
552

INTRODUCTION

Technical advances in the metal forming in-
dustry have been high over the past decade be-
cause of increasing requirements of high-preci-
sion parts, sustainable manufacturing and cost-
effective production methods. Drawing, which 
is essential in the production of wire, tube and 
complex geometries, is fundamentally depen-
dent on drawing die precision and effectiveness 
[1]. The traditional die design techniques, which 
are largely based on empirical data, decades of 
experience in the field, and trial-and-error de-
sign approaches are increasingly challenged to 

meet the current production requirements [2]. 
Fewer material wastes, a more precise control 
over the dimensions, a better surface polish, the 
reduction of the design life, and the enhance-
ment of the tool life are some of the require-
ments of modern production. Such problems are 
especially difficult when pure materials of high 
strength, like high-strength steels, aluminum 
alloys, and novel combinations with complex 
mechanical behavior under forming conditions, 
are involved [3]. Even though traditional em-
pirical methods can be useful due to their prac-
tical basis, they can frequently lack the level of 
accuracy that is needed when optimizing these 
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complex interactions between tool and material. 
The integration of finite element method (FEM) 
simulation tools has provided manufacturers 
with enhanced capabilities for tool design and 
optimization. This computational approach en-
ables engineers to predict material behavior, op-
timize die geometries, and estimate tool perfor-
mance before physical manufacturing, resulting 
in significant reductions in development time 
and costs [4]. However, FEM implementation 
represents an evolution of existing computa-
tional methods rather than a fundamental trans-
formation of design philosophy.

Implementation of FEM-based techniques 
has also become several times faster within 
the last 10 years, and the industry adoption has 
started in 2015 and beyond [5]. Such expansion 
is indicative of maturity in technology as well 
as rising acceptance in the industry of the ben-
efits of computerization.

Simulation results are crucial to be experi-
mentally validated by addressing the application 
of cutting-edge techniques of characterization 
(e.g., sophisticated non-destructive testing proce-
dures) to guarantee sound tool operation. It has 
shown that ultrasonic testing is effective in real-
time monitoring of components of industrial ma-
chinery [6], whereas recent researchers discussed 
the problem of pipeline corrosion monitoring and 
innovative techniques of inspection [7]. These 
validation strategies prove the quantitative merits 
of FEM-enhanced design methods in the numer-
ous performance aspects.

RESEARCH GAP STATEMENT

Despite significant advances in the separate 
technologies, the unified application of FEM 
modeling, artificial intelligence, digital twin mon-
itoring, and non-destructive testing validation on 
drawing die systems is fragmented. The exist-
ing studies largely focus on individual aspects 
of technology and lack comprehensive systems 
of integrative approach and support of practical 
implementation. Modern evaluations in the field 
tend to look at FEM applications alone, digital 
twin concepts alone, or machine learning applica-
tions without specifically looking at metal form-
ing applications. This fragmented approach limits 
the application in practice to manufacturing engi-
neers who want to embrace integrated solutions.

SCIENTIFIC NOVELTY

The scientific novelty of this review can be 
identified in three main contributions that make 
this review unique among the current body of 
literature. First, this work introduces the initial 
framework of system integration that integrates 
FEM simulation, artificial intelligence algo-
rithms, digital twin monitoring, and non-destruc-
tive testing validation in particular to the draw-
ing die applications, but prior reviews have dealt 
with these technologies individually. Second, 
we include quantitative performance figures re-
sulting from the industrial applications (Table 1) 

Figure 1. Evolution of drawing die design methodologies timeline showing progression
from empirical methods (1950–2000) through computational assistance (2000–2015)

to current integrated FEM-AI approaches (2015-present)
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showing definable improvements such as 2.5x de-
sign time, 3.5x cost savings, and 90–95% predic-
tive accuracy than the conventional approaches. 
Third, this review provides a detailed implemen-
tation plan that considers practical issues such as 
computational infrastructure requirements, vali-
dation protocols, staff training requirements, and 
Industry 4.0 integration concerns – issues that 
have not been systematically considered in previ-
ous reviews in metal forming applications. These 
contributions give manufacturing engineers use-
ful guidelines to follow in the implementation of 
integrated computational design practices in in-
dustrial production settings.

STUDY SCOPE AND CONTRIBUTIONS

This review is a systematic analysis of the 
present condition and future opportunities of in-
tegrated FEM, AI, and digital twin technologies 
in attracting die applications. The review will 
include theoretical background, practical imple-
mentation strategies, industrial validation ex-
periments and future research perspectives. The 
review gives a thorough discussion of integrated 
technological solutions, practical implementation 
plans, and proven performance measures of real-
life industrial applications.

FUNDAMENTALS OF FEM-BASED 
DRAWING DIE DESIGN

The finite element method is a modern com-
putational method that has greatly improved en-
gineering practice in drawing die design and op-
timization. This part gives a detailed discussion 
of the theoretical backgrounds, mathematical 
models, and practical implementation of FEM in 
specifically drawing die applications. The ability 
of the method to reduce complex geometries to 

finite elements that are simple to compute and at 
the same time retain mathematical rigor makes it 
especially useful in the analysis of the complex 
stress and strain distributions that take place dur-
ing metal forming processes [8].

Drawing die analysis using the finite element 
method (FEM) is mathematically grounded and 
starts with the development of governing equa-
tions that reveal the responses of materials to a 
set of loading conditions [9]. These equations 
take into account the stress-strain relations, equi-
librium as well as compatibility requirements that 
must be satisfied during the deformation process. 
The discretization method is the process of ap-
proximating the continuous domain with the help 
of finite elements. In this approximation, field 
variables are interpolated on element boundaries 
by means of some shape functions [10]. The se-
lection of the right kind of elements, the density 
of the mesh and the boundary conditions play a 
great role in determining the accuracy of a simu-
lation and the efficiency of the computation [11].

The current FEM models used in the develop-
ment of die designs include the use of advanced 
material models, which consider plasticity, vis-
coplasticity, and damage evolution [13]. These 
models are temperature sensitive and strain rate 
sensitive to give a realistic representation of the 
actual forming conditions in the real world [14]. 
The high strain-rate behavior can be modeled us-
ing advanced constitutive models, including the 
Johnson-Cook model, and the damage evolution 
of a material can be modeled using the Gurson-
Tvergaard-Needleman model [15]. Adaptive 
mesh refinement methods are automatic proce-
dures of changing the size of the elements in the 
high-stress gradient regions to attain computa-
tional efficiency without compromising the accu-
racy of the solutions [16].

The other significant aspect of FEM-based 
drawing die design is the application of algo-
rithms in contact mechanics [17]. The contact 

Table 1. Performance comparison of traditional vs. FEM-enhanced design approaches 
Performance metric Traditional methods FEM-enhanced methods Improvement Source

Design time (weeks) 12–16 4–6 2.5x faster Industrial survey (n=15)

Prototyping cost ($) 50,000–80,000 12,000-20,000 3.5x reduction Cost analysis study

Prediction accuracy (%) 65–75 90–95 1.3x improvement Validation studies

Material waste (%) 15–25 3–7 4x reduction Production data

Tool life extension (%) Baseline 30–50 40% average increase Longitudinal study

Defect rate (PPM) 500–1000 50–150 7x improvement Quality control data
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between the workpiece and die surfaces is char-
acterized by a number of complicated processes, 
such as friction, heat production, and potential 
surface damage [18]. Examples of advanced con-
tact formulations include the penalty method, 
the Lagrange multiplier formulation and the en-
hanced Lagrangian formulation, which provide a 

range of choices to impose contact constraints in 
a numerically stable way [19]. The selection of 
the friction models that are appropriate to the sce-
nario can be very instrumental in the prediction 
of the forming forces and material flow behavior. 
Those models of friction are based on the simple 
Coulomb friction models until more advanced 

Figure 2. Drawing die design finite element analysis, the left part shows FEA simulation of material deformation 
with different parameters, including speed, die radius, and friction.

The right-hand side shows the optimized deep-drawn Al-3104 product, with the correlation between simulation 
and experimental results. This process illustrates the current FEM-based design methods to improve

the geometric accuracy and reduce the forming errors [12]

Figure 3. Integrated workflow of deep drawing die design, the left side shows the finite element analysis 
that includes speed, die radius, friction coefficient, and blank holder forces. The main series is made up of 

progressive forming steps with the plunger-die arrangement. The right one illustrates
mechanical property analysis of the shaped part, and it shows agreement between the numerical predictions

and the real performance [12]



556

Advances in Science and Technology Research Journal 2026, 20(2), 552–570

models, which consider the effects of friction on 
the surface roughness and lubrication [20].

The mathematical foundation of FEM in 
drawing die analysis is the formulation of gov-
erning equations to characterise the mechanical 
behavior of materials under different loading 
conditions. They require high-level simulation 
capabilities that can correctly predict the flow and 
stress distribution of materials to be used in mul-
tistage drawing processes [22].

Through systematic FEM simulation, optimi-
zation of these parameters ensures uniform wall 
thickness distribution, minimizes material waste, 
and reduces production time [23]. 

LIMITATIONS AND CHALLENGES OF FEM 
IN DRAWING DIE DESIGN

While FEM simulation has revolutionized 
drawing die design, several fundamental limitations 
and practical challenges must be acknowledged to 
ensure realistic expectations and appropriate im-
plementation strategies. Understanding these con-
straints is essential for engineers and researchers to 
make informed decisions about when and how to 
deploy FEM-based approaches effectively.

Computational resource requirements

The computational resources (especially in 
three dimensions) required by FEM simulations 

of drawing processes are large when the process 
is fine mesh-resolved and the material behavior is 
intricate. Simulations with millions of elements 
take several hours up to days to compute with 
standard workstations [68]. Through high-per-
formance computing clusters, these times can be 
decreased at high infrastructure costs and require-
ments of technical expertise. Advanced features 
like thermomechanical coupling, adaptive mesh 
refinement and multi-scale material models are 
computed with exponentially greater burden. In 
the case of small and medium-sized businesses, 
such computing needs may become a major ob-
stacle to adoption, and cost and benefit measure-
ments must be carefully weighed before spend-
ing on hardware, software licenses, and trained 
personnel [11].

Mesh sensitivity and convergence issues

Mesh quality and level of refinement is crucial 
to the accuracy of FEM predictions. Poor density 
of mesh in high-gradient areas may result in se-
rious inaccuracy in the prediction of stress and 
strain, whereas over-refinement unnecessarily 
raises costs of computation [16]. Numerical insta-
bility and convergence failures small deformation 
simulations can be numerically unstable due to 
mesh distortion, especially in drawing processes. 
Adaptive remeshing methods can alleviate these 
problems but add complexity and remesh bound-
ary discontinuities of possible solution. Another 

Figure 4. Multistage square cup drawing analysisprocess flow of initial geometry set-up, tool-workpiece contact, 
and material deformation under loading. Predictive analysis makes it possible to visualise the areas of wrinkling 

and restrict the drawing ratios. The final shape comparison and stress distribution analysis can be used to validate 
the model and choose the material [21]
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challenge is element type selection, which will 
have different performance properties in terms 
of locking performance, hourglass modes, and 
accuracy when dealing with bending dominated 
performance [10]. To obtain mesh-independent 
results, systematic convergence studies are neces-
sary that increase the total development time and 
computation cost.

Material model uncertainties

The accuracy of constitutive material models 
is the basic constraint of the predictive ability of 
FEM simulations. Laws of plasticity Standard 
plasticity models can fail to represent the rich-
ness of more complex phenomena, including 
anisotropic behavior, strain-rate sensitivity, tem-
perature dependence and damage evolution in 
materials of interest [24]. The characterization 
of complex material models is often time con-
suming and can be costly and often necessitates 
sophisticated experimental characterization pro-
grams that involve several test configurations and 
loading conditions. The results of standard tensile 
tests on materials can be misleading indicators of 
their behavior at non-standard stress conditions, 
as may occur during the drawing operation [27]. 
In addition, material variability between batches 
and microstructural inhomogeneities involve un-
certainties that cannot be completely reflected in 
deterministic FEM models without using stochas-
tic models. Discrete grain structures and localized 
phenomena become important at small scales and 
this is where the assumption of continuum behav-
ior fails [26].

Contact and friction modeling challenges

One of the most difficult points of drawing die 
simulation is to represent tool-workpiece contact 
mechanics accurately. The behavior of friction is 

based on a variety of factors such as roughness 
of surfaces, lubrication, contact pressure, slide 
velocity and temperature, but most simulations 
use simple Coulomb friction models with fixed 
coefficients [20]. Complex phenomena observed 
in real contact interfaces include stick-slip behav-
ior, boundary lubrication breakdown and surface 
roughness evolution that cannot be accurately 
modeled. The choice of algorithm in contact algo-
rithms is subject to computational efficiency ver-
sus accuracy of the obtained solution, and penalty 
approaches provide artificial compliance and La-
grange multiplier methods increase the size of the 
system, and conditioning difficulties [19]. Spe-
cialized tribological tests that allow experimental 
determination of the correct friction coefficients 
of particular tool-workpiece-lubricant combina-
tions may not necessarily accurately model actual 
forming conditions.

Validation requirements and experimental 
correlation

FEM predictions have to be carefully experi-
mentally verified to achieve credibility and to de-
tect the shortfalls of the model. Nonetheless, it is 
highly difficult to have the detailed experimental 
data to validate it. Internal stress distributions, 
temperature fields, and pattern deformations dur-
ing real operating drawing processes are not eas-
ily measured; and may sometimes need advanced 
instrumentation like digital image correlation, 
thermography, embedded sensors [30]. Validation 
experiments can fail to model production condi-
tions perfectly because of scaling effects, instru-
mentation interference or simplifying the bound-
ary conditions. Such discrepancies may have sev-
eral different origins such as material model errors, 
uncertainty in boundary conditions, geometric 
simplifications, and measurement errors, and the 
root cause may be difficult to determine [38]. The 

Table 2. Process parameters for multistage drawing simulation 
Parameter Stage 1 Stage 2 Stage 3 Units

Blank holder force 25 35 45 kN

Drawing speed 50 75 100 mm/s

Die corner radius 8 6 4 mm

Reduction ratio 1.8 1.6 1.4 -

Friction coefficient 0.12 0.10 0.08 -

Maximum stress 580 620 680 MPa

Wall thickness variation ±0.1 ±0.15 ±0.2 mm
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model calibration and validation process can prove 
to be time consuming and it may not be sufficient 
to assure accurate prediction of conditions far apart 
compared to the conditions used in the tests.

Software expertise and training requirements

Routine application of FEM software in draw-
ing die applications cannot be done without a lot of 
expertise across various fields such as mechanics, 
materials science, numerical methods and soft-
ware operation. The geometry creation, mesh gen-
eration, material model choice and specification of 
the boundary conditions require a lot of skill and 
judgment. Simulation results are to be interpreted 
critically and potential numerical artifacts can be 
identified only through profound knowledge of 
the underlying physics and numerical solution 
process. Most commercial FEM packages provide 
a large number of options and parameters whose 
correct choice may not always be apparent to the 
inexperienced user, and may produce erroneous 
results when used improperly [4]. Companies that 
practice designs using FEMs will have to invest 
heavily in employee training and knowledge base, 
something that may be quite tricky especially in 
high staff turnover environments.

Integration with existing design workflows

There are organizational and technical is-
sues that come with the implementation of FEM 
simulation into the well-established design and 
manufacturing processes. Legacy design prac-
tices on empirical knowledge and trial and er-
ror practices might be resistant to adoption of 
simulation-based methods because of cultural 
issues, doubt of computational predictions or 
concerns of breaking established processes [2]. 
Information transfer amongst CAD systems, 
FEM preprocessing software, simulation solvers, 
and postprocessing software may bring about 
compatibility errors and loss of information. The 
combination of FEM outputs and other applica-
tion tools of engineering, including manufactur-
ing execution systems, quality control databases, 
and digital twins, needs a well-developed data 
management infrastructure and are standard in-
terfaces [53]. The duration to establish, carry out 
and analyze the simulation needs to be balanced 
with frequently constrained product develop-
ment processes, which may restrict the level of 
optimization analysis that can be conducted.

Limitations in predicting tool wear 		
and lifecycle

Although FEM can estimate the distributions 
of stresses that can be compared with the possible 
locations of wear, it is difficult to predict the actual 
tool wear rate and lifecycle of the tool. Wear pro-
cesses are associated with complicated tribological 
processes such as adhesive wear, abrasive wear, 
fatigue, and chemical interactions which rely on lo-
cal conditions that vary during the service life of 
the tool [18]. The cost, in terms of computational 
needs and wear law parameters that can be hard 
to measure experimentally is a barrier to coupling 
wear models with deformation simulations. Wear-
induced progressive changes in geometry influ-
ence the later forming operations, and simulation 
of this process across thousands of production 
steps is computationally infeasible. This has made 
FEM-based tool life prediction methods commonly 
based on simplified measures like peak stress or cu-
mulative plastic strain instead of mechanistic wear 
models constraining predictive power. Neverthe-
less, FEM is still an invaluable tool to use to create 
die design, when used with proper knowledge of its 
limitations and a systematic focus on experimental 
data. Through continued studies numerous of these 
issues are being solved with better algorithms, bet-
ter material models and more efficient computing 
techniques. The combination of FEM with comple-
mentary technologies like machine learning, digi-
tal twins, and other advanced characterization can 
promise future solution to address the existing con-
straints and continue to improve predictive perfor-
mance in attracting die applications.

ADVANCED MATERIAL MODELING 	
AND CHARACTERIZATION

The material behavior modelling is the basic 
element of valid FEM studies in attracting die ap-
plications. The sophisticated material modelling 
methods have developed to reflect the sophisti-
cated deformation processes involved in modern 
manufacturing. This part discusses these tech-
niques in some detail, with a particular focus on 
the necessary characterization of materials when 
subjected to various loading conditions, strain 
rates, and temperatures with the help of carefully 
designed experimental programs and advanced 
theoretical instruments that can be used to explain 
the basic physics of deformation and failure [24].
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Multi-scale material modeling approaches

Contemporary material modelling of draw-
ing processes spans a spectrum of scales of ob-
servation, such as atomic to macroscopic. At the 
microscopic scale, crystal plasticity models are 
detailed descriptions of the activation of the slip 
systems and interactions at the grain scale that are 
used to define macroscopic mechanical behavior 
[26]. These models consist of the effects of crys-
tallographic texture development, the effects of 
the grain size distribution, and the effects of the 
phase transformations during plastic deformation 
[27]. Macroscopic constitutive relationships are 
developed by complex computational methods 
that are capable of crossing multiple length scales 
and remain computationally efficient [28].

Damage mechanics and failure prediction

In drawing processes, damage mechanics is 
important in the estimation of tool life and fail-
ure modes. More sophisticated models of damage 
involve the ductile damage model of Lemaitre, 
the brittle damage model of Mazars and coupled 
plasticity-damage models [29]. The damage pa-
rameters are to be calibrated in terms of a large 
number of experimental programmes under vari-
ous stress conditions and loading histories. The 
recent advances in digital image correlation and 

micro-computed tomography allow detailed vali-
dation of predictions of the evolution of damage 
at various scales [30].

Experimental validation and characterization 
methods

Experimental studies on damage progres-
sion monitoring using acoustic emission and 
machine learning techniques have demonstrated 
significant advances in real-time characterization 
[32]. The improvement of resolution in phased-
array inspections for non-destructive testing has 
enhanced defect detection accuracy in tool steel 
applications [33]. Advanced inspection methods 
have shown versatility in industrial applications 
relevant to drawing die manufacturing [34].

Thermomechanical coupling effects

Temperature effects are critically important 
in drawing processes, especially in high-speed 
operations where adiabatic heating significantly 
influences material behavior. Thermomechanical 
coupling requires complex numerical methods 
capable of handling strong nonlinearities caused 
by temperature-dependent material properties and 
thermal expansion. Implementation of thermome-
chanically coupled models requires consideration 
of heat generation mechanisms including plastic 

Figure 5. Stress and deformation in complex geometric components FEM simulations demonstrate
that the correct material model and boundary conditions are necessary to measure forming behavior

and tool performance in high-performance production systems [25]
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work dissipation, friction heating, and latent heat 
effects associated with phase transformations [35].

Advanced materials and modeling challenges

Advanced materials such as high-strength 
steels, aluminum alloys, and specialized compo-
sitions present unique challenges for FEM mod-
eling due to their complex characterization re-
quirements. These materials exhibit sophisticated 
behavior that cannot be adequately described by 
standard constitutive models, requiring special-
ized formulations that account for their distinctive 
microstructural characteristics. Multiphysics cou-
pling capabilities can be integrated to extend FEM 
applications to encompass smart manufacturing 
processes and adaptive tooling systems [37].

NON-DESTRUCTIVE TESTING 
INTEGRATION AND VALIDATION 		
FOR DRAWING DIES

The integration of the FEM-based design 
solutions and non-destructive testing (NDT) so-
lutions is an imperative aspect of reliability and 
performance assurance in the process of attract-
ing dies made out of tool steel. This is a system-
atic approach that combines the predictive ca-
pabilities of the advanced computational frame-
works and experimental validation instruments 
to create powerful systems of die design, quality 
control during manufacturing, and in-service in-
spection. Predictions made by the computer and 
testing done by experiments enable engineers to 

be assured of the simulation output and identify 
discrepancies between modeling assumptions and 
actual material behavior [38].

Ultrasonic testing for tool steel dies

The ultrasonic testing processes have been 
specifically useful in drawing die applications, 
internal flaws detection, material degradation, 
and structural integrity verification without caus-
ing harm to the components. Microscopic cracks, 
inclusions and porosity that might cause prema-
ture die failure can be detected using advanced 
ultrasonic techniques with high-frequency trans-
ducers. New pulse-compression phased array 
techniques are shown to be able to image intricate 
die geometries and locate defects in hardened tool 
steels subsurface [40]. To meet the special needs 
of characterising tool steel, systematic frame-
works of choosing the right ultrasonic inspection 
methods have been established [41].

Radiographic inspection methods

Radiographic inspection techniques are still 
important tools in drawing die validation, especial-
ly where other inspection methods cannot access 
the complex geometries. Digital radiography has 
better quality of images and better defect detec-
tion than traditional film-based radiography [43]. 
Digital radiographic inspection facilitates the use 
of real-time monitoring in the manufacturing pro-
cesses [44]. Fluorescent penetrant testing offers an 
economical method of detecting defects that open 
the surface, and the most recent advancements are 

Figure 6. Die geometry finite element analysis of radial movement of die interaction with punch at:
a) maximum variation of stress with fillet radius, b) larger radii decreasing stress concentration

and increasing drawability [31]
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the introduction of sustainability requirements in 
the choice of inspection materials [45]. The ASME 
standard acceptance criteria have been used to set 
quality assurance standards for welding and join-
ing processes in die manufacturing by using dye 
penetrants and ultrasonic testing methods [46]. 
Penetrant testing methods have been shown to 
be more reliable in studies of reliability and are 

therefore more reliable in inspection results when 
used in critical applications [47].

Acoustic emission monitoring 			
for die performance

Acoustic emission monitoring is a potent meth-
od of in-situ monitoring of drawing die performance 

Figure 7. Integrated digital twin framework for smart manufacturing comprehensive model connecting
CAD-based die design, FEM simulation, and real-time production feedback for predictive tool optimization

and lifecycle management [36]

Figure 8. Overview of non-destructive testing methods in tool steel applications classification of NDT methods 
that can be used to inspect and validate drawing die [39]
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in operation. This technique allows the initiation 
and propagation of cracks to be detected in real-
time, which is an early warning of possible die 
failure. There are sophisticated sensor technologies 
such as fiber-optic interference transducers which 
allow distributed monitoring systems which can of-
fer extensive coverage of intricate die geometries 
[48]. Combining the acoustic emission monitoring 
with the FEM simulations enables the validation of 
the predicted stress distribution and the location of 
the critical areas of stress concentration.

Integration with fem validation protocols

Combining the NDT outcomes with the FEM 
predictions need to be systematically performed 
whereby the predicted stress distributions are com-
pared with the real defect locations and failure 
modes. Simulation accuracy is verified by statisti-
cal analysis of NDT results and helps to determine 
where the model needs to be improved. The real 
time monitoring features provide an opportunity to 
continuously evaluate the die condition and give 
feedback on predictive maintenance plans. Quality 
assurance procedures provide the consistency of 
the validation of FEM predictions between various 
die designs and production conditions [49].

DIGITAL TWIN IMPLEMENTATION 		
AND INDUSTRY 4.0 INTEGRATION 		
FOR DRAWING DIES

Digital twin technology in drawing die op-
erations is a major development that will help 

to bridge the gap between the digital simulation 
and the physical reality of manufacturing. This 
approach allows physical drawing systems to be 
represented digitally in real-time to offer ongoing 
optimization, predictive maintenance, and perfor-
mance enhancement through the entire tooling 
life cycle. The digital twin strategy does not just 
focus on the geometric and material characteris-
tics of the dies but goes further to real-time work-
ing data, environmental factors, and performance 
indicators that are directly associated with draw-
ing die applications [50].

Digital twin architecture for drawing die 
systems

Digital twin systems used to draw dies need 
some specific architecture that can meet the spe-
cial needs of metal forming processes. This in-
volves the tracking of forming forces, die temper-
atures, wear patterns and dimensional accuracy in 
the process of production. The acoustic emission 
testing as continuous monitoring systems has 
proven to be effective in the prevention of cata-
strophic failures [51]. Predictive control of pos-
sible failures prior to their occurrence is made 
possible through the integration of real-time sen-
sor data with computational models, which is an 
ideal fit with the principles of digital twins [52].

Sensor integration and data management

Complex manufacturing data requires sophis-
ticated data integration systems to process the 
complexity of the manufacturing data to attract 

Figure 9. Structural representation of non-destructive evaluation techniques to drawing dies common 		
NDT methods to be used in the inspection of tool steel and in the validation of drawing dies [42]
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die applications. This consists of real-time sen-
sor values, past performance values, maintenance 
history, quality control values and environmental 
values. To operate a digital twin successfully, it is 
necessary to have strong data management sys-
tems capable of processing, storing, and analys-
ing heterogeneous information in real-time [53].

The machine learning pipeline shown in Fig-
ure 11 has extensive data processing features to 
handle multi-source information to give intelligent 
optimization advice. The pipeline makes use of 
real time sensor measurements, past performance 
history, and simulation results to construct predic-
tive models and optimization strategies. Pattern 
detection, anomaly detection and prediction of 
performance based on integrated data streams re-
quires machine learning algorithms [55].

Sensor technologies for die monitoring

Complete monitoring systems have a variety 
of sensor types such as acoustic emission sensors 
to detect cracks, temperature sensors to control 
temperature, strain sensors to measure stress, and 
vibration sensors to measure operational condi-
tions. These sensors serve as the data backbone 
to successful digital twins in drawing die applica-
tions [57]. Special applications with hot steel pro-
cessing have been shown to be high-temperature 
monitored [58].

Computational infrastructure 			
and architecture

Complex computational designs are necessary 
to meet the performance requirements of real-time 
digital twin operations. With edge computing, pro-
cessing and decisions can be made locally, which 
greatly improves responsiveness and decreases la-
tency. The computational infrastructure needed for 
large-scale data analysis and complicated simula-
tions may be provided via cloud computing ser-
vices. Distributed systems that can scale efficiently 

and affordably satisfy the operational needs of dig-
ital twins in real time are made possible by com-
bining various computing paradigms [59].

Predictive maintenance applications

Digital twin technology provides a high value 
in predictive maintenance in drawing die opera-
tions [61]. The system tracks tool performance 
and identifies early wear, damage or performance 
loss by comparing actual real-time data to the ex-
pected responses. This allows proactive mainte-
nance planning which avoids sudden tool failures 
and maximizes tool life. Machine learning algo-
rithms can be used to improve predictive power 
by training on past data and constantly improving 
the accuracy of predictions [62].

MACHINE LEARNING AND ARTIFICIAL 
INTELLIGENCE APPLICATIONS IN 
DRAWING DIE DESIGN

The combination of machine learning and 
artificial intelligence technology with the FEM-
based drawing die design is a major breakthrough 
in the optimization of manufacturing. Such tech-
nologies allow automated decision-making, pat-
tern recognition and predictive opportunities that 
supplement the traditional simulation and design 
methods. AI use in die design includes automated 
mesh generation, material property discovery, 
process optimization and failure prediction, of-
fering complete intelligent design environments, 
which learn and improve with experience and 
data analysis [63].

Machine learning applications 		
in metal forming

The machine learning methods have proven 
to be of significant worth in attracting die ap-
plication by enhancing the capabilities of signal 

Table 3. Digital twin implementation components and benefits
Component Technology Data input Processing time Accuracy (%) Cost reduction (%)

Design module FEM/CAD Geometric data 2–4 hours 95 40

Manufacturing Process monitoring Sensor data Real-time 92 25

Quality control NDT integration Inspection data 5–10 minutes 98 60

Predictive maintenance ML algorithms Historical data 1–2 minutes 89 45

Performance optimization AI optimization Operational data 10–30 minutes 91 35
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Figure 10. Distributed digital twin framework of drawing die manufacturing regional mapping,
real-time synchronisation, and adaptive computation of drawing die manufacturing systems [54]

Figure 11. Data pipeline for machine learning in digital twin system design predictive modeling
and optimization using data from sensors, past performance, and simulation results [56]



565

Advances in Science and Technology Research Journal 2026, 20(2) 552–570

analysis and interpretation to the monitoring sys-
tems [64]. The concept of federated machine 
learning makes it possible to have learning sys-
tems that can be used at several manufacturing 
plants, sharing knowledge without violating data 
privacy [65]. Machine learning based machine 
fault diagnosis offers end-to-end frameworks of 
condition monitoring and predictive maintenance 
in drawing die operations [66].

Feature extraction and pattern recognition

Automatic feature extraction is another 
strong point of machine learning that will at-
tract die design applications. Conventional data 
analysis tools demand expert knowledge to 
determine pertinent features and patterns that 
can be time-consuming and might overlook 
important data relationships. Deep learning 
techniques may detect valuable features in raw 
data such as sensor measurements, simulation 
output and past performance data. This feature 
allows finding new correlations between de-
sign variables, operating conditions and perfor-
mance results [67].

Predictive modeling for tool performance

Tool wear and failure prediction predictive 
models are significant uses of AI in die design 
drawing. These models combine different data 
such as force measurements, temperature pro-
files, vibration signatures, and acoustic emission 
signals to forecast the need to perform mainte-
nance and replacement. Combination of many 
individual models into ensemble learning meth-
ods has shown to be more accurate and reliable in 
prediction. These systems are constantly learning 
and adapting to new circumstances and enhance 
their prediction ability as time progresses [68].

FUTURE TRENDS AND RESEARCH 
DIRECTIONS

The trends in the design of FEM-based drawing 
dies in the future are likely to incorporate the use of 
digitalized systems, new technologies, and technol-
ogies that are aimed at sustainability. Digital twin 
technology is also improving lifecycle manage-
ment through optimization of design, production 

Figure 12. Digital twins with system modelling with data pipelines full data flow architecture
with key control points to ensure reliable operation of digital twins [60]
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and operation phases and through real-time moni-
toring and predictive maintenance. More efficient 
solutions to difficult optimization problems can be 
found with the help of new computational methods 
such as quantum-classical hybrid algorithms. 

The integration of artificial intelligence and 
FEM simulation systems is a promising new field 
of automated mesh optimization, material param-
eter identification, and process control. Machine 
learning algorithms can optimize the efficiency of 
simulation without sacrificing accuracy with the 

advanced adaptive strategies. Multi-scale model-
ling techniques that use atomic, microscopic, and 
macroscopic behavior are becoming more popu-
lar to further describe materials and predict their 
failure in drawing die applications. 

These strategies should also be continuously 
updated by updating the computational strategies 
and validation procedures. The principles of the 
lifecycle assessment and the circular economy 
are prompting the development of eco-efficient, 
recoverable, and recyclable die systems, with the 

Figure 13. Functional contributions of AI in enhancing FEM-based drawing die design
workflows comprehensive overview of AI integration points in drawing die design processes

Figure 14. Machine learning lifecycle for predictive maintenance and model adaptation systematic approach
to implementing and maintaining ML models for drawing die applications
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focus on the augmented importance of environ-
mental issues in the design of tools. The use of 
additive and hybrid manufacturing technologies, 
among others, offers new opportunities in design, 
also helps to achieve the environmental goals.

CONCLUSIONS

This review demonstrates that FEM-based 
drawing die design represents a significant advance-
ment in manufacturing engineering technology. 
Industrial implementations show measurable im-
provements including design time reduction from 
12–16 weeks to 4–6 weeks, prototyping cost reduc-
tion from $50,000–80,000 to $12,000–20,000, and 
prediction accuracy improvement from 65–75% 
to 90–95% compared to traditional methods. The 
integration of advanced material modeling, digital 
twin capabilities, machine learning algorithms, and 
NDT validation methods creates comprehensive 
manufacturing systems with demonstrated com-
petitive advantages. Organizations implementing 
these integrated approaches report material waste 
reduction from 15–25% to 3–7%, defect rate im-
provements from 500–1000 PPM to 50–150 PPM, 
and tool life extensions of 30–50%.

The evolution from empirical trial-and-error 
approaches to computational prediction repre-
sents substantial progress in manufacturing ca-
pabilities. Digital twin implementation demon-
strates accuracy ranges of 89–98% with cost re-
ductions of 25–60% across different application 
areas. These technological advances enable real-
time optimization, predictive maintenance, and 
enhanced decision-making capabilities.

However, successful implementation requires 
careful consideration of computational require-
ments, validation protocols, staff training needs, 
and integration challenges with existing systems. 
The evidence indicates that organizations adopt-
ing these technologies gain competitive advan-
tages through improved efficiency, quality, and 
operational capabilities, though implementation 
success depends on systematic planning and ad-
equate resource allocation. Future research direc-
tions include development of AI-enhanced FEM 
frameworks, multi-scale modeling approaches, 
and sustainability-driven design methods. Con-
tinued advancement in quantum computing, ad-
vanced materials, and AI-driven optimization of-
fers potential for further improvements in draw-
ing die design and manufacturing applications.
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