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Regardless of the materials’ intrinsic characteristics, electrochemical discharge drilling (ECDD) 
effectively micro-machines various materials. The present article optimizes the ultrasonic assisted 
rotary ECDD (UR-ECDD) process for maximizing the material removal rate (MRR), while minimizing 
the hole overcut (HOC) and circularity error (CE). The micro-holes are produced using a Taguchi’s L16 
array and multi-criteria optimization is carried out using grey relational based analysis (GRA). MRR, 
HOC and CE serve as a response parameter while tool vibration, tool feed rate, working material 
rotation, applied voltage and electrolyte concentration are control variables. UR-ECDD results in the 
improvement of 14.8% in MRR, 15.4% in HOC and 17.2% in CE when compared to the ECDD process. 
The optimized control variables based on GRA are derived as A4C3B4D1E4 (6 µm, 80 rpm, 0.9 mm/min, 
35 V, 25 wt%). Tool vibration emerged as the most significant control variable. The GRG’s predicted 
results at optimum conditions provide a satisfactory alignment with the experimental results. Machine 
learning-based algorithms are also used to predict the responses using Random Forest and Gradient 
Boost approaches. Comparative results indicated that the Random Forest predicts the responses with 
reduced error in comparison to the Gradient Boost method. The validation of the dataset exhibits a 
similar trend confirming the efficacy of prediction.
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Circularity

The hybrid Electrochemical Discharge Drilling (ECDD) utilizes the thermal heat generated by sparks to remove 
work material in the initial stages of micro-hole drilling, followed by chemical dissolution. This method was 
initially outlined by Kurafuji and Suda1 in 1968, primarily in the context of drilling glass. They underscored the 
possibility for efficiently drilling tiny holes with a high rate of material removal in glass materials. Since then, 
a significant amount of empirical and analytical research on the ECDD process has been published to improve 
its use in different applications with respect to glass materials. Glass is a widely used functional material in the 
electrical industry for a variety of purposes. It is essential to the manufacture of microdevices such as solid 
oxide fuel cells for portable electronic devices, pumps, and reactors as well as the packaging of micro-electro-
mechanical systems (MEMS) devices and microelectronic packaging2. In semiconductor applications, glass is an 
essential substrate for bonding with wafers, enabling the integration of different electrical components3. ECDD 
process exhibits various applications such as glass micro-holes and 3D micro-feature fabrication: an essential 
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technique for MEMS and related industries including astronomy, kitchenware, and microbiological labs4. Glass 
micro texturing for use in micro-fluidic device applications, including mini-bioreactors, digital micromirrors, 
and single-cell capture devices5.

Literature review
Basak and Ghosh6 successfully illustrated the spark mechanism in the ECDM process. They emphasized that the 
sparking phenomenon closely resembles the action of the switch. Sundaram et al.7 investigated the formation of 
a gas film around the tool electrode and its impact on machining quality, specifically assessing hole diameter and 
overcut. ECDD process, comprising three key elements: the primary tool, secondary and the working material 
submerged in an electrolyte solution. The setup arrangement involves a defined gap distance across the two tools 
while maintaining a slight vertical offset (machining gap) distance of the primary tool from the working material. 
The primary tool, with smaller dimensions than the secondary tool, ensures enhanced spark uniformity. With 
the creation of a potential difference using voltage application, electrolysis and other electrochemical processes 
have been started. Tiny oxygen-hydrogen bubbles occur at the secondary and primary tools, grow into bigger 
bubbles, and surround the primary tool to create a gas layer. The disintegration of the gas layer causes the spark 
to start. The work material can be removed more easily by chemical etching and heat infusion from sparks 
when the voltage is increased since it increases bubble formation and current densities8,9. Bhattacharyya et al.10 
investigated working material removal techniques and found prospects for improved machining performance. 
In various investigations using adaptive tool feed in ECDM, Rajput et al.11–13 investigated the production of 
micro-holes in a quartz and glass material with improved geometrical features using ECDD process.

The application of the ultrasonic vibration ensures a continuous flow of electrolyte and consistent uniform 
spark distribution in the electrochemical discharge-based drilling process. Hung et al.14 recently investigated 
the use of hybrid technology combining ultrasonic-assisted electrochemical discharge grinding with in-
situ ultrasonic broaching. An array of square microholes were successfully created with enhanced geometric 
features on quartz glass using this cutting-edge method. Rusli and Furutani15 discovered that incorporating 
ultrasonic vibrations to the tool electrode improved discharge behaviour and electrolyte circulation, resulting in 
greater surface quality of soda lime glass. Their findings indicated that applying ultrasonic assistance to the tool 
electrode improves machining efficiency by forming a thin gas layer and increasing the number of discharges 
under constant circumstances16,17. Wuthrich et al.18 vibrated the tool with a current-controlled voice-coil 
actuator with a range of 0–30 µm and a frequency range of 0–30 Hz. The investigation discovered that holes on a 
glass materials occurred in less than 10 s in the hydrodynamic regime. Effective electrolyte flushing, principally 
generated by vibrations was the significant contributor to this efficiency. The assistance of the rotation to the 
ECDD process can further enhances the MRR, quality of machined surface and dimensional improvement. By 
preventing discharge focus at a single spot with high-speed rotation, only the area below the tool electrode may 
be machined. This reduces stray corrosion and gives the hole’s entrance accurate dimensions. Large amounts 
of hydrogen bubbles and sludge can be removed from the space under the tool electrode by speeding up the 
rotation. This improvement aids in better electrochemical processes, which eventually increase the quality of 
the machining. It has been demonstrated that the application of ultrasonic vibrations can raise the hole depth 
in alumina by as much as 52%19 and, greatly enhance the machining quality of microstructures on glass work 
material20 in comparison to traditional ECDM.

Fan et al.21 investigated at how the rotation affected the overcut and conicity of holes in ECDD process. 
According to the research, rotating the tool produced holes with good circularity, but using stationary tools 
produced holes with low circularity. Apart from rotational effect, various experimental studies have been 
reported to find the effect of different control variables such as voltage, concentration and tool feed rate during 
glass machining22. The results of the experiments showed that the applied voltage had a substantial effect on both 
material removal and tool wear. The results showed that higher applied voltages are related to more prominent 
thermal fractures. The concentration of the electrolyte, which affected its viscosity, is important since higher 
concentrations resulted in smoother machined surfaces because they had stronger chemical etching effects23. 
Singh et al.24 successfully machined micro-holes in a silicon wafer material using ECDD process and concluded 
that tool feed rate plays a significant role in determining the hole characteristics. The tool electrode feed 
mechanism is also reported as a crucial factor in how much material is removed during the ECDD process. The 
tool electrode is continually transported towards the workpiece at a constant pace in the constant velocity feed 
mechanism, preventing any direct physical contact between the tool electrode and the workpiece. In order to 
maximise the rate of material removal, Gautam and Jain25 employed constant velocity feed rates together with 
the application of the rotational effect. They also highlighted the competitive advantages of constant velocity 
tool electrode feed mechanisms as opposed to gravity feed mechanisms. Many experimental findings in ECDD 
process showcase the application of the optimization techniques to identify the set of optimum values of the 
control variables26–28. Wang et al.29 recently carried out a multi-response optimization investigation to find the 
optimum parameters for reducing the overcut, and surface roughness of glass material with respect to different 
control variables during ECDG process. Bindu et al.30 utilized the Grey Relational Analysis (GRA) to identify the 
optimum control variables in ECDM process for maximizing the removal rate of quartz material and minimizing 
the TWR. ECDM performance. Bellubbi et al.31 successfully applied GRA facilitated multi-criteria optimization, 
identifying the optimal parameters as 25 wt%, 45 V, 45 μs pulse on time, 400 Hz pulse frequency and 1.5 mm 
standoff distance during micro-channeling of the silica glass using the ECDM process.

Problem formulation
According to the literature, a large number of thorough research have been performed to assess the ECDD 
process with HOC and CE as the response parameters. But still some challenges exist during the soda lime glass 
drilling with the ECDD process i.e., low MRR at higher depths, poor circularity due to non-uniform sparks and 
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tool wear during the machining process, high HOC because of discontinuous material removal pattern resulting 
from unstable gas film formation. ECDD generally results in unstable and inconsistent spark generation due 
to a lack of electrolyte availability since the electrolyte evaporates during the process. Thus, the need is there 
to address these challenges that enhance the electrolyte replenishment and result in constant spark around the 
tool. As a result, enhanced responses will be obtained. While extensive literature exists on the effect of control 
variables on response variables in the ECDD process, few studies have reported on the performance analysis of 
the UR-ECDD process concerning multi-response indicators like MRR, HOC, and CE. Moreover, the multi-
response optimization of the UR-ECDD process using GRA for maximizing MRR and minimizing HOC & 
CE with the work material rotation has never reported to date. This paper investigates the novel investigation 
of evaluating the impact of control variables like tool vibrations, work material rotational speed, tool feed rate, 
electrolyte concentration and applied voltage during micro-hole fabrication on a glass material using (UR-
ECDD). Furthermore, it utilizes GRA for multi-criteria optimization to determine the optimal combinations of 
control variables.

Experimental setup and process capability
A novel method of micro-hole drilling is introduced by the designing and developing the ultrasonic assisted 
and rotary work material electrochemical discharge-based drilling process (UR-ECDD) equipment as shown in 
Fig. 1. The setup is equipped with HY3040 CNC machine and computer-controlled software. It consists of an 
ultrasonic power generator that provides a piezoelectric transducer with frequencies higher than 20 kHz. The 
electrical impulses are converted by this transducer into ultrasonic vibrations with a small amplitude, which 
are subsequently sent through the tool horn to the tool end. It further takes into account the working material 
rotational speed application during the micro-hole drilling operation. The MMG DC motor ranging from 0 to 
100 RPM is used for rotating the fixture on which the glass material is attached. The rotation of the work material 
causes the seepage action which provides the additional stability to the hydrogen gas film formation as well as 
spark generated during the process. The tool and auxiliary anode receive voltage from the DC power source. 
The X and Y axis motions and the tool feed rate are controlled by the CNC programme. Figure 1 gives viewers a 
visual understanding of the arrangement and parts used in this sophisticated machining procedure. Figure 1b, c 
displays the real picture of the fixture that is developed using Solidworks and fabricated using a 3D printer. The 
bottom and side walls, along with the other five sides, provide sufficient support for the work material in the 
fixture design.

Fig. 1.  (a) Developed experimental setup of UR-ECDD process (b) fabricated rotational work material holding 
fixture (c) CAD model of the rotational work material holding fixture (d) zoomed view.
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Figure  2 shows the comparative microscopy images of the micro-holes drilled with conventional ECDD 
process and UR-ECDD process. A much-deteriorated hole shape with large number of thermal cracks and Heat 
affected zone (HAZ) is produced using ECDD process (Fig. 2a, b). It is noticed that the combined application of 
tool electrode vibrations and work material rotation produces a better micro-hole geometry in terms of overcut, 
HAZ, thermal cracks and circularity (Fig. 2c–e). An improvement of 14.8% in MRR, 15.4% in HOC and 17.2% 
in CE is observed with the application of UR-ECDD process when compared to ECDD process at 40 V, 10 wt% 
NaOH concentration, 0.8 mm/min feed rate, 6 µm vibration amplitude and 60 rpm work material rotation. The 
micro-hole profiles get improved with the aid of vibration and rotational effect. The better replenishment of the 
electrolyte and debris removal from the drilling area produces the stable and uniform gas film formation. When 
ultrasonic vibrations were applied to the tool electrode, they induce cyclic oscillations at a high frequency (20–
30 kHz). These oscillations create rapid compressions and rarefactions in the electrolyte near the tool, enhancing 
electrolyte circulation and promoting faster bubble detachment. As a result, the gas film thickness is reduced, 
leading to a more uniform and stable gas layer. The agitation effect of ultrasonic vibrations prevents excessive 
clustering of hydrogen bubbles around the tool tip. Instead of forming a thick, unstable gas layer that could 
hinder spark initiation, the vibrations ensure continuous renewal of the film, maintaining a thin dielectric barrier 
that supports controlled and localized sparking. As a result, consistent sparks are produced, thereby generating 
better micro-holes geometries. This enhances material removal efficiency and reduces stray discharges, leading 
to improved machining precision.

An improvement in the micro-hole circularity is observed with tool vibrations as ultrasonic oscillations 
enhance electrolyte circulation, ensuring a thin and stable gas film that promotes uniform sparking and 
controlled material removal. Additionally, the workpiece rotational effect further aids circularity by whirling 
the electrolyte, preventing localized heating and facilitating even flushing of debris, reducing irregularities. 
The combined effect minimizes overcut variations, leading to smoother and more precise hole geometry. The 
developed UR-ECDD process is capable of machining other materials as well such as Quartz glass material, 
polymer composite material etc.

Machining conditions and procedure
Response indicators were recorded after each run of the experiments, which are methodically designed and 
carried out using Taguchi’s L16 orthogonal design. Taguchi’s research on orthogonal arrays is a systematic 
method for designing trials, allowing for the investigation of multiple control parameters and their interactions. 
The ZEISS Stemi 508 stereo zoom microscope is used to analyse the machined micro-holes in order to examine 
the HOC, CE and thermal fractures. The reproducibility of the experimental setup and results is performed 
during the initial machining. Three experiments are performed at each of the machining conditions in order 
to check the variations. A total of 9 experiments is performed and repeated three times at different machining 
conditions. The obtained variation in each of the experimental results is within the acceptable range32. The level 
of the each of the parameters is selected on the basis of initial machining and literature study. This range of input 
parameters are preferred by various authors owing to attainment of better responses in the process33,34.

Fig. 2.  Comparative analysis of the micro-hole geometries at 40 V, 10 wt% NaOH, 0.8 mm/min, 6 µm and 
60 rpm obtained with conventional ECDD (a & b) and with UR-ECDD (c & d). HAZ and Thermal Cracks (e) 
Zoomed view of the edges.
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To determine the influence of control variables, the experimental data are further examined using the signal-
to-noise ratio (S/N). Then grey relational analysis (GRA) was used to do multi-criteria optimization. The control 
variables used in the present investigation along with their levels is given in Table 1. Soda lime glass is used as 
a work material in the present study, The critical properties of the soda lime glass material is given in Table 2. 
NaOH electrolyte remove material much faster than other electrolytes because it produces negatively charged 
hydroxides (OH-) required in a chemical etching of the work-piece when dissolute in water12,35. NaOH has a 
high electrical conductivity, which makes it easier for the electrolyte to flow current efficiently. It is critical in 
forming the gas film around the tool in order to produce sparks that causes the removal of material36. Figure 3 
shows the time line and process flow chart of the present study procedure. The measured responses during 
multi-criteria optimization are listed in Table 3. All measurements of MRR, HOC and CE are repeated three 
times and their average value was considered as response. The standard deviation for MRR, HOC and CE is 0.12, 
0.017 and 0.029 respectively.

Measurements
Following the creation of micro-holes, measurements of the working material are carried out to perform the 
multi-criteria optimization. All measurements of MRR, HOC and CE are repeated three times and their average 
value was considered as response. Three measurements are averaged to reduce computational mistakes. However, 
the variation among the difference of the values is within acceptable range. For the measurement, a weighing 
machine (Model: CAY220, Make: CAS company) with a resolution of 0.0001 g is utilised. The micro-holes are 
analyzed from the hole entry side using ZEISS Stemi 508 stereo zoom microscope equipped with software to 
assess the HOC and CE.

MRR
The difference in the weight of the soda lime glass working material before and after UR-ECDD process in a unit 
of time is used to compute the MRR.

The following is the MRR formula as given in Eq. 1:

	 MRR = ((wh1 − wh2) /t)� (1)

where  = weight before UR-ECDD process and  = weight after UR-ECDD process.

HOC
The difference between the tool diameter (d) and the measured diameter of the hole entry (Dent) is known as hole 
overcut as expressed in Eq. 2. Figure 4a depicts an example of HOC during the ECDD process.

	 HOC = (D1 − D2)� (2)

CE
Out of roundness error is referred to as circularity error. It is calculated as the difference between the greatest 
and lowest radius of the hole, as illustrated in Fig. 4b and Eq. 3, and is used to assess the circularity, or geometric 
correctness, of the hole11,39.

Typical mechanical, thermal and 
electrical properties of soda-lime glass

Property Value

Mohs hardness 6

Specific heat, Cp (J/kg K) 670

Thermal conductivity, k (W/m K) 1.6

Young’s modulus (GPa) 68–72

Melting temperature, Tm (K) 1673

Density, ρ (kg/m3) 2170

Table 2.  Critical properties of soda lime glass materials37,38.

 

Control variables

Fixed variablesLevels Units I II III IV

A: Tool vibrations (TV) µm 3 4 5 6 Secondary tool Graphite

B: Tool Feed Rate (TFR) mm/min 0.6 0.7 0.8 0.9 Electrolyte NaOH

C: Work material rotation (WR) rpm 40 60 80 100 Primary tool Tungsten Carbide (Dia:0.35 mm)

D: Applied Voltage (AV) V 35 40 45 50 ECDD time 2 min

E: Electrolyte Concentration (EC) wt% 10 15 20 25 Electrolyte above the material 1 mm

Table 1.  Control variables and their levels utilized during UR-ECDD optimization investigation.
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Exp TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt%) MRR (mm3/min) HOC (mm) CE (mm)

1 3 0.6 40 35 10 0.9652 0.2354 0.1875

2 3 0.7 60 40 15 0.9564 0.2262 0.1969

3 3 0.8 80 45 20 0.9616 0.2135 0.2078

4 3 0.9 100 50 25 0.9452 0.2351 0.2251

5 4 0.6 60 45 25 1.1858 0.2124 0.1730

6 4 0.7 40 50 20 1.1649 0.2084 0.2021

7 4 0.8 100 35 15 1.1585 0.2184 0.1976

8 4 0.9 80 40 10 1.1887 0.1912 0.1799

9 5 0.6 80 50 15 1.2185 0.2041 0.1598

10 5 0.7 100 45 10 1.2187 0.2090 0.1787

11 5 0.8 40 40 25 1.2115 0.1887 0.1612

12 5 0.9 60 35 20 1.2015 0.1864 0.1387

13 6 0.6 100 40 20 1.2458 0.2115 0.1378

14 6 0.7 80 35 25 1.2618 0.1923 0.1354

15 6 0.8 60 50 10 1.2213 0.1918 0.1428

16 6 0.9 40 45 15 1.2215 0.1798 0.1337

Table 3.  Observed responses in present UR-ECDD optimization investigation.

 

Fig. 3.  Time line and process flow chart of present study.
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	 CE = (R1 − R2)� (3)
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Results analysis and findings
Signal to noise ratio analysis
S/N analysis entails evaluating the individual parametric combinations of input variables for all measured 
responses, as shown in Table 4. S/N ratios for responses with a "higher-the-better" target, such as MRR are 
calculated as follows:

	
S/N = −10 log10

[
1
n

n∑
i=1

( 1
MRRi

)2
]

� (4)

On the other hand, when calculating the S/N ratio for responses with a "smaller-the-better" objective, such as 
HOC and CE, the expression is as follows:

Exp TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt%) MRR (mm3/min) HOC (mm) CE (mm)

1 1 1 1 1 1 − 0.30765 12.5639 14.5400

2 1 2 2 2 2 − 0.38721 12.9101 14.1151

3 1 3 3 3 3 − 0.34011 13.4120 13.6471

4 1 4 4 4 4 − 0.48953 12.5749 12.9525

5 2 1 2 3 4 1.48023 13.4569 15.2391

6 2 2 1 4 3 1.32577 13.6220 13.8887

7 2 3 4 1 2 1.27792 13.2149 14.0843

8 2 4 3 2 1 1.50145 14.3702 14.8994

9 3 1 3 4 2 1.71651 13.8031 15.9285

10 3 2 4 3 1 1.71794 13.5971 14.9575

11 3 3 1 2 4 1.66647 14.4846 15.8527

12 3 4 2 1 3 1.59448 14.5911 17.1585

13 4 1 4 2 3 1.90897 13.4938 17.2150

14 4 2 3 1 4 2.01981 14.3204 17.3676

15 4 3 2 4 1 1.73645 14.3430 16.9054

16 4 4 1 3 2 1.73787 14.9042 17.4774

Table 4.  Experiment runs and their computed S/N ratios.

 

Fig. 4.  Measurement technique for (a) HOC (b) CE11,39,40.
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S/N = −10log10[ 1

n

n∑
i=1

(
(HOCorCE)i

)2
� (5)

In this case, 'n' denotes the number of measurements, and 'i' represents the response. A greater magnitude of 
the S/N ratio is typically viewed as reflecting the most significant variable in obtaining the desired results. The 
mean of the S/N ratio and the delta value are used in this investigation to find the best combination of input 
variables (Table 5). The delta value is calculated as the difference between the response lowest and highest mean 
values11,41.

Analysis of control variables impacting MRR
In Fig. 5, the main effects plot visually communicates the relationship between the Signal-to-Noise (S/N) ratio 
and MRR. Table 5, provides delta values for the MRR response and in compliance with Fig. 5. These delta values 
represent the differences between the lowest and highest mean values, offering insights into the variations in 
MRR across different experimental conditions. It is observed that MRR is highly influenced by the TV (Rank 1, 
2.2319) followed by WR (Rank 4, 0.1206), TFR (Rank 3, 0.1143), AV (Rank 4, 0.1001), and lastly by EC (Rank 
5, 0.0830). Figure 6 shows the contour plot of the MRR with respect to different control variables. The optimum 

Fig. 5.  MRR mean of SN ratio, (a) TV, (b). TFR, (c). WR, (d). AV, and (e). EC.

 

S/N ratio mean of MRR S/N ratio mean of HOC

Level TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt %) TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt%)

1 − 0.3811 1.1995 1.1056 1.1461 1.1620 12.87 13.33 13.89 13.67 13.72

2 1.3963 1.1691 1.1060 1.1724 1.0863 13.67 13.61 13.83 13.81 13.71

3 1.6738 1.0852 1.2244 1.1490 1.1223 14.12 13.86 13.98 13.84 13.78

4 1.8508 1.0861 1.1038 1.0723 1.1692 14.27 14.11 13.22 13.59 13.71

Delta 2.2319 0.1143 0.1206 0.1001 0.0830 1.40 0.78 0.76 0.26 0.07

Rank 1 3 2 4 5 1 2 3 4 5

S/N ratio mean of CE

Level TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt%)

1 13.81 15.73 15.44 15.79 15.33

2 14.53 15.08 15.85 15.52 15.40

3 15.97 15.12 15.46 15.33 15.48

4 17.24 15.62 14.80 14.92 15.35

Delta 3.43 0.65 1.05 0.87 0.15

Rank 1 4 2 3 5

Table 5.  Rank and delta value of response indicators. Significant values are in (bold/italics).
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setting of control variables combination for maximizing MRR is A4C3B1D2E4, corresponding to (3 µm, 80 rpm, 
0.6 mm/min, 40 V, 25 wt%).

Tool vibrations (TV) help in attaining the thin gas layer airing the tool that enhances the spark uniformity 
and as a result, improved MRR is obtained. An increase in TV results into an increase in MRR owing to have 
better and consistent flow of the electrolyte in the drilling area. A significant improvement of 29% in the MRR is 
noticed with the increase of TV from 3 to 6 µm as seen from Figs. 5 and 6 (Table 2, Experiments 1&13). Figure 7 

Fig. 7.  Microscopy images of the drilled micro-holes produced at different control variables using UR-ECDD 
process.

 

Fig. 6.  MRR contour plot at different control variables (a) TV & WR (b) TV & TFR (c) TV& AV (d) TV & EC.
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shows the microscopy images of the micro-holes drilled with the UR-ECDD process. An increase of MRR is 
visible in Figs. 5a and 6, with the increase of TV from 3 to 5 µm (Table 2, Experiments 1&12).

It is further illustrated that as the rotational speed of the work material increases, there is an increase in the 
MRR because the rotary motion helps the drilling of micro holes with better machining depth34. It also improves 
electrolyte circulation between the tool and the working material. This method has a significant benefit in that 
the energy from the spark is distributed uniformly over the whole drilling area, resulting in straight and clean-
cut holes. Additionally, at a very high WR, MRR tends to decrease because of splashing of the electrolyte, which 
then cause a hindrance in the formation of the gas layer (Figs. 5b, 6a). An increase of 0.0403 mm3/min in MRR 
is calculated with the increase of WR from 40 to 80 rpm at 6 µm TV. Figure 7d shows the improvement in MRR 
in comparison to Fig. 7a due to the increase in WR from 40 to 80 rpm (Experiments 1 & 14).

Tool feed rate plays a significant role in MRR (Fig.  5c & Table 5). Increasing the tool feed rate tends to 
decrease the MRR, as higher tool feed rates result in less interaction between the tool and the work material, 
leading to reduced thermal energy within the drilling area. As a result, low MRR is obtained at higher TWR. 
Figure 6b shows the increase in MRR with the decrease of TFR from 0.9 to 0.6 mm/min. It shows that the area 
having higher value of MRR exists at the lower values of the TFR.

The performance of MRR improves noticeably as applied voltage increases (Figs. 5d, 6c). This improvement 
can be due to the fact that higher voltage levels cause a greater number of hydrogen bubbles to form at the tool-
electrolyte interface. This increases the rate at which a gas layer forms, resulting in high-intensity sparks over 
the soda lime glass substance. As the concentration of the electrolyte increases, the MRR increases (Figs. 5e, 6d). 
Increased electrolyte concentration facilitates fast electrochemical reactions due to the speedy dissociation of H+ 
and OH− in the electrolytic solution. This causes the gas layer surrounding the tool to form quicker. It increases 
MRR by increasing spark striking and producing enormous heat in the drilling area.

Analysis of control variables impacting HOC  HOC is defined as the additional material removed in compari-
son to the tool diameter and is calculated using Eq. 3 (Fig. 4). Figure 8 illustrates the main effect plot of OC while 
Fig. 9 presents the contour plot of the MRR with respect to control variables. This figure provides a graphical 
representation of how HOC varies with the increase and decrease in control variables.

Analyzing the delta values of HOC in Table 5, reveals a substantial influence of TV on HOC, ranking highest 
at 1.40 (Rank 1), followed by TFR at 0.78 (Rank 2), WR at 0.76 (Rank 3), AV at 0.26 (Rank 4) and electrolyte 
concentration at 0.07 (Rank 5). The optimum setting of control variables combination for minimizing HOC is 
A4B4C3D3E3, corresponding to (6 µm, 0.9 mm/min, 45 V, 20 wt%). A significant improvement of 20.81% in the 
HOC is noticed with the increase of TV from 3 to 5 µm as seen from Figs. 6 and 7 (Table 2, Experiments 1&12). 
An improvement in HOC is visible in microscopy images of the micro-holes (Fig. 7a, b), with the increase of 
TV from 3 to 5 µm.

At higher TFR, OC tends to decrease because of the reduced contact between the tool and the work material. 
Less thermal energy is transmitted in the drilling area as a result. As expected, heat energy transmission by 
sparks decreases with increasing TFR, improving HOC (Fig. 9b). At a constant TV of 4 µm, the HOC drops 11% 
when the TFR level is changed from 0.6 to 0.9 mm/min (Experiments 5 & 8).

Further, HOC improves with the increase in WR since the rotational effect improves the electrolyte 
replenishment in the drilling area and hence, better sparks consistency around the tool. The occurrence of the 
spray sparks that causes an increase in overcut decreases with the application of the WR. An improvement 
of 22.4% in HOC is calculated with the increase of WR from 40 to 80 rpm at 6 µm TV. Figure 7d shows the 

Fig. 8.  HOC mean of SN ratio.
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improvement in MRR in comparison to Fig. 7a due to the increase in WR from 40 to 80 rpm (Experiments 1 & 
14).

Higher applied voltage and electrolyte concentration lead to deterioration of HOC due to increased bubble 
formation intensity, spark frequency, and chemical action at the micro-hole edge. This enlargement occurs due 
to increased heat energy transfer from the tooltip in the drilling area, resulting in a higher HOC. Notably, a 
performance improvement of 11.3% in HOC is noted with a concentration decrease from 25 wt% to 10 wt% and 
an applied voltage decrease from 45 to 40 V (Experiment 5 & 8, Figs. 8 and 9, Table 2).

Analysis of control variables impacting CE  CE is described as the out of roundness error or its deviation from 
a circular shape, and is calculated using Eq. 3 (Fig. 4). Figure 10 shows the CE main effect plot, whereas Fig. 11 
shows a contour plot indicating how CE evolves in relation to the control values. The delta values as given in 

Fig. 10.  HOC mean of SN ratio.

 

Fig. 9.  HOC contour plot at different control variables (a) TV & WR (b) TV & TFR (c) TV& AV (d) TV & EC.
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Table 5 reveals that TV has a significant effect on CE (Rank 1, 3.43) followed by the WR (Rank 2, 1.05), AV (Rank 
3, 0.87), TFR (Rank 4, 0.65) and EC (Rank 5,0.15). The optimal combination of control variables for minimizing 
CE is A4C2D1B1E3 corresponding to (6 µm, 80 rpm, 35 V, 0.6 mm/min, 20 wt%). Notably, increasing TV from 3 
to 6 µm results in a significant 36.06% improvement in CE, as observed in Figs. 10 and 11 (Table 2, Experiments 
1&13). Figure 11a–d has portrayed the HOC contour plot at different control variables.

Microscopy images in Fig. 7a, b further confirm the improved CE with a TV increase from 3 to 5 µm. The 
adequate availability of the electrolyte in the drilling area leads to the uniform and stable gas layer formation. 
As a result, consistent sparks take place at the tool periphery which further leads to the improvement of the CE.

Furthermore, an increase in WR improves the CE because the rotating impact improves electrolyte 
replenishment in the drilling region, resulting in more constant sparks around the tool. With the application of 
WR, the incidence of stray sparks that tends to produce irregular shape of the micro-holes is reduced. When the 
WR is raised from 40 to 80 rpm at a TV of 6 m, the CE improves by 38.47%. Figure 7d illustrates this, with better 
CE compared to Fig. 7a due to greater WR (Experiments 1 & 14).

AV significantly impacts TFR by controlling spark intensity over the working material, which increases with 
applied voltage, leading to an increase in CE. AV minimizes stray sparks from the tool, influencing roundness 
error and other control variables.

Higher TFR leads to decreased OC due to reduced tool and work material contact, resulting in less thermal 
energy transfer in the drilling area. As expected, CE improves with increasing TFR since the transference of 
the heat energy through the sparks decreases (Fig. 11b). When TFR is adjusted from 0.6 to 0.9 mm/min, CE 
decreases by 11% at a constant TV of 4 µm (Experiments 5 & 8).

Higher electrolyte concentration deteriorates the CE due to increased bubble formation intensity, spark 
frequency at the tungsten tool tip, and enhanced chemical action at the micro-hole edge. Notably, a performance 
improvement of 16.7% in CE is observed with a decrease in concentration from 25 to 10 wt% and a reduction in 
applied voltage from 50 to 35 V (Experiments 1 & 4, Tables 2 and 4).

Multi-criteria response optimization
MRR, HOC and CE are response factors that are sensitive to changes in input components. According to the 
S/N Ratio investigation, the maximum MRR is produced at high level of TV, third level of WR, low level of 
TFR, second level of applied voltage and high level of EC i.e., A4C3B1D2E4, corresponding to 3 µm, 80 rpm, 
0.6 mm/min, 40 V, 25 wt%. The optimal value of control variables for HOC is determined as high level of both 
TV & TFR while third level of WR, AV & EC i.e., A4B4C3D3E3, corresponding to 6 µm, 0.9 mm/min, 45 V, 20 
wt%. The optimal value of control variables for CE, on the other hand, is determined as high level of TV, second 
level of WR, low levels of TWR & AV, third level of EC i.e., A4C2D1B1E3 corresponding to 6 µm, 80 rpm, 35 V, 
0.6 mm/min, 20 wt%. Since, the levels of control variables are different for the different response indicators, so 
finding the best method combination for multi-criteria optimization is a big problem42. Hence, the multi-criteria 
optimization approach of Grey Relational Analysis (GRA) is utilised to identify the ideal combination to tackle 
this problem.

Fig. 11.  HOC contour plot at different control variables (a) TV & WR (b) TV & TFR (c) TV& AV (d) TV & 
EC.

 

Scientific Reports |        (2025) 15:16246 12| https://doi.org/10.1038/s41598-025-92574-9

www.nature.com/scientificreports/

Content courtesy of Springer Nature, terms of use apply. Rights reserved



Grey relational analysis
In the context of GRA, optimizing multi-criteria response indicators means converting it into a single-objective 
optimization problem. GRA consists of three steps: (i) Grey Relational Generation, (ii) Grey Relational 
Coefficients (GRC), and (iii) Grey Relational Grades (GRDs).

Figure 12 shows the procedure for GRA process. During the GRA, the experimental data of all response 
indicators are normalised using Eqs. 5 and 6, respectively. To create a comparable sequence in the 0–1 range, this 
normalisation is necessary7,22,25. The measured responses are classified into two categories: "higher-the-better" 
and "smaller-the-better." Eq. 6 is used to normalise answers that fall into the "higher-the-better" category, such 
as MRR, whereas Eq. 7 is used to normalise responses that fall into the "smaller-the-better" category, such as 
HOC & CE.

	
yi = max (xi) − (xi)

max (xi) − min(xi)

	
yi = (xi) − min(xi)

max (xi) − min(xi)
� (6)

In the provided equations, yi represents the normalized value,  is the measured response value, ‘min’ and ‘max’ 
denote the minimum and maximum values of xi and i signifies the number of response sequences. The next 
step includes utilising Eq. 7 to calculate the GRC once the sequence has been normalised. The identification 
coefficient, denoted by the factor '' in this equation, has a value that might be between 0 and 17,29. Each factor is 
given equal weight in this investigation, hence β is set to 0.5, a standard value in GRA. However, the selection 
of the weighing factors may influence the results but decision makers must choose its value before applying the 
GRA on the basis of their relative value for different responses in analysis.

The normalised values and associated GRCs for the response factors are provided in the Table 6.

	
GRC = Ni (k) = ∆min + β∆max

∆i + β∆max
� (7)

where ∆i is the difference between the maximum and sequential response factors, ∆min and ∆max is the 
minimum and maximum value of∆i. Grey Relational Grades (GRG) is obtained by considering average of GRC 
values as given in Eq. 8.

	
GRG = (γi) = 1

n

n∑
k=1

Ni (k)� (8)

Table 6 shows the relationship between the estimated GRGs for all the input factors’ combination while Table 7 
presents the mean of GRG along with their corresponding ranks. According to a higher-order GRG, the results 
of the experiment for that grade are more likely to meet the optimum response requirements29. As a result, the 
GRG analysis determined that the A4B4C1D3E2 (6 µm, 0.9 mm/min, 40 rpm, 45 V & 15 wt%) combination 
of optimal factors for this investigation corresponds to experiment 16. Figure 13 shows the bubble plot of the 
GRG obtained during the multi-objective response optimization at different tool vibrations using work material 

Fig. 12.  Step wise procedure in the GRA.
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Fig. 13.  Bubble plot of the GRG at different control variables.

 

Level TV (µm) TFR (mm/min) WR (rpm) AV (V) EC (wt%)

1 0.3714 0.58855 0.632675 0.639075 0.594775

2 0.5432 0.590075 0.63095 0.621675 0.610775

3 0.69225 0.590725 0.639875 0.6189 0.618275

4 0.8394 0.676875 0.542725 0.566575 0.6224

Delta 0.468 0.088325 0.09715 0.0725 0.027625

Rank 1 3 2 4 5

Table 7.  Mean GRG. Significant values are in bold.

 

Exp

Normalized value GRC

GRG (grey 
relational 
grades)

MRR HOC CE MRR HOC CE Value Order

1 0.0632 0.0000 0.4114 0.348 0.3333 0.4593 0.3802 14

2 0.0354 0.1655 0.3085 0.3414 0.3747 0.4196 0.3786 15

3 0.0518 0.3939 0.1893 0.3453 0.4520 0.3815 0.3929 13

4 0.0000 0.0054 0.0000 0.3333 0.3345 0.3333 0.3337 16

5 0.7599 0.4137 0.5700 0.6756 0.4603 0.5376 0.5578 10

6 0.6939 0.4856 0.2516 0.6203 0.4929 0.4005 0.5046 11

7 0.6737 0.3058 0.3009 0.6051 0.4187 0.4170 0.4803 12

8 0.7691 0.795 0.4945 0.6841 0.7092 0.4973 0.6302 8

9 0.8632 0.5629 0.7144 0.7852 0.5336 0.6365 0.6518 7

10 0.8639 0.4748 0.5077 0.7860 0.4877 0.5039 0.5925 9

11 0.8411 0.8399 0.6991 0.7588 0.7575 0.6243 0.7135 6

12 0.8095 0.8813 0.9453 0.7241 0.8081 0.9014 0.8112 3

13 0.9495 0.4299 0.9551 0.9083 0.4672 0.9176 0.7644 5

14 1.0000 0.7752 0.9814 1.0000 0.6898 0.9641 0.8846 2

15 0.8721 0.7842 0.9004 0.7963 0.6985 0.8339 0.7762 4

16 0.8727 1.0000 1.0000 0.7971 1.0000 1.0000 0.9324 1

Table 6.  GRG values for the measured response indicators.
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rotation as a bubble size and tool feed rate as a categorial variable. It shows the scattering of the GRG at different 
input variables.

However, taking into account all four levels is crucial in order to fully comprehend the influence of each 
control factor on the grey relational grades. Thus, as shown in Fig. 14, the final combination of input process 
factors is determined using the GRG means.

The best combination for the combined response indicators i.e., maximizing MRR, minimizing HOC and 
minimizing CE is identified as A4C3B4D1E4 (6 µm, 80 rpm, 0.9 mm/min, 35 V, 25 wt%) using the delta ranking 
technique. The results show that the tool vibrations have the maximum effect on the multi-criteria response 
indicators followed by the rotational effect, tool feed rate, applied voltage and electrolyte concentration. Higher 
level of tool vibrations results in the faster replenishment of the electrolyte that produce uniform and consistent 
sparks within the drilling region. Third level of work material rotation results into the stable formation of the 
gas layer and as a result, better spark uniformity around the tool is observed. Additionally, the sludge is easily 
removed from the drilling region owing to centrifugal forces developed through rotational effect.

Because there is less contact between the tool and soda lime glass, the impact of the heat energy from the 
spark decreases in the drilling zone at a high tool feed rate. Higher tool feed rates are hence advantageous for 
lowering low HOC and preferred MRR. The low level of applied voltage is necessary to the reduced HOC & 
CE with the generation of the low intensity sparks since high level of applied voltage tends to result in higher 
HOC & CE due to increase in spark intensity. As a result, low level applied voltage results in improved HOC & 
CE with preferrable MRR. The response indicators during multi-criteria optimization are least affected by the 
electrolyte concentration (Rank 5), its higher level tends to produce necessary sparks required for the removal of 
the material and etching action around the hole periphery.

GRA-confirmation test
Confirmation tests must be performed in order to verify the enhancement of the response variables at the 
identified level. The GRG is predicted using Eq. 9.

	
G = Gm +

j∑
i=1

(Gi − Gm)� (9)

where Gi is the mean GRG at the optimal level of factors, G is the anticipated GRG, j is the number of control 
factors, and Gm is the overall mean GRG. GRG as a whole is 0.6115.

When the control factors are at their optimum levels (A4C3B4D1E4), the calculated GRG is found to be 
0.8864. The outcomes of the confirmation test performed at these optimum levels are shown in Table 8. A total 
of three experiments repetitively at same optimized conditions is performed and the obtained variation is within 
the acceptable range. The results of the confirmation tests, which are determined by averaging three trials, closely 
resemble the predictions made through GRGs. Interestingly, there has been a 42.16% improvement in the GRG 
between the initial condition (A2B2C2D2E2) and the optimal conditions (A4C3B4D1E4).

A set of microscopic pictures showing the micro-holes drilled using the optimized input factors as well as 
the initial input factors are shown in Fig. 15. A visual comparison of these two picture sets shows significant 
improvements in all the response indicators alongside the improvement in the HAZ and thermal cracks of the 
micro-holes. When the holes are made using the optimised input factors, this improvement is quite noticeable. 
The implementation of these optimised input variables is a critical component of the drilling process for attaining 

Fig. 14.  Mean plot of GRG.
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superior outcomes, since the reduction of the HOC, CE, HAZ and the mitigation of thermal fractures are critical 
to guaranteeing the high-quality and integrity of the end product.

Machine learning approach
Machine learning (ML) contributes an essential part in optimizing the machining process. It supports real-time 
process control, predictive maintenance, material characterisation, parameter optimisation, anomaly detection, 
and quality prediction. ML can identify the best parameter settings, manage the process in real-time, forecast 
maintenance requirements, evaluate the quality of the machined workpiece, identify anomalies, and direct the 
selection of parameters for various materials by examining data from previous machining operations.

Gradient boost regression
The use of Gradient Boosting Regression is a machine learning technique that can be applied to regression 
problems43. The process involves adding more predictions to the overall system, with each one improving on 
the previous one. By training various models and combining their predictions to create a final prediction, this 
method of ensemble learning is employed. Gradient Boosting usually uses decision trees as core learners, often 
called “weak learners” because they are simple models44. Sequential training: It trains several models iteratively. 
Each new model tries to correct the mistakes made by the previous one. It uses a technique called gradient 
descent to minimize the loss function. At each iteration, it calculates the gradient of the loss function against the 
output of the ensemble and then updates the ensemble in the direction that minimizes the loss45.

The origin of the boosting approach is actually a response46 to Kearns’s question: is one strong student equal 
to a group of weak learners? A strong base model is a more accurate prediction or classification algorithm that is 
arbitrarily highly correlated with the problem; a weak leaner is an algorithm that performs just marginally better 
than random guessing. The response to this query is crucial. When estimating a weak model, it is frequently 
simpler than estimating a strong model. Schapire46 demonstrates that the answer is yes by combining many weak 
models into a single, very accurate model using boosting methods.

Fig. 15.  Confirmation test: microscopy images of the micro-holes (a) Initial machining conditions (b) 
Optimum machining conditions (GRA).

 

Levels of control factors GRG values

Initial input control factors (A2B2C2D2E2) 0.5934

Optimum levels of input factors
(A4C3B4D1E4)

Predicted 0.8243

Experimental 0.8436

Table 8.  Confirmation tests at the optimum level of control variables.
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Boosting is a method of building base models sequentially to improve prediction accuracy. Iteratively building 
multiple models, focusing on challenging instances, is the key difference between bagging and boosting. Bagging 
involves uniformly selecting each sample to construct the training dataset, while boosting strategically adjusts 
the distribution of training data at each step, focusing on previously misclassified or inaccurately estimated 
samples. This approach assigns higher weights to misclassified samples, giving them greater prominence in 
subsequent training iterations. The goal is to rectify the errors of previous models47,48.

Random forest regression
A supervised machine learning prediction method built using decision tree algorithms is called random forest 
regression (RFR)49. It is a model ensemble approach that builds model aggregations and lowers the costs of 
storing, training, and drawing conclusions from several models, all while improving test accuracy. One of the 
well-known ensemble techniques for regression is random forest. The random forest’s output is the average of 
each prediction tree as this ensemble technique trains a large number of decision trees—hence the name "forest." 
It is predicated on the random subspace and bagging technique. The main idea behind bagging, or bootstrapping, 
is to train every learner using a distinct set of data. A random forest has several trees planted in it50.

The Gradient Boosting and Random Forest Regression based machine learning approach is used to predict the 
response characteristics i.e., MRR, HOC and CE. The experimental results obtained during UR-ECDD process 
L16 design at different machining control parameters i.e., ultrasonic vibration, work material rotation, tool feed 
rate, applied voltage and electrolyte concentration are used for machine learning analysis. The 16 experiments 
are splitted into a training (9), testing (3) and validation (4) set using the scikit-learn train_test_split function 
that provides the best prediction results. Web search cross-validation is used to find the best hyper parameters 
of in both the Regressor model separately to predict each target variable. The parameter grid contains options 
for the number of evaluations, the learning rate and the maximum depth of combination trees. The best model 
for each target variable is then selected based on the grid search results. Finally, these best models can be used to 
predict the corresponding processing performance indicators.

Results analysis
Figure 16 provides the comparison of experimental and precited values of the MRR, HOC and CE during training 
of the model. It is clear from the figure that the predicted values are in close relation with the experimental values 
precited through Random Forest regression when compared to Gradient Boost regression model. The predicted 
model is validated to check the efficacy and used to predict the optimal values of the responses. Figure 17 shows 
the plot of experimental and predicted values during the validation study in Random Forest Regression. It is 
observed that the trend of the predicted values is similar to the experimental. However, an error is also observed 
that may be due to lack of data and overfitting51. The ML based study indicates that Random Forest Regression 
based machine learning approach is better and capable of predicting the responses i.e., MRR, HOC and CE with 
accuracy.

Both academic and industrial applications can benefit from the findings of ML-based predictive modelling. 
Researchers can better understand the intricate relationships between the different variables by using this 
data-driven method to analyse and optimize UR-ECDD machining parameters especially tool vibrations and 
work material rotations. Additionally, by providing an effective outcome prediction, it lessens the need for 
lengthy experimental trials. Manufacturers can improve efficiency, accuracy, and overall machining quality in 
UR-ECDD operations by optimizing process parameters through machine learning in industrial applications. 
Adaptive control based on projected outcomes is made possible by its support for real-time monitoring and 
decision-making. By increasing the predictability and repeatability of machining results, it also contributes to 
sustainability and lessens material waste.

Fig. 16.  Comparison of predicted and experimental results using random forest and gradient boost (training 
data set).
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Conclusions
The fundamental purpose of this investigation is to perform a detailed analysis into the multi-criteria optimization 
of UR-ECDD input factors. With a focus on soda lime glass material, the major objectives of this optimization 
are to maximise MRR, minimise HAZ and CE during the micro-hole drilling process. The ultimate goal of 
this investigation is to boost the accuracy and productivity of micro-hole drilling operations by conducting a 
comprehensive performance evaluation. Two important techniques are used: the signal-to-noise (S/N) ratio 
and the grey relational analysis (GRA) to systematically analyse the machining performance and determine 
the optimum range of control variables. Taking into account the MRR, HOC and CE as essential performance 
measures, these techniques offer a strong framework for evaluating the effectiveness of the UR-ECDD. The 
investigation’s key finding is that the previously difficult multi-criteria optimization issue was simplified into a 
more doable single-objective optimization work. This simplification is essential to making it easier to evaluate 
the machining process in a straightforward and efficient manner. By doing this, it emphasises the benefits of 
using the Grey Relational Analysis (GRA) approach rather than the S/N ratio to get the intended optimization 
results. The machine learning based predictive model is developed using Gradient Boost and Random Forest 
approach. The major conclusions withdrawn from the present investigation are:

	1.	 The S/N ratio shows that the best control variable combination for maximizing the MRR is A4C3B1D2E4, 
corresponding to (3 µm, 80 rpm, 0.6 mm/min, 40 V, 25 wt%), whereas the best combination to minimize the 
HOC is A4B4C3D3E3, corresponding to (6 µm, 0.9 mm/min, 45 V, 20 wt%) and to minimize CE is A4C2D-
1B1E3 corresponding to (6 µm, 80 rpm, 35 V, 0.6 mm/min, 20 wt%) respectively.

	2.	 The tool vibrations and work material rotational effect enhance the response indicators during the drilling 
process owing to better replenishment of the electrolyte in the drilling region followed by uniform and con-
sistent spark frequency. The rotational effect introduced centrifugal effect that helps in the removal of the 
debris that further prevents the rupture of the gas film and maintain consistent sparks.

	3.	 GRA based optimized control variables obtained for multi-criteria responses in UR-ECDD is A4C3B4D1E4 
(6 µm, 80r pm, 0.9 mm/min, 35 V, 25 wt%).

	4.	 When responses are assessed at the optimum combination of the control variables in contrast to initial con-
trol variables, a 42.16% improvement in the GRG is seen.

	5.	 The present investigation can effectively help determine the optimum set of control variables to improve the 
performance of the ultrasonic assisted rotary electrochemical discharge drilling process. It has proven to be 
suitable for doing multi-criteria response optimization.

	6.	 UR-ECDD presents a cost-effective alternative to traditional drilling methods, despite its ability to machine 
hard and brittle materials with improved geometrical accuracies in terms of HOC, CE and efficiency. Re-
duction in tool wear results in longer tool life that may be able to offset long-term maintenance costs, but 
the additional equipment (Transducer, Motor for rotation, Tooling and Fixture etc.) needed might result in 
higher initial setup costs. The increasing quality with UR-ECDD process reduces the cost of post processing. 
Process may require extra energy to machine the material that leads to increase in operation cost.

	7.	 The proposed Random Forest based machine learning model outperforms Gradient Boost method in terms 
of prediction accuracy, and robustness, requiring less training data.

	8.	 Random Forest Method is validated to assess its efficacy and predicted values shows a similarity in trend with 
the experimental values.

Future scope of the study
UR-ECDD exhibits better geometrical characteristics in terms of circularity and overcut during soda lime glass 
drilling. However, there are some areas that still can be explored for further improvement of the process as given 
below:

Fig. 17.  Comparison of predicted and experimental results using random forest (validation data set).
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	1.	 It is observed that during drilling process, tool comes in contact with the work material when it is moving 
at a higher tool feed rate. The tool contact with the work material deteriorates the surface quality and results 
in deteriorated hole shape. The future work can be extended by utilizing the load sensor that detect the tool 
contact with the work material in UR-ECDD process.

	2.	 The evaluation of the thermal effects and machining induced stresses on the material properties can also be 
the motivation for future work.

	3.	 Researching and investigating the green electrolytes that can reduce the environmental impact in terms of 
fumes and vapors. It also enhances the safety of the operator. Moreover, the novel filtration techniques for 
used electrolytes that can help in waste management can be explored.

	4.	 Considering responses like high aspect ratio, cylindricity and hole taperness etc. can also be a work for future 
study for multi-criteria optimization.

	5.	 The effect of different tool shapes in optimizing drilling performance and tool life.

Data availability
All data generated or analysed during this study are included in this manuscript. All the characterizations, anal-
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and Sandeep Singh. Additionally, the raw data can be obtained on request from the corresponding authors, Sahil 
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