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Abstract

Ductile-to-brittle transition temperature (DBTT) is an important material
property for ascertaining the structure integrity and reliability of naval steel,
particularly under low-temperature and high-strain-rate conditions experienced
in maritime conditions. Lower DBTT provides greater fracture resistance and
minimizes the probability of disastrous brittle failure, rendering it an important
naval performance parameter. Conventional strategies for optimizing DBTT are
based significantly on experimental protocols and empirical models, which are
frequently time-consuming, expensive, and not very scalable. To meet these
demands, the current work investigates a data-driven approach employing
machine learning (ML) methods for prediction and optimization of the DBTT
curve in naval steels, thus streamlining material design and performance
analysis.

The work starts from the acquisition and preparation of a detailed dataset
including compositional data, microstructural and thermodynamic descriptors
(e.g., grain size, phase fractions, and dislocation energy), and mechanical
properties obtained both experimentally and by thermodynamic calculations.
The central aim of the project is to reduce the DBTT while increasing the Upper
Self Energy—a measure of a material's resistance to deformation and defect
creation. These two targets were chosen because they were most relevant to
impact toughness as well as structural behavior under dynamic loading
conditions.

Several machine learning algorithms, such as regression and multi-objective
optimization methods, were used to model the non-linear relations between input
variables and target characteristics. Feature extraction and data normalization
were also carried out to enhance model robustness and explainability. The
optimization process utilized non-dominated sorting and Pareto front analysis
for trade-off analysis among conflicting objectives, where in this case,
combinations where DBTT would be minimized without affecting or lowering
the Upper Self Energy significantly were emphasized.

Interestingly, in all eight feature combinations and optimization situations, the
outcome unanimously showed an inverse, positive relationship between
Transition Temperature and Upper Self Energy. That is, with any rise in Upper
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Self Energy, there was a corresponding increase in DBTT, contrary to the
original design requirement. This implies an inherent correlation between the
two goals, ostensibly due to the microstructural response of the material—e.g.,
phase distribution, dislocation interactions, and thermodynamic stability. It is
saying that mechanisms that build up higher energy absorption capability or
resistance in the microstructure also increase the transition temperature,
indicative of a compromise that cannot be ignored.

This led to a closer examination of model behavior and feature contributions.
It was discovered that some alloying elements and microstructural
characteristics exerted a dual effect, stimulating stability but, unintentionally,
increasing DBTT. The research highlights the value of choosing input variables
that facilitate greater decoupling of target properties, or the design of more
advanced ML models with the ability to manage such trade-offs better.

In summary, This project showcases how machine learning can help
improve key material properties like DBTT and USE in naval steels. While there
were some initial hurdles, the study uncovered meaningful patterns between
mechanical and thermodynamic behavior. Most importantly, the final optimized
model outperformed the best experimental data, achieving a lower DBTT and
higher USE. These results highlight the real potential of combining machine
learning with materials engineering to accelerate smarter and more focused

material development.
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Chapter 1

Introduction

° Low-alloy steels, particularly high-strength low-alloy (HSLA) steels,
are notable for their strength, toughness, and resistance to harsh marine
environments, which makes them crucial for the construction of naval vessels
and infrastructure. Understanding and accurately predicting the DBTT is vital
because it determines the temperature range within which these materials can
maintain their mechanical integrity under operational stresses, particularly
under the low-temperature conditions typically encountered at sea [1][2][3].
The significance of DBTT in naval applications arises from the need for
materials that can endure extreme conditions without failure. As naval
technology continues to evolve, optimizing the DBTT of these materials has

become increasingly important for enhancing safety and structural reliability.

Traditionally, the DBTT has been determined using experimental methods, such
as the Charpy impact test, which measures the toughness of a material by
recording the energy absorbed during fracture at various temperatures. A
transition curve was plotted by testing multiple samples across different
temperature ranges. However in recent years, data-driven modeling has been
increasingly applied to improve decision-making and predictive power by
utilizing complex, high-volume operational data. It is the use of sophisticated
computational methods and machine learning algorithms to predict the ductile—
brittle transition temperature (DBTT) in low-alloy steels. Recent advancements
in data-driven modelling have transformed the traditional methods of predicting
DBTT by employing machine-learning techniques that analyze vast datasets to
uncover patterns and correlations that influence material behavior. These
innovative methodologies enable researchers to simulate various conditions and
predict the DBTT with improved accuracy compared to conventional
experimental approaches [4]. However, challenges such as data quality issues,
skilled personnel shortages complicate the widespread adoption of these models
in real-world applications [5][6]. The ongoing exploration of data-driven
modelling techniques highlights their potential not only in predicting DBTT but

also in refining the understanding of the complex interrelations among chemical



composition, processing parameters, and mechanical performance in low-alloy
steels. [7][8] As this field progresses, the integration of improved data
collection and analysis methods promises to enhance the reliability of predictive
models, ultimately contributing to the development of safer and more effective

naval structures.[9][10].

1.1 Low-Alloy steels :- Low-alloy steels play a critical role in various structural

applications, particularly in the naval industry, owing to their favorable
mechanical properties and performance characteristics. High-strength low-alloy
(HSLA) steels, for instance, are widely employed in the construction of bridges,
ship hulls, and mining equipment, benefiting from their strength and toughness

under extreme conditions.

In naval applications, there is a pressing need for materials that offer exceptional
combinations of yield strength, low-temperature impact toughness, ductility,
ballistic resistance, and weldability [2]. The Ongoing investigations of their
properties and potential applications continue to shape the future of naval
engineering.

These steels typically incorporate different alloying elements that are designed
to achieve specific microstructures . The chemical composition of these steels is
carefully tailored to achieve these properties. The base metal is iron (Fe), with
carbon content typically in the range of 0.10 to 0.20 wt%. The relatively low
carbon content helps ensure good weldability while still contributing to strength
through the formation of martensite. Manganese (0.70-1.60%) is included to
enhance strength and toughness, while nickel (1.5-3.5%) significantly improves
toughness and corrosion resistance. Chromium (0.3-1.0%) adds to corrosion
and oxidation resistance, and molybdenum (0.1-0.5%) increases hardenability
and high-temperature strength. Silicon (0.2—-0.5%) acts as a deoxidizer and also
contributes slightly to strength. Impurities such as phosphorus and sulfur are
kept to very low levels (typically less than 0.02%) to avoid embrittlement and
ensure good toughness and ductility. [11] A notable aspect of HSLA steels is
their carbon equivalent (CE), which is often greater than 0.50. Although a higher
CE can enhance certain properties, it negatively influences the weldability of

the material, thereby posing challenges during fabrication. [12]



The microstructure of low-alloy steels is crucial because it significantly affects
their mechanical properties. It is typically dominated by tempered martensite,
which is produced through quenching followed by tempering heat treatment.
This structure provides high strength while maintaining good toughness and
ductility. In some cases, especially with variations in cooling rates and
compositions, bainite may also be present, further contributing to toughness.
Ferrite and pearlite are generally minimized or absent in quenched and tempered
steels but may appear in normalized grades. Fine precipitates of carbides, such
as FesC or Mo:C, can form during tempering and help to further strengthen the
steel matrix [13].

1.2 DBTT (Ductile to Brittle Transition Temperature) :- The Ductile to

Brittle Transition Temperature (DBTT) is a critical parameter in the evaluation
of the toughness of steel, particularly in low-alloy steels used for naval
applications. The DBTT is defined as the temperature at which a material
changes its behavior from being ductile (can bend or stretch without breaking)
to brittle (breaks suddenly without much bending). Above the DBTT, materials
can absorb more energy before breaking. Below it, they break more easily and
without warning. For many steels, including low carbon steels, the DBTT is

approximately -75°C

Several factors influence DBTT, including the chemical composition, grain
size, heat treatment, and overall microstructure of the material [14,15]. The
presence of specific alloying elements can significantly alter the DBTT. For
instance, elements such as manganese and nickel have been shown to lower
DBTT and enhance toughness, whereas higher concentrations of carbon,
phosphorus, sulfur, and oxygen increase DBTT [16]. Processing parameters
such as Slabsoak temperature, Finish Rolling temperature, Grain size, Carbide
thickness significantly influences the DBTT. For instance, Higher soak
temperatures can lead to grain coarsening, which, upon cooling, results in larger
ferrite grains. Larger grains are associated with higher DBTT, making the steel
more susceptible to brittle fracture at lower temperatures. Rolling at lower

temperatures, particularly in the non-recrystallization region, promotes the



formation of finer grains through mechanisms like dynamic recrystallization.
Finer grains enhance toughness and lower the DBTT. According to the Hall-
Petch relationship, finer grains impede crack propagation, enhancing toughness
and reducing DBTT. Studies have shown that refining ferrite grain size from 40
um to 2 um can decrease the DBTT from approximately 0°C to —220°C. This
significant reduction underscores the importance of grain refinement in
improving low-temperature toughness [17].Thinner, finely dispersed carbides
can enhance toughness by impeding crack initiation and propagation. In
contrast, thicker carbides can act as stress concentrators, facilitating crack
initiation and increasing the DBTT. [18]

The measurement of the DBTT is essential for ensuring the safety and
reliability of structural materials. In recent advances data-driven modeling have
introduced machine-learning techniques for predicting DBTT through training
on experimentally extracted features. For stable evaluation, the data is divided
into training and test sets and cross-validation is used to avoid overfitting.
Feature extraction and standardization are preceded by Principal Component
Analysis (PCA) for dimensionality reduction. Models like Random Forest
Regressor (RFR), Linear Regression (LIN), and K-Means Clustering (KMC)
are trained on principal components. RFR is additionally optimized by nested
cross-validation, and LIN is a baseline model. Model performance is measured
on validation scores indicating bias and variance, and an ensemble of RFR

models is employed to enhance prediction robustness on the test set [19].

Experimental data are utilized in machine learning models to forecast ductile-
to-brittle transition temperature (DBTT). Six algorithms for regression, namely
linear regression (LR), SMOReg, K-nearest neighbors (KNN), random forest
(RF), multi-layer perceptron (MP), and random committee (RC), are trained and
tested on the basis of statistical measures such as Pearson correlation coefficient
(PCC), coefficient of determination (R?), mean absolute error (MAE), and root
mean squared error (RMSE). Ten-fold cross-validation is performed to improve
the robustness of the model and prevent overfitting [20]. Understanding and
optimizing DBTT is paramount in the context of naval applications because of

the unique environmental conditions faced by these materials.



1.3 Data driven modeling technigues:- Data-driven modeling plays a crucial

role in enhancing forecasts in fields such as materials science. Through the
application of large datasets, it clarifies how materials respond when subjected
to various conditions. With enhanced data gathering and processing power,
modeling has transitioned to involve greater emphasis on modeling actual data,

thereby making more intelligent and accurate decisions [12, 21].

Data-driven approaches include the use of machine learning algorithms to
identify trends in large data sets and can predict the future behavior of materials
from present data streams and enable optimization and improved understanding
of properties like the ductile-to-brittle transition temperature (DBTT) in low-
alloy steels, especially naval applications [22, 23].

To efficiently harness data-driven methodology, there must be a clear
preprocessing and analyzing of gathered information. Methods that include data
normalization, extraction of features, and using statistics are essential steps to
validate precision and appropriateness in predicting models. It isolates effects
of particular variables and makes forecasting more reliable through controlling
for the confounding influences. The incorporation of machine learning into
data-driven modelling allows for more sophisticated analysis and the
development of better predictive systems. Machine learning techniques can
manage large amounts of structured and unstructured data, which makes it
possible to find intricate patterns and relationships that may be overlooked by
conventional techniques. This integration is especially useful for applications
such as materials property evaluation, where there are various interacting

variables that determine outcomes.[21]






Chapter 2

Literature Review

2.1 Importance of DBTT in Structural and Naval Usage

The Ductile-to-Brittle Transition Temperature (DBTT) is a key mechanical
property in structural materials, particularly steel in naval environments. This
temperature marks the transition point where a material transforms from ductile
fracture (energy-absorbing) to brittle fracture (catastrophic failure). Naval steels
are commonly exposed to severe conditions such as sub-zero temperatures and
high-impact loads, thus the knowledge and optimization of DBTT are vital for

structural integrity and safety.

Traditional methods for DBTT assessment are based on experimental
methods like the Charpy V-Notch (CVN) test. These methods are time-
consuming, sample preparation sensitive, and frequently incapable of
extrapolating results over different compositions and histories. In addition, naval
steels commonly possess complex, functionally graded microstructures that
develop during processing, rendering characterization of DBTT using physical
testing only more challenging.

2.2 DBTT Influencing Factors in Steels

A number of metallurgical factors control DBTT, such as grain size, alloying
content, types of microstructure, and conditions of processing. Grain refinement
has always been found to decrease DBTT by inhibiting crack growth, while
coarse grains are linked with an increased DBTT. The occurrence of ferrite-
pearlite, martensite, or bainite structures profoundly influences fracture modes

and transition behavior.

In steels with ultrafine grain sizes or cementite/ferrite bimodal grain
structures, effective grain size becomes a crucial concept. Instead of average
grain size, the largest cleavage unit size—is determined by crystallographic and
boundary orientation—controls crack propagation. Hence, microstructural
engineering that leads to beneficial cleavage path changes is critical for attaining
beneficial DBTT values.

7



Also, alloying additions such as Ni, Cr, Mo, and B are employed in
designing DBTT behavior. Nickel, for instance, enhances toughness without
substantially impacting strength, of particular concern for naval use at low
temperatures. The issue occurs when these elemental additions couple non-
linearly with mechanical properties, creating a multi-variable problem in

optimizing DBTT.

2.3 Machine Learning Role in DBTT Prediction

Machine Learning (ML) provides a potential path to DBTT prediction and
optimization through the creation of data-based surrogate models. Such models
are able to resolve intricate, non-linear relationships between input parameters
(e.g., composition, microstructure descriptors, and processing conditions) and
DBTT outputs.

Some of the commonly used ML algorithms are Linear Regression,
Random Forest, k-Nearest Neighbors, Multi-layer Perceptrons, Genetic
Programming (GP), and Minimax Probability Machine Regression (MPMR).
These methods have shown robust performances in DBTT prediction using

experimental and simulated datasets as learning datasets.

Notably, ML models can be constructed to deal with high-dimensional
input spaces with limited data using feature engineering, dimensionality
reduction, and symbolic regression. Model prediction interpretation is facilitated
using techniques such as SHAP (SHapley Additive exPlanations), hence
providing insight into which features most significantly impact DBTT. This is
especially useful for microstructural or compositional levers' identification,

which can be optimized during alloy design or thermomechanical processing.

2.4 Feature Engineering and Dimensionality Reduction

One of the major issues in using ML for DBTT prediction is input feature high
dimensionality and correlation. The input features are elemental concentrations,
physical atomic properties (e.g., ionization energy, cohesive energy), and
thermodynamic parameters. Weakly correlated or redundant features can

decrease model performance and result in overfitting.



In order to counteract this, hybrid feature selection methods are utilized
that blend correlation-based filtering with algorithms such as F-score ranking or
recursive feature elimination. These methods isolate the physically most relevant
descriptors, including cohesive energy and ionization energy, which were found

to correlate highly with DBTT in numerous intermetallic and steel systems.

Employing just a subset of carefully chosen features not only enhances
model interpretability and diminishes the computational expense, but also leads
to better generalization to new steel grades or unobserved processing conditions.
The achieved low-dimensional models can map input parameters to DBTT
efficiently and serve as the foundation for process optimization and tuning of

alloys.

2.5 Model Validations and Performance Assessment

The dependability of machine learning models for DBTT prediction relies on
strict validation processes. Typical practices are k-fold cross-validation, split
testing, and external validation through independent datasets. Model accuracy is
measured using performance measures like R2, MAE (Mean Absolute Error),
RMSE (Root Mean Square Error), and PCC (Pearson Correlation Coefficient).

In more thorough analyses, graphical methods such as Taylor diagrams
and Regression Error Characteristic (REC) plots are employed to represent
prediction confidence in multiple statistical spaces. Models with high accuracy
but low complexity are the ones most favored for implementation in material

design pipelines.

Of the models, Genetic Programming (GP) has been noted for its
potential to extract symbolic expressions representing relationships between
DBTT and input variables with both predictive ability and physical
meaningfulness. In the same vein, emotional neural networks (ENN) and MPMR
approaches have been considered for their distinct learning methods, adding

more to viable DBTT modeling.

2.6 Implications for Naval Steel Optimization




In naval steels, where performance and safety under harsh conditions are of
utmost priority, the capability to forecast and tune DBTT with the help of ML is
of critical importance. Data-driven models can be utilized to simulate alloy
composition and microstructures virtually and avoid expensive and time-

consuming experiments.

In addition, coupling ML with material informatics and heat treatment
databases allows for inverse design: from a desired DBTT, optimum alloy
compositions and heat treatment routes can be suggested. This is especially
useful to develop functionally graded steels (FGS) or multiphase steels designed

specifically for impact resistance below zero degrees.

In prospective applications, ML-improved frameworks may be
integrated into digital replicas of steel production lines, where in-process
monitoring and real-time DBTT prediction are possible with the help of sensor
data. This integration fills the void between laboratory-scale materials science
and industrial implementation, enabling the creation of next-generation naval

steels with enhanced toughness profiles.

2.7 DBTT Sensitivity to Irradiation and Heat Treatment

DBTT is extremely sensitive to irradiation, particularly for ferritic/martensitic
steels employed in nuclear and maritime environments. These steels undergo
marked embrittlement upon neutron irradiation, leading to a remarkable upward
shift in DBTT. This is important for naval steel service, where irradiation can
arise from proximity to nuclear propulsion equipment or high-energy weapon

impact situations.

Studies have proven that irradiation-induced hardening and
embrittlement in steels can be suppressed by controlled heat treatment processes
and selective impurity doping. For example, tempering at subtly elevated
temperatures (for example, 780 °C compared to 750 °C) and optimizing holding
times minimize DBTT shift following irradiation. These processes improve
carbide distribution uniformity and minimize residual stress, making toughness

post-irradiation better.
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In addition, the effects of impurity additions like boron (B) and nitrogen
(N) have been identified to be critical. Isotopically pure boron additions (e.g.,
A11B) and small amounts of nitrogen decrease DBTT shift significantly when
used together with optimized heat treatments. This is due to their capacity to
alter precipitate chemistry, retard boron segregation in the grain boundaries, and
enhance beneficial microstructures that are resistant to irradiation damage.
These results highlight the necessity of combining alloy chemistry and
processing history in predictive models. Machine learning architectures can
leverage this metadata to predict DBTT shifts in service conditions, facilitating

design and selection of steel for radiation-resistance applications.

2.8 Microstructural Mechanisms of DBTT and Fracture

Microstructurally, initiation and extension of brittle fracture in steels in the
DBTT regime are governed by dislocation-precipitate interactions. In carbide-
rich reduced activation ferritic/martensitic (RAFM) steels, candidate materials
for fusion and naval reactor use, carbide shape and composition play a critical

role in influencing crack formation.

Experimental investigations with Focused lon Beam (FIB) and
Transmission Electron Microscopy (TEM) proved that Cr-rich ellipsoidal
carbides are preferred sites for nucleation of brittle cracks. They are larger in
size and elongated, in contrast to smaller spherical iron-rich carbides. The
composition and shape of these precipitates promote dislocation pile-ups and site
concentration of local stresses at the carbide-matrix interface, ultimately causing
decohesion and crack initiation. Whereas smaller and rounder carbides do not
really hinder dislocation movement and thereby, have less to contribute to stress
concentration. The tendency for crack development in certain microstructural

regions can then be directly correlated with carbide type, shape, and distribution.

In machine learning applications, descriptors like carbide size
distribution, phase fractions, precipitate morphology, and grain boundary
character can be added to predict DBTT behavior. High-resolution imaging can
be quantified into features through image processing pipelines and applied to

supervised ML models to predict DBTT or fracture toughness.

11



2.9 Machine Learning Integration with Irradiation Effects

A sophisticated topic of DBTT prediction involves modeling irradiation-
induced microstructural changes effects using data-driven methodology. Since
irradiation changes mechanical properties and fracture behavior with time, time-
dependent and irradiation-dependent variables must be addressed by any ML
model. Through the integration of irradiated steel experimental data sets, ML
algorithms can acquire the intricate correlation between irradiation dose (dpa),
helium generation, impurity levels, heat treatment procedures, and shifts in
DBTT. The models may also include irradiation hardening measures, such as

yield strength or hardness variations, as intermediate predictors.

Experiments have revealed that helium atoms generated upon irradiation
can also be responsible for intensified DBTT shifts. Quantification of the
relationship between helium content (in ppm) and DBTT shift is possible and
can be incorporated into predictive models as a component of multi-objective
optimization strategies, where both toughness preservation and radiation

resistance can be addressed concurrently.

2.10 Toward Predictive Design of Radiation-Resistant Naval Steels

The integrated knowledge of metallurgical research and Al modeling
accentuates the capability of hybrid optimization solutions for DBTT. Under
such systems, physical metallurgy is used to direct feature selection, whereas

machine learning models carry out the optimization and prediction processes.

For marine use, this equates to the fact that engineers are able to now
model how a steel alloy would behave in a spectrum of operating temperatures
and irradiation levels without physically testing each permutation of conditions.
This expedites the materials development process, makes it less expensive, and

improves the dependability of naval vessels.

For instance, an ML model learned on DBTT behavior in RAFM steels

with attributes such as carbide morphology, irradiation dose, alloying

12



composition, and heat treatment schedule would anticipate the optimal steel

composition for submarine hulls to minimize embrittlement throughout life.

Although a lot of work has been done on the ductile-to-brittle transition
temperature (DBTT) behavior in naval steels, such that most studies are based
on conventional empirical or experimental approaches, recent publications have
attempted to investigate the application of machine learning (ML) for predicting
materials properties. There is still limited work directed toward the optimization
of the DBTT curve for naval steels through ML. Additionally, combining
microstructural characteristics, processing conditions, and composition in a
single predictive model remains an under investigated area. This identifies an
imperfection, which calls for a data-driven strategy built upon machine learning
to not only predict but also optimize the DBTT response for improved
performance in naval systems. [25, 26, 27, 28]

13
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Chapter 3
Methodolgy

3.1 Dataset: In this study, we proposed two distinct strategies of training in
combination with two different optimization techniques for investigating the
DBTT of the low alloy naval steels. Both the training strategies involves the
utilization of the dataset as input variables containing alloy compositions like
silicon [Si], Sulphur [S], Phosphorus [P], Manganese [Mn], Nubium [Nb],
Alumunium [Al], Carbon [C] and rest is Iron [Fe], different processing
parameters like Slabsoak Temperature, Finish Rolling Temperature [FRT],
Reduction Ratio [RR], Carbide Thickness [t*]), Grain Size [d], Pearlite Grain
Size [Pe], Cooling Rate [CR] and Four output variables like Temperature
corresponding to 27 Joule Impact Energy (°C), Temperature corresponding to
54 Joule Impact Energy (°C), Ductile to Brittle Transition Temperature (°C),
Upper Self Energy (Joule).

Processing parameters Percentage Weight Fraction
Slabsoak | FRT | RR | t* d Pe CR Si S P Mn | Nb | Al C
1140 725 2 |o021] 503 | 100 7.80 0.156 | 0.008 | 0.015 [ 0.88 | 0.017 | 0.004 | 0.08
Range - - - - - - - - - - - - - -
J 1300 889 4 | o038 | 1006 | 175 31.2 0.392 | 0.016 | 0.029 [ 1.50 | 0.047 | 0.056 | 0.14
Unit oC oC - um [ pum | pm | °C/min | wt% | wt% | wt% | wt% | wt% | wt% | wt%

Table 1: Processing parameters and alloying elements ranges.

Slab soak temperature, finish rolling temperature, and cooling temperature, all
impact the microstructure of steel, which in turn impacts the ductile-to-brittle
transition temperature (DBTT). Increasing slab soak and finish rolling
temperatures encourage grain refinement, while controlled cooling (for
example, accelerated cooling) facilitates the development of tougher phases
such as bainite, both contributing to reduced DBTT and enhanced toughness
[29, 30]. Reduction ratio, thickness of carbide, and thickness of pearlite are all

very closely related to each other and collectively determine the ductile-to-
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brittle transition temperature (DBTT) of steel. An increase in reduction ratio
while rolling refines the pearlitic structure and can reduce the thickness of the
carbide layers, which generally enhances toughness and reduces the DBTT.
Nevertheless, if lamellae of carbide or pearlite become too thick, they can be
sites for crack initiation, which raises the DBTT. Hence, accurate regulation of
deformation and microstructural characteristics is required to optimize low-
temperature toughness. Larger grain sizes reduce toughness and raise the
ductile-to-brittle transition temperature (DBTT), making the material more
susceptible to brittle fracture [31, 32] .

The general impact of alloying elements like carbon, silicon, manganese,
sulfur, phosphorus, niobium, and aluminum on ductile-to-brittle transition
temperature (DBTT) in steel is due to their sum effect on microstructure.
Increased content of carbon leads to greater strength but may favor brittle
phases as well as the DBTT increase. Sulfur and phosphorus, even in minute
quantities, separate at grain boundaries and play an important role in
embrittlement, thereby increasing the DBTT. Manganese counteracts the
undesirable effects of sulfur by the formation of manganese sulfides and also
assists in grain structure refinement, overall enhancing toughness and reducing
the DBTT. Silicon, while serving as a deoxidizer, possesses a mild embrittling
influence if its quantity is high. Niobium and aluminum play a beneficial role
by precipitating as fine precipitates that restrain grain growth, resulting in grain
refinement that enhances low-temperature toughness and lowers DBTT. Thus,
the DBTT of a steel is not determined by one element but by the synergistic
interaction of all these elements and their influence on grain size and the
existence of brittle phases [33, 34]. Although the individual effect of each
parameter is known, their combined effect remains unclear. Therefore, we aim

to identify potential correlations among all the parameters.

3.2 Modification in Dataset: Based on this dataset to increase the accuracy of

the training and to reduce the complexity of the model two different approaches
have been taken. First, is the “Normalization” of the dataset. Our dataset has
high variance in feature values—for example, slab soak temperature ranges

from 1140 to 1300 °C, whereas alloying element concentrations have small
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decimal range, and the temperatures corresponding to 27 and 54 Joules of
impact energy are negative. So, normalization achieves the goal that all features
will be reduced to a comparable magnitude ( 0 to 1), which achieves faster
convergence in the model as well as protects features with enormous numerical

ranges to not dominate learning. The formula is shown below,

x — min(x)

norm(x) = max(x) — min(x)

Here, Xnorm represents the normalized value, min(x) & max(x) represents the

minimum value and maximum value of each individual input.

In addition to normalizing the experimental dataset, another approach was
adopted to improve the results—using the carbon equivalent in place of several
individual elemental inputs. Employing the carbon equivalent (CE) value
rather than considering separate alloying elements has an important benefit: it
gives one simple, combined measure of the general hardenability and
weldability of a steel by taking into consideration the overall effect of more
than one element (such as C, Mn, Si, Cr, Ni, Mo, etc.). This enables engineers
to rapidly determine how a steel will act when heat-treated or cooled Without
having to figure out the complex interactions of each element one by one. The

conversion rule is shown below,

CEV (%) = %C + %Si/30 + (%Mn + %Cu + %Cr)/20 + %Ni/60 +
%Mo/15 + %V/10 + 5(%B)

Among all these elements enlisted in the formula our dataset consists of only
Silicon and Manganese except carbon. So the relation reduces to only [%C +
%Si/30 + %Mn/20], and the number of independent columns has been
reduced to 13 from 15. Both training and optimization were performed on each
of the datasets.
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3.3 Machine Learning strategies: Data-driven modeling to optimize the

ductile-to-brittle transition temperature (DBTT) is a process of applying
machine learning methods to identify intricate relationships between
composition, processing parameters, and DBTT. The process begins with
preprocessing and training, in which models like linear regression, support
vector machines (SVM), decision trees are used for preprocessing purposes and
neural networks are used to train on experimental or industrial data. Such
models train patterns in terms of error reduction between anticipated and real
DBTT values using typical optimization routines like single or multi-objective
Gradient-based optimization, Probabilistic or model-based Bayesian
optimization or multi-objective Evolutionary optimization like Reference
Vector-guided Evolutionary Algorithm (RVEA) and Non-dominated Sorting
Genetic Algorithm (NSGA) for adjusting parameters within models. The goal
is to develop a predictive model capable of not only accurately estimating
DBTT but also assisting in determining the critical influencing factors and their
optimal combination to get the best possible optimum results. Trained and
validated, these models enable material design and process control through
predicting DBTT from input variables without requiring comprehensive

physical testing.

For our problem we have adopted two different training approaches
Evolutionary Neural Networks (EvoNN) & Evolutionary Deep Neural Network
2 (EvoDNZ2), because they use evolutionary methods to automatically create and
optimize neural networks, allowing them to find the best structure and settings
while balancing different goals like accuracy and simplicity for better overall
performance and two different optimization processes Constrained Reference
Vector-guided Evolutionary Algorithm (cRVEA) & Non-dominated Sorting
Genetic Algorithm - 11 (NSGA-II), because we need to optimize three objective
simultaneously. So, this makes 4 combinations on 2 datasets comprising 8

models altogether.

EvoNN, or Evolutionary Neural Network, is a machine learning paradigm that
integrates the concepts of evolutionary algorithms and neural networks to
optimize the structure as well as the weights of the model. In contrast to
conventional neural networks that depend only on gradient-based training
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techniques such as backpropagation, EVONN employs evolutionary techniques
like genetic algorithms to iteratively evolve a population of neural networks.
Every network is scored according to a fitness function that generally regards
accuracy of prediction and occasionally model complexity. New generations of
neural networks are generated through selection, crossover, and mutation,
enabling the algorithm to venture into a larger and more varied set of solutions.
This method makes it possible to find network configurations that are
potentially more optimal, particularly for complicated or nonlinear problems
where conventional training may not perform well. EVONN is especially useful
in applications where model interpretability, architecture search, or resistance

to local minima are crucial. [34]

Whereas, EVODN2 (Evolutionary Deep Neural Network 2) is a sophisticated
machine learning algorithm that builds on the strength of EvoNN (Evolutionary
Neural Network) by supporting deeper structures and more advanced
optimization methods. While EvoNN concentrates on developing neural
network topologies and weights through evolutionary algorithms, EvoDN2
builds on this by incorporating deep learning methods for the ability to model
more intricate, nonlinear patterns in data. It utilizes multi-objective optimization
algorithms such as the constrained Reference Vector-guided Evolutionary
Algorithm (cRVEA). This allows EvoDN2 to optimize multiple conflicting
objectives at the same time, e.g., minimizing prediction error and model
complexity. In addition, EvoDN2's design facilitates the inclusion of domain-
specific constraints and goals, enabling a more specialized and efficient

modeling method for complicated systems. [33]

Now comes the optimization part, optimization is the process of fine-tuning
model parameters (such as weights in a neural network) to reduce a loss function
and enhance prediction accuracy. It is generally performed during training
rather than before or after, as training itself is an optimization procedure—
repeatedly refining the model to best match the data. Without it, the model
would not learn useful patterns from the dataset. The Constrained Reference
Vector-guided Evolutionary Algorithm (CRVEA) is a special extension of the
standard Reference Vector-guided Evolutionary Algorithm (RVEA) for solving
constrained multi-objective optimization problems. RVEA emphasizes
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diversity and convergence in the objective space with reference vectors but does
not consider constraints and assumes that all candidate solutions are feasible.
On the other hand, cRVEA involves a constraint-handling strategy that prefers
feasible solutions and punishes constraint violations and is thus better suited to
real-world problems where constraints are typically strict and unavoidable. The
algorithm guides a population of candidate solutions towards well-distributed
Pareto-optimal fronts by partitioning the objective space using reference vectors
to preserve diversity. In selection, the people are selected on the basis of both
how close they are to these vectors and how well constrained they are. Offspring
are created with crossover and mutation by using the fittest individuals, and
constraint-handling methods ensure that infeasible solutions either get penalized
or rejected. This integration of feasibility in the selection step allows cRVEA to
optimally trade off between optimality and satisfaction of constraints and hence
is specially useful for high-level tasks such as model tuning, where the
objectives such as accuracy and simplicity need to be optimized together within
given constraints. [28]

On the other hand NSGA-I11 (Non-dominated Sorting Genetic Algorithm I1) is a
sophisticated evolutionary multi-objective optimization algorithm for
addressing problems that have conflicting objectives. It employs non-dominated
sorting to assign ranks to solutions, separating the population into various fronts
according to dominance, and uses a crowding distance factor to ensure diversity
in the population. It also includes elitism, which ensures that the best solutions
obtained are passed to the next generation, avoiding loss of good-quality
solutions. The crowding distance approach in NSGA-II also increases diversity
by choosing solutions that are well-separated in the objective space and hence
provide a more spread Pareto front. NSGA-II offers better convergence,
diversity, and computational efficiency with a time complexity of O(MNIogN),
and hence it is more efficient for complex optimization tasks. [39]. Our final
plot is not like a usual Pareto plot since, rather than with two competing
objectives, we have three. In order to simplify matters, the condition for
selecting non-dominated solutions was not incorporated into our algorithm. The

non-dominated outputs are then filtered manually at a later point.
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3.4 Heatmap: Heatmap is a graphical tool that displays data values by
variations in color. It provides an immediate and clear means of displaying
complicated data sets, facilitating the identification of patterns, trends, and
outliers without the need to concentrate on individual numerical values. Our
dataset contains 14 independent variables and 4 dependent variables as
described before. To understand how each input parameter is correlated with
the outputs the heatmap of the correlation matrix is plotted. The values of the
correlation matrix are determined via a statistical indicator known as the
Pearson correlation coefficient (r) [31]. It measures the linear relationship

between two variables, say X and Y. The formula is,

r=Cov (X,Y)/ (6x.6v)
Where,
Cov(X,Y) is the covariance between X & Y, i.e how they vary together.

ox and oy are the standard deviations of X & Y.

(+1) value in the correlation matrix indicates a perfect positive linear correlation
(Dark red colour), meaning both variables increase together. A value of (0)
signifies no linear relationship between the variables (Lighter or neutral
colours), while a coefficient of (-1) represents a perfect negative linear
relationship (Dark blue colour), where one variable increases as the other
decreases. The correlation heatmap for my experimental dataset is shown in the

results section in Fig 2.

3.5 Equation _for DBTT plot: To analyze the ductile-to-brittle transition

behavior more accurately, because analyzing only the values doesn't provide as
clear an understanding as looking at the entire plot, so the temperature-
dependent results were curve-fitted by the hyperbolic tangent function:

T—TO
In this equation, E(g)(izgne?neéguréla p‘ﬁ)&%]}ilge impagt energy or fracture

toughness, as a function of temperature. The parameter A is the midpoint

between the upper and lower shelf values ((Upper Self Energy + Lower Self
Energy) / 2) and controls the vertical location of the curve. The parameter B is

half the difference between the upper and lower shelf values ((Upper Self
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Energy - Lower Self Energy) / 2) and determines the range of the transition. The
transition temperature, To, is defined as the inflection point at which the rate of
change in mechanical behavior is largest. Lastly, the parameter C determines
the steepness of the transition; smaller values of C correspond to a sharper
transition, whereas larger values correspond to a more gradual change.

Fitting the equation to the data enables a smooth and continuous
characterization of the ductile-to-brittle transition, which is impossible using
discrete data point analysis by itself. The technique permits a better
determination of the transition temperature and presents a clearer picture of how
the material behavior changes from ductile to brittle. In this work, the fitted
curves closely followed the experimental data for different temperature ranges,
showing the effectiveness of the model in representing both the position and
sharpness of the transition. Moreover, the extracted parameters provide useful
information for comparing materials or checking model predictions, hence
enhancing the robustness of both scientific interpretation and practical
application. The Experimental DBTT plots are shown in Fig 1,

DBTTs for exp dataset
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Fig 1: Experimental DBTT plots
Chapter 4
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Results & Discussions

4.1 Correlation matrix: In order to understand the correlation of the outputs

with the inputs i.e how each output varies with each individual inputs the
heatmap is analyzed. The correlation heatmap for my experimental dataset is
like following,

Correlation Heatmap: Experintal data

Slabsoak - 0.00 0.10 0.14 0.06

FRT - -0.22 -0.25 0.27 0.38

- I I N N
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2'}1 5rI4J 50%E USE 0

Fig 2: correlation heatmap for the experimental dataset

The correlation matrix shows a high positive correlation (0.94) between
Manganese content and Upper Self Energy, which means that an increase in
Manganese weight percentage has a positive relationship with an increase in
Upper Self Energy. However, Carbide Thickness is highly negatively correlated
(-0.89) with Upper Self Energy, and this implies that when carbide thickness
increases, Upper Self Energy decreases. The relationship between Grain Size
and Upper Self Energy is fairly low (0.11), suggesting only a very weak positive
correlation.

It can be seen from the heatmap visualization that Reduction Ratio, Niobium,

Aluminum, and Manganese have high negative correlations with the
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temperatures of 27 Joules, 54 Joules, the transition temperature, and with Upper
Self Energy. By contrast, Carbide Thickness, Sulfur, and Phosphorus have high
positive correlations with the temperatures and negative correlations with Upper
Self Energy.

4.2 Accuracy of the model: Since this is literature-based data rather than

experimental data, there are no outliers present. Therefore, an error versus
complexity plot is not necessary, and only the model fittings are presented. A
minimal gap must exist between training and validation accuracy, which shows
good generalization to new data. Validation accuracy must be high and
consistent, affirming the model's goodness on unseen data. Also, the lack of
overfitting (where training accuracy is significantly greater than validation
accuracy) and underfitting (where both training loss and validation loss are low)
indicates that the model learned well and training and validation curves must
look smooth, indicating stable and effective learning during training. In order to
inspect the accuracy of our trained model for the Normalized dataset (having 14
inputs (7 processing parameters and 7 compositions) and 3 outputs (27 Joule
temperature, 54 Joule temperature, Upper Self Energy)), a fitting process was
utilized on the predicted values using the least squares method with an objective
to find the best parameters in order to optimize the DBTT and the Upper Self
Energy of the system. Two models Evolutionary Neural Network &
Evolutionary Deep Neural Network were used for training purposes. The fitting
was done by the least squares approach, in which the model parameters were
optimized to reduce the difference between the predicted and observed values.
Between two models employed, EVODN2 provides better outcomes so, the
fitting results for EvODN2 alone are presented here, the fitting gave a coefficient
of determination (R?) value of average 0.97 for all of the three objectives,
reflecting a high correlation between the experimental data and the fitted model.
This indicates that 97% of the variance in the data is explained by the model,

which is consistent with the expectation of high precision for such studies.
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Fig 3(c) ‘Fig 3(b)

Fig 3(c)

Fig 3: Fitting for Y1 (Fig 3(a)) with R? value 0.97336, Fitting for
Y2 (Fig 3(b)) with R? value 0.97513, Fitting for Y3 (Fig 3(c))
with R? value 0.97474

Figure 2 shows the fitting results for each of the three objectives. The model
matches the experimental data well, showing that it is accurate enough for the

planned analysis and predictions.

4.3 Distribution of the predicted outputs: The distribution of the predicted

outputs needs to be examined to determine how well the model is doing across
the whole dataset. This enables us to visualize whether the predictions are
consistent and reliable, and whether the model has a propensity to make some
kinds of error, such as predicting too high or too low in some places. By looking
at the spread of the predicted values, we can determine whether the model is
biased or whether it generalizes well to various input conditions. Looking at the
distribution also provides information regarding how the output varies with
inputs, which comes in handy to understand the nature of the model more
thoroughly. Distribution of the predicted inputs and the predicted outputs are
shown in 2D plots and 3D plot respectively in Fig 4. All input variables
exhibited a uniform distribution across the entire range, indicating that all of
them are equally important and none can be excluded from the analysis for our

optimization task.
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USE

Fig 4(a)

Distribution of the predicted outputs in 3D plot

Fig 4(b)

Fig 4: Distribution of 35 predicted inputs (Fig 4(a)), distribution of 35

predicted outputs (Fig 4(b))

4.4 Comparison of slopes: A comparison of predicted and experimental curve

slopes assists in determining if the model correctly describes the rate of change

of the DBTT. There are cases where the predicted DBTT may match

experimental data, but a mismatch in slope can signal improper modeling of

transition sharpness or toughness variation at the DBTT. This comparison is

significant for both comprehending the inherent fracture mechanisms and

guaranteeing stable material
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in engineering applications.
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Therefore, it is compared three slopes representing various transition
temperature ranges, and the outcome suggests that our model is adequately
trained and successfully captures the overall slope trend throughout these
regions. The plots are shown below Fig 5.
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Fig 5(c)
Fig 5: Comparison of slopes for different DBTT ranges

In all of the above three plots the Blue line represents the Experimental values
and the red line indicates the predicted values. All of the above plots show a
similar trend with the respective experimental values.

4.5 Predicted DBTT plots: The predicted values from all combinations fall

within the range of the experimental dataset, as shown in Fig 6,
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4.6 Non-Dominated plots: Working with all the predicted plots is really hectic

that’s why instead of analyzing all, only non-dominated plots have been
considered. In our problem, the non-dominated graph for the three-objective
optimization—to maximize Upper Shelf Energy (USE) while minimizing the
Ductile-to-Brittle Transition Temperature (DBTT)—plots a trade-off surface on
which these two goals are naturally competing. While DBTT drops (a better
leftward shift), USE drops (undesirable), and thus cannot both be optimized
together without compromise. The non-dominated front is a collection of best
trade-off solutions in which any improvement in reducing DBTT comes at the
expense of some reduction of USE, and vice versa. Understanding this front is
important as it identifies the best that can be achieved under this dilemma,
allowing balanced material performance to be selected intelligently. The non-
dominated plots are shown in Fig 7,
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Fig 7: Non-dominated DBTT plots

The trend noticed in the non-dominated plots, wherein Upper Self Energy and
Transition Temperature rise together in all eight combinations, implies a
correlated relationship between these two objectives. The ideal was to reduce
the Transition Temperature (for enhanced toughness) while providing for an
upward rise in Upper Self Energy, which in general implies a stable
microstructure. But the simultaneous increase in both parameters suggests that
there is a trade-off that might be caused by underlying compositional or
microstructural limitations. The correlation might also be intrinsic material
behavior—whereby factors that are responsible for energy absorption (e.g.,
higher dislocation density or phase stability) tend to increase the DBTT as well.
The ML model may also be picking out prominent features that have a positive
effect on both parameters, thereby preventing an examination of what are
contradictory improvements. These results highlight the necessity of optimizing
the feature set, using more stringent constraints, or seeking out other ML
architectures that can more effectively capture nonlinear decoupling between

the goals.
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Analyses and Discussion

To gain a better insight into the causes of the trends determined for the ductile-
to-brittle transition temperature (DBTT), a comparison was made between two
DBTT plots: one based on experimental data and one from predictive modeling.
Though both shared similar general trends, the predicted plot showed better
upper shelf energy and lower DBTT, reflecting better toughness and ductility.
Four sets of comparisons have been made, for EvODN2 training (since EvoDN2
was trained better for our study compared to EVONN), all individual comparison
plots are shown in Fig 8 along with tables (Table 2(a) - Table 2(d))

shifting in DBTT in 170 | USE shifting in DBTT in 115 | USE

Absorbed Energy (J)

P1 El
P2 E2

Absorbed Eneray ())

"~ Temperature (Degree Celcius) Temperature (Degree Celcius)

shifting in DBTT in 60 ) USE shifting in DBTT in 90 ] USE

Absorbed Energy (J)

P3
P4

E3 E4

Absorbed Energy ()}
8 H

o ES ED ) ED
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Fig 8 : Comparison of predicted plots and experimental plots

For each input parameter, a rigorous evaluation was made to establish its
particular impact on the DBTT response. From this investigation, robust
conclusions were possible for some of the main parameters. A thorough
examination of these findings is covered in the following section. Tabular
overviews of the results for all four parameters are summarized below.The first
row of Table 2(a) corresponds to plot E1, while the second row corresponds to

P1. Similarly, the first row of Table 2(b) corresponds to plot E2, and the second
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to P2. Table 2(c) and Table 2(d) follow the same pattern, with their first and
second rows referring to plots E3,P3 and E4,P4, respectively. Tables 2(a) and
2(b) present a comparison of results obtained without using the carbon
equivalent dataset, whereas Tables 2(c) and 2(d) compare results derived from

the carbon equivalent dataset.

Slabsoak

FRT'RR‘ t* ' d ' 2@ ' S ‘ B2 ‘Nb ‘ Al ‘ C ‘ Si ‘Mn CR‘27J‘54J‘50%E‘USE

760 520303 7952 | 1575 | 0009 002 | 05t | 003 | 0110 092 13 875 | 5090 060 | 5600 | 17000

1230.179 0.234 | 6.890 | 16.94 | 0.010 | 0.018 | 0.025 | 0.032 | 0.106 | 0.359 -88.13 | -86.54 | -84.49 | 179.51

Table 2(a)

Slabsoak FRT'RR‘ t* d ' Pe S ‘ P ‘ Nb ‘ Al C Si ‘Mn CR| 277 ‘ 54J ‘SO%E‘ USE

Table 2(b)

Slabsoak

FRT'RR‘ t*

d‘ ‘P‘ ‘AI‘Ceq

CR 27J‘ 543 ‘SO%E‘ USE

- 0.378|7.334 0.016| 0.029 | 0.022 | 0.018 o 194 -23.00 | -15.000 | -20.000 | 60.000

Table 2(c)

Slabsoak FRT'RR‘ t* d ‘ ‘ ‘ P ‘ Nb ‘ Al ‘C eq‘CR‘ 27J‘ 54J ‘SO%E‘ USE

- 0.378|10.02 0.009| 0.023 [ 0.017 [ 0.005 | 0.131 -50.00 | -43.000 | -45.000 | 90.000
1287.418 0.3196.397| 18.26 |0.015] 0.017 | 0.046 o 009 o 170 -57.66 | -50.114 | -53.712 | 84.230

Table 2(d)

Table 2: 2(a) shows the comparison of USE 170 J and 180 J, 2
(b) shows comparison of USE 115 Jand 129 J, 2(c) shows the comparison of
USE 60 J and 84 J, 2(d) shows the comparison of USE 90 J and 84 J
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Chapter 5

Conclusions

On the basis of the four separate comparisons carried out, a merged evaluation
was also done. While the limited variation in some elements made it hard to
spot consistent trends, a few showed a clear connection with DBTT and USE,
which helped support their individual influence. These insights led to some key
conclusions, and the optimal value was identified through the analysis. The

conclusions are listed below:

(1) The dataset is successfully trained and modelled and the optimization process
successfully carried out.

(i) It was concluded after individually analyzing all the input parameters that
the Slab Soak Temperature, Pearlite Size, and Cooling Rate should be high; the
Carbide Thickness should be in the mid-range; and the Reduction Ratio should
lie between the mid to high range. Here, 'high' and 'low" refer to the upper and

lower bounds of each input parameter as defined in Table 1.

(iii) The best outcome achieved among all the predicted results, is a USE of
179.51 Joules and a DBTT of -84.49 °C, which surpasses the best experimental
result in terms of both metrics. The best experimental result shows a USE of
170 Joules and a DBTT of -56.00 °C. For the input parameters corresponding
to the optimized result, please refer to P1 in Table 2.
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