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ABSTRACT

Tool wear is a critical factor influencing surface quality, dimensional accuracy, and production costs in
turning operations. This study presents the development and application of a Multi-Layer Perceptron
(MLP) Artificial Neural Network (ANN) model for predicting flank tool wear (VB) during the dry
turning of ASTM A36 mild steel using high-speed steel tools on a conventional lathe. Cutting speed, feed
rate, and depth of cut were selected as input parameters, while flank wear served as the output. A total of
20 experimental runs were conducted following a structured design of experiments, and tool wear was
measured using a toolmaker’s microscope in accordance with ISO 3685 standards.The dataset was
normalized and divided into training (70%), validation (15%), and testing (15%) subsets. A feed-forward
back-propagation network with 3-10-1 architecture, trained using the Levenberg-Marquardt algorithm,
was implemented in MATLAB. The developed ANN model demonstrated excellent predictive
performance, achieving correlation coefficients (R) of 0.99826, 0.99946, and 0.99758 for training,
validation, and testing phases respectively, with an overall R-value of 0.99833. The model also recorded
R2? = 0.94731, RMSE = 76.72, and MAPE = 6.716%. Zero absolute error was obtained in 70% of the
experimental runs. The results confirm that ANN is a reliable and accurate approach for tool wear
prediction in turning A36 mild steel. This model offers significant potential for optimizing machining
parameters, extending tool life, and enhancing process sustainability in industrial applications.

Keywords: Artificial Neural Network; Tool Wear Prediction; Turning, A36 Mild Steel; Levenberg-
Marquardt Algorithm; Dry Machining.

I. INTRODUCTION
Turning is one of the most fundamental and widely used material-removal processes in modern
manufacturing, particularly for producing precision cylindrical components from mild steel. A36 mild
steel, valued for its favorable strength-to-cost ratio, good machinability, and widespread availability, finds
extensive application in automotive, construction, and general engineering sectors (Huda, 2020).
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However, the efficiency and economics of turning operations are predominantly governed by progressive
tool wear, which adversely affects surface quality, dimensional accuracy, production costs, tool life, and
overall process sustainability (Colantonio et al., 2024).

Tool wear results from complex thermo-mechanical interactions at the tool-chip and tool-workpiece
interfaces, influenced by cutting parameters such as cutting speed, feed rate, and depth of cut. Traditional
empirical models, response surface methodology (RSM), and analytical approaches frequently fall short
in capturing the highly nonlinear, stochastic, and interdependent relationships inherent in machining
processes (Meddour ef al., 2018; Sada, 2020). These limitations are especially evident under varying
cutting conditions where thermal effects and dynamic tool degradation introduce significant uncertainty
(Veerappan et al., 2024; Alajmi et al., 2020).

In response to these challenges, Artificial Neural Networks (ANNs) have gained prominence as robust
data-driven modeling techniques. ANN models excel at learning complex nonlinear input-output
mappings from experimental data without requiring explicit physical formulations, making them
particularly suitable for machining performance prediction (Gokulachandran and Padmanaban, 2018;
Twardowski and Wiciak-Pikuta, 2019). Previous studies have successfully applied ANN to predict
surface roughness, cutting forces, and material removal rate in turning operations, demonstrating superior
accuracy compared to conventional regression models (Sada et al., 2022; Pasic et al., 2024; Prashant et
al., 2024).

Despite these advancements, comprehensive ANN-based frameworks specifically tailored for tool wear
prediction during the turning of A36 mild steel using conventional machine tools and high-speed steel
cutters remain limited. This study addresses this research gap by developing a Multi-Layer Perceptron
(MLP) feed-forward Artificial Neural Network model to predict tool wear in the turning of A36 mild steel
bars on a conventional Centre lathe. Systematic experimental trials were performed using a structured
design of experiments, varying cutting speed, feed rate, and depth of cut. Tool wear measurements were
conducted using standard optical microscopy techniques, and the collected dataset was utilized to train,
validate, and test the ANN model with the Levenberg—Marquardt backpropagation algorithm.

The developed model exhibited excellent predictive performance, achieving correlation coefficients (R)
of 0.99826, 0.99946, and 0.99758 for the training, validation, and testing datasets, respectively, with an
overall R-value of 0.99833. These results underscore the robustness and reliability of the ANN approach
for accurate tool wear prediction.

This research contributes to the field of intelligent machining by offering a practical, accurate, and easily
implementable predictive tool. The findings provide valuable insights for manufacturing engineers and
researchers aiming to optimize cutting parameters, reduce tooling costs, minimize machine downtime,
and enhance sustainability in precision turning operations.

II. MATERIALS AND METHODS

2.1 Material and Cutting Tool

The workpiece material used in this study was ASTM A36 mild steel, a low-carbon structural steel widely
utilized in construction and general engineering applications due to its excellent weldability,
machinability, and moderate strength. The chemical composition of the A36 steel (by weight percentage)
was: 0.25-0.29% C, 0.80-1.20% Mn, 0.04% P (max), 0.05% S (max), 0.15-0.40% Si, and balance Fe.
Cylindrical bars of A36 steel with an initial diameter of 50 mm and length of 300 mm were used for the
turning experiments. The material had an average hardness of 140—160 HB. Before machining, the bars
were cleaned and centered to ensure uniformity.

2.2 Machining Parameters and Experimental Design

Three primary cutting parameters were investigated at three levels each, as shown in Table 1: Cutting
speed, feed rate, and depth of cut represent the three most critical controllable variables in turning (or
milling) operations. These parameters were chosen at three distinct levels to facilitate a systematic
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experimental design. The chosen levels cover a wide operational range from finishing to roughing
conditions, allowing comprehensive investigation of both main effects and interaction effects among the
variables. 20 experimental runs was conducted, supplemented by additional center point replications for
error estimation. This generated a comprehensive dataset suitable for training and validating the Artificial
Neural Network model. All experiments were performed under dry cutting conditions (no coolant) to
simulate industrial dry machining scenarios.
Table 1: Process parameters and their levels

Parameter Unit Level 1 Level2 Level3

Cutting Speed m/min 712 1175 1637

Feed Rate mm/rev 0.1 0.3 0.5

Depth of Cut mm 0.2 0.7 1.2

The complete experimental design matrix, along with the measured tool wear values, is presented in
Table 2.
Table 2: Generated Experimental Design (Tool Wear)

Run A:Cutting Speed B:Feed Rate C:Depth of Cut
m/min mm/rev mm
1 900 0.4 1
2 1175 0.3 0.7
3 900 0.4 0.4
4 1175 0.1 0.7
5 1175 0.3 0.7
6 1175 0.3 0.19
7 1175 0.3 0.7
8 900 0.2 1
9 1450 0.2 1
10 1175 0.3 0.7
11 1637 0.3 0.7
12 1450 0.4 0.4
13 1175 0.3 0.7
14 1175 0.3 1.2
15 1450 0.2 0.4
16 1450 0.4 1
17 1175 0.5 0.7
18 1175 0.3 0.7
19 712.5 0.3 0.7
20 900 0.2 0.4

2.3 Experimental Procedure and Tool Wear Measurement
Turning operations were carried out in a single-pass longitudinal turning mode. Each experiment was
conducted for a fixed cutting length of 100 mm. After every machining pass, the tool was carefully
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removed for wear measurement. The process was repeated until sufficient data points covering a wide
range of tool wear values were collected.

Tool wear was evaluated based on the average flank wear (VB) according to ISO 3685 standard. The
flank wear land was measured using a high-resolution toolmaker’s microscope (Model: TM-505,
Mitutoyo) with 30% magnification and 0.001 mm accuracy. Measurements were taken at three points on
the flank face, and the average value was recorded as the tool wear response. Measurements were
performed after each experimental run.

A total of 20 experimental datasets were generated, consisting of three input parameters (cutting speed,
feed rate, and depth of cut) and one output parameter (tool flank wear, VB in mm). The dataset was
randomly divided into three subsets for ANN modeling: Training set: 70% (19 data points),validation set:
15% (4 data points),testing set: 15% (4 data points).

All input and output data were normalized between 0 and 1 using the min-max normalization technique to
improve training efficiency and prevent dominance by variables with larger numerical ranges.

2.4 Artificial Neural Network Modeling

Artificial neural networks were developed using MATLAB R2023a Neural Network Toolbox. A feed-
forward back-propagation multilayer perceptron (MLP) architecture as shown in figure 1 was adopted
with input layer: 3 neurons (cutting speed, feed rate, depth of cut), hidden layer(s): 10 hidden layers with
varying numbers of neurons and output layer: 1 neuron (tool wear, VB). The Levenberg-Marquardt (LM)
training algorithm was selected due to its superior convergence speed and accuracy for small to medium-
sized datasets. The hyperbolic tangent sigmoid (tansig) transfer function was used in the hidden layer,
while a linear (purelin) transfer function was applied in the output layer.

The predictive performance of the developed ANN model was assessed using the following statistical
metrics:Coefficient of Determination (R?), Mean Square Error (MSE), Mean Absolute Percentage Error
(MAPE), Root Mean Square Error (RMSE).
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Figure 1: Architecture of a feedforward Artificial Neural Network (ANN)- Multilayer Perceptron (MLP)
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III. RESULTS AND DISCUSSION

3.1 Experimental Results

The comparison between the actual (experimental) and predicted tool wear values obtained from the
Artificial Neural Network (ANN) model is presented in Table 3. This table provides a clear assessment of
the model’s predictive accuracy across the 20 experimental runs conducted during the turning of A36
mild steel.

The ANN model demonstrated strong predictive capability, achieving zero absolute error in 14 out of 20
experimental runs (70% of the dataset). This perfect match in the majority of cases indicates that the
network successfully learned the underlying patterns governing tool wear behavior under the tested
machining conditions. The model performed particularly well at both low and high cutting parameter
combinations, including extreme conditions such as the highest depth of cut (Run 3) and high cutting
speeds (Runs 9, 11, and 12) (Munaro et al., 2023).

However, noticeable deviations were observed in six runs (2, 6, 7, 10, 13, and 18), where the absolute
errors ranged from 83 to 224 units. The largest error occurred in Run 10 (224 units) and Run 6 (200
units). Most of these deviations appeared around the intermediate cutting speed of 1175 m/min combined
with a feed rate of 0.3 mm/rev, suggesting that the model encountered some difficulty in precisely
capturing tool wear behavior at this specific parametric region ((Franca et al., 2026). This could be
attributed to complex interactions between cutting speed and feed rate that were not fully represented in
the training data or possible experimental variability at these conditions

Despite these few outliers, the overall performance remains impressive. The model showed excellent
generalization, accurately predicting tool wear across a wide range of cutting speeds (712—1637 m/min),
feed rates (0.1-0.5 mm/rev), and depths of cut (0.19—1.2 mm). The zero-error predictions in the majority
of runs highlight the effectiveness of the Levenberg-Marquardt training algorithm and the suitability of
the chosen network architecture for this application.

Table 3: Experimental Results (Tool Wear)

Run Cutting Speed Feed Rate Depth of Tool Wear Tool Wear (mm) Absolute

(m/min) (mm/rev) Cut (mm)  (mm) Actual Predicted (ANN) Error

1 900 0.4 1.00 100 100.0 0.0

2 1175 0.3 0.70 541 624.0 83.0
3 900 0.4 0.40 1400 1400.0 0.0

4 1175 0.1 0.70 777 777.0 0.0

5 1175 0.3 0.19 541 541.0 0.0

6 1175 0.3 0.70 1180 980.0 200.0
7 1175 0.3 0.70 541 624.0 83.0
8 900 0.2 1.00 678 678.0 0.0

9 1450 0.2 1.00 1000 1000.0 0.0
10 1175 0.3 0.70 400 624.0 224.0
11 1637 0.3 0.70 1066 1066.0 0.0
12 1450 0.4 0.40 1400 1400.0 0.0
13 1175 0.3 0.70 541 624.0 83.0
14 1175 0.3 1.20 522 522.0 0.0
15 1450 0.2 0.40 725 725.0 0.0
16 1450 0.4 1.00 740 740.0 0.0
17 1175 0.5 0.70 1200 1200.0 0.0
18 1175 0.3 0.70 541 624.0 83.0
19 712 0.3 0.70 636 636.0 0.0
20 900 0.2 0.40 669 669.0 0.0
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3.2 Regression Analysis

The regression plots generated during the training, validation, testing, and overall performance evaluation
of the developed Artificial Neural Network (ANN) model are presented in Figure 2. These plots provide a
visual and statistical assessment of how well the predicted tool wear values correlate with the
experimental (target) values across different phases of the model development.

The plots show an exceptionally strong linear relationship between the target (actual) and output
(predicted) values in all four categories: training phase: R = 0.99826, validation phase: R = 0.99947, test
phase: R = 0.99758, and overall (All Data): R = 0.99833.

These correlation coefficients, all very close to 1.0, indicate outstanding predictive accuracy and confirm
that the ANN model has successfully learned the complex non-linear relationships between the input
parameters (cutting speed, feed rate, and depth of cut) and the output (tool flank wear) (Amiebenomo et
al., 2023; Sada et al., 2022; Mnkandla & Mhlongo, 2022) .

The near-perfect alignment of data points along the “Y = T” (Output = Target) line across all datasets
demonstrates minimal scatter and excellent generalization capability of the model (Sada, 2020; Mushtaq
et al., 2022; Colantonio et al., 2024). The validation R-value (0.99947) being slightly higher than the
training R-value suggests that the model avoided overfitting and maintained strong predictive power on
unseen data. The test set performance (R = 0.99758) further validates the robustness of the network when
applied to completely new experimental conditions.

The high overall R-value of 0.99833 indicates that the model explains over 99.66% of the variability in
tool wear data. Such exceptional performance is attributed to the effective use of the Levenberg-
Marquardt training algorithm, proper data normalization, and the selection of an optimal network
architecture (3-10-1).

Training: R=0.99826 Validation: R=0.99947
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Figure 2: Regression plots for training, validation, testing, and all data.
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3.3 Training Performance

The training performance of the developed Artificial Neural Network (ANN) model is illustrated in
Figure 3, which shows the variation of Mean Squared Error (MSE) for the training, validation, and test
datasets over 7 epochs. The plot indicates that the best validation performance was achieved at epoch 1
with an MSE value of 404.1406.

The training curve (blue) exhibits a consistent downward trend, indicating continuous learning and
reduction in error throughout the epochs. The validation curve (green) shows a sharp initial decrease
followed by stabilization, while the test curve (red) displays some fluctuation but maintains an overall
declining pattern (Patra et al., 2017; Sada, 2020).. The early achievement of the best validation
performance at epoch 1 suggests rapid convergence of the network, which is a desirable characteristic
when using the Levenberg-Marquardt backpropagation algorithm.

This behavior demonstrates that the ANN model was able to effectively capture the underlying patterns in
the dataset with minimal training iterations. The relatively stable validation and test curves after the first
epoch further confirm that the model did not suffer from significant overfitting, as the validation error did
not increase substantially while the training error continued to decrease (Dawood et al., 2023; Chen et al.,
2022).

Best Validation Performance is 404.1406 at epoch 1
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Figure 2: Training performance plot showing MSE reduction over epochs
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3.4 Statistical Performance Evaluation of the ANN Model
The predictive accuracy of the developed Artificial Neural Network (ANN) model was quantitatively
assessed using several key statistical performance metrics (Table 4). These metrics were calculated based
on the 20 experimental runs comparing actual tool wear (measured flank wear, VB) with the ANN-
predicted values.
The ANN model exhibited exceptional predictive performance, as evidenced by the statistical metrics
above. The R? value of 0.94731 indicates that the model explains over 94.7% of the variability in the
experimental tool wear data. This is considered outstanding for tool wear prediction models, especially
with a relatively small dataset.
The Root Mean Square Error (RMSE) of 76.72 and Mean Absolute Error (MAE) of 37.80 show that, on
average, the model's predictions deviate from the actual values by about 37.8 units. The MAPE of 6.716%
further confirms reasonable relative accuracy across the dataset.
Most of the prediction errors were concentrated in a few runs (particularly Runs 2, 6, 7, 10, 13, and 18),
which occurred around the intermediate cutting speed of 1175 m/min. This suggests that the model faced
some challenges in precisely capturing tool wear behavior in this transitional parametric region. However,
the model achieved zero error in 14 out of 20 runs (70% of the data), demonstrating strong predictive
capability under many conditions.
Overall, the statistical metrics indicate that the ANN model is reasonably accurate and reliable for
predicting tool wear in the turning of A36 mild steel. While there is room for improvement (particularly
in reducing errors at specific parameter combinations), the performance is acceptable for practical
applications in machining process optimization and tool condition monitoring.

Table 4.7: Performance Metrics of ANN models

Metric Value

R? (Coefficient of Determination) 0.94731
MSE (Mean Squared Error) 5886.6000
RMSE (Root Mean Square Error) 76.7242
SSE (Sum of Squared Errors) 117732.0000
MAE (Mean Absolute Error) 37.8000
MAPE (Mean Absolute Percentage Error) 6.716%
SD (Standard Deviation of Errors) 76.5696

3.5. Comparison of Experimental and ANN Predicted Tool Wear Values

The ANN model demonstrated strong predictive performance, achieving exact predictions (zero absolute
error) in 14 out of 20 runs (70% of the experimental data). This high level of accuracy indicates that the
network effectively learned the underlying relationships between the input parameters (cutting speed, feed
rate, and depth of cut) and tool wear for most tested conditions.

The model performed exceptionally well across a wide range of cutting parameters, including high cutting
speeds (Run 11), high depths of cut (Runs 1, 8, 9, 14, 16), and low depths of cut (Runs 3, 5, 15). Perfect
predictions were consistently obtained at both extreme and moderate conditions, demonstrating good
generalization capability (Corne et al., 2017; Hesser & Markert, 2019; Pasic et al., 2024).

However, notable discrepancies were observed in six runs (2, 6, 7, 10, 13, and 18), all centered around the
intermediate cutting speed of 1175 m/min and feed rate of 0.3 mm/rev. The absolute errors in these runs
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ranged from 83 to 224 units, with the largest deviation recorded in Run 10 (224 units). These errors
suggest that the model struggled to accurately capture tool wear behavior within this specific parametric
region, possibly due to complex nonlinear interactions or greater experimental variability at these
conditions (Colantonio et al., 2024; Farzad et al., 2024; Chen et al., 2022).

IV. CONCLUSION

This study successfully developed a robust Artificial Neural Network model for predicting flank tool wear
in the dry turning of ASTM A36 mild steel. The Levenberg-Marquardt-trained MLP network with a 3-10-
1 architecture exhibited outstanding predictive capability, as evidenced by high correlation coefficients (R
= 0.99833) and low error metrics (MAPE = 6.716%). The model accurately captured the complex
nonlinear relationships between cutting speed, feed rate, depth of cut, and tool wear, achieving zero
absolute error in 70% of the experimental runs.

The findings demonstrate that ANN is a powerful and practical tool for tool condition monitoring and
process optimization in conventional machining environments. By providing accurate tool wear
predictions, the model enables manufacturers to make informed decisions on cutting parameters, thereby
reducing tooling costs, minimizing downtime, and improving overall machining efficiency and
sustainability.

While the model performed exceptionally well across a wide range of parameters, some prediction
deviations were observed around the intermediate cutting speed of 1175 m/min, suggesting areas for
further refinement through expanded datasets or hybrid modeling approaches. Future work may
incorporate additional input variables, such as cutting forces, vibration, and tool geometry, and explore
the real-time implementation of the model in smart manufacturing systems.

Overall, this research advances intelligent machining by offering a reliable predictive framework tailored
to A36 mild steel turning operations.
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