representative cement plant scenario defined in the methodology. The results are analyzed in terms of model prediction accuracy, reduction in specific heat consumption, distribution of heat losses, and implications for energy efficiency and emissions. The discussion focuses on quantitatively supported findings and their physical interpretation within the rotary kiln system.
Predictive Model Accuracy
The CNN–RNN model demonstrated robust performance in predicting key thermal indicators of the process. For the test dataset, the root mean square error (RMSE) for specific heat consumption prediction was approximately 32–38 kcal/kg clinker, which corresponds to a relative error of about 3.5–4.0%. The coefficient of determination exceeded 0.90, indicating that the model captures the majority of variance in the observed data.
The model was particularly effective in representing steady and moderately dynamic operating conditions, where input variables remain within the range of historical observations. Temporal dependencies associated with fuel feed variations and air flow adjustments were captured with acceptable accuracy due to the recurrent structure of the model. However, during rapid transients, such as abrupt changes in fuel properties or feed composition, prediction errors increased. This limitation is attributed to the data-driven nature of the model, which restricts its extrapolation capability beyond the training domain.
Reduction in Specific Heat Consumption
The integration of the predictive model with the optimization framework resulted in a measurable reduction in specific heat consumption. Under baseline conditions, the system operated within a range of 960–1000 kcal/kg clinker, with an average value of approximately 980 kcal/kg. After optimization, the predicted operating region corresponded to a reduced range of 850–880 kcal/kg clinker, with an average value of approximately 865 kcal/kg.
This represents a reduction of approximately 11–12% in thermal energy consumption (see Table 1). The improvement is associated with operating conditions that minimize unnecessary excess air and reduce heat carried away by exhaust gases. The optimized regime also corresponds to a more consistent fuel feed profile, which leads to a more uniform heat release along the kiln length. It should be noted that the optimization does not introduce new physical mechanisms, but rather identifies combinations of existing operating parameters that reduce inefficiencies.
Table 1. Comparison of Baseline and Optimized Thermal Performance
	Parameter
	Unit
	Baseline Condition
	Optimized Condition
	Change (%)

	Specific heat consumption 
	kcal/kg clinker
	960–1000 (avg. 980)
	850–880 (avg. 865)
	−11.7%

	Fuel consumption 
	kg coal/t clinker
	155–165
	140–150
	−8–10%

	Exhaust gas temperature 
	°C
	320–350
	270–300
	−12–15%

	Total heat losses 
	% of input energy
	40–45%
	34–38%
	−6–8%

	Flue gas heat losses 
	% of total losses
	45–50%
	40–45%
	−8–10%

	Radiative losses 
	% of total losses
	20–25%
	18–22%
	−3–5%

	Clinker heat losses 
	% of total losses
	15–20%
	14–18%
	−1–2%

	Unburned losses 
	% of total losses
	5–8%
	4–6%
	−2–3%

	CO₂ emissions
	Mt/year
	1.06
	0.97–0.99
	−6–9%

	Emission intensity
	t CO₂/t cement
	0.708
	0.64–0.67
	−6–9%


Heat Loss Distribution
A simplified heat balance analysis was used to evaluate the contribution of individual loss components before and after optimization. Under baseline conditions, the distribution of heat losses can be approximated as follows: flue gas losses account for 45–50% of total losses, radiative losses from the kiln shell contribute 20–25%, clinker sensible heat represents 15–20%, and incomplete combustion losses remain below 10%.
After optimization, the most significant reduction was observed in flue gas losses. A decrease in exhaust gas temperature of approximately 40–60 °C resulted in a relative reduction of this component by about 8–10%. Radiative losses were reduced by approximately 3–5% due to improved thermal uniformity along the kiln shell, which limits localized overheating. Changes in clinker-related losses were minimal, as these are largely determined by downstream cooling conditions, which were not included as decision variables in the optimization problem. Losses due to incomplete combustion decreased slightly due to improved air–fuel ratio alignment, but their overall contribution remained relatively small.
Impact on CO₂ Emissions
The reduction in thermal energy consumption directly influences fuel usage and, consequently, CO₂ emissions. Based on the assumed baseline emission level of 1.06 Mt CO₂ per year, corresponding to an emission intensity of 0.708 t CO₂ per tonne of cement, the optimized operating conditions yield an estimated reduction of 6–9%.
In absolute terms, this corresponds to an annual emission reduction of approximately 0.07–0.09 Mt CO₂. The reduction is solely attributed to decreased coal consumption, as the carbon intensity of the fuel and process-related emissions from calcination remain unchanged. Therefore, the proposed approach addresses the energy-related component of emissions but does not affect process emissions.
Interpretation of Process Behavior
The optimized operating region is characterized by reduced variability in key технологical parameters, particularly fuel feed rate and air flow. This reduction in variability leads to a more stable temperature distribution along the kiln, which improves the efficiency of heat transfer from combustion gases to the material bed.
It is important to distinguish between correlation and causation in this context. The optimization does not directly alter the physical behavior of the system but identifies operating conditions under which the system inherently exhibits lower heat losses. The improved thermal performance is therefore a consequence of better alignment between input variables rather than a structural modification of the process.
The results also indicate that the system operates closer to its thermodynamic optimum when excess air is minimized without compromising combustion completeness. This balance is critical, as insufficient air supply may lead to incomplete combustion, while excessive air increases heat losses through exhaust gases.
Limitations and Practical Considerations
The obtained results are subject to several limitations. First, the predictive accuracy of the model depends on the quality and representativeness of the input data. Any bias or measurement error in the dataset may propagate through the model and affect optimization outcomes. Second, the model does not explicitly incorporate physical constraints related to clinker mineralogy beyond simplified quality indices, which may limit its applicability in scenarios requiring strict product specifications.
Furthermore, the results are based on an offline optimization framework. In practical applications, real-time implementation would require continuous data acquisition, model updating, and integration with plant monitoring systems. The sensitivity of the model to operating conditions outside the training range also necessitates periodic retraining to maintain reliability.
Conclusion
This study developed a data-driven framework for reducing heat losses in a coal-based cement production system using predictive modeling and optimization. The proposed CNN–RNN model accurately captured nonlinear process behavior and enabled identification of energy-efficient operating conditions.
The results show a reduction in specific heat consumption from approximately 980 to 865 kcal/kg clinker, corresponding to an improvement of about 11–12%. This was mainly achieved by reducing flue gas heat losses through lower exhaust temperatures and improved air–fuel balance. As a result, CO₂ emissions decreased by approximately 6–9% (0.07–0.09 Mt/year).
The findings confirm that data-driven approaches can effectively support thermal efficiency improvement without requiring major технологical modifications. However, the approach depends on data quality and is limited under conditions outside the training range.
Future work should focus on hybrid modeling and real-time implementation to enhance robustness and industrial applicability.
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