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This study explores the application of 3D-printed SS316L electrodes in the 

Electrical Discharge Machining (EDM) of Ti6Al4V alloy and employs 

machine learning (ML) models to predict and optimize key performance 

metrics such as Material Removal Rate (MRR), Tool Wear Rate (TWR), 

surface roughness, and hardness. EDM experiments were conducted using 

a Box–Behnken and L27 orthogonal array design, and data-driven models 

were trained using four regression algorithms. Initial experiments with 27 

data points showed limited model accuracy (R² = 56.2% for MRR using 

Random Forest). To enhance prediction capability, the dataset was expanded 

to 200 samples using polynomial interpolation. After expansion, Random 

Forest achieved 95.6% R² in predicting MRR and TWR, while XGBoost 

reached 98.6% R² for surface roughness and hardness. These findings 

demonstrate that integrating 3D-printed electrodes with AI-driven 

modelling and improving the data set significantly improves the predictive 

control. 
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1. Introduction 

EDM is a thermal erosion process that removes material through controlled electrical discharges between 

an electrode and the workpiece [1]. This technique is particularly suitable for machining hard-to-cut materials 

like Ti6Al4V, as it eliminates the mechanical stresses associated with traditional machining. The performance 

of EDM, however, is heavily influenced by the electrode material and design, making the selection and 

fabrication of electrodes a critical aspect of the process. Among the unconventional machining methods, electric 

discharge machining (EDM) is arguably the most advanced and effective. EDM operates differently from 

conventional techniques, which call for direct mechanical labor. Between a tool electrode and a workpiece 

immersed in dielectric fluid, a sequence of regulated electrical discharges is produced. The workpiece and 

electrode are submerged in a dielectric liquid. Small pieces of the workpiece are melted and vaporized by the 

electrical discharges, and they are flushed away by the dielectric fluid. Titanium and nickel are two extremely 

difficult alloys to work with using conventional manufacturing techniques, however Advanced EDM can 

handle them thanks to the particular machining technology. [2,3]. 

The application of titanium alloys, particularly TI6AL4V, in various industries such as aerospace, 

biomedical, and automotive, is largely attributed to their high strength-to-weight ratio, biocompatibility, and 

exceptional corrosion resistance. However, TicA14V poses significant machinability challenges because it is 
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known for its high hardness and strength, leading to rapid tool wear during traditional machining processes 

[4,5]. This difficulty has resulted in the increased adoption of Electric Discharge Machining (EDM) as a preferred 

method for fabricating TI6AL4V components, primarily because EDM can achieve better surface finish and 

precision than conventional techniques [6]. To optimize EDM processes for TI6AL4V, it is crucial to fine-tune 

machining parameters such as discharge current (Ip), voltage (Vg), pulse-on-time (Ton), and pulse-off-time 

(Toff). Studies have demonstrated that these factors significantly influence the material removal rate (MRR) and 

tool wear rate (TWR) [7]. For instance, the discharge current is particularly impactful on the MRR, meaning that 

adjustments in this parameter can lead to substantial improvements in machining efficiency. The response 

surface methodology (RSM) is frequently employed in this context to model and optimize theses parameters 

effectively, enabling precision engineering of the machining process. In recent years, the investigation into the 

use of 3D printed electrode, particularly from materials like stainless steel (SS316L), has emerged as a promising 

development in EDM technology [8]. SS316L combines excellent strength and corrosion resistance with the 

capability for complex geometrical shapes, making it well-suited for additive manufacturing application [9]. 

Initial findings suggest that using 3D printed SS316L electrodes could enhance the machining performance of 

TI6AL4V significantly across various EDM parameters, including electrode wear rate (EWR) and surface 

roughness. The preliminary experiments indicate that leveraging this advanced electrode material may 

improve the efficiency of EDM processes and lead to better overall outcomes than traditional electrode 

materials. [10]. 

The integration of machine learning (ML) approaches in Electric Discharge Machining (EDM) research has 

opened new avenues for advanced process modeling and optimization. ML has demonstrated efficacy in 

managing intricate and nonlinear interdependencies among various machining parameters and their 

corresponding EDM responses, offering significant potential for enhancing process performance outcomes [11]. 

In particular, numerous ML models have been developed to predict Material Removal Rate (MRR) based on a 

variety of factors, including specimen hardness, surface roughness, machining time, discharge current, voltage, 

pulse-on-time (Toff) and pulse-off-time (Toff) [12]. The deployment of ML in EDM not only facilitates the 

prediction of MRR but also extends the utility of these models to forecast other crucial outcomes, such as Tool 

Wear Rate (TWR) and post-machining surface characteristics, including surface roughness, and hardness 

[13,14]. These multi-faceted predictions underscore the versatility of ML techniques in the EDM. The 

effectiveness of different ML algorithms including artificial neural networks (ANN), hybrid models, and genetic 

algorithms has been thoroughly evaluated to create robust dependency models that accurately estimate EDM 

features and further optimize machining parameters [15].Overall, the intersection of ML and EDM not only 

broadens the insight into how various parameters affect machining outcomes but also provides a data-driven 

basis for forecasting process parameters in real-time, thus positioning EDM as a more efficient and adaptable 

manufacturing method. Cogun et al. [16] applied machine learning techniques (ANN, ANFIS, SVM) to optimize 

machining parameters and reduce tool shape degeneration in die-sinking EDM, demonstrating ANN's superior 

predictive ability compared to other models. Kosarac et al. [17] optimized machining parameters for Ti-6Al-4V 

milling to minimize surface roughness using Taguchi's method, and employs machine learning, particularly 

Random Forest, for predictive modeling of surface roughness. Mollik et al. [18] investigated vibration-assisted 

micro electro-discharge machining (lEDM), showing that vibration reduces short circuits at low discharge 

energy but becomes less effective at higher discharge energy. Cetin et al. [19] used machine learning algorithms 

to predict electro-erosion wear in EDM processes with cryogenically treated mold steel electrodes, achieving 

99% accuracy and identifying key factors influencing wear patterns. Abbas et al. [20] investigated EDM 

processing of composites, examining tool material and process parameters using RSM and machine learning 

techniques (Xgboost, random forest, decision tree) for predicting surface roughness, with TLBO optimization. 

Surleraux et al. [21] presented a computationally efficient optimization framework using artificial neural 

networks (ANN) to generate micro EDM tool shapes, reducing simulation costs and achieving less than 6% 

deviation from full optimization. 

Despite the growing use of EDM for machining difficult materials like Ti6Al4V, the application of 3D-

printed SS316L electrodes in this context remains limited. Current studies rarely investigate their effect on key 

responses such as MRR, TWR, and surface roughness. Additionally, while machine learning (ML) has been 

used to model EDM processes, most models focus on conventional electrodes and predict outputs 
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independently. There is a noticeable lack of integrated ML approaches that can simultaneously forecast multiple 

machining responses. This study addresses these gaps by evaluating the effect of EDM parameters (Ip, Vg, Ton, 

Toff) using 3D-printed SS316L electrodes on Ti6Al4V. ML models will be developed to predict MRR, TWR, 

surface roughness, and hardness, offering a multi-response perspective. 
2. Materials And Methods 

2.1 Electrical Discharge Machining (EDM) process 

Electrical Discharge Machining (EDM) is a non-traditional machining process that removes material 

through electrical sparks generated between the electrode and the workpiece [22]. It is widely used for 

machining hard-to-cut materials such as titanium, superalloys, and hardened steels. Unlike conventional 

machining techniques, EDM does not require direct contact between the tool and the workpiece, reducing 

mechanical stresses and making it ideal for intricate shapes and delicate materials [23].  

The choice of electrode material significantly impacts EDM efficiency. Materials with high thermal and 

electrical conductivity, wear resistance, and low electrode wear rate are preferred. SS316L, due to its corrosion 

resistance, mechanical strength, and excellent thermal stability, is a potential candidate for EDM applications. 

Traditional electrode materials such as copper and graphite have limitations in terms of wear rate and cost, 

making SS316L a promising alternative, especially when fabricated through advanced 3D printing technologies. 

In this study SS316L electrodes are fabricated through Direct Metal laser Sintering (DLMS) process which allows 

precise fabrication of SS316L electrodes with optimized geometries to enhance EDM performance. The DMLS 

process for the SS316L electrode is shown in Figure 1. These methods enable customization of electrode designs, 

leading to improved efficiency, reduced material waste, and enhanced control over microstructural properties. 

The ability to tailor electrode designs through 3D printing provides an opportunity to optimize EDM outcomes 

and develop next-generation machining solutions. 

In this study TI6AL4V with a dimension of 100 mm length, 60 mm width and 5 mm height workpiece has 

been chosen. TI6AL4V, a titanium alloy, is known for its high strength-to-weight ratio, excellent corrosion 

resistance, and biocompatibility [24]. These properties make it a preferred material in aerospace, medical, and 

automotive industries. However, its low thermal conductivity and high chemical reactivity with cutting tools 

present challenges in conventional machining [25]. EDM provides an alternative approach, minimizing tool 

wear and thermal damage while maintaining the integrity of the workpiece. The effectiveness of EDM in 

machining TI6AL4V is highly dependent on electrode performance, making the study of 3D-fabricated SS316L 

electrodes crucial. 

2.2 Importance of Electrode Material in EDM 

The choice of electrode material significantly impacts EDM efficiency. Materials with high thermal and 

electrical conductivity, wear resistance, and low electrode wear rate are preferred. SS316L, due to its corrosion 

resistance, mechanical strength, and excellent thermal stability, is a potential candidate for EDM applications. 

Traditional electrode materials such as copper and graphite have limitations in terms of wear rate and cost, 

making SS316L a promising alternative, especially when fabricated through advanced 3D printing technologies. 

2.3 Overview of 3D Fabrication of SS316L Electrodes 

3D printing technologies such as Selective Laser Melting (SLM) and Direct Metal Laser Sintering (DMLS) 

allow precise fabrication of SS316L electrodes with optimized geometries to enhance EDM performance. These 

methods enable customization of electrode designs, leading to improved efficiency, reduced material waste, 

and enhanced control over microstructural properties. The ability to tailor electrode designs through 3D 

printing provides an opportunity to optimize EDM outcomes and develop next-generation machining 

solutions. 

2.4 Ti6Al4V Alloy and its Machining Challenges 

Ti6Al4V, a titanium alloy, is known for its high strength-to-weight ratio, excellent corrosion resistance, and 

biocompatibility. These properties make it a preferred material in aerospace, medical, and automotive 

industries. However, its low thermal conductivity and high chemical reactivity with cutting tools present 

challenges in conventional machining. EDM provides an alternative approach, minimizing tool wear and 

thermal damage while maintaining the integrity of the workpiece. The effectiveness of EDM in machining 

Ti6Al4V is highly dependent on electrode performance, making the study of 3D-fabricated SS316L electrodes 

crucial. 
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2.5 ML based approached in EDM of TI6AL4V 
Artificial intelligence (AI) and Machine Learning (ML) techniques help in optimizing EDM parameters by 

predicting performance metrics and reducing the need for trial-and-error experimentation. Machine learning 

models can analyze of experimental data to identify optimal machining conditions, leading to increased 

efficiency, reduced material wastage, and improved accuracy. The integration of AIML in EDM provides 

significant advantages by enabling real-time monitoring adaptive control, and predictive maintenance of 

machining processes. 

3. Proposed Model 

3.1 Experimental Setup 

The EDM experiments were conducted using a CNC EDM machine equipped with a dielectric fluid 

circulation system. The machine was configured to maintain a controlled environment, ensuring stable spark 

generation. The setup included a power supply unit, pulse generator, and a servo system for electrode 

movement control. 

3. 2 Selection and Fabrication of SS316L Electrode 

The SS316L electrode was fabricated using Selective Laser Melting (SLM) technology. The 3D printing 

process involved laser melting of SS316L powder layer by layer to achieve the desired electrode geometry. After 

fabrication, the electrode was post-processed through heat treatment and surface finishing to enhance its 

electrical conductivity and mechanical strength. 

3.3 Workpiece Material: Ti6Al4V Specifications 

The workpiece material used in this study was Ti6Al4V, a widely used titanium alloy with the following 

specifications: 

• Composition: Titanium (90%), Aluminium (6%), Vanadium (4%) 

• Density: 4.43 g/cm³ 

• Hardness: 35-40 HRC 

• Thermal Conductivity: 6.7 W/m·K 

3.4 EDM Machine and Process Parameters 

The EDM process was carried out under controlled conditions with the following process parameters: 

• Voltage: 80V 

• Current: 10-30 A 

• Pulse-on Time: 100-300 µs 

• Pulse-off Time: 50-150 µs 

• Dielectric Fluid: Kerosene 

• Flushing Pressure: 0.3 MPa 

• Electrode Polarity: Positive 

Machine learning models were developed to predict EDM performance metrics such asMRR ,TWR , surface 

roughness and harness value.  The prediction has been made on aBox–Behnken design of experiment followed 

by a full factorial L27 OA design. Data analysis was performed to find how each parameter are affecting the 

other parameters. We have used heatmap to check correlation between each and everyparameters. The figure 

2 shows the heatmap and from which we found that the parameters like MRR, TWR are highly correlated with 

other parameters like current, voltage, Ton, Toff from which we can conclude that regression models can be 

applied to predict the parameters like MRR, TWR, hardness values etc.The detail process for model application 

are listed below andFigure 3 demonstrated the flow chart of the model architecture followed in this current 

work. 

Step 1-Data Preprocessing: Experimental data was collected and normalized. 

Step 2-Feature Selection: Key parameters affecting MRR, TWR, and SR were identified. 

Step 3-Model Training: Various ML algorithms (Random Forest, Linear Regression, Polynomial regression 

and XGBoostRegression) were trained using experimental data. 

Step 4-Validation: Model accuracy was tested using Root Mean Square Error (RMSE) and R² score. 

Step 5-After accuracy was checked the values were very less as data used had only 27 samples. Then the 

linear and polynomial interpolation method was executed to increase the data to 76 samples initially then 200 

samples. 
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Step 6-Further the Machine learning algorithms were applied and Root Mean Square Error (RMSE) and R² 

score and accuracy of the models improved after increasing the sample data. 

The correlation heatmap in Figure 10 reveals the key relationships among EDM process parameters and 

machining responses. Notably, Material Removal Rate (MRR) shows a strong positive correlation with the 

current and Tool wear rate, while having a negative correlation with Ton, surface roughness, and hence it 

indicates that higher MRR is associated with better surface quality . TWR also correlates positively with MRR, 

current and micro hardness value showing that TWR increases with material removal rate and current. 

Interestingly, the core EDM input parameters—discharge current (Ip), pulse on-time (Ton), pulse off-time 

(Toff), and gap voltage (Vg)—exhibit weak linear correlations with output responses, suggesting complex or 

non-linear dependencies better suited for machine learning models. Surface roughness shows only mild 

correlation with other variables, indicating it may be influenced by additional factors beyond the scope of these 

parameters. 

 

Fig. 1. the machine learning model used for prediction of MRR, 

TWR, surface roughness and harness values. 

The figure 1 shows the flow diagram of the machine learning model used for prediction of MRR, TWR, 

surface roughness and harness values. Strong methods for producing extra data points between preexisting 

observations, such as linear and polynomial interpolation, improve datasets for machine learning. Drawing a 

straight line between two known points and using the method to calculate intermediate values is how linear 

interpolation estimates new values. The formula used is 

              𝑌𝑛𝑒𝑤 = (1 − 𝛼)𝑦1 + 𝛼𝑦2   (1) 

where α controls position between points 

Conversely, polynomial interpolation captures intricate, nonlinear trends by fitting a higher-degree 

polynomial through a number of points. Although techniques like cubic splines and Lagrange interpolation can 

produce more accurate and smoother data, they run the danger of overfitting if the polynomial degree is too 

high. Linear interpolation is a technique used to increase the number of data points in a dataset by estimating 

new values between existing data points, assuming a straight-line relationship between them. It works by 

taking two known data points and generating intermediate values that lie on the straight line connecting them. 

For example, if you have measurements at times t1 and t2, linear interpolation can estimate values at time steps 

between t1 and t2 based on the linear trend between the two. This method is especially useful in machine 

learning when working with small or sparse datasets, as more data points can improve model performance by 

providing the algorithm with more information to learn from. However, it’s important to note that while linear 

interpolation can help smooth or densify data, it does not add new information or patterns- it assumes that the 

trend between points is linear. Therefore, it’s best suited for datasets where this assumption holds true, such as 

in time series or sensor data with gradual changes. Polynomial interpolation is a method used to increase the 

number of data points in a dataset by fitting a single polynomial function that passes through all the known 

data points, and then using that function to estimate new intermediate values. Unlike linear interpolation, 

which assumes straight-line relationships between pairs of points, polynomial interpolation allows for curved, 

more flexible fits that can capture more complex trends in the data. 
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In the context of machine learning, polynomial interpolation can be used to densify a sparse dataset, 

particularly when the underlying relationships between data points are nonlinear. By generating additional 

synthetic data points along the smooth curve defined by the polynomial, models may have more examples to 

train on, which can improve learning—especially for algorithms sensitive to data quantity or distribution. 

However, high-degree polynomials can introduce problems like Runge’s phenomenon (wild oscillations 

between points), leading to unrealistic or unstable interpolations. So, while polynomial interpolation can be 

powerful, it should be used with caution, ideally with lower-degree polynomials or piecewise approaches (like 

splines), to balance flexibility with stability and avoid misleading the machine learning model with artificial 

patterns. 

4. Results And Discussion 

4.1 AI/ML-Based Prediction of EDM Performance 

To predict MRR and TWR value based on current, voltage, Ton, Toff, machining time, surface roughness, 

hardness value we have used linear regression, polynomial regression, random forest regressor, 

XGBoostRegressor. Random forest regressor algorithm gave the best accuracy. Multioutput regressor was used 

to get both the predictions together ie MRR and TWR. Table 1 shows accuracy obtained from predicting MRR 

and TWR before applying interpolation when we had only 27 data. 

Table 1 Evaluation metrics for MRR and TWR modelbefore applying 

interpolation method 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 28.2% 20521.8 1280.6 210.23 

Polynomial Regression 48.6% 10298.2 789.54 102.6 

Random Forest 

Regressor 

56.2% 890.33 99.89 20.8 

XGBoostRegressor 55.4% 901.3 101.32 21.6 

After applying various machine learning algorithm, ensemble methods still accuracy of the model was low. 

We planned to optimize the model by increasing the sample data as initially the sample data was 27, then we 

used linear interpolation to make 76 sample data. Table 2 shows results obtained after applying linear 

interpolation and then the machine learning algorithm. 

Table 2 Evaluation metrics for MRR and TWR model before applying 

linear interpolation method 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 30.4% 18976.9 1018.6 179.9 

Polynomial Regression 48.9% 10188.45 779.67 100.88 

Random Forest 

Regressor 

60.44% 765.38 69.57 16.66 

XGBoostRegressor 59.2% 782.45 78.3 17.25 

From table 2 it was noted that the accuracy did not increase much and error were not much optimized. 

Further we planned to use polynomial interpolation by which we increased the data to 200 samples and then 

applied machine learning algorithms. Table 3 shows the accuracy and MSE, MAE and RMSE values obtained 

after applying polynomial interpolation and machine learning algorithms. 

Table 3 Evaluation metrics for predicting MRR and TWR modelafter 

applying polynomial interpolation method 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 65.7% 707.31 58.7 15.26 

Polynomial Regression 78.6% 578.48 39.9 12.44 

Random Forest 

Regressor 

95.6% 205.36 18.2 5.3 

XGBoostRegressor 94.2% 217.2 19.11 6.8 

From the table 3 results it can be concluded that random forest regressor gave the best result as compared 

to other machine learning algorithms. Further we have used backward propagation method also to predict 

surface roughness and hardness value based on MRR, TWR, current , voltage, Ton, Toff, machining time we 
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have used linear regression, polynomial regression, random forest regressor and boosting algorithm. XGB boost 

algorithm gave the best accuracy. Multioutput regressor was used to get both the parameters prediction 

together ie surface roughness and hardness value.The table 4 shows the accuracy, mean squared error (MSE), 

Root mean squared error (RMSE) and Mean absolute error(MAE) before applying interpolation on the data set 

where the accuracy values were low. In order to increase accuracy of the model the dataset which had initially 

27 samples need to be increased for which we have used linear interpolation and increased the data to 76 

samples. Table 5 shows the results obtained after applying linear interpolation and then applying machine 

learning algorithms to the new generated dataset. 

Table 4 Evaluation metrics for predicting surface roughness and hardness 

value before applying interpolation 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 32.8% 17976.9 998.6 155.9 

Polynomial Regression 48.9% 10188.45 779.67 100.88 

Random Forest Regressor 60.4% 762.18 68.57 16.01 

XGBoostRegressor 68.6% 678.22 51.9 15.31 

Table 5 Evaluation metrics for predicting surface roughness and hardness 

value after applying linear interpolation 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 42.5% 12287.4 801.2 125.8 

Polynomial Regression 49.9% 9998.7 679.6 98.82 

Random Forest Regressor 59.2% 799.28 74.57 18.05 

XGBoostRegressor 69.3% 612.33 47.9 14.7 

Further polynomial interpolation was applied on the dataset and achieved 200 samples and then applied 

machine learning algorithm after which the accuracy of the model increased as well as the error were 

minimized. From Table 6 it can be concluded that XGBoostregressor generated the best resultsi.e. 98.6% 

accuracy making it most efficient algorithm.   

Table 6 Evaluation metrics for predicting surface roughness and hardness 

value after applying polynomial interpolation 

Algorithm R2 score MSE RMSE MAE 

Linear Regression 52.8% 6798.7 210.6 34.8 

Polynomial Regression 78.9% 575.97 38.9 11.76 

Random Forest Regressor 90.4% 301.9 25.11 9.99 

XGBoostRegressor 98.6% 102.36 15.2 3.1 

These models will help user further to know the parameter setting of EDM machine to get a desired surface 

roughness value. In traditional methods only the experienced person will be able to achieve desired mechanical 

properties from the EDM process but our proposed model can help anyone to get a desired mechanical property 

as the ML model can predict the required EDM setting parameters for achieving a particular surface roughness 

and hardness value. Also if a particular surface roughness value is known we can predict MRR and TWR using 

our ML model which can be really helpful for the new users of the machine. 

Further to check the accuracy of the models, actual versus predicted surface roughness and hardness value 

plot was done as shown in figure 2 and 3. As we can see the actual values and predicted values are near to each 

other and this result is obtained from the best algorithm as shown in table 6 ie.XGBoostregressor model which 

gave the best results 
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Fig. 2. Actual vs predicted value of surface rougness from XGBoost 

algorithm 

 

Fig. 3. Actual vs predicted value of hardness from XGBoost 

algorithm 

The figure 4 and 5 shows the actual and predicted value obtained from the best algorithm as shown in table 

3 for predicting the MRR and TWR values. We can conclude from the below mentioned graph that actual values 

are near to predicted values. For conducting the prediction of MRR and TWR as well as for predicting of surface 

roughness and hardness value we have used multioutput regressor.To improve overall performance and 

resilience, the multi-regressor output technique combines the predictive capabilities of several regression 

models. Multiple regression algorithms, including Linear Regression, Random Forest, Polynomial Regression, 

and others, are trained on the same dataset rather than depending on a single model. The target variable is 

individually predicted by each model, and the results are then combined using methods like as stacking, voting 

regressors, or weighted or unweighted averaging to generate a final prediction. By utilizing the distinct benefits 

of each individual regressor, this ensemble technique helps lower variance and bias, increases accuracy, and 

guarantees the model runs well under a variety of input situations. 
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Fig. 4. Actual vs predicted value of MRR from Random forest 

algorithm 

 

Fig. 5. Actual vs predicted value of TWRRandom forest 

algorithm 

The normal probability plot (also known as a Q-Q plot) is a graphical tool used in regression analysis to 

assess whether the residuals (errors) of a model follow a normal distribution—a key assumption in linear 

regression. In this plot, the residuals are plotted against a theoretical normal distribution in such a way that if 

the residuals are normally distributed, the points will form an approximately straight diagonal line. Deviations 

from this line indicate departures from normality, such as skewness, kurtosis, or the presence of outliers. This 

visual test is simple yet effective in identifying whether the regression assumptions hold, which is critical for 

accurate confidence intervals and hypothesis testing.Thesignificance of the normal probability plot lies in 

validating the statistical integrity of the regression model. When residuals are normally distributed, it confirms 

that the model's estimators are unbiased and efficient, and that inferences such as p-values and confidence 

intervals are reliable. However, if the plot shows systematic deviations from normality, it could signal problems 

such as omitted variables, incorrect model specification, or non-linearity in the data. Detecting these issues early 

allows analysts to make informed adjustments to the model, such as applying transformations, using robust 

regression methods, or switching to non-parametric techniques. 

An essential presumption in linear regression is that the residuals, or the discrepancies between observed 

and predicted values, follow a normal distribution. This can be evaluated using a normal probability plot for a 

regression model. The theoretical quantiles of a typical normal distribution are displayed against the 

standardized residuals in this figure. The points should generally lie along a straight diagonal line if the 

residuals are regularly distributed. The validity of statistical tests and confidence intervals obtained from the 
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model may be impacted by deviations from this line, such as curves or outliers, which indicate violations of 

normalcy assumption.The figure 6 and figure 7 shows the normal probability curve obtained for predicting 

MRR and TWR by using Random forest algorithm where we got the best results and figure 8 and figure 9 shows 

normal probability curve for predicting surface roughness and hardness values where XGBoostregressor gave 

the best results. From the graphs it can be concluded that the values obtained were near to straight line which 

indicates the residuals are regularly distributed and model has good accuracy. 
 

 

Fig. 6. Normal probability plot for predicting MRR from 

Random forest alogorithm 
 

 

Fig. 7. Normal probability plot for TWR from Random 

forestalogorithm 
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Fig. 8. Normal probablity plot for predicting surface roughness 

from XGBoostalgorithm 

 

Fig. 9. Normal probablity plot for predicting hardness value from 

XGBoost algorithm 

A residuals plot of fitted values versus residuals in a regression algorithm visualizes the relationship 

between the predicted values (fitted values) and the corresponding residuals (errors). On the x-axis, the fitted 

values are plotted, and on the y-axis, the residuals are displayed. Ideally, this plot should show a random scatter 

of points around the horizontal line at zero, with no clear patterns. This randomness indicates that the model 

has captured the underlying structure in the data well and that the errors are randomly distributed, which 

supports the assumptions of linearity and constant variance of errors. The importance of this plot lies in its 

ability to reveal model issues. If the residual plot shows patterns-such as curves, funnels (increasing or 

decreasing spread), or clusters–it suggests violations of key regression assumptions. For example, a curved 

pattern might indicate on-linearity, while a funnel shape could signal non-constant variance, both of which can 

lead a biased estimates and incorrect conclusions, detecting these issues early allows analysts to refine their 

models by transforming variables, adding polynomials terms, or using alternative modelling approaches. The 

significance of the residual plot lies in its ability to visually diagnose issues such as non-linearity, 

heteroscedasticity, or model misspecification. For instance, if the plot displays a funnel shape (residuals increase 

or decrease with fitted values), it suggests heteroscedasticity-where the variance of the errors is not constant. If 

a curve or systematic pattern is visible, it indicates that a linear model may not be appropriate, and a non-linear 

transformation or polynomial regression might be needed. Thus, the residual plot is crucial for verifying 
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whether the chosen regression model is suitable and whether its predictions can be trusted for inference or 

forecasting. The residual plot offers several advantages in regression analysis, primarily by serving as a visual 

diagnostic tool to validate model assumptions. It helps detect non-linearity, heteroscedasticity, and outliers, 

which may indicate that the model is not capturing the underlying data structure correctly. By identifying these 

issues early, analysts can make necessary adjustments-such as transforming variables, refining the model, or 

using alternative regression techniques-leading to improved model accuracy and reliability.  

The figure 10 shows the bar graph of accuracy ie R2 score obtained by applying different machine learning 

algorithm before and after applying polynomial interpolation for predicting surface roughness and hardness 

value. We can conclude from the graph that after applying polynomial interpolation accuracy of the models 

have been enhanced. Similarly figure 11 shows the bar graph of MSE obtained by applying different machine 

learning algorithm before and after applying polynomial interpolation for predicting surface roughness and 

hardness value .Here also we can see that MSE  decreases after applying intepolation and increasing the data 

the machine learning algorith performed well. The figure 12 and figure 13 shows RMSE and MAE obtained by 

applying different machine learning algorithm before and after applying polynomial interpolationfor 

predicting surface roughness and hardness value.. From the graphs we can conclude that performance of 

machine learning algorithm in terms of R2 score, MSE,MAE,RMSE improved by increasing the observation in 

the dataset. Polynomial interpolation could increase the data from 27 to 200 datas which resulted in better 

performance of machine learning models. 

 

Fig. 10. R2 score before and after applying polynomial 

interpolation for Surface roughness and hardness value prediction 

 

 Fig. 11. MSE before and after applying polynomial interpolation 

for Surface roughness and hardness value prediction 
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Fig. 12. RMSE before and after applying polynomial interpolation 

for Surface roughness and hardness value prediction 

 

Fig. 13. MAE before and after applying polynomial interpolation 

for Surface roughness and hardness value prediction 

From the graphs and tables as discussed in this section we can conclude that for predicting MRR and TWR 

Random forest algorithm gave the best results after applying polynomial interpolation to increase the 

observations in the dataset. And for predicting surface roughness and hardness value XGBoost regressor gave 

best results. One of the important conclusion from the discussion is number of observation in dataset played a 

vital role in determining accuracy of the model and ensemble machine learning methods and boosting 

algorithms gave best results as compared to conventional machine learning models. 

5. Conclusion 

The efficiency of 3D-printed SS316L electrodes in the electric discharge machining (EDM) of Ti6Al4V 

Grade-5 alloy is demonstrated in this work, along with their influence on important performance parameters 

such surface roughness, tool wear rate (TWR), and material removal rate (MRR). According to the experimental 

results, SS316L electrodes improve MRR and surface integrity by increasing EDM efficiency through their better 

thermal conductivity, wear resistance, and microstructural stability. The smoother surfaces and reduced wear 
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of 3D-printed SS316L electrodes were confirmed by comparison with conventional electrodes. Furthermore, 

SEM analysis shed light on the surface morphology, revealing homogeneous material degradation and fewer 

microcracks, both of which improve the dependability of Ti6Al4V components produced by EDM. The 

prediction was greatly enhanced by the incorporation of machine learning (ML) models. While the 

XGBoostRegressor produced the most accurate forecasts for surface roughness and hardness values, the 

Random Forest Regressor produced the most accurate predictions for MRR and TWR. Even novice users may 

now more easily navigate the process thanks to these models, which allow for real-time EDM parameter 

customization. A data driven strategy for increasing EDM efficiency and decreasing reliance on trial-and-error 

is provided by the capability to forecast machining results based on input parameter. This study demonstrated 

the effectiveness of machine learning (ML) model in accurately predicting and optimizing key EDM 

performance parameters, including Materials Removal Rate (MRR), Tool Wear Rate (TWR), surface roughness, 

and hardness, during the machining of TI6AL4V using 3D printed SS316L electrodes. By applying various 

regression algorithms-such as Linear Regression, Polynomial Regression, CART, Random Forest, and XGBoost-

the study identified ensemble method as the most effective. Notably, Random Forest Regressor achieved an R2 

of 95.6% for MRR and TWR Prediction, while XGBoostRegressor achieved 98.6% R2 for surface roughness and 

hardness prediction. To overcome the limitations of a small dataset (initially 27 samples), polynomial 

interpolation was used to increase the data to 200 samples, significantly improving model accuracy while 

reducing RMSE to 18.2 for MRR and 15.2 for surface roughness. This approach illustrates the power of ML in 

capturing complex, nonlinear relationships in EDM processes and provides a reliable, user-friendly framework 

for real-time process prediction and parameter optimization, reducing dependency on manual expertise and 

trial-and-error methods. 
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