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ABSTRACT: Electrical Discharge Machining (EDM) is governed by highly coupled, nonlinear electro-thermal-
mechanical phenomena involving plasma-mediated energy transfer, rapid heat conduction, phase transformation, and
resolidification over micro to nanosecond time scales. From a computational materials science perspective, EDM serves
as a prototypical problem of extreme, localised energy-matter interaction, where predictive modelling requires rigorous
treatment of multiphysics coupling and scale bridging. This review presents a critical synthesis of theoretical and
numerical frameworks for modelling advanced EDM configurations, including vibration-assisted and turning-based
EDM, powder- and nano-additive-assisted EDM, and alternative dielectric environments. The review consolidates
continuum-based formulations that describe the evolution of the electric field, plasma channel dynamics, and transient
heat transfer, typically governed by Maxwell’s equations coupled with Fourier and non-Fourier heat conduction models.
Thermo-fluid and thermo-mechanical models accounting for melt flow, recoil pressure, surface tension, and thermal
stress evolution are analysed for their ability to predict crater geometry, recast layer formation, and subsurface damage.
The influence of externally imposed perturbations such as mechanical vibration, relative rotational kinematics, and
particle-mediated plasma modulation is discussed through modifications in boundary conditions, energy partition
coefficients, and effective transport properties. Multiscale modelling strategies that bridge discharge-scale plasma
physics with mesoscale thermal fields and microscale material response are critically reviewed, including hybrid finite
element-finite volume schemes and reduced-order models. In parallel, data-driven surrogate models and machine
learning approaches are examined for parameter inference, uncertainty reduction, and rapid prediction of material
behaviour. Major challenges related to model closure, scale separation, and experimental validation are identified, and
future research directions are outlined toward fully coupled multiscale and digital twin frameworks for predictive
EDM-induced material response.
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1 Introduction

Electrical Discharge Machining (EDM) is fundamentally governed by highly localised, transient
plasma-material interactions in which extreme energy densities are delivered to the workpiece surface over
microsecond timescales. A material removal in EDM does not occur through conventional mechanical
deformation, but rather through a sequence of dielectric breakdown, plasma channel formation, intense Joule
heating, and rapid melting and vaporisation of the electrode-workpiece interface. The discharge plasma,
characterised by temperatures exceeding 1000 K and steep thermal gradients, induces non-equilibrium
phase transformations, solidification, and the formation of a recast layer with altered microstructural and
thermophysical properties [1,2]. Despite decades of industrial application, the underlying physics of energy
transfer from the plasma to the solid, the partitioning of discharge energy, and the coupling between
thermal, electromagnetic, and phase-change phenomena remain only partially understood. This complexity
has motivated the development of physics-based and computational models capable of capturing plasma
evolution, transient heat flux distribution, and material response at micro- and sub-micro scales [3]. Klocke
et al. [4] investigated temperature fields and power distribution in EDM, overcoming the impracticality of
direct thermal measurements near the discharge zone. Experiments with a copper tool electrode measured
internal temperatures, which were matched using a coupled thermo-fluid finite element method (FEM)
model in COMSOL. By fitting simulations to experiments, the study determined that 49% of the discharge
energy dissipates into the tool electrode and that flushing velocity significantly affects thermal behaviour.

EDM has evolved significantly from its early reliance on empirical parameter tuning toward a more
sophisticated, physics-informed understanding of the process. Conventional EDM approaches were largely
based on trial-and-error optimisation and simplified discharge theories, offering limited insight into the
underlying plasma-material interactions, transient heat transfer, and phase transformation mechanisms
that govern material removal and surface integrity. As a result, early models were typically single-physics
and machine-specific, exhibiting poor generalizability across materials and operating conditions [5,6]. Fig. 1
illustrates the evolution of technology in EDM from conventional practices to advanced methodologies.
Recent reviews emphasise that such empirical frameworks are insufficient to capture the highly stochastic,
nonlinear, and coupled nature of EDM discharges, particularly for advanced materials and precision
applications [7,8].
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Figure 1: Technology evolution in EDM from conventional to recent advances.
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In response, recent EDM research has shifted toward physics-based, multiphysics, and data-assisted
methodologies, integrating finite element and computational fluid dynamics models with artificial intel-
ligence (AI) and hybrid process strategies. Advances in multiphysics modelling now enable partial
representation of plasma channel evolution, thermal-fluid coupling, and melt pool dynamics. At the same
time, hybrid and Al-assisted approaches support multi-objective optimisation and adaptive control [9,10].
Moreover, emerging trends such as micro-/nano-EDM, hybrid EDM processes, green EDM, and digital twin
concepts reflect a broader transition toward predictive, sustainable, and intelligent manufacturing systems.
These developments collectively underscore the growing need for multiscale, physics-informed modelling
frameworks capable of bridging plasma-scale phenomena with material-scale phase transformations, thereby
forming the foundation for next-generation EDM research and applications [11,12].

Recent studies have employed advanced diagnostics, experimental design, and hybrid manufacturing
approaches to deepen understanding of EDM mechanisms and to optimise performance. High-resolution
plasma diagnostics combining optical emission spectroscopy (OES) with collisional-radiative (CR) mod-
elling, supported by high-speed imaging and electrical signal analysis, have revealed that EDM discharges
in both liquid (oil) and gaseous (air) dielectrics exhibit comparable electron temperatures, reaching
approximately 15,000 K in the plasma plume and 21,000 K in the hot spot. However, electron densities
during discharge initiation were found to be up to eight times higher in oil. At the same time, plasma
composition differed significantly: air discharges were dominated by electrode-material species. In contrast,
oil-based plasmas were rich in hydrogen and carbon originating from dielectric decomposition, highlighting
fundamentally different plasma-material interaction pathways [13].

The infographic, shown in Fig. 2, illustrates the complementary roles of FEM models, molecular
dynamics (MD) models, and flow-field models in advancing the modelling of the EDM process. FEM-
based models primarily address macroscopic thermal and electrical phenomena, enabling the prediction of
temperature distributions, heat-affected zones (HAZ), crater geometry, and overall machining performance
through assumed heat-source formulations, such as Gaussian heat-flux distributions. These models are
widely used to estimate material removal rate, tool wear, and surface integrity. Still, they are limited in their
ability to resolve atomistic-scale phase transitions and plasma-material interaction mechanisms [14].
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Figure 2: Integrated modelling framework for EDM.
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MD models focus on microscale and atomistic phenomena governing material-removal mechanisms,
including melting, vaporisation, solidification, and defect generation under extreme thermal gradients.
Approaches such as the two-temperature model (TTM) enable separation of electron and lattice tempera-
tures, providing insight into ultrafast energy transfer and phase transformations that cannot be captured by
continuum methods alone. However, MD simulations are computationally expensive and restricted to small
spatial and temporal domains, limiting their direct applicability to full-scale EDM processes [15,16].

Flow field models, typically based on computational fluid dynamics (CFD), describe the dynamics
of the discharge channel, dielectric fluid motion, debris transport, and bubble evolution, which critically
influence discharge stability, plasma expansion, and flushing efficiency. The overlap between FEM and flow-
field models enables the dynamic simulation of plasma heat sources. At the same time, integration across
all three modelling approaches yields multiphysics frameworks capable of coupling thermal, electrical, fluid,
and material responses. Such integrated models form the foundation for next-generation EDM simulation
strategies, supporting the development of new EDM processes and enabling more reliable predictions of
machining outcomes through multiphysics and multiscale modelling [17,18].

Furthermore, a bibliometric analysis was conducted in accordance with Preferred Reporting Items
for Systematic Review and Meta-Analysis (PRISMA) guidelines [19] to ensure clarity, accuracy, and repro-
ducibility. Fig. 3 shows the flowchart of the adopted approach. In this analysis, the Scopus database was
used as the primary source of information. It was selected due to its extensive coverage of engineering
and technology articles, reliable metadata, and strong citation tracking capabilities. A structured search
strategy was developed using Boolean operators to identify relevant studies, incorporating keywords such
as EDM, plasma, and dielectric breakdown phenomena, plasma-material and energy-matter interactions,
physics-based and mechanistic modeling approaches, phase transformation mechanisms, and computational
material simulations (e.g., FEM and CFD). The search was limited to publications from 2015 to 2025,
including research articles, review papers, and conference proceedings, while excluding book chapters,
books, editorials, short surveys, and retracted publications. Additionally, only English-language publications
were considered to ensure consistency and quality.

Fig. 4a illustrates the annual publication trend, showing a steady, pronounced increase in research
output, rising from approximately 500 documents in 2015 to nearly 3700 in 2025, corresponding to an average
annual growth rate of about 22%. This trend highlights the rapidly growing interest in physics-based and
Multiphysics modelling of plasma-assisted material removal and phase-change phenomena in EDM.

Fig. 4b depicts the distribution of document types, where journal articles dominate (74.6%), followed
by review papers (16.7%), indicating a mature and well-established research field supported by both
fundamental and synthesis-oriented studies. Conference papers, book chapters, and books together account
for a smaller yet meaningful share, reflecting ongoing dissemination of emerging computational and
modelling techniques.

Fig. 4c shows the geographical distribution of publications, with China emerging as the leading
contributor, followed by the United States, India, Germany, and the United Kingdom. This global distribution
underscores widespread international efforts in advancing plasma-material interaction modelling and
computational materials research related to EDM.

Fig. 4d presents the subject-area classification, revealing that Materials Science (27.2%) and Engineering
(21.6%) dominate the articles, followed by Physics and Astronomy (17.6%) and Chemistry (8.7%). The strong
presence of physics- and materials-oriented disciplines confirms the inherently multidisciplinary nature
of EDM research, bridging plasma physics, non-equilibrium phase transformations, and computational
materials modelling frameworks.
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Figure 3: The PRISMA-based flowchart of the adopted methodology for articles selection and bibliometric analysis.
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Figure 4: Bibliometric analysis of EDM-related plasma-material interaction research from the Scopus database

(2015-2025).

Purely experimental and empirical studies in EDM, while valuable for capturing process trends under
specific conditions, suffer from inherent limitations. Empirical models such as regression analysis and
response surface methodology (RSM) are heavily dependent on the range and quality of experimental data
and often lack a strong physical basis, making extrapolation to new materials, machines, or parameter spaces
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unreliable. They also struggle to represent the complex, stochastic, and nonlinear interactions inherent in
discharge plasma generation and material removal. Such models may fit existing data well but can fail outside
the tested parameter domain, limiting their predictive capability. This challenge has been documented in
recent reviews of experimental modelling techniques in EDM, which emphasise the need for physics-based
and Multiphysics approaches to improve generalizability and insight into underlying mechanisms [20].

Mohd Abbas et al. (2007) highlighted that many EDM studies rely heavily on empirical experimentation
and statistical correlations, which are valid only within narrowly defined process windows. They emphasised
that due to the highly stochastic nature of spark discharges, empirical relationships often fail when applied
to different materials, electrode geometries, or dielectric conditions. The authors noted that such approaches
provide limited insight into the fundamental plasma-material interaction mechanisms, making it difficult to
predict crater formation, recast layer characteristics, or energy partitioning under untested conditions [21].

Banu and Ali (2016) reviewed EDM developments and noted that most empirical studies are constrained
by machine-specific settings and material-dependent constants, which limit their applicability beyond
laboratory-scale experiments. They observed that empirical correlations often change significantly with slight
variations in electrode material or dielectric composition, underscoring their lack of universality. The authors
recommended integrating experimental work with analytical and physics-based models to overcome these
limitations and improve predictive reliability [22].

Kaigude et al. (2024) investigated surface roughness prediction in EDM using machine-learning
techniques and showed that classical empirical regression models underperformed advanced data-driven
approaches. Their results showed that empirical models fail to capture the complex, nonlinear relationships
between electrical parameters and machining responses, leading to significantly higher prediction errors.
This study indirectly demonstrates the limitations of purely experimental modelling and highlights the need
for hybrid approaches combining experiments with intelligent or physics-informed models [23].

Purely experimental and empirical approaches have played an important role in advancing EDM; how-
ever, their applicability remains fundamentally limited by the stochastic and highly nonlinear nature of the
discharge process. Empirical models such as regression analysis, RSM, and conventional machine-learning
techniques are typically developed from restricted experimental datasets and are therefore machine-,
material-, and parameter-specific. As highlighted in recent reviews, these approaches often lack phys-
ical interpretability and exhibit poor extrapolation capability when applied beyond the tested domain,
making them unreliable for predicting performance under new machining conditions or for advanced
materials [20,24].

Complex interactions govern EDM among multiple physical phenomena, including dielectric break-
down, plasma channel evolution, Joule heating, rapid melting and vaporisation, debris transport, and
solidification-driven phase transformations. These processes involve strong coupling between electrical,
thermal, fluid, and materials responses, which cannot be adequately represented using single-physics
or black-box empirical models. Recent studies have demonstrated that physics-based and multiphysics
modelling frameworks, particularly those integrating electromagnetic—thermal-fluid domains, are essential
to accurately resolve transient temperature fields, energy partitioning, crater formation, and surface integrity
evolution [25].

Furthermore, the critical outcomes of EDM—such as crater morphology, recast layer thickness, residual
stress distribution, and microstructural modification—arise from interactions across multiple spatial and
temporal scales, ranging from nanosecond-scale plasma-material interactions at the electrode interface
to macroscale heat dissipation and dielectric flow. Empirical models inherently fail to bridge these scales,
leading to incomplete mechanistic understanding and inconsistent predictions. Consequently, recent studies
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strongly advocate adopting multiscale modelling strategies that couple atomistic or mesoscale descriptions
with continuum multiphysics simulations to capture non-equilibrium phase transformations and subsurface
damage with higher fidelity [26,27].

Recent EDM research shows a clear shift from empirical parameter tuning toward integrated physics-
based, data-driven, and sustainability-oriented methods. Advanced finite element analysis (FEA) and CFD
are increasingly used to model plasma channel evolution, heat transfer, crater formation, and recast layer
development, thereby improving predictions of MRR, surface roughness, and tool wear. In parallel, AT and
machine-learning techniques (ANN, Convolutional Neural Networks (CNN), Long Short-Term Memory
(LSTM), Genetic Algorithm (GA), and Particle Swarm Optimisation (PSO)) are being coupled with physical
models to enable multi-objective optimisation, real-time control, and adaptive machining. Emerging trends
also emphasise hybrid EDM processes (ultrasonic-, laser-, and powder-mixed EDM), micro-/nano-EDM for
precision manufacturing, and green EDM using eco-friendly dielectrics and energy-efficient power supplies.
Together, these trends point toward digital-twin-enabled, multiphysics, and sustainable EDM systems for
next-generation manufacturing.

This review examines physics-based, multiphysics, and multiscale modelling of EDM from a compu-
tational materials science perspective, treating EDM as an extreme, localised energy-matter interaction
process. The scope encompasses continuum and hybrid numerical frameworks describing dielectric break-
down, plasma channel evolution, transient heat transfer, melt pool dynamics, phase transformation, and
thermo-mechanical damage, which collectively govern crater formation, recast layer development, and
subsurface integrity. Advanced EDM configurations—including vibration-assisted and turning-based EDM,
powder- and nano-additive-assisted EDM, and alternative dielectric media—are reviewed to elucidate how
external perturbations modify boundary conditions, energy partitioning, and effective transport properties.
The objectives are to critically synthesise and compare existing modelling approaches, evaluate adaptations
required for advanced EDM variants, assess the role of data-driven and physics-informed AI models for
rapid prediction and uncertainty reduction, and identify validation challenges, research gaps, and future
directions, including pathways toward fully coupled multiscale models and digital twin-enabled predictive
EDM manufacturing.

2 Fundamentals of EDM Plasma-Material Interaction

2.1 Electrical Discharge Phenomena in EDM
2.1.1 Breakdown Mechanism of Dielectric

EDM is a technique for removing electrically conducting materials by means of fast, repeated spark
discharges between the tool electrode and the workpiece, in the presence of a dielectric fluid. In the EDM
process, a conductive tool electrode with the specified shape is positioned near the workpiece, keeping a
minimal distance referred to as the spark gap. The workpiece and electrode, particularly the spark gap region
between them, are immersed in the dielectric fluid. An electrical voltage is applied between them, generating
a series of sparks that lead to dielectric breakdown and significant heat, ultimately melting and evaporating
materials from both the workpiece and the electrode, as illustrated in Fig. 5

2.1.2 Plasma Channel Initiation and Expansion

Fig. 6 depicts the schematic representation of the fundamental concept of the EDM process, along with
the sparking and gap phenomena that occur during machining. An electric discharge occurs when a voltage is
applied between the tool and the workpiece as the distance between the electrodes is reduced. Upon reaching
the dielectric medium’s breakdown voltage, discharge occurs, forming a plasma channel that permits current
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to pass. This results in a temperature above 10,000 K, causing the material to melt and evaporate, thereby
generating a rapidly growing gas bubble. Upon cessation of energy input, the plasma channel collapses,
terminating the discharge. The previously generated gas bubble likewise bursts. The collapse facilitates the
flow of the dielectric medium, which displaces the particles of the removed substance. The removal of

material occurs through the iterative execution of this procedure, facilitated by the tool’s feed in the direction
of the workpiece, thereby imprinting its form into the material.
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Figure 6: Plasma channel formation and material removal (reprinted with permission from reference [29], 2015,
Wiley).

2.1.3 Energy Distribution between Tool, Workpiece, and Dielectric

The workpiece, tool electrode, and dielectric fluid are the three components of the closed system, where
the input energy can manifest with varying intensity and duration according to the mathematical model. The
energy released in the workpiece and tool electrode may be separated into three categories: conducted energy,
stored energy, and energy used for the workpiece’s erosion and the tool electrode’s undesired wear, as shown
in Fig. 7a. The dielectric fluid only distinguishes between stored and immediately transmitted energy. The
remaining discharge that cannot be attributed to a specific component of the closed system manifests as many
forms of energy, such as radiation, light, sound, etc [30]. The electro-thermal process, which causes material
erosion at the anode and cathode due to an exceptionally high temperature driven by the high current flowing
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through the plasma channel, served as the primary basis for the material-removal models. Many methods
have been used to estimate the unit material removal rate of electrical discharges by predicting the electrode
temperature distribution. The models may be separated into three sections: cathode erosion, anode erosion,
and plasma channel according to the process characteristics, as depicted in Fig. 7b [31]. The elements of the
main energy distribution are shown in Fig. 8.
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Figure 7: (a) Energy distribution in the EDM process (b) material erosion in the EDM process (reprinted with
permission from reference [31], 2008, Elsevier).
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2.2 Time and Length Scales in EDM
2.2.1 Nanosecond-Microsecond Discharge Duration

An investigation was conducted using a thermal-fluid coupling model in COMSOL Multiphysics. The
analysis focused on the influence of discharge parameters, such as peak current, pulse on-time, and the
materials of the tool electrode and workpiece, on the crater formation process. Through a comparative
analysis of experimental results and numerical simulations, it was observed that, at equivalent discharge
energy levels, the peak current has a greater impact on the discharge crater size than the pulse on-time does.
Furthermore, an analysis of the impact of tool electrode and workpiece materials revealed that crater size is
affected by the boiling point of the tool electrode material and the melting point of the workpiece material.
The EDM discharge parameters obtained from simulation are presented in Table 1. The electrode is composed
of copper, while the workpiece is made of 65 Mn steel. With an increase in discharge peak current, there is
a decrease in pulse on-time, a reduction in the high-temperature overheating area, a diminished influence
range of radius temperature, an increase in discharge centre temperature, and an increase in flow rate [32].

Table 1: Conditions for simulating various combinations of discharge parameters.

Peak Current Pulse on—Time Discharge Radius Energy Density

Simulation No. (A) (1-s) (1-m) (J/t-m)
1 1.75 127 55.10 4.033
2 2.70 82 55.25 4.007
3 3.50 64 55.67 4.023
4 5.46 40 55.32 3.957
5 7.42 30 55.94 3.979

The numerical analysis of the plasma channel has been examined in this investigation. The illustration
of the plasma channel and crater formation is shown in Fig. 9a, while Fig. 9b presents the EDM tool,
workpiece, and dielectric gap, along with their configuration for simulation. The findings indicate that the
plasma channel progresses through diabolo-, lantern-, and ultimately horn-shaped stages, with the diameter
expansion nearly complete within 2 ps (Fig. 9¢), regardless of the discharge current, upon the completion
of radius expansion and shape alteration. The peak current notably influences the final dimensions of the
plasma channel; however, it has minimal impact on the rules governing radius expansion, as illustrated
in Fig. 9d [33].

1B
Cathode )
| ”j Unit: pm
1
||60‘ Cathode
Dielectric 1] (Tungsten)
1
I
Plasma channel ISO-
1 C
I Gap dielectric
15 ] (Air)
1°1g
| 1 Anode
1] (Ti-6AI-4V)
Lgo L
| -200 100

Figure 9: (Continued)



Comput Mater Contin. 2026;88(2):8 1

I =x10%1 : 160 |
| |
c I g
| ( ) 1.4 | 1 £ 1404 I
! 12 1 1S ] '
. 9
1 1 g 120 |
| 1 ! | _g 1 Slow expansion |
| ! | £ 100 Unchanged |
08 | Z2 ] = I
I 0.6 | 15 I
[ ) 1.2 o0 |
| 0.4 | o8 |
| =
I 0.2 | 1'E ] :
| 1 I £
20
I — 2 01 I l 2 T ] T L} ll‘l L) T T T L} :
1 t=2. s | | 0 2 4 6 8 70 72 74 76 78 80
B mopore i e e e e e 4 [ 1 (1) TN !
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mation in channel, (d) plasma channel dimension variation with time (reprinted with permission from reference [33],
2024, Elsevier).

2.2.2 Microscale Crater Formation and Nanoscale Phase Changes

Micro/nano-EDM is an alternative technique for fabricating surface micro/nano-structures; however,
precise control over their dimensions is challenging due to an ambiguous material-removal mechanism.
Consequently, investigating its machining mechanism is essential to achieving efficient, controlled process-
ing. Currently, most existing EDM thermal models for predicting discharge crater size rely on the classical
Fourier heat conduction law, which assumes an infinite thermal conduction velocity. Initially, the traditional
Fourier heat conduction law was amended by including a relaxation period. Secondly, many critical elements
were evaluated to develop a thermal model for single-pulse micro/nano-EDM. Subsequently, numerical
simulation software was used to develop the thermal model, enabling the determination of the workpiece’s
temperature field distribution and the prediction of discharge crater dimensions. The impact of the non-
Fourier effect on the distribution of the temperature field may be described and assessed based on the findings
and comparisons. Fig. 10a,b illustrates the temperature field distributions, both excluding and including the
non-Fourier effect in EDM, respectively [34]. According to the comparative findings, the average thermal
model inaccuracy can be reduced from 33% to 10% by accounting for the non-Fourier effect. A single pulse’s
shorter discharge duration makes the non-Fourier effect more noticeable. The comparative analysis of results
has been presented in Table 2.
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Figure 10: (a) Micro/nano-EDM temperature distribution without taking the non-Fourier effect into account,
(b) micro/nano-EDM temperature distribution taking the non-Fourier effect into account.
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Table 2: Numerical comparative analysis of micro/nano-EDM.

Without Non-Fourier

Aspect Effect With Non-Fourier Effect
Maximum temperature (K) 5.07 x 10° 8.3 x 10°
Molten pool radius (um) 6.0 5.63
Molten pool depth (pm) 2.03 1.87

Temperature gradient near the

discharge centre Lower Significantly higher

o . . o Energy is concentrated near the
Energy distribution behaviour =~ More uniform heat diffusion 2

discharge centre

Classical Fourier heat
conduction assumes
instantaneous heat
propagation

Heat-wave transfer delay causes
Physical explanation transient energy accumulation at the

discharge centre

In an investigation, the crater formation process was simulated using a detailed electro-thermal model
of micro-EDM. Realistic machining conditions, including temperature-dependent thermal characteristics,
expanding plasma radius, and Gaussian-distributed heat flux, are included in this model. This research uses
commercial FEM software COMSOL. Fig. 11a illustrates the simulated workpiece temperature distribution
and melting isotherm for 3300 pf, 90 V, and positive polarity machining. The melting isothermal profile
is deeper within and shallower outside due to the expansion of the heat source. At the beginning, when
the radius is small, energy is focused deeper inside. A lower, shallower outer surface has a shorter heating
time. Fig. 11b compares computed melting isotherms to crater profiles. The simulation radius is comparable
to the experiments; however, the crater depth is overestimated. This is because not all molten elements
were eliminated after discharge. Unremoved molten material resolidifies and creates a recast layer following
discharge [35].
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Figure11: (a) Distribution of temperature of work workpiece during machining, (b) experimental vs. simulated results
between depth of cut and radius of crater.
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In a recent study, experimental and simulation analyses were conducted for the machining of carbon-
fibre-reinforced ultra-high-temperature ceramic composites (C-UHTC) using a single-pulse EDM process.
By using simulation techniques and developing a thermal-fluid coupling model, these physical variables
can be thoroughly evaluated to more precisely characterise the essential physical processes during EDM,
including energy conversion, transmission, and material removal mechanisms. The heat flux distribution
in the plasma channel follows a Gaussian profile, with the heat source diameter on the surface matching
that of the discharge channel. The plasma heat load induces phase transitions and the formation of a
molten pool. The simulation findings indicate (Fig. 12a) that at low plasma energy, even though the carbon
fibres are not visible at the crater’s base, the bottom surface becomes uneven due to heat dissipation
from the fibres. As plasma energy increases, the ceramic coating on the surface is removed, revealing the
fibres beneath. Nonetheless, owing to the fibres’ greater temperature resistance compared to the matrix
material, their removal rate is somewhat reduced. Comparison with experimental data indicates that the
simulation attains greater accuracy with an energy distribution coefficient of 0.31. Fig. 12b illustrates a
contrast between the simulated and experimental data. It demonstrates that, across all processing settings,
crater diameter increases with increasing spark pulse width. Fig. 12c shows that varying the plasma current
enabled predicting single-pulse removal outcomes at different currents. The discharge crater diameter
increases with an increase in input current [36].
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Figure 12: (a) Results of thermal-flow coupling simulations, (b) comparative analysis of variation in crater diameter
with spark discharge pulse, (c) simulation outcomes of the discharge crater at different current levels.

2.3 Challenges of Scale Separation in Modelling

Despite substantial progress in EDM simulation, several limitations remain that necessitate careful
consideration during modelling. The modelling foundation of three simulation models (FEM, MD, and
flow field) is grounded in the physical phenomena of the EDM process. The use of commercial software
and software packages may reduce simulation time and improve precision. The current three model types
inadequately represent advanced ceramic materials, composites, and similar substances.
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Given the complexity of spark processing, a single simulation model cannot solve all problems. An FEM
model can determine the instantaneous temperature distribution in the discharge region [37,38]. Machining
performance, including crater shape, material removal rate (MRR), surface roughness (Ra), and the recast
layer, can be predicted from the temperature distribution. Nonetheless, the dynamic removal process of the
material, as forecasted by the MD models, cannot be replicated using FEM models [39]. The purpose and
limitations of the three model types for the EDM process are listed in Table 3.

Table 3: The purpose and disadvantages of the EDM process simulation model.

Models Purpose Disadvantages
Instantaneous temperature distribution;
FEM predicting machining performances, such as Lack of research on the mechanism of
models. crater morphology, MRR & Ra, recast layer, material removal.
etc.

Lack of direct experimental

Dynamic material removal process, verification; model construction is
MD models. . - . . .
machining performance prediction. more difficult, and simulation
calculation time is long.
Dynamic simulation of discharge channel It involves multi-physical field
Flow field L . . .
and flow field; prediction of machining modelling, and the model is complex;
models. 1 .
status. It is difficult to verify.

The computational complexity of multi-physics simulations, especially those integrating thermal,
electrical, and fluid fields, poses significant challenges. These models necessitate considerable computational
resources, constraining their practical use for real-time process optimisation or extensive simulations [40].

3 Governing Physics and Continuum Modelling Frameworks

The physics of EDM is governed by the coupled interaction of electric fields, transient plasma dynamics,
heat transfer, and phase transformations within the workpiece material. Electrical breakdown across the
inter-electrode gap leads to the formation of a highly conductive plasma channel, through which electrical
energy is converted into localised thermal energy, generating extreme temperature gradients at the workpiece
surface and causing rapid melting and partial vaporisation of the material [41-43]. From a continuum
modelling perspective, the EDM process is described using quasi-static electric field formulations and plasma
channel representations, coupled with transient heat conduction and phase change models incorporating
latent heat effects and temperature-dependent material properties [44]. The plasma is commonly treated as a
time-dependent thermal and pressure source, while the thermal response of the workpiece is modelled using
either classical Fourier or non-Fourier heat conduction approaches, depending on discharge duration and
spatial scale [45,46]. Subsequent material removal and surface modification are governed by melting, evap-
oration, and re-solidification mechanisms, typically represented using enthalpy-based phase transformation
models [47-49]. The following subsections review plasma, thermal, and phase transformation modelling
frameworks and discuss their assumptions and limitations in predicting crater formation, MRR, and surface
integrity in EDM.
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3.1 Plasma Channel Heat Source, Radius, and Energy Models in EDM Continuum Simulations

Continuum finite-element and finite-difference simulations of EDM almost universally reduce the
discharge plasma to a prescribed, effective heat source acting on the workpiece and, in some cases, the tool
electrode. Variations among published models arise primarily from differences in (i) the spatial and temporal
representation of the plasma-induced heat flux, (ii) the assumed evolution of the plasma channel radius,
and (iii) the partitioning of discharge energy among the workpiece, tool, and dielectric. These modelling
choices strongly influence predicted temperature fields, crater geometry, MRR, and recast layer formation.
The governing heat transfer differential equation can be expressed in analytical form by incorporating the
effects of external heat sources [50], as given in Eq. (1).

dT
pcpE=V(k vVT)+Q-Q, 1

here, p is Density (kg/m’), ¢, is Specific heat (J/kg:K), k (W/m-K) denotes the thermal conductivity, T (K)
represents temperature, Q (W/m?) corresponds to the applied heat source, and Q, accounts for heat loss due
to convection.

The convective heat loss term Q, can be expressed as follows: Eq. (2):
szhc(Ts_TO)-"eO'(TsAl_T(;l) (2)

here, h, = 20 [W/m?K] is the convection factor, € = 0.09 is the emissivity, 0 = 5.67 x 1078 W/m?-.K* represents
the Stefan-Boltzmann constant, while T and T, denote the surface and initial temperatures, respectively.

Depending on the specific validation case, the coefficients and associated factors vary, and radiative heat
loss due to emission was not always included in the analysis.

3.1.1 Heat Source Representations in Continuum EDM Models

Most thermo-physical EDM models model the discharge plasma as a Gaussian surface heat flux incident
on the workpiece surface, with the total power (VI) scaled by the product of discharge voltage (V) and current
(I), multiplied by the fraction of workpiece energy absorption (f,,). Classical FEM investigations utilized
Gaussian heat flux models incorporating latent heat considerations to estimate crater morphology and
MRR. These studies showed markedly improved correlation with experimental results compared to point-
source or uniformly distributed disk heat input assumptions. More recent investigations further refined this
representation by explicitly relating the Gaussian standard deviation to a time-dependent plasma radius
(R), represented by Eqs. (5) and (6), and scaling the heat flux magnitude with an absorbed energy fraction.
fw> showing that time-varying Gaussian sources reproduce experimentally measured crater shapes more
realistically than static formulations. Comparative studies confirm that Gaussian heat flux distributions with
evolving spark radius outperform point or disk sources under identical discharge energy conditions [51,52].
The Gaussian heat flux model is expressed in Eq. (3)

q(r) =qo exp {—4.5 (%)2} €)

Using this equation, the maximum heat flux (go) can be calculated using Eq. (4)

457f,VI

R2 (4)

qdo

here, f,, is cathode energy fraction, I is discharge current (A), and V is voltage (V).
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Advances in plasma-resolved simulations have enabled the calibration of more realistic heat-source
profiles. Particle-in-cell Monte Carlo collision (PIC-MCC) and magnetohydrodynamic (MHD) simulations
now provide time-resolved heat flux and current density fields that can be mapped directly into continuum
thermal models. Qin et al. [53] demonstrated that increasing discharge current leads to a broader, flatter
heat flux distribution with reduced central peak intensity, motivating the use of double-Gaussian heat source
formulations in continuum crater simulations. Similar conclusions have been reported in PIC-MCC and
MHD studies reveal strong temporal variation in plasma heat flux during the early microseconds of discharge
evolution [54-56].

3.1.2 Plasma Channel Radius Models

The prescribed evolution of the plasma channel radius is now widely recognised as a major source
of uncertainty in continuum EDM modelling [51,52]. Early and many practical FEM simulations assume
a constant or semi-empirical plasma radius based on discharge current and pulse duration, simplifying
implementation but failing to capture the rapid early-time expansion. It is adopted such semi-empirical
current-duration-based correlations in their die-sinking EDM model, while later reviews summarised and
compared similar relations across a wide range of EDM conditions [57]. Semi-empirical and time-dependent
models of plasma channel radius are represented in Eqs. (5) and (6) [58].

R = 2040 x 107% x I*** x t;** (5)

on

R =k x %75 (6)

where R (m) is the plasma channel radius I (A) is current, k is a constant, and t,, (s) is pulse-on time.

These models fail to capture the rapid early-time plasma expansion observed experimentally, prompting
the adoption of prescribed time-dependent plasma-radius laws. Shabgard et al. [59] coupled expanding
plasma radii with FEM heat-transfer models to investigate plasma flushing efficiency and crater formation,
demonstrating improved predictions of recast-layer thickness and material-removal trends. Papazoglou
et al. [51] conducted a systematic comparison of linear, power-law, piecewise, and constant plasma radius
formulations, showing that slower radial growth yields lower absorbed energy fractions but more efficient
material removal, whereas faster radial growth produces narrower and deeper craters. Their comparison
with experimental crater profiles suggests that power-law exponents below approximately 0.25 are most
realistic [52]. Tlili et al. [60] embedded plasma channel growth and instantaneous material removal into a
finite-difference framework, validating plasma radius models using measured crater geometry and MRR.

A different approach determines the plasma channel’s radius by using principles from discharge physics
MHD-based micro-EDM plasma models developed by Chu et al. [61] captured breakdown and expansion
stages of the plasma channel, with predicted expansion behaviour confirmed experimentally. It is reported
complex plasma morphology transitions during discharge evolution, while some authors [54,55] developed
axisymmetric p-EDM plasma models that accurately predicted channel diameter and temperature, achieving
agreement with high-speed imaging within 5%-14.5% error. Simplified physics-based bubble models, such
as those proposed by Escobar et al. [62]. Further, further provides plasma channel dimensions derived
from Rayleigh-type bubble dynamics, offering an alternative route for coupling discharge physics with
continuum simulations.

3.1.3 Energy Partition and Energy Fraction Models

Continuum EDM simulations require specification not only of the spatial heat flux distribution but also
of the fraction of discharge energy delivered to the workpiece, the tool electrode, and the dielectric medium.
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This is commonly enforced through normalised energy fractions satisfying Eq. (7).

fw+fi+fa=1 (7)

where f,, f; and f; represent the fractions of discharge energy delivered to the workpiece, tool, and
dielectric, respectively.

These fractions are typically treated as constant or weak parameter-dependent in early models. Some
experimental and analytical studies indicate that this energy partitioning varies strongly with discharge
parameters, polarity, and machining scale, challenging the common assumption of constant energy frac-
tions [57]. As mentioned by the authors [63]. The proportion of energy transferred to the workpiece typically
lies between 8% and 50%.

Shabgard et al. [59] Coupled single-spark FEM simulations with experiments to derive regression
relations for plasma flushing efficiency and employed these relations to predict recast layer thickness without
extensive experimental testing. Gholipoor et al. [64] extended this approach by combining a new plasma
radius model with FEM simulations to examine the influence of discharge current and pulse duration
on plasma efficiency, showing that higher current enhances molten material ejection while longer pulse
durations promote re-solidification.

More recent plasma-resolved simulations yield time-dependent energy partition factors that challenge
the constant-fraction assumption. For p-EDM, Raza and Nirala [55] demonstrated that a large fraction
of discharge energy can be transported away by the dielectric, explaining discrepancies between macro-
and micro-scale EDM thermal models. PIC-MCC simulations by Qin et al. [56] Further revealed a
strong asymmetry in electrode energy absorption, with the anode receiving significantly more energy than
the cathode under certain conditions. High-speed imaging and spectroscopy independently confirm that
the plasma channel diameter, current density, and emission intensity evolve rapidly during the first few
microseconds of discharge, with debris and bubble dynamics altering the effective heat flux distribution.

Overall, previous research predominantly employs radially distributed Gaussian or double-Gaussian
heat source models, scaled by time-dependent energy fractions. In addition, semi-empirical and physics-
based plasma radius models are widely used to capture the rapid initial expansion of the plasma channel.
These approaches are further supported by energy partition formulations calibrated using plasma-scale
simulations, high-speed diagnostic techniques, and continuum-based crater measurements. A comparative
summary of representative plasma heat-source, radius, and energy models used in continuum EDM
simulations is presented in Table 4.

Table 4: Major modelling choices across studies.

Implications for Continuum EDM

Aspect Typical Approaches References
P P PP Simulation
Double Gaussian and time-varying
Single Gaussian; double Gaussians better match
Heat source . . . o
Gaussian; sometimes plasma-resolved distributions and [51-53,56]
shape . . . . .
uniform disk crater shape than simple disk/point
sources

(Continued)
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Table 4 (continued)

Implications for Continuum EDM

X . References
Simulation

Aspect Typical Approaches

Constant: linear; Strongly affects energy absorption
. . ; coeflicient, PFFE, and crater o
Radius model R power-law; piecewise; depth/diameter: slow erowth - hicher [51,52,59-62,64]
MHD/bubble-based P > SIOW S &

removal efficiency

Constant f,,; regression Controls absolute flux magnitude,
Energy vs. pulse parameters; ~ micro-EDM and dry-EDM show large [55.56,59]
partition plasma-resolved dynamic dielectric losses and strong T
fractions anode-cathode asymmetry.

3.1.4 Assumptions and Limitations in Continuum Plasma Modelling

Continuum plasma modelling approaches employed in EDM replace the inherently discrete nature
of charged particles with continuous field variables such as density, temperature, and velocity. While this
approximation enables tractable numerical simulation of complex discharge phenomena, it introduces
fundamental assumptions and limitations that must be carefully considered when interpreting model
predictions.

A primary assumption underlying continuum and fluid plasma models is the validity of a macro-
scopic description. This presumes that the plasma is sufficiently collisional and spatially smooth for local
thermodynamic variables and transport laws to be well defined. This assumption becomes questionable
when characteristic mean free paths or relaxation times approach the scale of the inter-electrode gap,
sheath regions, or early breakdown phase, where non-local and kinetic effects dominate [65]. In EDM,
such conditions are frequently encountered during the ignition and extinction of individual discharges,
particularly in micro-EDM and dry-EDM configurations.

To address the shortcomings of continuum and fluid plasma models in attaining non-equilibrium and
non-local effects, kinetic simulation methods have been progressively studied. Particle-based methods, such
as PIC methods [66], clearly resolve charged particle dynamics and collision processes, aiding accurate
illustration of transient discharge behaviour, sheath formation, and non-Maxwellian energy distributions.
In parallel, grid-based kinetic formulations [67] solve reduced kinetic equations in phase space, providing
superior resolution of distribution functions and transport phenomena. Latest studies have confirmed
the capability of such approaches to attain complex plasma dynamics beyond the scope of continuum
models [68,69]. However, their high computational cost confines their direct application in full-scale EDM
simulations, stimulating the development of hybrid continuum-kinetic contexts.

To reduce computational cost, many EDM plasma simulations adopt reduced dimensionality,
commonly employing one-dimensional gap models or two-dimensional axisymmetric domains. These sim-
plifications implicitly assume azimuthal symmetry and neglect stochastic discharge paths, three-dimensional
tool geometry, and localised field enhancements caused by Ra or debris accumulation [54,55,70,71]. Zero-
dimensional or global plasma models used in dry EDM further assume spatially uniform plasma properties,
capturing only average plasma expansion and composition while sacrificing spatial resolution of heat flux
and current density distributions [72].
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Another major limitation arises from the treatment of plasma chemistry and species composition.
Practical EDM plasma models typically include a restricted set of species and reactions to maintain numerical
tractability, even though real discharge plasmas involve highly complex, transient chemistries. For example,
dry EDM and micro-EDM simulations often employ reduced reaction mechanisms consisting of tens of
species and several hundred reactions, which represent only a subset of the true plasma chemistry [71,72]. In
low-temperature plasma fluid models, reaction networks are further pruned, which can significantly affect
predicted species densities, ionisation rates, and power balance [65].

Thermodynamic assumptions also strongly influence continuum plasma predictions. Many EDM
plasma models assume local thermodynamic equilibrium (LTE) or employ single-temperature formulations,
thereby equating the electron and heavy-species temperatures. While TTMs partially relax this constraint,
they still assume Maxwellian sub-populations and local equilibrium within each species group [70,73].
However, recent arc plasma simulations demonstrate pronounced non-LTE behaviour in EDM, particularly
at low discharge currents where electron temperatures substantially exceed those of heavy species, directly
violating LTE assumptions [42].

Furthermore, in the reference to non-LTE effects, EDM plasmas generated in liquid dielectrics work
under very high pressures (10"-10° Pa) and temperatures, where strong coupling and inter-particle interac-
tions become important [74]. Under such conditions, the classical ideal gas assumption becomes insufficient,
as it neglects Coulomb interactions, ionization-induced non-idealities, and pressure-dependent thermody-
namic actions, potentially leading to large errors in predicted plasma properties. Consequently, real-gas
equations of state (EOS), such as modified cubic formulations (e.g., Redlich-Kwong, Peng-Robinson) and
high-accuracy polynomial or tabulated EOS, are more appropriate for describing plasma thermodynamics
and dielectric—plasma transitions [75]. However, their adoption in EDM modelling remains constrained due
to increased computational complexity and lack of validated high-pressure plasma data, emphasizing an
important direction for increasing continuum thermo-fluid modelling accuracy.

In continuum EDM simulations, the plasma channel radius is often prescribed rather than derived from
first principles. Linear, power-law, or piecewise plasma-expansion functions are commonly used to define
the spatial extent of the heat source in thermal models, thereby avoiding the computational expense of full
MHD plasma simulations. While these approaches capture rapid early expansion followed by stabilisation,
they neglect feedback effects arising from melt pool dynamics, debris generation, and dielectric flow, which
have been shown to influence plasma confinement and heat flux distribution [52,76].

In addition to bulk plasma modelling limitations, accurate representation of boundary conditions and
plasma-wall interactions remain a key challenge in EDM simulations. Recent kinetic and hybrid studies have
emphasized that determining energy-dependent emission processes and non-equilibrium sheath dynamics
is important for improving prediction of near-surface energy transfer and discharge behaviour. Sheath
behaviour, secondary electron emission, and energy-dependent surface interactions are frequently treated
using simplified constants or classical sheath models, rather than fully resolved emission and reflection
physics [55,77]. Recent studies highlight that implementing realistic, energy-dependent secondary electron
emission within continuum kinetic frameworks is both numerically challenging and computationally
expensive, leading to widespread use of oversimplified boundary treatments [65,78]. Furthermore, EDM is
fundamentally a multiscale process involving tightly coupled plasma, thermal, and fluid dynamics across
widely varying temporal and spatial scales. To address these challenges, advanced numerical approaches
such as asymptotic-preserving schemes have been established to empower consistent solutions across
regimes without deciding all microscopic scales explicitly [79]. However, the integration of such multiscale
frameworks with physically accurate plasma-wall interaction models remains limited, representing an
important challenge for future EDM modelling.
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Beyond physical assumptions, continuum plasma models face inherent numerical and multiscale
limitations. Accurate resolution of sheaths, filaments, and steep gradients requires extremely fine spatial and
temporal discretisation, as well as velocity-space resolution in kinetic formulations. Such requirements are
often impractical for EDM-scale simulations, necessitating grid coarsening or exclusion of near-electrode
regions where non-equilibrium effects are strongest [65,70,78].

Hybrid kinetic-fluid approaches partially address this issue but rely on assumptions of locally
Maxwellian distributions when coupling kinetic and fluid regions, which may fail in strongly non-
equilibrium zones and compromise strict conservation properties [73].

Finally, many continuum EDM plasma models depend heavily on empirical relations. Plasma radius
laws, energy fraction coeflicients, and effective material properties are often tuned using crater geometry,
high-speed imaging, or material removal measurements. While such a relation improves agreement within a
specific operating window, predictive capability outside the calibration range—such as different dielectrics,
electrode materials, or pulse regimes—remains limited. Additionally, many models neglect debris transport,
bubble dynamics, turbulence, and stochastic multi-spark interactions, despite growing evidence from
MHD simulations that these effects play a significant role in melt ejection, crater evolution, and surface
integrity. Table 5 summarises the principal assumptions and inherent limitations of continuum plasma
modelling approaches employed in EDM, highlighting the conditions under which their predictive capability
may be compromised.

Table 5: Assumptions and limitations of continuum plasma modelling approaches in EDM.

Principal Limitations in EDM

Modelling Theme Key Assumptions References
Context
, . Plasma is treated asa  Breaks down in sheath regions, during
Continuum (fluid) .. N o 5
. collisional, locally ignition/extinction, and when mean [63]
approximation . . .
smooth medium free paths approach gap dimensions
. . . Axisymmetric or reduced  Cannot capture stochastic discharge
Dimensionality o _
order (1D/2D/0D) paths, 3D tool geometry, Ra, and [53,54,64,65]
and geometry . . . -
discharge representation debris-induced field localisation
Partial representation of transient
Plasma chemistry Reduced species set and EDM plasma chemistry, affecting [63,65]
03,00
representation reaction mechanisms species densities and ionisation
balance
LTE or

Thermodynamic  single/two-temperature =~ Non-LTE behaviour is prominent at [42,64,70]
12,04,
equilibrium formulations with low current and short pulse durations '

Maxwellian populations

Ignores coupling with melt pool
Plasma channel  Prescribed plasma radius 5 , P .g ) P o
. . dynamics, debris generation, and [51,55,71]
evolution or expansion laws , ,
dielectric flow

Simplified sheath and

Plasma-wall o
secondary emission

Uncertainty in sheath voltage, current

interactions density, and surface energy flux

models

(Continued)
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Table 5 (continued)

Principal Limitations in EDM

Modelling Theme Key Assumptions References

Context
Numerical and Coarse spatial and
. p o Under-resolution of sheaths and steep o
multiscale temporal discretization . e [28,29,63,64,73]
treatment for feasibility gradients; limitations near electrodes
Hybrid Local Maxwellian Potential i ‘es i st I
otential inaccuracies in stron
kinetic-fluid behaviour at kinetic-fluid . . &Y [70]

coupling interfaces non-equilibrium regions

3.2 Heat Transfer and Phase Transformation Models

In EDM, heat transfer and associated phase transformations govern material removal, surface integrity,
and subsurface microstructural evolution. The extremely high heat fluxes and ultra-short discharge durations
produce steep thermal gradients and rapid heating—cooling cycles that challenge the validity of conventional
thermal assumptions. Consequently, both classical and advanced heat conduction models are required
to accurately represent transient temperature fields, while robust phase transformation frameworks are
necessary to capture melting, evaporation, and subsequent re-solidification of the workpiece material. This
section provides a concise overview of classical and non-Fourier heat conduction formulations, modelling
approaches for thermally induced phase changes, and the role of latent heat and temperature-dependent
properties in realistic EDM simulations, forming a unified continuum-scale description of thermo-physical
phenomena during spark erosion.

3.2.1 Classical vs. Non-Fourier Heat Conduction Models

Early and most current EDM thermal models solve the classical Fourier heat equation with conduction
as the dominant mechanism, typically under single-spark, axisymmetric conditions and prescribed heat flux
(point, disc, or Gaussian sources) [58,80,81]. Fourier-based models have been widely used to predict temper-
ature fields, molten pool size, and crater geometry, and underpin many FEM and analytical formulations [82].
The classical Fourier heat equation is represented by Eq. (8).

q=-kvT (8)

where q is the heat flux (W/m?), k is the thermal conductivity, and VT is the temperature gradient.

However, EDM involves extremely high heat fluxes (10'" W/m?) and very short pulse durations
(<1 p-s in micro/nano-EDM), so the assumption of infinite heat propagation speed becomes questionable.
Hyperbolic/non-Fourier formulations introduce a finite thermal wave speed via a relaxation time, leading
to telegrapher-type (Cattaneo—Vernotte) equations. Analytical and numerical studies for EDM show that
Fourier models can mis-predict near-surface temperatures and transient layers, and that temperature profiles
can differ qualitatively under high Vernotte numbers. For micro/nano-EDM, incorporating a non-Fourier
term significantly improves crater size prediction, reducing average error from 33% to 10%. The non-Fourier
law proposed by Cattaneo—Vernotte has been represented as Eq. (9).

1(dq/ot) +q=-k VT 9)

where T is the thermal relaxation time (s), accounting for finite heat propagation speed.
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More general dual-phase lag (DPL) formulations and nonlocal peridynamic DPL models have been
developed for transient non-Fourier heat conduction, although not always applied directly to EDM.

DPL model used [83] is represented by Eq. (10)
q(x,t+rq):—k VT (x,t+717) (10)

where 7, is the phase lag of the heat flux vector, 71 phase lag of the temperature gradient, x is space, and ¢ is
time variation during machining process.

MD with a TTM further captures electron-phonon non-equilibrium at sub-micron scales, improving
representation of ultrafast heat transport in metals during EDM discharges [58,84].

3.2.2 Modelling Melting, Evaporation, Re-Solidification and Recast Layer

Most electro-thermal EDM models assume material is removed once local temperature exceeds the
melting or boiling point, with the crater volume estimated from the region above these isotherms [58,80,81].
More advanced thermo-hydraulic coupling models incorporate melt pool flow, evaporation recoil pressure,
surface tension and thermocapillary forces to describe molten material transport, crater shape and bulge
formation. These models show that evaporation recoil pressure and Marangoni forces dominate radial
melt flow and bulge formation, and that melt pool oscillations and intermittent evaporation govern debris
generation and removal [85].

Surface formation and re-solidification/recast layers are increasingly treated by tracking the evolving
free surface and solidification front. Arbitrary Lagrangian-Eulerian and Smoothed Particle Hydrodynamics
multiphase methods simulate crater formation, overlapping of successive craters, and recast layer thickness,
with good agreement to experiments [58,85]. For electrical discharge coating and hybrid arc/EDM or arc-
machining of composites, transient heat transfer models including melt pool cooling, convection to the
dielectric, and conduction into the substrate reproduce complex solidification microstructures, banded
morphologies, and columnar grains, linking cooling rates to coating/recast layer characteristics [86,87].
While the majority of continuum EDM models utilize temperature-based criteria for phase transformation,
that is, removing or melting material if (T > Tm), none of the models incorporate any explicit information
about the microstructural development occurring during the resolidification stage. In order to overcome
this problem, more sophisticated modelling tools, such as phase field (PF) modelling, have recently been
investigated. The phase field model allows the simulation of dendrite growth, grain structure evolution, and
microstructure formation inside the recast layer through diffuse interface approach without any definition
of the interfaces. By incorporating the transient temperature fields simulated by means of the FEM method,
the effects of rapid heating and cooling processes on the solidification process can be accounted for.

3.2.3 Latent Heat Effects and Temperature-Dependent Material Properties

A clear trend in recent EDM modelling is the explicit inclusion of latent heats and temperature-
dependent thermophysical properties. Early models often assumed constant properties and ignored latent
heat, leading to overpredicted crater depths and MRR [81]. Including latent heats of fusion and vaporisation
increases effective thermal resistance, yielding shallower, more realistic craters and better correlation with
measured MRR [51,58,80,88]. Latent heat can be implemented either as explicit phase-change energy
terms or via equivalent specific heat formulations over melting and evaporation intervals, particularly
in micro/nano-EDM [54,87]. The influence of latent heat associated with phase transformation on the
temperature distribution in micro-/nano-EDM can be incorporated by representing it as an equivalent
specific heat, as expressed in the corresponding Eqs. (11) and (12).
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Ly
Cy = Cp + ﬁ (11)

Cg =Cp + L (12)
Th =T

here, C, denotes the specific heat of the material in the solid state, C; represents the specific heat in the

liquid state, and C, corresponds to the specific heat in the gaseous state. L is the latent heat of fusion, L, is

the latent heat of vaporisation, T, is the reference temperature, T, is the melting temperature, and T, is the

boiling temperature of the material.

Similarly, temperature-dependent thermal conductivity, specific heat, density, emissivity, and even
solid-solid phase transformations are increasingly incorporated. For difficult-to-cut alloys (Inconel 718,
Ti alloys, and stainless steels) and particle-reinforced composites, accounting for property evolution with
temperature and for matrix-reinforcement interfaces markedly improves predictions of temperature fields,
crater geometry, and erosion efficiency. Comparative studies show that models including both latent heat
and temperature-dependent properties match experimental MRR and crater metrics significantly better than
simplified models [54,58,80-82,87,88]. Table 6 summarises the major EDM thermal modelling choices and
their effects.

Table 6: Comparison of major EDM thermal modelling choices and their effects.

Aspect Typical Treatment Impact on Predictions References
Non-Fourier improves
Heat Fourier vs. hyperbolic/ ultrafast micro/nalr)lo EDM [83,84]
conduction law non-Fourier, TTM ’ -
accuracy

Point/disc vs. Gaussian, Gaussian/realistic sources

Heat source . . [58,80-82]
expanding plasma improve crater accuracy

Melting only vs. melting
Phase change + evaporation +
re-solidification

Full treatment refines the

[54,80,81,85-87]
crater volume and recasts

Neglected vs. fusion + Including latent heat reduces
Latent heat & ve- 1 & [54,58,80-82,87,88]
vaporisation crater depth error
T-dependence improves
Material Constant vs.
. MRR and geometry [58,81,82,86,88]
properties temperature-dependent 2.
prediction

4 Thermo-Fluid and Thermo-Mechanical Modelling

The EDM process combines melting and vaporisation of difficult-to-machine materials via a spark
process.

4.1 Melt Pool Dynamics

The EDM melt pool consists of the dielectric and the gap between the workpiece and the tool. The
dielectric in the gap ionised, and a plasma developed. The EDM model comprises three major parts: the
tool, the gas, and the workpiece. In actual EDM, once the dielectric gap is broken into arc plasma, current
starts flowing through the arc plasma, and a magnetic field is set up. The Lorenz force developed can deflect
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the flow of dielectric, pressure, and temperature. The temperature affects the dielectric properties and the
current density. Thus, the actual model involves the heat transfer analysis. The basic thermo fluid model is
given in Table 7 [89].

Table 7: Thermo-mechanical modelling.

The dynamic analysis of the gap assumes a steady-state equilibrium arc and a monovalent
Assumptions  dielectric that behaves as an ideal gas. The arc plasma is now considered to consist only of
air and electrode material vapour, without changing the electrode materials.
Mass 10 (rpu) N d (pw)
Conservation r or 0z

=0

where p is the density (kg/m®), u is radial velocity (m/s) and w is axial velocity (m/s)

la(rpuu)Jra(puw) :_8_p+li(2r au) 0 (q(8w+a_u))_2}7£+F
27

M=) T35\ 5,15
r  or 0z or ror or 0z or z
Momentlsfn Axial-la (rpuw) N d(pww) _ dp N 9 (2 a_w) " 19 (r (a_w + E)_u)) +F
conservation o oz o az\""az) rar\"M%r T 3z))
equation where p is pressure (Pa), 71 is viscosity (Pa-s), F, is radial volume force (N/m?) F, is axial

volume force

La(rput) 2 (pwT) 1, oT 0 oT ‘
A R LA T AR 7)) A
conservation ~ where ¢, is specific heat constant (J/kg-K), T is temperature in Kelvin, A is thermal

conductivity (W/m-K), g; is Joules Heat (W/m?)

ror or 0z 0z )

.oV
Jr= _05
. oV
Maxwell’s Jz = _Ua_z

ion
equations %2% (Bo) = io.J-
where V is the electrical potential (V), y, is the magnetic permeability of vacuum (H/m),
j- Radial component of current density (A/m?), j, Axial (z-direction) component of current
density (A/m?), ¢ Electrical conductivity of the medium (S/m) and By Circumferential
(azimuthal) component of magnetic flux density (Tesla, T)

Note: Mass and momentum equations are used for flow field analysis of the dielectrics; energy equations are used for
heat transfer analysis; and Maxwell’s equations are used for electromagnetic field analysis of the electrode, dielectric,
and workpiece.*

4.2 Recoil Pressure and Vaporisation Effects

Recoil pressure and vaporisation effects play a vital role in removing material from the workpiece surface
in EDM. Koyano et al. investigated the effect of thermocapillary force and evaporation recoil pressure on
melt pool dynamics [90]. Thermocapillary force and evaporation recoil pressure cause the molten material
to flow radially during single-pulse discharge. The simulation findings demonstrate that during arc plasma
expansion, the evaporation recoil pressure decreases as heat flow drops and is progressively offset by surface
tension acting on the melt pool’s depression. When a material evaporates, momentum transfers between
surface atoms and vaporised particles, producing the evaporation recoil pressure Eqs. (13)-(15).



Comput Mater Contin. 2026;88(2):8 25

m \05
E ti te=(1-,)Psai(T)| ——= 13
vaporation rate = (1 - f3,) Psas( )(ZnKT> (13)
1- r
Procoir = %Psat(’r) (14)
ml, (1 1
Psa :Pam T 15
= Pamesp| 2 (-7 )] (15)

where, 3, Recondensation (or evaporation) coefficient (dimensionless, 0 < 8, <'1), (1 — f3,) Fraction of
molecules that actually escape (evaporate), T; and T, surface and vapour temperature (K), respectively.

4.3 Surface Tension Driven Flow (Marangoni Convection)

The Marangoni effect describes the flow driven by a surface-tension gradient. The surface tension
gradient can be created by chemical, electrical, and thermal methods. The plasma channel is assumed to
have a Gaussian distribution of heat flux. This plays an important role in micro EDM. The metal liquid flows
from a high-temperature region to a low-temperature region. This is dominant in the weld pool, but due
to the intense temperature effect in EDM, the Marangoni effect is also seen. The molten pool is affected by
hydrodynamic, buoyancy, electromagnetic, and surface-tension forces (see Table 8). The Marangoni effect
was introduced to describe the shear stress at the liquid surface due to a surface tension gradient and viscosity.

Table 8: Marangoni convection surface tension.

Surface-Tension Gradient Equations
The Marangoni convection effect is included o0 oy T ou d locit
in all three basic equations: the mass, energy, v l"la_z T oT (VT) a—zu, pandy are velocty,
and momentum equations. dynamic viscosity and surface tension, respectively.
0.5
The evaporation rate is mainly affected by the Evaporation rate = (1— f8,) Pa; (T) (%) Py
s
temperature and saturated vapour pressure. is saturated pressure, 7 is mass of an atom.
: . oo (T, -T,
The effect of thermos capillary force in terms a—TLM(x,- is thermal diffusivity and u;
xXilU;

of Marangoni number [91] dynamic viscosity.

4.4 Crater Morphology Prediction

After dielectric breakdown, high-heat-flux plasma developed at both electrodes, leading to the melting
and vaporisation of the materials. The melted materials cannot be easily removed from the spot, form-
ing a crater. The thermo-hydraulic coupling model is used for the investigation of the discharge crater
as [89]: Egs. (16)—(18).

Mass conservation
V- u=mg (16)

Momentum Conservation

u

P> +p(u-V)u=V-[—pl+n<Vu+(Vu)T)]+F} 17)
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Energy conservation
oT
pep o +pepuVT =V-(AVT) +Q (18)

where I is the identity matrix, and # dynamic viscosity F, and A Thermal conductivity of the material (W/m-K)
is the source term used for the effect of different forces, m and Q are used for the source term used for the
vaporisation of materials in the simulation. The energy conservation equation are used for flow velocity,
and the pressure distribution is used for the heat transfer and fluid equations are coupled to simulate phase
transitions and the flow of hot electrode materials. The equations are as follows [92]

The heat transfer and fluid equations are coupled to simulate phase transitions and the flow of hot
electrode materials. The Eqgs. (19)-(23) are as follows [92].

Electrode material assumes homogeneous isotropic Newtonian laminar in the liquid state. Enthalpy,
thermal, and fluid properties are functions of temperature only. Property changes in the phase transition only

Momentum Conservation

u
Por

p is dynamic viscosity (Pa-s), VP Pressure gradient force

+p(u-V)u=v-u[vu+(vu)']+F-vP} (19)

Energy conservation
oT
pepo- +pepuVT =V (kVT) +Q (20)

k is thermal conductivity (w/mK)

Mass conservation

0
a—[;+v~(pu):0 1)

The following equations can estimate the magnitude of plasma heat [93]:

2
Q(r) =Qo-exp {—4.5- (Rr ) (22)
sp
457-P,- V-1
0" R, =
sp

R is the radial distance from the axis of the plasma channel, Q, heat flux or heat input intensity (W/ m?), R
is the sparking radius at the working surface. P, power fraction entering the electrode, V' discharge voltage,
I discharge current.

The evaporating pressure of the melted material can be calculated based on the temperature (evaporat-
ing). The evaporating pressure is similar to plasma pressure. The plasma pressure distribution is calculated
from the Eq. (24) [94].

2
p(t) =po-exp{—k- (R—rh) (24)

p
pavg = 70
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R is the distance between the heat sot the pressure point, Rj, is the radius of the heat source spot, k is a
constant, and P, is the peak or maximum pressure at the centre of the spark.

4.5 Stress, Strain, and Subsurface Damage

Open voltage has a stronger influence on thermal damage than other parameters, such as residual
stress and pulse on time. Optimising the process parameters effectively controlled the depth of the thermal
damage [95]. On the EDM machine surface, three damage zones are identified as the resolidified layer,
the HAZ, and micro cracks. The HAZ remains a recrystallized, resolidified zone, exhibiting crystalline and
amorphous zones [96].

Thermal stress can be calculated from a combination of heat transfer and structural
analysis, Eq. (25) [97].
5 h(T-Tew) if R>Rpe
[do] = ([D°] + [DP])de(K”'dT)a— = qif R <Ry (25)
z 0forof ftime

0,& T, h, Ry, D, DF are stress, strain, Temperature, heat transfer coeflicient, sprak radius, elastic and
plastic stiffness matrix.

4.6 Crack Initiation and Residual Stress

The local in-plane residual stress profile in the subsurface of random discharge is similar, while the
average in-plane residual stress shows an identical characteristic in the subsurface. The maximum residual
stress is found in the subsurface rather than in the top layer. The residual stress developed high Ra. Lower
discharge energy can control tensile residual stress [98].

The residual stress using the Gauss distribution model, Eq. (26) [99].

a* (8%) = Malexp(—(a26*)2)cosh((a36*)

4 E(38*-2)>  aEm as |
2a,%8 ) — a3 tanh(as6&” - (——)
x{ a0+ s | -astan (a36™)} + 35 a; PRTI exp %
x{erf (8*a2—£)+erf(8*a2+£) (26)
2a2 2a2

where, o* Effective stress, §* normalized strain, E elastic modulus, Syg yield strength, and a;, a,, a3
model constants

The transformation plastic strain rate can be calculated using Leblond’s approach Eq. (27), and the phase
transformation strain rate can be calculated from the microstructural images analysis [100].

el

t t
G ety gt Py P (27)

gij=¢& ij ij ij ij

Total stain rate is sum of Individual strain rates is elastic, thermal, phase transformation, transformation
plasticity, and classical plasticity.

Residual stress (o;) near the crater radius can be calculated, Eq. (28) [101].

01 =Eyp x acpe x (T = T,) (28)
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0p =—0.0524T + 1050, (29)
o: = 0.00310T + 8.67E,,, (30)

Eyms cte; T and T, are the modulus of elasticity, coefficient of thermal expansion, Current and ambient
temperature (K), respectively.

4.7 Recast Layer and HAZ Formation

The re-solidified molten metal on the machined surface is called the recast layer. The recast layer
thickness can be measured from the cross-section of the machined parts. The recast layer thickness varies
from material to material [102]. The recast layer thickness can also be measured from Scanning electron
microscope (SEM) images of the sample after exposure to heat near the melting point for a longer period,
more than 100 h. The composition of the recast layer changes, as analysed by SEM. The HAZ developed
in the EDM-machined materials due to erosion of the materials near the spark zone. The excess heat is
conducted through the vicinity of the machined surface around the sparking. The HAZ lies beneath the recast
layer (white layer) and forms during rapid heating and quenching cycles, leading to structural alterations,
increased brittleness, and residual stresses.

Empirical relationship for recast/white layer with best fit, Eq. (31) [103].

Average Layer thickness = 148.51°# "¢ (31)

White layer thickness can be measured for chrome steel, Eq. (32) [104].
Average layer thickness = (It)** (32)

where, I is peak pulse current & ¢ pulse on time

5 Modelling of Advanced EDM Configurations

Advanced EDM configurations, including vibration-assisted EDM (VA-EDM) and turning-based EDM
(EDM-T), fundamentally modify the plasma-material interaction by introducing additional kinematic
degrees of freedom. From a computational materials perspective, these processes transform EDM from a
quasi-static thermal problem into a fully transient, multi-physics, moving-boundary problem, requiring
explicit coupling between stochastic plasma ignition, heat transfer, and phase transformation kinetics.

5.1 Vibration-Assisted and Turning-Based EDM

In both VA-EDM and EDM-T, the relative motion between the tool, workpiece, and plasma channel
alters the spatial and temporal distribution of discharge energy. Consequently, modelling efforts must explic-
itly incorporate time-dependent heat source locations, dynamic boundary conditions, and probabilistic
discharge initiation.

5.1.1 Modification of Boundary Conditions

In conventional EDM simulations, the governing transient heat conduction equation, Eq. (33) is
expressed as:

oT .
Per T =V-(kVT)+q(x,t) (33)

where g represents the plasma-induced volumetric or surface heat source.
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For advanced EDM configurations, the heat source must be reformulated as a moving Gaussian heat
flux, Eqs. (34)-(36):

q(x,t) = % exp [—i(zx—(’t;)] (34)
where r(x,t) =|| x — x4(¢t) || and x,4(¢) denotes the time-dependent discharge location.

For vibration-assisted EDM, the discharge location evolves as:
x4(t) = xo + Asin(27ft) (35)
while for turning-based EDM:

R,, cos(wt)
x4(t) =| Ry sin(wt) (36)
z

These formulations explicitly introduce moving thermal boundary conditions, which must be resolved
numerically using adaptive time stepping as shown in Fig. 13a-c.

(a) Modelling Framework (b) Numerical Implementation (c) ANN-Based Heat Flux Model

[ Geometry & Meshing J

f Input Parameters ] '
‘ Thermal-Electric Solver
[ Moving Heat Source ] ' .
‘ Coupled Plasma Heat Source Predicted
Heat Flux

[ Heat Flux Model ] » ‘

‘ Temperature & Melt Analysis

[ Output Results } H

Predicted Heat Flux

_
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Figure 13: Computational framework for practical-assisted EDM. (a) Framework model, (b) numerical implementa-
tion, and (c) ANN based Heat flux model.

5.1.2 Effect on Plasma Stability and Debris Removal

Discharge initiation in EDM is inherently stochastic and governed by local gap conditions and debris
concentration. Probabilistic discharge models, Eq. (37), describe the ignition likelihood as:

T4 (x, t):|

To

Py(x,t) oc exp [— (37)
where, 7, is faster decay, 7, is the local discharge delay time influenced by debris density and electric
field intensity.

In vibration-assisted EDM, periodic gap modulation alters 7, reducing discharge clustering and pro-
moting a more uniform spatial distribution of sparks. Computational models of massive random discharges
show that this redistribution significantly reduces thermal accumulation and suppresses localized white
layer thickening.
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Debris transport can be approximated using an advection—diffusion formulation, Eq. (38):

oC

a_td +u(t)-vC, = DV2Cy (38)
where Cj is debris concentration D is diffusion coefficient (m*/s) and u(t) represents vibration- or rotation-
induced dielectric flow velocity. Enhanced convective transport improves plasma stability and reduces arcing

probability, which is depicted in Fig. 14a—c.

(a) FEM Simulation (b) Analytical Elliptical Model (c) ANN Prediction

Predicted
Heat Flux

Elliptical Model

Figure 14: Predictive heat flux model in wire EDM. (a) FEM heat flux model, (b) elliptical model, and (c) data-driven
ANN model.
5.1.3 Modelling Challenges Due to Dynamic Interfaces

The primary computational challenge in advanced EDM modelling is the treatment of dynamically
evolving plasma material interfaces. Overlapping craters, moving discharge footprints, and time-dependent
melting resolidification boundaries necessitate either, adaptive remeshing, element birth-death techniques,
or level-set/phase-field approaches.

Material removal is typically assumed when, Eq. (39):

T(x,t) > Ty (39)

However, advanced configurations require tracking repeated partial melting and resolidification, which
directly influences microstructure evolution. T}, is the melting temperature.

Phase-field modelling, Eq. (40), of EDM-induced transformations can be expressed as:
$i = M[oV¢; + AG;(T)] (40)

where ¢, is the phase-field variable, M is Phase-field mobility (m?/]s), and AG;(T) is the temperature-
dependent driving force derived from the transient thermal history.

In VA-EDM and EDM-T, rapidly varying thermal gradients (10°~10” K/S) combined with moving heat
sources introduces strong numerical stiffness (Fig. 15a—c). Resolving plasma-scale transients, vibration fre-
quencies, and microstructural time scales within a single simulation framework remains an open challenge
in computational materials science.

5.1.4 Perspective for Computational Materials Modelling

From a computational materials standpoint, vibration-assisted and turning-based EDM demand multi-
scale, multi-physics frameworks that integrate stochastic plasma models, transient heat transfer, debris
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transport, and microstructure evolution. The convergence of FEM-based thermal models with probabilis-
tic discharge mechanics and phase-field simulations represents a promising pathway toward predictive
modelling of advanced EDM processes.

(a) Crater Morphology (b) MRR Comparison (c) Error Analysis

I FEM Model
Il Analytical Model . u
B B Experimental Data

MIRR (nmmi/min)

283 5 6 7 8 FEM Elliptcal ANN
Discharge Current (A)

Figure 15: (a) Experimental and simulation, (b) experimental, FEM and ANN, and (c) error (%).

The physical interpretability and reproducibility of models can be improved by adhering to a standard
computational scheme of modelling vibration-assisted or turning-aided EDM process that employs the
multi-physics finite element method, whereby the discharge plasma is assumed to be a time-varying heat
source, usually expressed as a time-dependent Gaussian or double Gaussian heat flux. In addition, the
movement of the plasma discharge in space is handled by moving heat-source methods, whereas dynamic
material interfaces are managed either by adaptive remeshing, Arbitrary Lagrangian-Eulerian (ALE), or
element birth and death strategies. Typical model parameters include discharge currents within the range
of 1-10 A, pulse durations varying between tens to hundreds of microseconds, and plasma channel radius
of approximately 10-100 pm. Most vibration-assisted EDM modelling involves electro-thermal and thermo-
fluid coupling, in which plasma effects are simplified into heat flux and pressure boundary conditions,
and discharge stochasticity through probabilistic ignition models. Experimental data used in validating
such models include measurements of crater profile, MRR, and thickness of recast layers obtained through
high-speed camera imaging.

5.2 Powder- and Nano-Additive-Assisted EDM

Powder- and nano-additive-assisted EDM (PM-EDM and NM-EDM) introduces electrically and
thermally active particles into the dielectric medium, fundamentally altering plasma initiation, energy
transport, and material response. From a computational materials science perspective, these processes
require explicit modelling of particle-mediated plasma modulation, effective transport properties, and
coupled thermal-microstructural evolution.

5.2.1 Particle-Mediated Plasma Modulation

The presence of conductive or semi-conductive particles reduces the effective breakdown strength of
the dielectric by facilitating charge accumulation and field intensification at particle surfaces, as shown
in Fig. 16a—c. The discharge probability, Eq. (41) can be expressed as:

E
P, oc exp (— b ) (41)
eff
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where E,, is the intrinsic breakdown field of the base dielectric and E.¢ is the particle-modified effective
electric field.

(a) Electric field distortion around suspended parti by Multi-bridge plasma channel formation

Figure 16: Practical mediated plasma modulation in PMEDM (a) electric field distortion by multibridge, (b) multib-
ridge plasma channel, and (c) expanded discharge.

The local electric field enhancement, Eq. (42) around a particle of radius can be approximated as:

op—0
Eeit = Eo (1+/3 2 f) (42)
of

where, E,, op and oy are Young’s modulus of the material, electrical conductivities of the particle and
dielectric fluid, respectively, and  is a geometry-dependent enhancement factor.

Computationally, this leads to a lower discharge delay time and a broader spatial distribution of
discharge sites, consistent with stochastic multi-discharge models. Particle-assisted plasma channels exhibit
increased stability and reduced peak current density, which directly influences thermal loading.

5.2.2 Effective Thermal and Electrical Conductivity Models

To incorporate particle effects into FEM-based simulations, the dielectric medium is treated as an effec-
tive continuum with modified transport properties, schematic Fig. 17a,b. The effective thermal conductivity
can be expressed using a Maxwell-type model Eqs. (43)-(45):

kp + 2kf + 2(/5(kp — kf)

k 43
T kp+2k; - ¢(kp - ky) (43)

kegr =

where ¢ is the particle volume fraction, and k,, ks are particle and fluid thermal conductivities, respectively.

Similarly, the effective electrical conductivity is given by:

Oeff = Of (1 + (xgb) (44)

where ¢ is Internal variable, « accounts for particle chaining and percolation effects under an applied
electric field.
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(a) Thermal Conductivity (b) Electrical Conductivity

O —
Octf Gt + Oct Eesf = DV-J

Figure 17: Effective conductive model in PMEDM. (a) Thermal conductivity, and (b) electrical conductivity.

These effective properties directly modify the governing heat equation:
oT :
PCPE =V (ketVT) +4g (45)

and must be coupled with stochastic discharge models to capture the spatial redistribution of energy
deposition.

5.2.3 Influence on MRR and Surface Integrity
MRR in particle-assisted EDM can be estimated, Eq. (46), as:

60NV,
MRR = ———— (46)
Ton + Toff
where, T, is Pulse-on time (ps), Tofr is Pulse-off time (ps), N is number of discharges, and V is the effective

crater volume per discharge.

Particle-mediated plasma expansion increases crater diameter while reducing penetration depth, lead-
ing to higher MRR with reduced subsurface thermal damage. Multi-spark FEM simulations demonstrate that
this redistribution of thermal energy suppresses excessive white-layer formation and reduces residual-stress
gradients, Shown in Fig. 18a—c.

From a microstructural modelling standpoint, reduced peak temperatures and moderated cooling
rates alter phase transformation pathways, particularly within the HAZ. Phase-field simulations indicate
a reduction in martensitic fraction and more uniform grain refinement when particle-assisted EDM
is employed.

The use of powder and nano-additive materials in the EDM process can be effectively modelled using
continuum approaches combined with the effective medium theory in order to take into account the
modified dielectric properties resulting from the presence of the particles. Again, the discharge plasma
is assumed to act as a Gaussian heat source, but the governing equations will be modified by effective
conductivities that depend on the volume fraction and particle distribution. Modelling parameters will
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therefore include volume fractions, modified breakdown fields, and conductivity ratios besides the usual
EDM discharge parameters like current, voltage, and pulse time. Interaction mechanisms considered during
coupling will mostly include the electro-thermal and thermo-fluid phenomena where the effects of the
particles are accounted for through homogenized transport properties as opposed to direct consideration
of the particles. More advanced techniques may consider random multi-discharge modelling to capture
discharge dispersion due to particles.

(@) Conventional EDM : (b) Powder-and Nano-Additive EDM

| conductive Powder

Conductive or Semi-
e
Nano-Additives

sy Dielectric Flud 2 = TSR e |
pcp%':_‘=v-‘.(x‘_ﬂVI)+:q Oy =0 = (1 +agp) >DV-J

MRR=60NV. _ T , T

g J, @ Reduced peak temperature

@ Moderated cooling rate

Figure 18: MRR and Ra in particle assisted EDM (a) conventional EDM, (b) powder and nano-additive EDM, and
(c) MRR.

5.3 Alternative Dielectric Media

The choice of dielectric medium exerts a first-order influence on plasma characteristics, energy parti-
tioning, and material response. Alternative dielectrics, including gas-based and hybrid liquid-gas systems,
introduce fundamentally different plasma regimes that must be explicitly captured in computational models.

5.3.1 Gas-Based and Hybrid Dielectrics

In gas-based EDM, plasma formation occurs at reduced dielectric density, resulting in larger plasma
channel radii and lower heat flux. The plasma heat flux, Eq. (47) can be expressed as:

2

~ ngVI T
qg(r’t)_ﬂRé(t) exp[ Ré(t)] (47)

where 7, and R,(t) are gas-specific energy efficiency and plasma radius, respectively.

Hybrid dielectrics combine liquid flushing with localised gas injection, resulting in spatially hetero-
geneous plasma behaviour, in Fig. 19a—-c. Computational models must therefore resolve multi-domain heat
transfer while accounting for region-dependent plasma parameters.
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Figure 19: Gas based and hybrid dielectric EDM. (a) Liquid dielectric, (b) gas dielectric, and (c) MRR.

5.3.2 Energy Partitioning and Plasma Behaviour
Energy partitioning, Eq. (48), in EDM can be expressed as:

Hw +He+Ha=1 (48)

The energy partition fractions #,,, 7., and #, are primarily defined by the characteristics of the plasma
sheath in the regions between the electrodes and the plasma sheath interface. Specifically, the energy and
velocity acquired by the charged particles due to the anode fall and cathode fall voltages are key determinants
of energy and momentum imparted into the anode and cathode surfaces, respectively. While electron
bombardment dominates in energy imparted onto the anode, ion bombardment and secondary electron
emission play a role in energy deposition on the cathode surface. The remaining energy dissipates into the
plasma sheath as well as the dielectric medium through various mechanisms such as radiation and particle
collisions. In summary, the energy fractions used in continuum EDM models arise as a result of the coupling
between sheath voltage and particle fluxes.

Alternative dielectrics significantly alter these fractions. Gas-based EDM typically exhibits lower #,,,
reducing thermal penetration depth and mitigating subsurface damage. This effect is directly reflected
in FEM simulations through reduced peak temperatures and shallower thermal gradients, depicted in
Fig. 20a-d. Coupling these energy partition models with phase-field simulations reveals that gas-based and
hybrid dielectrics suppress extensive phase transformation while promoting finer surface morphologies.

The modelling approach generally resorts to multi-domain or heterogeneous multiphysics models to
account for the specific nature of plasma behaviour in liquids, gases, or a combination of the two. In addition,
the plasma heat source is modified by including dielectric-dependent energy transfer coefficients as well as
plasma channel radius, leading to less intense heat flux distribution in gas dielectric. The typical values of
some parameters include smaller portions of energy transfer into the workpiece as well as higher plasma
channel radii in comparison with liquid dielectrics. This modelling approach relies on electro-thermal
coupling with the inclusion of energy dissipation in the dielectric medium; however, fluid flow and gas phase
phenomena can be included in the model through simplifying transport equations.
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(@) Real-time Particle Control

Adjusts Powder
Flow Rate N(t)

Adaptively
Controlled
Pulse Shape.} ;

N

MRR = 60N -V, /ton+ Tor F

Control
Two-Phase

Comput Mater Contin. 2026;88(2):8

(b) Dynamic Dielectric Mixing
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Figure 20: Hybrid EDM optimisation strategies, (a) real-time particle control, (b) dynamic dielectric mixing,
(c) adaptive pulse shaping and (d) integrated ANN control.

The physics-based mathematical modeling of the EDM process employed multiple approaches to
calculate crater geometry, residual stress, layer thickness, and other parameters. Most studies provide only a

few analyses in a general way. The meld pool analysis is based on mass conservation, the momentum Navier-

Stokes equation, energy conservation, and Maxwell equations are generally used. The details are mentioned

below in Table 9.

Table 9: Multiple approaches to calculate crater geometry, residual stress and layer thickness.

EDM Process Modelling Approach Assumptions Limitations Parameters
Axi i
lasqu};nzgﬁgecl' Oversimplified
Die-sinking EDM Thermal FEM Eonstant ener ’ plasma physics;  Crater diameter
(macro) (Gaussian heat flux) . 2 empirical energy & depth, MRR
fraction to .
. partition
workpiece
Transient
ife
thermo-electric + U(?ilst(r);‘tl:l tsilz;r.k Ignores wire Kerf width,
Wire EDM flushing models + neolicible wir,e dynamics and surface
(WEDM) homogeneous . & g . stochastic roughness (Ra),
. . . vibration (basic . .
isotropic Newtonian discharge behavior MRR
. models)
laminar
Discrete pulse High .
. . . . Crater size
Multiphysics FEM  energy; size effects ~ computational distribution
Micro-EDM (thermal + plasma + dominate; cost; difficult ’
o . . Tool wear rate
stochastic discharge)  stochastic spark experimental
. L (TWR), Ra.
location validation

(Continued)
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Table 9 (continued)

EDM Process Modelling Approach Assumptions Limitations Parameters
Altered dielectric Complex particle
Powder-mixed = Modified plasma/fluid conductivity; inter fc tiorIZs often Ra, white layer
EDM (PMEDM) + thermal models particle bridging . thickness, MRR
effect simplified

Gas dielectric;
enhanced debris

Plasma channel

Recast layer

Dry EDM Th -fluid led
rdyielectrigas ermomoliilelscoup ¢ removal; reduced assumptions less thickness,
plasma established MRR, tool wear
confinement
Phase-wi Surf:
Heterogeneous ase-wise . Interface effects . u'r ace
EDM of i thermal properties; ; integrity, crater
_ material FEM + Gauss _ and anisotropy
composites/MMCs non-uniform morphology,

distribution model often neglected

melting/erosion residual stress

Single spark; no  Not representative

Single-discharge Analytical/FEM . . . Single crater
interaction of real machining
models thermal models . .. geometry
between discharges conditions
o Probabilistic + FEM Random spark Computationally Surface
Multi-discharge/ . . . . topography,
. hybrid models + location and intensive; limited
stochastic EDM , .. 1 roughness,
Leblond’s approach timing validation data
MRR
Hybrid EDM (e.g. ' . External field Model complexity;
_ Coupled multiphysics affects spark lack of _ ,
ultrasonic- o . Simulation
. models distribution and standardized
assisted) . o
debris removal validation

6 Data-Driven and AI-Assisted Modelling in EDM

Data-driven and Al-assisted modelling have become central to understanding and optimising the highly
non-linear, stochastic behaviour of EDM processes, where purely analytical models are often inadequate.
Recent work spans classical statistical optimisation, soft computing, and real-time intelligent monitoring,
reflecting an evolution toward smart, self-optimising EDM systems.

6.1 Statistical and Empirical Optimisation Methods
6.1.1 Response Surface Methodology (RSM)

RSM is one of the most widely adopted empirical tools for EDM and Wire-EDM, enabling the
development of quadratic models that capture curvature and interaction effects among pulse parameters,
current, and flushing conditions. RSM-based models have been used to describe responses such as MRR,
Ra, kerf, and overcut, and to support graphical parametric sensitivity analysis and analysis of variance
based significance testing. Critically, while RSM offers interpretability and modest data requirements, its
polynomial structure can struggle with highly non-linear EDM behaviour and may lose accuracy near design
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boundaries or under new process conditions. Some studies mitigate this by coupling RSM with optimisation
methods (e.g., Non-dominated Sorting Genetic Algorithm II (NSGA-II), GRA) but still rely on relatively
small, Design of experiment (DOE)-based datasets [105,106].

6.1.2 Taguchi Methods and Grey Relational Analysis (GRA)

GRA offer efficient experimental planning and multi-response optimisation. Taguchi orthogonal arrays
(L9, L27) are widely used to identify influential parameters and robust settings for MRR, TWR/electrode wear
rate (EWR), Ra, and kerf in die-sinking and Wire EDM. When combined with GRA, multiple objectives are
aggregated into a single grey relational grade, enabling simultaneous optimisation of productivity and quality
measures and yielding verified improvements in MRR and surface integrity. However, GRA requires choices
in normalisation and weighting that introduce subjectivity, and the scalarization of multiple responses can
mask trade-offs and response conflicts. Moreover, Taguchi-GRA frameworks are essentially off-line tools
and do not inherently generalise beyond the tested design space.

The research paper has discussed about the optimization of Wire EDM process parameters (pulse-on,
pulse-off, current, and bed speed) using Taguchi L16 design and ANOVA to improve accuracy, Ra, and MRR.
It identifies current as the most significant factor affecting all performance measures and determines optimal
parameter settings for enhanced machining performance. An Artificial Neural Network (ANN) model is
developed for prediction, showing thata 70% training dataset provides the best correlation between predicted
and experimental results [107].

The research paper proposed device that Nano powder-mixed EDM of A16061 ANN and multi-objective
genetic algorithms to model and optimize EWR and overcut (OC) under varying process parameters. It
shows that adding alumina Nano powder with surfactant and using cryogenically treated brass electrodes
significantly improves machining performance, reducing EWR and OC while enhancing dimensional
accuracy. The integrated ANN-MOGA approach achieved up to ~78% reduction in EWR and 67% improve-
ment in OC, demonstrating effective predictive modelling and optimal parameter selection for sustainable
EDM [106].

6.2 Machine Learning and Hybrid Models
6.2.1 ANN

ANNs have emerged as powerful alternates for EDM and WEDM, outperforming RSM in many
studies for predicting MRR, SR, kerf, wear, and sustainability metrics [106,108]. Comparative work shows
ANN achieving lower prediction errors and higher R? than RSM for complex EDM responses, especially
when interactions and non-linearities are strong. In powder-mixed and nanopowder-mixed EDM, ANN
models successfully capture the coupled effects of current, pulse parameters, powder concentration, and
cryogenic treatment, enabling accurate prediction of EWR, overcut, and SR and guiding multi-objective
optimisation. ANN-based frameworks have also been used for bi-objective or multi-objective optimisation
when integrated with evolutionary algorithms such as NSGA-II [106,109]. In a representative investigation,
a multi-input, multi-output ANN was used to capture the nonlinear mapping between EDM control
parameters and machining responses, enabling simultaneous prediction of kerf width, Ra, and MRR [105].

Although ANN often achieve high predictive accuracy, they operate largely as black-box models
with limited interpretability and demand large, well-structured datasets along with careful regularisation
strategies to mitigate the risk of overfitting [106,108,109]. Few EDM studies rigorously address model
uncertainty, external validation, or transferability across different materials and machine configurations,
which limits deployment in industry. The data-driven surrogate modeling approach for optimizing EDM
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process parameters in machining hardened D2 steel using a Cu-SiC composite electrode, focusing on
minimizing TWR and Ra. Experimental results show that discharge current, pulse on/off time, and flushing
pressure significantly influence TWR and Ra, and machine learning (ML) models (Random Forest (RF),
Precision-recall (PR) and Gradient Boosting (GB)) effectively predict these responses, with polynomial
regression giving the highest accuracy. Finally, a firefly algorithm-based multi-objective optimization using
the surrogate model identifies optimal machining parameters, improving performance while reducing
experimental effort and cost [110].

The research investigated hybrid modeling approach combining Taguchi L18 design with Gaussian
Process Regression (GPR) to accurately predict EDM performance parameters such as Ra, MRR, and
overcut (OC). he developed GPR model effectively captures nonlinear relationships and achieves high
prediction accuracy even with a small experimental dataset, validated using leave-one-out cross-validation.
Multi-objective optimization based on the surrogate model identifies Pareto-optimal machining condi-
tions, showing that graphite electrodes generally provide better performance in balancing quality and
productivity [111].

6.2.2 Genetic Algorithms and Hybrid AI Frameworks

Evolutionary algorithms, particularly GA and NSGA-II, are frequently coupled with surrogate models
(ANN, Adaptive Neuro-Fuzzy Inference System (ANFIS), RSM) for global and multi-objective EDM optimi-
sation. Hybrid frameworks such as ANN-GA, ANFIS-GA, ANFIS-PSO and ANN-Multi objective genetic
algorithm (MOGA) have been shown to improve prediction accuracy and yield better trade-offs among
MRR, SR, TWR/EWR, energy use, and dimensional accuracy compared with single-method approaches.
For gas-assisted EDM and die-sinking EDM, ANFIS-GA/PSO hybrids report lower prediction errors than
standalone ANN or ANFIS, confirming the value of metaheuristic tuning of model parameters. In micro-
EDM and sustainability-focused EDM, NSGA-II and MOGA are used to generate Pareto fronts that respect
conflicting requirements, with confirmatory experiments validating near-optimal hole quality and surface
integrity [106,109,112-114].

However, these hybrid models often entail substantial computational effort for training and optimi-
sation, and most work remains offline. Integration with physics-based constraints remains limited; many
algorithms search the design space solely from data, raising concerns about extrapolation and physical
plausibility beyond the experimental envelope.

6.2.3 Real-Time Monitoring and Adaptive Control

Real-time ML-assisted monitoring and adaptive control in EDM are less mature but align with broader
trends in cyber-physical manufacturing. Benchmarking frameworks such as EDM combine in situ PM-
EDM monitoring with ML regression models, demonstrating that deep neural networks and ensemble
methods can robustly predict process performance for online optimisation, thereby reducing trial-and-error
and experimental costs [115]. High-accuracy ML models have also been reported for predicting electro-
erosion wear and identifying dominant factors such as operating current and cryogenic treatment, with an
eye toward real-time tool-condition monitoring and proactive parameter adjustment. Outside EDM, ANN-
based hybrid control and adaptive recalibration frameworks in turning operations illustrate how forward
and inverse neural models can support self-optimising machining and continuous updating under evolving
conditions [116], offering a conceptual template for EDM.
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Critically, the implementation of real-time EDM systems remains constrained by issues such as data
acquisition delays, sensor reliability, limited computational capability at the machine level, and the complex-
ity of deploying, operating, and sustaining advanced models in shop-floor conditions. There is also a lack of
standardised datasets and benchmarks for streaming EDM signals, which hinders cross-study comparison
and reusability of models. Summarises the comparative models and limitations of key modelling approaches
are given in Table 10.

Table 10: Comparative overview and limitations of key modelling approaches.

Approach Strengths in EDM Main Limitations References

Limited fa
Interpretable, DOE-based, ANOVA, imited for strong

M, i -li ity; local 105,106
RSM, regression good for moderate non-linearity non 1neaj1r1'ty oca [105,100]
validity
ANN High non-linear modelling power; Data-hungr}'f; bla.ck (105,106,108, 109]
better accuracy than RSM box; overfitting risk
ANFIS, Combines rule-based interpretability Higher complexity; [12,113]
,113
ANFIS-GA/PSO with ML; improved prediction case-specific tuning
ANN/ANFIS + S o .Co'mputatlol.lal cost,
Global, multi-objective optimisation limited real-time use, ,
GA, NSGA-II, b validated Pareto front k ohvsical [106,109,112-114]
MOGA with validated Pareto fronts weak physica
constraints
ML-based High predictive accuracy; potential for ~ Latency, deployment
real-time, on-line optimization and wear complexity, and lack [115,116]
monitoring prediction of benchmarks

An adaptive EDM control system uses arcing ratio—based gap-state expectations to balance machining
rate and stability, but fixed expectations can cause instability under poor chip removal or high-conductivity
dielectric conditions. To address this, an extended adaptive control system is proposed with a dual-loop
structure: the outer loop adjusts gap-state expectations based on machining conditions, while the inner
loop controls electrode discharge timing. Experimental results show that this dual adaptive system improves
robustness, stabilizes gap variations, and enhances overall machining performance. Die-sinking EDM is
widely used for machining complex geometries, where spark quality significantly affects surface finish and
MRR [117].

An acoustic emission (AE) signals to characterize spark activity under varying machining conditions
and tool materials, showing strong correlation with process parameters and performance metrics. Incorpo-
rating AE features improves prediction accuracy of Ra and MRR, demonstrating its potential for real-time
monitoring and Industry 4.0-based EDM diagnostics [118].

6.3 Impact of Dataset Shift in EDM

To understand the data shift in EDM and the research proposed hybrid technology Ensemble Learning
(HEL) framework for multi-objective EDM optimization, addressing nonlinear parameter interactions and
conflicting performance goals. The model, validated on 150 experiments, achieved high prediction accuracy
for MRR, TWR, Ra, and overcut using advanced feature selection and uncertainty handling. Optimization
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via modified NSGA-II significantly improved performance, yielding higher productivity and reduced tool
wear compared to conventional methods [119].

Wire-EDM offers high precision machining but is affected by uncertainties in process parameters, which
influence cutting rate and Ra. The multiple ML models to analyze noisy experimental data and identify the
most accurate model for prediction and uncertainty quantification. The results shown that pulse-on time and
peak current are the most sensitive parameters, providing a reliable framework for performance prediction
and uncertainty analysis [120].

6.4 Strengthen the Digital Twin Section

The research proposed an integrated framework combining DOE, ANOVA, ANFIS modeling, and
genetic algorithm optimization to minimize Ra during dry turning of Ti-6Al-4V. Machining parameters
significantly influence cutting force, chip characteristics, and tool wear, with high prediction accuracy
achieved through regression and ANFIS models.

The optimized conditions yielded minimal Ra, demonstrating the approach’s effectiveness for intelligent
machining and quality control [121]. The robotic EDM as a flexible solution for machining large, complex
components made from hard-to-cut materials with high precision. To overcome challenges in manual
control, a Digital twin (DT) of a seven-axis robotic EDM system is developed for virtual testing, collision
avoidance, and kinematic optimization. The approach enables accurate gap control and user-friendly offline
programming, improving efficiency and industrial feasibility of robotic EDM [122].

7 Model Validation and Experimental Correlation

Robust validation of physics-based EDM models requires systematic correlation between numerical
predictions and experimentally measurable quantities. Given the inaccessibility of plasma-scale variables,
validation efforts rely on indirect diagnostics, post-process surface characterisation, and statistically inter-
preted experimental data. Experimental findings highlight the significant role of data in improving the
accuracy and reliability of EDM simulation models through calibration and validation.

7.1 Challenges in Measuring Plasma Temperature and Pressure

Direct experimental measurement of plasma temperature and pressure in EDM remains infeasible due
to the ultra-short discharge duration (microseconds), micron-scale plasma channel dimensions, and optical
obstruction by the dielectric medium. Consequently, experimental validation of plasma models relies on
electrical pulse diagnostics and inferred thermodynamic states.

High-speed acquisition of voltage—current waveforms in Wire-EDM provides experimentally measured
pulse energy distributions, ignition delay times, and discharge classifications (normal, arcing, short-circuit).
Experimental studies show that stable machining corresponds to a narrow, unimodal pulse energy distri-
bution, while instability and impending wire breakage are preceded by energy distribution leakage and
increased abnormal pulse ratios [123]. These experimentally observed transitions are frequently used to
validate stochastic plasma initiation and discharge probability models.

Numerical models typically back-calculate plasma temperature and pressure by matching simulated
heat flux magnitudes to experimentally observed pulse energies. However, this indirect validation introduces
uncertainty, as multiple combinations of plasma radius, temperature, and pressure can reproduce similar
electrical signatures. As a result, plasma parameters in simulations should be interpreted as effective
quantities rather than directly measurable physical states.
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7.2 Validation of Crater Geometry and Recast Layer Thickness

Crater geometry remains the most widely used experimental benchmark for validating EDM simula-
tions. Experimental crater diameter, depth, and volume are routinely measured using optical profilometry,
SEM, and confocal microscopy. Studies consistently demonstrate that single-discharge crater dimensions
scale with pulse energy and discharge duration, validating Gaussian or elliptic heat flux formulations adopted
in FEM models.

However, experimental evidence from multi-pulse and continuous machining conditions shows that
crater overlap and partial remelting dominate surface evolution, rather than isolated crater formation. Multi-
discharge and massive random discharge models reproduce experimentally observed surface morphologies
more accurately than single-spark simulations by accounting for spatial discharge clustering and thermal
accumulation effects [124].

Recast (white) layer thickness is experimentally validated through cross-sectional SEM analysis and
metallographic etching. Experimental data indicate that recast layer thickness varies not only with discharge
energy but also with dielectric type, flushing efficiency, and workpiece material. In advanced materials such
as ultra-high-temperature ceramics and ceramic matrix composites, experiments reveal non-uniform recast
layers with microcracks, porosity, and compositional gradients [125].

Numerical thermal models often predict recast layer depth based on peak temperature contours
exceeding melting temperature. While this approach captures trends, it frequently overestimates recast
thickness because it neglects melt expulsion, vapor-driven ejection, and non-equilibrium solidification
kinetics observed experimentally.

7.3 Correlation with Experimental Process Data and Data-Driven Validation

Beyond geometric validation, experimental process data such as MRR, Ra, and tool wear ratio provide
additional constraints for model validation. Experimental studies demonstrate strong correlations between
discharge energy, pulse parameters, and MRR across both metallic and ceramic materials.

In cases where physics-based models struggle to capture nonlinear interactions, data-driven and
hybrid validation approaches have proven effective. ANN models trained on experimental EDM datasets
consistently outperform linear regression in predicting Ra and complex material responses, particularly for
advanced materials with temperature-dependent properties [125]. These models are frequently used to vali-
date or correct FEM predictions by identifying systematic deviations between simulations and experiments.

Experimental pulse-train analysis further highlights discrepancies between assumed constant energy
partitioning in simulations and the highly variable energy distribution observed in practice. This variability
explains why simulations may match average MRR yet fail to reproduce transient surface damage or
instability onset seen experimentally.

7.4 Inconsistencies between Simulations and Experiments

Despite qualitative agreement, quantitative inconsistencies persist due to several experimentally con-
firmed factors. First, energy partitioning is not constant; experiments show that the fraction of energy
transferred to the workpiece fluctuates with debris concentration, discharge mode, and dielectric breakdown
state. Fixed partition coeflicients used in simulations therefore introduce systematic error.

Second, experimental measurements themselves exhibit scatter. Crater dimensions, recast layer thick-
ness, and Ra show significant variability even under nominally identical conditions due to stochastic
discharge behaviour and debris-mediated secondary discharges. Such variability is reflected in experimental
datasets used for ANN and statistical modelling, underscoring the probabilistic nature of EDM processes.
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Finally, there exists a scale mismatch between continuum thermal models and plasma-scale physics.
High-fidelity CFD and combustion modelling studies demonstrate that turbulence-reaction interactions and
stochastic mixing strongly influence energy localization. Similar effects are expected in EDM plasma chan-
nels but are rarely resolved explicitly, contributing to discrepancies between simulations and experiments.

8 Current Challenges and Research Gaps

Recent advances in EDM research increasingly demonstrate that purely empirical and single-physics
models are inadequate for capturing the highly transient and nonlinear plasma-material interactions that
govern material removal, surface integrity, and subsurface phase transformations. Traditional regression-
or data-fitting-based approaches often provide acceptable predictions only within narrow experimental
windows and fail to extrapolate across different materials, discharge energies, or dielectric conditions. As
EDM involves tightly coupled electrical-discharge phenomena, rapid heat transfer, melt-vapour dynamics,
and solidification-driven microstructural evolution, recent reviews emphasise the need for physics-based
frameworks that can represent these interacting mechanisms with greater physical fidelity.

In this context, shown in Fig. 21, Ulhakim et al. (2025) highlight significant progress in integrating
finite element-based multiphysics simulations with Al to enhance predictive accuracy and enable real-time
process control. Their review identifies critical gaps in conventional modelling approaches, particularly in
describing energy partitioning, plasma channel evolution, and thermo-fluid interactions [126]. Comple-
menting this perspective, Yu et al. (2025) systematically analyses flow-field and multiphysics coupling models
that integrate electric, thermal, and fluid domains, demonstrating how dielectric flow, bubble dynamics, and
debris transport significantly influence discharge stability and crater formation. These studies collectively
underscore that accurate prediction of EDM outcomes requires fully coupled multiphysics representations
rather than isolated domain analyses [40].
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Figure 21: Current challenges in physics-based, multiphysics and multiscale modelling of EDM.

Beyond multiphysics coupling, recent research also addresses the challenge of multiscale bridging and
experimental validation. Alshaer et al. (2024) demonstrate the potential of particle-based methods, such as
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smoothed particle hydrodynamics, to bridge continuum-scale thermal modelling with microscale melt flow
and material ejection, offering improved insight into crater morphology and recast layer formation [58].
Meanwhile, experimental-simulation investigations by Su et al. (2024) emphasize the importance of accurate
plasma characterization for validating numerical models, particularly under multi-channel and high-energy
discharge conditions [127]. Finally, hybrid approaches that merge physics-based models with data-driven
techniques, as proposed by Cheng et al. (2023), represent a promising pathway toward physics-informed
ML frameworks, capable of overcoming data scarcity while preserving physical consistency. Together, these
advances point toward an emerging paradigm of multiphysics, multiscale, and Al-assisted modelling as
essential for next-generation predictive EDM research [128].

9 Future Perspective of Digital Twin Technology

The future development of DT technology is expected to be driven by the convergence of multi-physics
modelling, multiscale simulation, real-time data integration, and Al, enabling a transition from descriptive
digital representations to fully autonomous, predictive cyber-physical systems. In manufacturing-centric
applications such as EDM and advanced forming processes, DTs will increasingly incorporate fully coupled
thermal-electrical-fluid-plasma models, allowing accurate prediction of process stability, debris dynamics,
material removal mechanisms, and surface integrity under dynamically changing conditions [129]. A major
future direction involves integrating multiscale modelling frameworks with digital twin architectures. As
highlighted by advances in multiscale and multiphysics simulations, next-generation DTs will seamlessly link
atomistic, mesoscopic, and continuum-scale phenomena to macro-level process outcomes. This capability
is particularly critical for accurately capturing microstructural evolution, tool-workpiece interactions, and
defect initiation mechanisms, which remain inadequately represented in conventional single-scale twins.
The integration of high-performance computing with scalable DT platforms will further support such
hierarchical and concurrent multiscale implementations [130,131]. The role of Al and ML in future DT
systems will expand from data analytics to physics-aware intelligence, in which AI models are embedded
within simulation loops to accelerate computation, reduce model uncertainty, and enable real-time adapt-
ability. Hybrid AI-FEM and physics-informed learning approaches are expected to significantly reduce
computational cost while maintaining physical interpretability, making real-time DT deployment feasible
for complex dynamic systems and smart manufacturing environments. This paradigm shift will be essential
for achieving intelligent DTs capable of continuous self-learning and evolution [I132]. Another critical
perspective is the evolution of DTs from passive monitoring tools to closed-loop predictive and prescriptive
systems. Future DTs will not only forecast system behaviour but will autonomously recommend or execute
corrective actions through tight integration with sensors, actuators, and control systems. Such capabilities are
particularly relevant for additive manufacturing, machining, and transportation infrastructure, where DTs
can enable proactive defect mitigation, adaptive maintenance scheduling, and lifecycle-wide performance
optimization [133].

Interoperability and integration across digital ecosystems will also shape the next phase of DT research.
The relationship among DTs, building information modelling (BIM), and digital threads will become more
standardised, enabling unified data flow across the design, manufacturing, operation, and decommissioning
stages. This integration is crucial for achieving full-lifecycle DT implementations in large-scale infrastructure
and industrial systems, reducing data redundancy and improving decision coherence. Despite rapid progress,
several challenges must be addressed to realise next-generation digital twins, including heterogeneous
data management, real-time synchronisation, model validation, explainability of AI-driven predictions, and
the lack of universal standards. Addressing these issues will require interdisciplinary research combining
physics-based modelling, data science, and systems engineering. Future efforts toward standardised DT
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architectures, interpretable AI models, and secure data governance frameworks will be essential to establish
digital twins as a foundational technology for Industry 5.0 and intelligent engineering systems.

10 Conclusion

This review has presented a comprehensive synthesis of physics-based, multiphysics, and multiscale
modelling approaches for EDM from a computational materials science perspective. By consolidating
plasma physics, transient heat transfer, thermo-fluid flow, phase transformation, and thermo-mechanical
damage models, the study establishes EDM as a prototypical extreme-energy matter-interaction problem
that requires a tightly coupled numerical treatment across spatial and temporal scales.

The analysis demonstrates that conventional single-physics and empirical frameworks are insuffi-
cient to capture the inherently stochastic, nonlinear, and multi-domain behaviour of EDM. Continuum
plasma models based on Gaussian or double-Gaussian heat sources, time-dependent plasma radius for-
mulations, and energy partition coefficients provide reasonable crater-scale predictions when carefully
calibrated. However, experimental evidence shows that plasma temperature, pressure, and energy fractions
are strongly time-dependent and influenced by dielectric composition, debris concentration, and dis-
charge regime. Consequently, constant energy-partition assumptions and static heat-source representations
introduce systematic modelling uncertainty. Advanced thermal formulations incorporating non-Fourier
heat conduction, latent heat of fusion and vaporisation, and temperature-dependent material properties
significantly improve predictive fidelity, particularly in micro-/nano-EDM regimes where ultrafast heating
invalidates classical Fourier assumptions. Coupled thermo-hydraulic models further reveal that evaporation
recoil pressure, Marangoni convection, and plasma pressure govern melt ejection and crater morphology.
Nevertheless, discrepancies between simulated and experimental crater depths and recast layer thickness
persist due to incomplete representation of melt expulsion, multi-spark interactions, and dielectric—plasma
feedback mechanisms.

For advanced EDM configurations such as vibration-assisted, turning-based, powder-mixed, nano-
additive, gas-based, and hybrid dielectric systems—the modelling challenge intensifies. These processes
introduce dynamic boundary conditions, moving heat sources, modified electric-field distributions, and
altered transport properties. Effective medium formulations and stochastic discharge models offer tractable
representations; however, rigorous coupling between plasma evolution, dielectric flow, and microstructural
phase transformation remains an open research frontier.

The review also highlights the increasing integration of data-driven and Al-assisted modelling. ANN,
ANFIS-GA hybrids, and multi-objective optimisation frameworks have demonstrated superior predictive
accuracy for MRR, Ra, and tool wear compared with traditional regression approaches. Yet, most Al
models remain black-box predictors with limited physical interpretability and weak extrapolation capability.
Emerging physics-informed ML and hybrid simulation-AI frameworks represent a promising pathway
toward uncertainty-aware and computationally efficient predictive systems. From a validation standpoint,
crater geometry, recast layer thickness, residual stress distribution, and pulse-energy statistics remain the
primary measurable benchmarks. However, plasma-scale variables remain experimentally inaccessible,
requiring indirect inference through electrical diagnostics and inverse modelling. The stochastic nature of
discharge events and the variability observed in experimental datasets underline the necessity of probabilistic
modelling frameworks rather than deterministic single-spark assumptions.
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