
Engineering Systems and Intelligent Technologies (ESIT) 1:2(2026):1-66

Engineering Systems and Intelligent Technologies
ESIT

XXXX-XXXX/© 2026 ESIT. All Rights Reserved.
Journal Homepage

https://pub.scientificirg.com/index.php/ESIT

A Data-Driven Computational Framework for Ledge Morphology
Prediction in Aluminum Engineering Systems
Mahmoud A. Aly𝑎,1 , Mohamed M. Ali𝑎, Amr Kandil𝑏, A. M. El-Kersh𝑐

𝑎 Mining and Petroleum Engineering Dept., Faculty of Engineering, Al-Azhar University, Qena, Egypt.
E-mail: mahmoud.a.aly@azhar.edu.eg , mmam64@yahoo.com.
𝑏 Mining and Petroleum Engineering Dept., Faculty of Engineering, Al-Azhar University, Cairo, Egypt.
E-mail:amelkersh@hotmail.com
𝑐 Mechanical Engineering Dept., Faculty of Engineering, Minia University, Minia, Egypt.
E-mail:amelkersh@hotmail.com.

ABSTRACT
In complex engineering systems like the Hall-Héroult process, sidewall ledge stability
is crucial for thermal balance and aluminum reduction cell longevity. Traditional
physics-based approaches such as Finite Element Analysis (FEA) are computationally
intensive and operationally complex, limiting real-time decision-making. This
paper presents a novel data-driven computational framework that bridges the gap
between high-latency simulations and the need for rapid operational diagnostics.
The Python-based lightweight tool leverages historical operational data to predict
ledge evolution using only the cell’s operational age as temporal input. By
integrating validated empirical algorithms, the system accurately forecasts electrolyte
temperature, cryolite ratio, and ledge area. Rigorous train-test split validation
on industrial data confirms the model’s robustness and generalization capability,
achieving high coefficients of determination (R²) on unseen data. This work
demonstrates how lightweight, data-driven applications can enhance process
diagnostics in heavy engineering industries, offering a fast (<10s), accessible, and
reliable alternative to traditional models, aligning with Industry 4.0 principles in
metal smelting.
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1 Introduction

The global aluminum industry faces a dual challenge of cost reduction in a competitive market and compliance with stringent
environmental regulations demanding reduced carbon footprint. The Hall-Héroult process is energy-intensive (requiring
approximately 13-15 kWh/kg of aluminum), where inefficiencies translate to significant financial losses and increased
emissions [1]. Optimization of such large-scale engineering systems depends on precise control of thermodynamic and
electrochemical variables. Cell operation maintains a narrow stability window secured by a frozen electrolyte layer known

1Corresponding author at Mining and Petroleum Engineering Dept., Faculty of Engineering, Al-Azhar University, Qena, Egypt.
E-mail: mahmoud.a.aly@azhar.edu.eg.

DOI: 10.1234/sirg.esit.x.x.x 42 Aly et al., 2026, ESIT, VOL. 1, NO. 2, PP. 42-52

https://pub.scientificirg.com/index.php/ESIT
DOI: 10.1234/sirg.esit.x.x.x


Aly et al. Engineering Systems and Intelligent Technologies (ESIT) 1:2(2026):42-52

as the ledge, which ensures structural integrity of the reactor [2] as shown in Figure 1. This dynamic layer mediates
between high-temperature molten bath and carbon sidewalls [3].

Figure 1: Schematic representation of the aluminum reduction engineering system, highlighting the ledge protective layer
[4].

The ledge represents a non-linear subsystem variable influenced by inputs such as cryolite ratio (NaF/AlF3) and electrolyte
temperature [5]. Instability in this subsystem—manifesting as ledge overgrowth or melting—can lead to catastrophic
thermal failures, reduced current efficiency, and sidewall erosion [6, 7]. Achieving optimal ledge profiles remains
challenging. While complex physics-based models (e.g., ANSYS, CFD) provide detailed simulations, they are computationally
demanding (requiring hours to run) and need extensive boundary condition inputs, making them impractical for routine
operational diagnostics [8, 9]. This creates a technological gap for operators needing agile, intelligent decision support
tools [10].

This study proposes a paradigm shift from heavy physics-based simulations to a lightweight Data-Driven Intelligent
Framework with three specific objectives:

1. To develop an accessible Python application reducing complex ledge dynamics to time-dependent functions.

2. To implement empirical algorithms predicting thermodynamic conditions using only system uptime.

3. To validate this intelligent tool on real industrial data, demonstrating viability for rapid process monitoring.

2 Literature Review: From Physics to Intelligent Data

2.1 The Physics of Ledge Formation

Ledge formation constitutes a phase-change problem governed by the Stefan condition at the solid-liquid interface,
dependent on convective heat transfer coefficient of the molten bath, thermal conductivity of the frozen ledge, and
electrolyte superheat. Classical theory by [1] establishes that sidewall heat flux density varies inversely with ledge
thickness. While these physical principles are well-understood, real-time application remains operationally difficult
in hostile potline environments where parameters like local superheat and bath velocity are challenging to measure
continuously.

2.2 Limitations of Deterministic Models

Finite Element Method (FEM) simulations have long served as the gold standard for ledge profile prediction. Research by
Dupuis and colleagues has successfully modeled thermo-electric and thermo-mechanical cell behavior [2]. However, these
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deterministic models are computationally expensive; a typical 3D ANSYS simulation of a cell quarter requires substantial
processing resources and time [8]. Furthermore, they assume idealized boundary conditions not representative of aging
cells where pot lining degradation alters thermal conductivity.

2.3 The Shift to Soft Sensors and Empirical Modeling

The advent of Industry 4.0 has shifted focus toward soft sensors—software algorithms estimating unmeasurable variables
from historical data [11]. Recent advances in metallurgical engineering employ information-based methods including
Artificial Neural Networks (ANN) and regression analysis to bypass complex physics equations, providing real-time
predictions for operator guidance and what-if analysis [12]. This trend aligns with our approach, treating the cell as a
grey-box system to offer practical alternatives to computationally intensive FEM analyses.

3 System Architecture and Methodology

3.1 Data Acquisition and Processing

Operational data were collected from three industrial reduction cells (Units 617, 619, and 634) over approximately 280
days [13]. Figures 2 and 3 display time-series data for electrolyte temperature, cryolite ratio, and average ledge area.
Following robust methodology, the dataset was partitioned: data from cells 617 and 619 trained the empirical models,
while cell 634 served as an unseen test set for validation.

Figure 2: Electrolyte temperature and average ledge area over time.
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Figure 3: Temporal decay profile of cryolite ratio used in predictive algorithms.

3.2 Empirical Model Development

3.2.1 Data Digitization

Graphical trends from the data source [13] were digitized into numerical datasets using a web-based plot digitizer tool
[14]. Figure 2 shows raw time-series temperature and ledge area data exhibiting non-linear trends suitable for empirical
fitting.

Figure 3 illustrates the chemical evolution via cryolite ratio, displaying characteristic decay behavior.

3.2.2 Algorithmic Core and Mathematical Models

The tool’s computational logic replaces complex differential equations with optimized empirical functions, relating process
variables to operational time (𝑡) through three core models:

1. Electrolyte Temperature (𝑇): Piecewise linear regression optimized via non-linear least squares Equation (1):

𝑇 (𝑡) = 𝑚 · 𝑡 + 𝑐 (1)

2. Chemical State Estimator: Exponential decay for Cryolite Ratio (𝐶𝑅) reflecting bath chemistry stabilization
Equation (2):

𝐶𝑅(𝑡) = 𝐴 · 𝑒 (−𝑡/𝜏𝐶𝑅 ) + 𝐵 (2)

3. Morphological Growth Algorithm: Multi-variable saturation for ledge area (𝐴) dependent on calculated temperature
and chemical states using Equation (3):

𝐴(𝑡) = [1 + 𝑘 · (𝑇 (𝑡) − 𝑇𝑟𝑒 𝑓 )] · [𝐴𝑚𝑎𝑥 · (1 − 𝑒 (−𝑡/𝜏𝑎𝑟𝑒𝑎 ) ) + 𝐴0] (3)
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3.3 Software Architecture

The tool employs modular architecture for scalability, developed in Python 3.10 with three layers:

• Input Layer: Tkinter-based interface validating input days within training range [15].

• Processing Layer: Core module implementing mathematical functions using NumPy for high-precision arithmetic.

• Visualization Layer: Pillow (PIL)-based module displaying computed ledge profiles on GUI canvas [16].

4 Results and Performance Analysis

4.1 Application Interface

The software provides an abstract, clean interface for engineering diagnostics. As shown in Figure 4 , operators input
"Days from Start-up," with backend complexity managed for non-specialist accessibility.

Figure 4: Graphical User Interface (GUI) of the developed Python tool.

Figure 5 presents a simulation for Day 45, showing calculated thermodynamic parameters and retrieved visual morphology
from the embedded database.
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Figure 5: Simulation output displaying predicted system parameters and ledge visualization for Day 45.

4.2 Validation and Accuracy Metrics

Rigorous validation employed train-test splitting: models trained on two cells and tested on the third. Figure 6 compares
predictions with industrial data for training and testing phases, demonstrating good fit.

DOI: 10.1234/sirg.esit.x.x.x 47 Aly et, 2026, ESIT, VOL. 1,NO. 2, PP. 42–52

DOI: 10.1234/sirg.esit.x.x.x


Aly et al. Engineering Systems and Intelligent Technologies (ESIT) 1:2(2026):42-52

Figure 6: Comparison between predicted values and industrial data for (a) Cryolite Ratio, (b) Ledge Area, and (c)
Temperature.

Quantitative performance measured via coefficient of determination (R²) shows high values for both training and test
datasets (Table 1 ), confirming robustness and generalization with minimal overfitting.

Table 1: Model performance metrics (R²) on training and test datasets.

Parameter R² (Training Set: Cells 617, 619) R² (Test Set: Cell 634)

Temperature Prediction 0.988 0.985
Cryolite Ratio Estimation 0.938 0.929
Ledge Area Calculation 0.916 0.905

5 Discussion and Industrial Relevance

5.1 Advancing Engineering Systems with Intelligent Tools

This work bridges theoretical modeling and practical utility. Table 2 contrasts the proposed framework with commercial
engineering software.

The tool reduces input complexity to a single parameter, aligning with Industry 4.0 ideals prioritizing agility and digital
accessibility [11]. It enables preventive diagnostics, allowing engineers to predict ledge overgrowth (typically occurring
around Days 120-150) and proactively adjust anode settings [8].
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Table 2: Performance comparison: Proposed Intelligent Tool vs. Commercial FEM Software.

Metric / KPI Proposed Intelligent Tool Conventional FEM (e.g., ANSYS) [17]

Input Complexity Single Parameter (Operational Days) Multi-Physics Boundary Conditions (>20
variables)

Computational Cost Instantaneous (< 10 seconds) High Latency (2–5 hours per simulation)
Skill Threshold Low (Intuitive GUI for Non-experts) High (Requires specialized CFD training)
System Requirements Lightweight (Standard PC / Python) Heavy (Dedicated Workstation / License)

5.2 Economic Potential

Practical implementation could yield substantial cost savings. Ledge instability typically reduces Current Efficiency (CE)
by 1-2%. For a 100,000 ton/year potline, recovering even 0.5% CE through improved thermal management informed by
rapid prediction software offers significant financial benefits [18]. Extended cell life from avoided sidewall erosion also
reduces capital costs associated with pot relining.

5.3 Error Analysis and Limitations

Despite high R² values, minor deviations occurred during early start-up (<20 days), likely due to turbulent thermal
transients during cell preheating that are difficult to model linearly. Additionally, the exponential decay model for cryolite
ratio assumes constant raw material supply, which may not hold during severe anode effects [19].

6 Conclusion

This study successfully developed and validated a predictive, intelligent computational framework for ledge behavior
prediction in aluminum reduction cells. By simplifying the multiphysics problem into time-based empirical estimation,
the Python-based tool provides a practical, effective alternative for real-time process control and operator training. The
framework achieved high accuracy (R² > 0.9) on both training and unseen test data, demonstrating robust generalization
capability.

Key contributions include: (1) development of an accessible Python application reducing complex ledge dynamics to
single-parameter input, (2) implementation of validated empirical algorithms for thermodynamic prediction, and (3)
demonstration of industrial viability through rigorous validation on operational data. The tool’s computational efficiency
(<10 seconds) and low skill threshold address critical gaps in traditional FEM approaches.

Practically, this framework supports preventive maintenance and optimized thermal management in aluminum smelting
operations, potentially yielding significant economic benefits through improved current efficiency and extended cell life.
The approach exemplifies data democratization, making sophisticated analytics accessible for sustainable, efficient metal
smelting processes.

Future research directions include: (1) extending the model to incorporate real-time sensor data streams, (2) integrating
machine learning algorithms for adaptive prediction, (3) expanding validation across diverse cell types and operational
conditions, (4) developing cloud-based deployment for multi-user access, and (5) exploring transfer learning applications
to other metallurgical processes.
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Nomenclature

Symbol Description Unit

𝑡 Operational time elapsed since cell start-up Days
𝑇 (𝑡) Estimated electrolyte temperature at time 𝑡 ◦C
𝐶𝑅(𝑡) Estimated Cryolite Ratio (molar ratio) at time 𝑡 -
𝐴(𝑡) Predicted ledge surface area at time 𝑡 m2

𝑚 Slope coefficient for thermal linear model ◦C/day
𝑐 Intercept constant (initial temperature approximation) ◦C
𝐴 Amplitude constant for cryolite ratio decay function -
𝜏𝐶𝑅 Time constant for cryolite ratio stabilization Days
𝐵 Steady-state baseline for cryolite ratio -
𝑘 Thermal sensitivity coefficient for ledge growth 1/◦C
𝑇𝑟𝑒 𝑓 Reference temperature for thermal scaling ◦C
𝐴𝑚𝑎𝑥 Theoretical maximum ledge area (saturation limit) m2

𝜏𝑎𝑟𝑒𝑎 Time constant for ledge growth morphology Days
𝐴0 Initial ledge area at 𝑡 = 0 m2

DOI: 10.1234/sirg.esit.x.x.x 52 Aly et, 2026, ESIT, VOL. 1,NO. 2, PP. 42–52

DOI: 10.1234/sirg.esit.x.x.x

	Introduction
	Literature Review: From Physics to Intelligent Data
	The Physics of Ledge Formation
	Limitations of Deterministic Models
	The Shift to Soft Sensors and Empirical Modeling

	System Architecture and Methodology
	Data Acquisition and Processing
	Empirical Model Development
	Data Digitization
	Algorithmic Core and Mathematical Models

	Software Architecture

	Results and Performance Analysis
	Application Interface
	Validation and Accuracy Metrics

	Discussion and Industrial Relevance
	Advancing Engineering Systems with Intelligent Tools
	Economic Potential
	Error Analysis and Limitations

	Conclusion

