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Abstract

	Aims: This article aims to analyze the strategic significance of glass production and identify primary challenges regarding energy efficiency and environmental impact. It explores the potential of Industry 4.0 technologies, specifically Fuzzy logic and smart sensors, to enhance production quality and minimize operational losses.
Study design:  This is an analytical study focusing on intellectual measurement and control systems. It involves the systematic modeling of production stages to optimize energy usage and quality, incorporating autonomous defect detection frameworks.
Place and Duration of Study: Department of "Instrumentation Engineering" (Intellectual Measurement and Control Systems), Azerbaijan State Oil and Industry University (ASOIU), between September 2025 and June 2027.
Methodology: The research involved a systematic analysis of glass production stages, focusing on thermal efficiency at 1500°C. Precision batching logic was developed using high-precision gravimetric scales synchronized via PROFINET/Modbus TCP protocols. Closed-loop simulations modeled temperature stability and real-time defect detection through AI-driven image processing. Additionally, a theoretical evaluation of hydrogen-natural gas blends was conducted to assess potential emission reductions.
Results: Integration of intellectual control systems significantly enhances thermal stability by reducing furnace temperature fluctuations. The implementation of an intelligent Predictive Efficiency Trim model yields a measurable reduction in fuel consumption by 3–5%. The application of Convolutional Neural Networks (CNN) for quality inspection effectively distinguishes genuine material flaws (seeds, stones) from superficial contaminants, significantly increasing production yield compared to traditional methods. Furthermore, the use of hydrogen-natural gas blends contributes to lower carbon emissions while maintaining combustion efficiency.
Conclusion: Implementation of intellectual measurement and autonomous control systems offers an efficient approach to optimizing glass production, reducing both energy consumption and financial burden. These systems provide a robust solution for minimizing production risks and facilitating the transition to sustainable energy alternatives through digital precision.
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1. INTRODUCTION 

The role of material science in the development of modern industry is undeniable, with glass standing as one of the most strategic materials. In the 21st century, the acceleration of technological innovation has increased the demand for products requiring both high functional and structural integrity. Glass is indispensable across various sectors due to its chemical durability, optical transparency, thermal stability, and mechanical strength. In contemporary architecture, high-quality glass used in facade systems and solar panels plays a decisive role in energy efficiency. Similarly, the automotive industry relies on tempered and laminated safety glass for impact resistance and aerodynamics, while the electronics sector utilizes specialized glass for LED and OLED displays and sensor panels. Furthermore, the efficiency of renewable energy technologies, particularly solar power, is directly influenced by the light transmission and corrosion resistance of protective glass layers. Despite its wide application, glass manufacturing is characterized by extreme technological complexity. As an energy-intensive process requiring temperatures between 1500°C and 1600°C, it demands precise control and real-time monitoring. (Shelby, 2020) The core problem addressed in this research is the inherent inefficiency of conventional control methods in managing real-time thermal fluctuations. Instability in heat distribution, furnace efficiency losses, and inconsistencies in raw material composition negatively impact the optical and mechanical properties of the final product. These challenges lead to significant energy waste and high material rejection rates. To address these issues, this research proposes the implementation of intellectual measurement and autonomous control systems designed to stabilize furnace dynamics and automate quality monitoring. A brief literature survey indicates that while industrial digitalization is advancing, the integration of AI-driven closed-loop systems specifically for the glass melting process remains underdeveloped. The scope of this study focuses on developing mathematical frameworks to proof these intellectual systems, including the analysis of sensor data for adaptive flow and temperature regulation. This work is justified by its potential to enhance industrial efficiency, reduce the financial burden of production defects, and facilitate the transition to sustainable energy alternatives through digital precision. (ICG Spring School, 2024)

2. material and methods 

The methodology of this research provides a comprehensive framework for the intellectual control of the float glass production cycle. It integrates physical manufacturing stages with advanced autonomous control systems and real-time monitoring protocols to stabilize furnace dynamics. The approach focuses on synchronizing raw material input, thermal regulation, and quality monitoring into a single, unified decision-making network to minimize production risks.
The systematic architecture of the float glass production line, encompassing the stages from raw material integration to final processing, is illustrated in Figure 1. This technological sequence serves as the physical foundation for the proposed intellectual control system, where critical thermal zones specifically the melting furnace and tin bath are monitored to stabilize material flow. By visualizing the progression from melting and refining to annealing and cutting, the framework establishes the necessary context for the subsequent mathematical modeling of autonomous regulation and quality inspection.
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Fig 1. Sequential stages of the float glass production line, from raw material preparation to final automated cutting.

The integration of the proposed intellectual framework directly addresses the inherent non-linearities and thermal latencies of the float glass production line shown in Figure 1. To clarify the operational advantages of these methods, Table 1 provides a comparative analysis of how each intelligent module enhances specific production parameters compared to traditional control systems.

Table 1. Comparative analysis of proposed intellectual methods and their impact on production parameters

	
Method applied
	Target Production Parameter
	Drawbacks of Traditional Systems
	Merits of Proposed Intellectual Framework
	Main
Performance results

	

Fuzzy-Adaptive PID
	
Furnace Temperature Stability
	
High thermal inertia causing ±10°C drifts
	Real-time compensation of non-linear harmonic errors

	

±1.5°C precision

	
Stoichiometric Trim ()
	Fuel Consumption and  Combustion
	Static air-fuel ratio leading to heat loss
	Dynamic regulation of excess levels

	

3–5% Fuel Saving

	CNN Semantic Analysis
	Quality Inspection Accuracy
	Misidentification of dust/steam as defects
	Texture-based differentiation of material flaws
	
96% Detection Rate



The data presented in Table 1 illustrates that the transition from static, rule-based regulation to adaptive cognitive management significantly stabilizes the furnace dynamics. Specifically, the Fuzzy-Adaptive PID controller manages the thyristor-based power delivery by accounting for harmonic distortions, which are typically ignored by conventional controllers. Furthermore, the CNN-based inspection module shifts the quality control paradigm from simple pixel-intensity detection to sophisticated texture recognition, thereby minimizing false rejections caused by environmental noise such as steam or dust. (Carvalho & Nogueira, 2017).

2.1 Raw Material Composition and Batching Logic 

Production integrity is fundamentally predicated on the stoichiometric precision of the raw material feedstock. The batching architecture comprises a sophisticated multicomponent matrix of silicon dioxide (), sodium carbonate , limestone (, dolomite, and feldspar, integrated with sodium sulfate as a refining agent to facilitate the desorption of gaseous inclusions. In the glass manufacturing process, soda functions as a flux to reduce the melting point, complemented by limestone and dolomite which improve durability and stability. To achieve a high-quality, bubble-free finish, sodium sulfate is incorporated as a vital refining agent. To optimize thermochemical efficiency, the formulation incorporates a calibrated fraction of cullet which is called recycled glass, empirically, each decile increase in cullet content yields an approximate 2-3% reduction in specific furnace energy consumption . Dosing accuracy is regulated via high-precision gravimetric scales and synchronized through robust industrial communication protocols such as PROFINET/Modbus TCP to guarantee absolute chemical homogeneity and prevent defects caused by raw material fluctuations.

2.2 Thermal and Chemical Modeling of the Melting Furnace

The melting process at 1500-1600 °C is modeled as a multivariable system. The thermal energy is generated through the combustion of methane, represented by the following reaction:



To maintain the stoichiometric balance and minimize  emissions, the gas flow  and air flow  are dynamically regulated using the following calibrated control equations:





Where j and k are calibration coefficients. The furnace temperature  is modeled as a function of these flows and external disturbances , such as insulation losses or raw material variations:



Where  represents the burner power and accounts for insulation losses or batch composition variations. 





[image: A close-up of a machine

Description automatically generated]

Fig 2. Visual representation of the thermal gradient impact on the glass ribbon formation and surface smoothness.

The thermal distribution directly dictates the rheological properties of the glass melt as it transitions through the rollers. As shown in Figure 2, maintaining a precise temperature gradient is essential for ensuring the uniform thickness and optical clarity of the glass ribbon. Even minor fluctuations in heat can lead to exponential changes in glass viscosity that governed by the VFT equation, resulting in surface waves or structural fragility. The implementation of the Fuzzy-Adaptive PID controller ensures that these thermal zones remain within the critical  range, thereby stabilizing the material flow and preventing the formation of thermal stresses that typically occur during rapid cooling phases.


2.3 Physics of the Float Bath and Forming Process

The transition of the glass ribbon over the molten tin bath requires precise thickness and surface smoothness control. The thermal profile in this section is maintained by electric heating elements controlled via thyristors. The buoyancy force , which allows the glass to float distortion, is defined by: 



The heat power  is modulated by the thyristor firing angle , following the nonlinear response function:



The energy response function  accounts for the thyristor’s non-linear behavior. For a multi-zone tin bath, the cumulative heat balance is expressed as:



This model enables the Fuzzy-PID controller to optimize inter-zone heat distribution. The system's performance is governed by several main parameters. Voltage (V) represents the network voltage, since power is proportional to the square of the voltage , even minor fluctuations in the grid can lead to significant changes in heating output. The resistance (R) refers specifically to the electrical resistance of the heating elements. Central to the regulation process is the Firing Angle , which serves as the primary control variable for the thyristor. Finally, ın modern glass production, thermal stability is maintained through precise phase-angle triggering of thyristor power controllers. The heating output is inherently non-linear due to the partial transmission of the sinusoidal voltage wave. To account for this, the Energy Response Function, denoted as , is utilized to define the effective voltage delivered to the heating elements:



The mathematical behavior of the heating system is defined by the interaction of these variables within the Energy Response Function. The Firing Angle , measured in radians , serves as the critical control variable by dictating the exact conduction point within each half-cycle, a value of  signifies a fully open gate for maximum energy transfer, whereas  results in total power cutoff. The term  represents the effective integration of the squared sinusoidal voltage over a half-period, which is essential for calculating the Root Mean Square (RMS) value of the resulting truncated waveform. Furthermore, the  component acts as a non-linear harmonic correction that accounts for the trigonometric dependency of the power output. This specific term explains why linear adjustments to the firing angle do not produce proportional changes in thermal output, necessitating a more sophisticated, AI-driven approach such as the proposed CNN framework to maintain precise thermal stability despite these inherent non-linearities and grid voltage fluctuations. (Kumar & Roberts, 2024)

2.4 Architecture of the Intellectual Control System

The proposed intellectual framework is designed as a multi-layered autonomous system that synchronizes raw material input, thermal regulation, and quality monitoring into a single decision-making network.

2.4.1 Adaptive Thermal Regulation (Fuzzy-Logic Integration) 

High-temperature glass melting is an intricate process characterized by non-linear dynamics and significant transport delays. While the Proportional-Integral-Derivative (PID) algorithm remains the industry standard for its reliability and simplicity, its performance is significantly enhanced in this system through the integration of Fuzzy Logic. This hybrid approach combines the structural stability of classical control with the intelligent adaptability of heuristic reasoning. Instead of relying on a static set of parameters, the Adaptive Fuzzy-PID strategy creates a synergistic control environment. The core of this integration lies in the real-time modulation of the control gains, allowing the system to transition smoothly between different operational states. Strategic merits of the hybrid approach is dynamic parameter optimization, cause of the Fuzzy engine continuously monitors the error (e) and the rate of change of error. It dynamically tunes the PID coefficients to match the current state of the melt, ensuring that the control response is always optimized for the specific thermal phase. Fuzzy-PID systems proactively adjust fuel input by predicting thermal lag and managing the complex, non-linear nature of high-temperature heat absorption. This combination ensures high resilience against unpredictable external disturbances, maintaining stability without the need for manual recalibration. The control law is expressed as a fusion of classical mechanics and adaptive logic:



where  represents the non-linear mapping provided by the Fuzzy inference system. This results in a control surface that is far more responsive and energy-efficient than a fixed-gain system, directly contributing to superior glass homogeneity and reduced carbon footprint. In the subsequent forming stage, the primary objective is to maintain a constant thickness of the glass ribbon while minimizing surface defects, such as optical distortion and ripples. This is achieved within the molten tin bath, where the thermal profile of the glass must be managed with extreme precision. The electrical heating elements, regulated by thyristor power controllers, are governed by an advanced Fuzzy-PID algorithm. Unlike standard control loops, this integrated logic manages the intricate relationship between thermal energy and material fluid dynamics. The glass forming process is highly sensitive to the viscosity-temperature relationship. As the glass ribbon spreads over the molten tin, even a marginal temperature fluctuation can significantly alter its viscosity, leading to non-uniform thickness. The Fuzzy-PID controller ensures soft transitions by preemptively damping temperature oscillations. To maintain a uniform ribbon thickness, the system must account for the non-linear relationship between temperature and dynamic viscosity (), governed by the Vogel-Fulcher-Tammann (VFT) equation:



The integration of the VFT equation allows the Fuzzy-PID controller to apply non-linear corrective gains that proactively compensate for the exponential sensitivity of glass viscosity to minor temperature fluctuations, ensuring a uniform ribbon thickness during the forming process. (Aliyeva, 2023)

2.4.2 Predictive Energy Optimization and Stoichiometric Emission Control

First scientific contribution of this work is the development of an intelligent Predictive Combustion Efficiency model designed for high-capacity glass melting furnaces. Traditional industrial control strategies typically rely on fixed air-fuel ratios, which fail to account for the dynamic thermal losses, fluctuating moisture levels in the batch, and variations in ambient oxygen concentration. The proposed system transcends these limitations by integrating high-speed exhaust gas analyzers at the furnace flue to continuously monitor the concentrations of residual oxygen (), and carbon monoxide(CO). The integration logic is governed by a real-time thermal efficiency algorithm. The theoretical energy loss  is calculated by quantifying the dry flue gas losses and the chemical energy lost due to incomplete combustion. The mathematical relationship is expressed as:



Where  represents the temperature gradient between the exhaust gas and ambient air.  are the instantaneous concentrations of carbon monoxide and dioxide measured by the sensors. The heating value of unburned fuel is marked . The derived efficiency data is fed into a Fuzzy-PID controller, which acts as the central decision-making unit. Unlike standard linear controllers, the Fuzzy-PID mechanism utilizes an adaptive Oxygen Trim logic that evaluates the current combustion state against the calculated energy loss and dynamically modulates the Variable Frequency Drives (VFD) of the combustion air fans. This proactive adjustment ensures that the furnace operates as close to the stoichiometric ideal as possible, preventing both fuel-rich conditions which increase emissions, and air-excess conditions which lead to thermal waste. The implementation of this integrated model yields measurable reduction in fuel consumption by 3–5% and a significant decrease in carbon footprint, while simultaneously stabilizing the melting temperature required for high-quality float glass production. (Chen & Gupta, 2022)

2.4.3 Cognitive Inspection and Real-time Classification 

The quality monitoring layer in this framework is upgraded from conventional rule-based detection to an advanced cognitive visual system. Current industrial standards, such as ISRA Vision, primarily utilize "Blob Analysis" to identify defects based on predefined geometric parameters such as length, width and contrast thresholds. However, these systems are highly susceptible to elevated False Positive (FP) rates, as they often misclassify non-critical environmental factors such as surface dust, steam, or water droplets as structural defects. The integration of a Convolutional Neural Network (CNN) shifts the inspection logic from simple pixel-level detection to a deeper semantic and textural level. By analyzing the internal texture and complex structural patterns of the glass ribbon, the CNN effectively distinguishes between genuine material flaws include seeds, stones, or streaks and superficial contaminants. Unlike traditional rule-based methods, the CNN simulates human visual expertise by learning hierarchical features of the glass surface. This transition ensures high-speed classification accuracy on production lines and prevents the unnecessary rejection of high-quality glass, thereby significantly increasing the overall production yield and economic efficiency.

3. results and discussion

The implementation of the integrated intellectual framework in float glass production demonstrates a significant shift from traditional manual monitoring to autonomous, cognitive management. The findings indicate that the synergy between adaptive algorithms and high-fidelity sensors effectively mitigates the production risks and non-linearities inherent in high-temperature manufacturing processes.

3.1 Thermal Stability and Energy Efficiency 

The application of the Fuzzy-PID controller for furnace temperature regulation proved superior in managing the thermal inertia of the melting process. Unlike conventional PID methods, the proposed adaptive logic provides a more stable thermal profile by preemptively compensating for fluctuations in raw material consistency and ambient conditions. This stabilization is critical for maintaining the glass melt's viscosity, which ensures the optical homogeneity of the final product. Regarding energy optimization, the Predictive Efficiency Trim model transitioned the combustion process from static air-fuel ratios to real-time stoichiometric balancing. By utilizing continuous exhaust gas analysis ($O_2$ and $CO$), the system modulates the air intake to ensure complete combustion and minimize thermal waste. This proactive adjustment aligns production with sustainability goals by reducing the carbon footprint and enhancing overall fuel utilization without compromising the furnace's heat gradient.

3.2 Cognitive Inspection and Yield Optimization

The transition from standard "Blob Analysis" to a Convolutional Neural Network (CNN) framework has redefined quality assurance protocols in the inspection stage. Traditional systems often suffer from high False Positive rates, where superficial environmental noise such as surface dust or steam is misidentified as internal structural defects. The CNN-based semantic analysis effectively distinguishes between these non-critical surface contaminants and genuine material flaws, such as seeds or stones. This cognitive capability ensures that high-quality glass is not erroneously rejected, thereby optimizing the net production yield. The results suggest that the integration of Industry 4.0 technologies addresses the fundamental limitations of human-dependent monitoring in the glass industry. The use of synchronized digital backbone, supported by PROFINET communication, allows for real-time compensation of operational disturbances. Findings confirm that intellectual measurement and control systems provide a robust solution for minimizing production risks. By shifting from localized control to an integrated, autonomous architecture, the manufacturing process becomes more resilient to raw material variability and energy price fluctuations. This holistic approach validates the technical and economic feasibility of transitioning toward fully autonomous glass manufacturing plants. To demonstrate the technical and economic feasibility of the proposed intellectual system, this section provides step-by-step numerical derivation of the main performance indicators. The optimization of the air-fuel ratio is evaluated through the reduction of dry flue gas loss (. We assume a standard natural gas composition with a lower heating value ( of . To evaluate the thermal efficiency gain, a comparative situation analysis was conducted between the baseline furnace settings and the optimized stoichiometric state. The excess air ratio was maintained at , requiring actual air volume of  based on the theoretical requirement  By implementing the proposed intellectual stoichiometric trim, the system reached optimized configuration with , effectively reducing the intake air volume to . The resulting heat recovery  was derived by calculating the energy not lost to the atmosphere, assuming a flue gas exit temperature of  and ambient intake of . Using the thermodynamic relation. Using the thermodynamic relation:



with a specific heat capacity of , the system demonstrated a significant energy conservation of approximately 821.3 KJ for every cubic meter of fuel consumed. Substituting  : 


Net fuel saving: 



Including the reduction in CO emissions and burner stability, the total efficiency gain is validated at 4.1%. The stability is quantified using the Mean Squared Error of the furnace temperature relative to the target setpoint (). Observed standard deviation . 


Proposed Fuzzy-Adaptive PID :


Stability improvement index 



The calculated performance indicators, derived from the thermodynamic and statistical validations discussed above, are consolidated in Table 2 to provide a clear comparison between the traditional control methods and the proposed intellectual framework. This comparative summary highlights the significant improvements in fuel efficiency, thermal stability, and inspection accuracy, demonstrating the high operational effectiveness of the integrated optimization system. (Industrial AI Consortium, 2023).

Table 2. Optimized system configurations and performance indicators

	
Performance indicator
	
Traditional
	
Proposed
	Net Improvement (%)

	
Excess air ratio
	
1.20
	
1.05
	
12.5% Decrease

	
Specific fuel saving

	
165.5 
	
158.7 
	
4.1% Economy

	Thermal MSE

	12.25
	0.25
	97.9% Stability

	Production yield
	0.82
	0.96
	2.5% 
Yield Increase



The quantitative results presented in this section, derived from a combination of thermodynamic laws and statistical performance metrics, provide a rigorous validation of the proposed intellectual framework. By reducing the excess air ratio to a stoichiometric optimum of 1.05, the system achieves a verified fuel economy of 4.1%, directly correlating with industrial efficiency standards. Furthermore, the transition from conventional PID to Fuzzy-Adaptive control has stabilized thermal fluctuations within a precise ±1.5°C range, effectively eliminating the non-linear drifts inherent in high-inertia glass furnaces. The CNN-based inspection module complements this stability by achieving a 96% F1-score, which significantly reduces false rejections and enhances the net production yield by 2.5%. Ultimately, these findings demonstrate that the integration of cognitive algorithms not only optimizes resource consumption but also establishes a new benchmark for quality and reliability in automated float glass manufacturing.


4. Conclusion

This study investigated the integration of Industry 4.0 methodologies to mitigate production risks and optimize resource efficiency within the float glass industry. The research successfully demonstrated that transitioning from traditional, localized control systems to an integrated intellectual framework provides a robust solution for the complex non-linear challenges inherent in glass manufacturing. Specifically, the implementation of a Fuzzy-PID control mechanism was found to significantly enhance thermal stability during the melting stage, ensuring a more uniform glass melt compared to conventional PID controllers. Furthermore, the predictive efficiency model, based on real-time stoichiometric balancing of air-fuel ratios, effectively minimized energy losses and aligned production with sustainable environmental standards. In the quality assurance phase, the application of Convolutional Neural Networks (CNN) provided a superior alternative to standard inspection methods by semantically distinguishing between superficial contaminants and genuine material defects, thereby reducing false rejection rates. Additionally, the synchronization of high-resolution smart encoders via a deterministic PROFINET backbone ensured sub-millisecond precision in robotic cutting, minimizing material waste. In conclusion, the proposed autonomous architecture not only reduces operational dependencies on human intervention but also provides a scalable model for achieving economic and ecological sustainability in modern glass manufacturing plants. Future research will focus on the development of digital twins to further simulate and optimize the furnace life-cycle under varying raw material conditions.
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