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1 Introduction

Engineering application utility of metallic components depends heavily on their sur-
face roughness values. In the present scenario of heavy industrialisation and emerging
automation techniques, the importance of surface properties has increased manifold
making it a determining factor of product quality. Good surface finish is appreciable for
improved tribological properties and enhanced resistance to corrosion. Machining and
finishing operations on the automated CNC lathes render components variable surface
roughness values depending on the process parameters like speed of cutting, feed rate
and depth of cut. Researchers have created various predictionmodels for proper planning
and control of cutting conditions and figuring out the optimal parameters for machining.

The consideration of machining parameters becomes crucial so as to perform eco-
nomical machining with the desired characteristics in the product. The surface integrity
produced after machining is recognised to have a great impact on the lifecycle of the
product. It represents the nature of the surface condition of the workpiece after machin-
ing. In today’s dynamically changing world, manufacturing industries are relying more
and more on application of optimisation methods in the metal cutting process so that
production units can perform optimally under the rigorous competition pressure in the
market and produce products of superior quality.

This research paper is focussed on figuring out the optimal combination of speed of
cutting, feed rate and depth of cut to minimise the surface roughness in a CNC lathe
turning operation using the ANN technique.

In this work, we have tried to compute the influence of speed of cutting, feed rate
and depth of cut on surface roughness, and an optimisation model has been created using
the artificial neural network technique. Data have been collected from various published
papers to train the model and validate the results.

2 Literature Review

A lot of work has been done to optimise the input variable parameters of machining.
Residual stress developedduringmachining impacts the life time andquality ofmachined
components. Neural network-based prediction models are used to predict the accuracy
of residual stress development. ANN-FPAmodels prediction had the accuracy of 99.8%
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and 99.7%, respectively [1]. Surface roughness prediction is done using convolution
neural networks directly from the digital image of surface texture of the machined
component instead of doing feature extraction and image segmentation by the virtue of
image segmentation [2].Goodmaterial removal rate enhances productivity ofmachining.
Tool chatter degradesMRR [3]. Optimal cutting parameters are predicted usingANN for
the stablemachining operation in turn increasing the productivity. Accurate prediction of
tool life prevents the catastrophic stoppage ofmachining processes due to toolwear.ANN
models are used for the prediction of tool life and cutting-edge wear to make it industry
ready [4]. Experiments were performed that are designed on the basis of Taguchi’s
methodology for optimal result. The study demonstrates that the surface roughness
increases when the feed rate is increased, the influence of cutting speed was found to
be less than that of feed followed by the effect of change in depth of cut [5]. Another
researcher has studied the influence of tool overhang along with other parameters on
residual stress and surface roughness developed during the turning of aluminium alloy by
designing the experiments based on Taguchi’s technique. The results obtained reveal that
the most optimal result for surface roughness could be obtained by using tool overhang
in the medium or lower range [6]. Regression models were developed for predicting the
surface roughness and an artificial neural network to account the combined influences
of the tool vibration amplitudes and cutting force which provides a model with higher
accuracies of prediction [7]. A comparative study has been established with aluminium
alloys and brass machining on computer numerical control machine and analysed by
the help of prediction techniques. It was found that surface properties are dependent
on cutting force which is ultimately decided by speed of cutting, feed rate and depth
of cut [8]. Some other researchers have also used the Taguchi technique. Experiments
were conducted by taking feed rate, speed of cutting and depth of the cut as cutting
process parameters. Experiments are designed on the basis of Taguchi’s technique for
optimisation using orthogonal arrays. In hindsight, it was inferred that speed of cutting
highly influences the surface roughness than feed and in case of MRR, depth of cut is
the primary parameter and then the speed of cutting [9]. Artificial neural networks are
being developed for the prediction of tool life, failure-mode on the basis data obtained
by recording different experiments based on multiple values of speed of cutting and
feed rate and constant depth of cut. The neural network best predicted the failure-mode
prediction. The network training could be improved using the real-time datasets [10].

An artificial neural network is developed for predicting so as to control the surface
roughness in a computer numerically controlled lathe. Experiments were conducted,
and the cutting parameters were the speed of cutting, feed rate and depth of cut. It is
found that we can predetermine optimised parameters of cutting for surface roughness
of machining operation using the control algorithm and artificial neural network [11].
An on-line fuzzy neural network (FNN) model [12] to estimate the flank and crater
wear on the basis of modified least square backpropagation [13]. It has been found that
an on-line FNN model has great accuracy for the estimation of progressive flank and
crater wear with very less time for computation [14]. A linear model was generated
for three responses, i.e. material removal rate, surface roughness and chip thickness
ratio (CTR), and experiments were conducted based upon the Taguchi’s technique of
optimised response using orthogonal array. ANOVA was used to find out the main
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influences of S/N ratio, and graphs are plotted. The resulting optimised value for depth
of cut, time and the speed of cutting are best fit for the optimised metal cutting to extract
the competitive results from commercial mild steel [15]. Mathematical models were also
developed for predicting surface roughness [16] on the basis of parameters for cutting
and tool vibrations. Tool vibrations were measured using an FFT analyser. It is inferred
that tool vibrations and cutting parameters based prediction models are more accurate
[17, 18].Multiple attribute decisionmakingmethods [19] had been used for investigating
multiple parameters and their impacts on surface roughness. The investigation is done
to devise an optimised procedure for selection of tool insert for improved surface finish
in turning operation whilst working on different materials. After analysing the previous
researchworks, it was observed that enormouswork had been done on optimising cutting
parameters using statistical tools and techniques for better surface finish but this is felt
that a lot better predictions can be done by the virtue of neural networks. Here, an attempt
is made to train an artificial neural network for the prediction of surface roughness of
the mild steel whilst being machined on CNC lathe. In order to train the model well,
experimental readings from other prediction and optimisation-based research work are
used. In the end, the neural network was validated with two unseen datasets to gauge
the efficiency of the model.

3 Methodology

Artificial neural network (ANN) algorithms are modern information processing models
used to make approximations from real objective functions. The algorithm has taken the
inspiration from working of neural cells in the human brain. Artificial neural networks
have the scope of modelling linear and non-linear systems. A trained neural network
depicts a quick mapping of the given input with the expected output quantities. We
have incorporated this modern technique to quantify the effect of process parameters
on surface properties of the material during turning operations on CNC lathe machine
tools.

An artificial neural network is represented as an acyclic graph. Different sets of nodes
comprise different layers.

Mainly, there are three categories of layers.

Input layer

Different formats of inputs provided by the programmer.

Hidden layer

It is responsible for the calculations to figure out the hidden features and patterns in the
data.

Output layer

Sequential transformation is done on the input received in accordance with the functions
of hidden layers, and the finally obtained result is conveyed by the virtue of the output
layer (Fig. 1).
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Fig. 1 Perceptron in the form of acyclic graph

ANNcalculates theweighted sumof the inputs and adds the bias effect. The following
is the representation of the transfer function.

∑
Wi ∗ Xi + b (1)

The determined weighted sum is passed to an activation function. Activation func-
tions decide whether a node should fire or not. Only those who are fired reach the output
layer. Ample activation functions are available that can be applied to the tasks that we
perform.

ANN is significantly powerful computer modelling techniques which is being used
these days in multiple engineering fields for modelling of complicated relationships
which are difficult to optimise using traditional techniques. Neural networks gain infor-
mation by detection of patterns in the data and are trained for futuristic predictions. The
proposed system is based on the ANN training technology to optimise the machining
parameters.

4 Dataset

See Tables 1, 2 and 3.

5 Results and Discussion

Table 1 is used for training the neural network whilst Tables 2 and 3 are the unseen
datasets for validating the neural networks. The neural network architecture is made of
three dense layers each containing 250,100,100 neurons and the finally an output layer.
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ReLU activation [20] was applied in each layer. The network was trained using SGD and
was validated on 10% of this data during training time. The feed rate, speed of cutting
and depth of cut were provided as input to the neural network, whilst surface roughness
was predicted on the basis of these inputs (Fig. 2). The network was evaluated on the
basis of MSE, MAE, MAPE error and was trained on 2000 epochs during which the
model finally converged. Final training errors are listed in Table 4 as shown.

Table 1 Experimental data from for depth of cut (DOC), feed rate (FR), cutting speed (CS) and
resulting surface roughness on machining of mild steel on CNC lathe [5]

S. No. CS (mm/min) FR (mm/rev) DOC (mm) SR (µm) S/N ratio (dB)

1 60 0.25 0.2 5.6 −14.96

2 60 0.25 0.3 7.1 −17.02

3 60 0.25 0.4 7.4 −17.38

4 60 0.35 0.2 7.1 −17.02

5 60 0.35 0.3 6.03 −15.6

6 60 0.35 0.4 6.98 −16.87

7 60 0.45 0.2 4.85 −13.71

8 60 0.45 0.3 5.55 −14.88

9 60 0.45 0.4 6.31 −16

10 80 0.25 0.2 4.23 −12.52

11 80 0.25 0.3 4.44 −12.94

12 80 0.25 0.4 5.14 −14.21

13 80 0.35 0.2 3.84 −11.68

14 80 0.35 0.3 5.57 −14.91

15 80 0.35 0.4 5.73 −15.16

16 80 0.45 0.2 4.06 −12.17

17 80 0.45 0.3 4.85 −13.71

18 80 0.45 0.4 6.28 −15.95

19 100 0.25 0.2 4.12 −12.29

20 100 0.25 0.3 3.57 −11.05

21 100 0.25 0.4 3.3 −10.37

22 100 0.35 0.2 3.41 −10.65

23 100 0.35 0.3 3.12 −9.88

24 100 0.35 0.4 3.42 −10.68

25 100 0.45 0.2 2.63 −8.39

26 100 0.45 0.3 4.33 −12.72

27 100 0.45 0.4 4.1 −12.25
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Table 2 Experimental data from for depth of cut (DOC), feed rate (FR), cutting speed (CS) and
resulting surface roughness on machining of mild steel on CNC lathe [9]

Exp FR (mm/rev) DOC (mm) CS (mm/min) SR (µm)

1 0.1 0.5 75 1.464

2 0.1 0.75 125 2.062

3 0.1 1 175 2.972

4 0.2 0.5 125 3.284

5 0.2 0.75 175 4.264

6 0.2 1 75 2.22

7 0.3 0.5 175 3.662

8 0.3 0.75 75 2.549

9 0.3 1 125 3.586

Table 3 Experimental data from for depth of cut (DOC), speed and resulting surface roughness
on machining of mild steel on CNC lathe [15]

Speed (revolutions/min) Time DOC (mm) SR (µm) Chip thickness ratio MRR

2000 8 1 0.86 1.08 30

2000 8.2 1.3 0.02 1.12 38.05

2000 8.3 1.5 1.5 1.15 43.37

1500 8 1 1.6 1.09 30

1500 8.2 1.3 0.42 1.1 34.67

1500 8.3 1.5 0.47 1.14 45

900 8 1 0.38 1.09 21.81

900 8.2 1.3 6.18 1.13 28.36

900 8.3 1.5 2.72 1.15 30

The network was tested on two unseen datasets each containing 10 data points. The
errors during testing training and validation are quite close to each other, hence themodel
is able to learn patterns in the data really well during training period.

The loss for network is defined as squared difference summation of predicted and
truth values of surface roughness over all data points divided by total number of data
points.

During training period, we have receivedMSE,MAE,MAPE loss as 0.3415, 0.5293,
20.2629, respectively, whilst during testing, it is 0.5654, 0.6178, 38.5695 and 1.0916,
1.1089, 97.7567, respectively, for unseen dataset 1 and 2. From these results, we can
clearly see that neural network is capable of predicting surface roughness on the basis
of feed rate, speed of cutting, depth of cut.
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Fig. 2 Error versus epochs curve during training time

6 Conclusion

In this study,we have used theANNmodel forCNC turning. The artificial neural network
was trained upon 27 data points with parameters feed rate, speed of cutting, depth of cut
for the corresponding surface roughness. Further, the dataset is validated upon 18 unseen
data points. It is been found that unseen data values of surface roughness and predicted
values of surface roughness are significantly close. The predicted values give us a mean
absolute error of 0.86. In conclusion, there is very close agreement between predicted
and actual surface roughness value. The prediction of surface roughness as done using
the ANN algorithm has shown comparatively better results than the existing models and
hence can be relied upon for further prediction for industrial standards application.

We can know about the surface roughness on a mild steel upon selecting feed rate,
speed of cutting, depth of cut which in turn will help tremendously in the decision-
making for getting a high standard surface finish. Further, the study can be integrated
with optimisation algorithms like genetic modelling for optimisation of the multiple

Table 4 Errors during training, validation and testing period

MSE MAE MAPE

Training 0.3415 0.5293 20.2629

Validation 0.7040 0.8391 23.3986

Test

On dataset-1
On dataset-2

0.5654
1.0916

0.6178
1.1089

38.5695
97.7567
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turning parameters to enable better parameter selection on the CNC lathe to produce
quality products in the competitive market landscape.
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