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ABSTRACT 

Surface roughness is an important outcome in the machining process and it forms a 

major part in the manufacturing system. Surface roughness depends on different machining 

parameters and its prediction and control is a challenge to the researchers. There is a need to 

predict surface roughness prior to machining to attain higher productivity levels. Artificial 

Neural Networks (ANN) shows good capability in prediction and optimization of manufacturing 

process compared with traditional methods. This review paper shows how ANN models are used 

to predict surface roughness and discussion also focuses on the methodology of ANN as a 

potential modeling technique for the prediction of surface roughness in machining. 
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Nomenclature 

xi = input signal 

wij= connection weight between ith external neuron and the neuron j. 

j= activation threshold of neuron j 

f= activation function 

yj= output of neuron  

wij= solid line 

vij= dashed line 
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1.1 INTRODUCTION 
Surface quality is an important requirement for many machine parts. The purpose of the metal 

cutting process is not only to shape machined elements but also to manufacture them so that they 

can achieve their functions according to geometric, dimensional and surface considerations. Due 

to the increasing demand for quality products, manufacturing engineers are faced with the 

difficult problem of increasing productivity without compromising quality. Notably, precision 

machine components require accurate processes. Today, for this purpose, high precision machine 

tools and cutting tools are being manufactured which can be used at high speeds. These machine 

tools can be sensitively controlled by a computer. In the same way, the machining quality must 

be controlled. Surface roughness cannot be controlled as accurately as geometrical form and 

dimensional quality as it fluctuates according to many factors such as machine tool structural 

parameters, cutting tool geometry, workpiece and cutting tool materials, environment, vibrations, 

cooling fluid etc. In other words, surface quality is affected by the machining process, e.g. by 

changes in the conditions of either the workpiece, tool or machine tool. Surface roughness 
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changes over a wide range in response to these parameters. Usually, if incorporating in-process 

factors (vibration, tool wear, machine dynamics, cooling fluid, etc.) into surface profile 

prediction models, the surface profile (quality) of a workpiece can only be obtained after 

machining process. The reason is that the above in process factors are actually measured (or 

sampled) during machining process, and even it is very difficult to accurately measure or 

quantify some factors for the input of neural network prediction model, such as tool wear. 

Moreover, comparing with the fact that surface profile is usually obtained after machining 

process, it will be more significant to predict surface profile before machining process so that the 

optimal cutting parameters can be determined according to the prediction result before 

machining process, avoiding the waste of machined workpiece due to unsuitable cutting 

parameters. 

2.1 ARTIFICIAL NEURAL NETWORKS 

ANNs offer a computational approach that is quite different from conventional digital 

computation. Digital computers operate sequentially and can do arithmetic computation 

extremely fast. Biological neurons in the human brain are extremely slow devices and are 

capable of performing a tremendous amount of computation tasks necessary to do everyday 

complex tasks, commonsense reasoning, and dealing with fuzzy situations. The underlining 

reason is that, unlike a conventional computer, the brain contains a huge number of neurons, 

information processing elements of the biological nervous system, acting in parallel. ANNs are 

thus a parallel, distributed information processing structure consisting of processing elements 

interconnected via unidirectional signal channels called connection weights. Although modeled 

after biological neurons, ANNs are much simplified and bear only superficial resemblance. Some 

of the major attributes of ANNs are: (a) they can learn from examples and generalize well on 

unseen data, and (b) are able to deal with situation where the input data are erroneous, 

incomplete, or fuzzy. [1] 

2.2 BIOLOGICAL NEURAL NETWORKS 

The features of the biological neural network are attributed to its structure and function. The 

fundamental unit of the network is called a neuron or a nerve cell. Fig. 1 shows a schematic of 

the structure of a neuron. 

 

Fig: 1 Schematic diagram of typical neuron 

It consists of a cell body or soma where the cell nucleus is located. Tree like nerve fibers called 

dendrites are associated with the cell body. These dendrites receive signals from other neurons. 

Extending from the cell body is a single long fiber called the axon, which eventually branches 
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into strands and sub strands connecting too many other neurons at the synaptic junctions, or 

synapses. The receiving ends of these junctions on other cells can be found both on the dendrites 

and on the cell bodies themselves. The axon of a typical neuron leads to a few thousand synapses 

associated with other neurons. The transmission of a signal from one cell to another at a synapse 

is a complex chemical process in which specific transmitter substances are released from the 

sending side of the junction. The effect is to raise or lower the electrical potential inside the body 

of the receiving cell. If this potential reaches a threshold, an electrical activity in the form of 

short pulses is generated. When this happens, the cell is said to have fired. These electrical 

signals of fixed strength and duration are sent down the axon. Generally the electrical activity is 

confined to the interior of a neuron, whereas the chemical mechanism operates at the synapses. 

The dendrites serve as receptors for signals from other neurons, whereas the purpose of an axon 

is transmission of the generated neural activity to other nerve cells (inter-neuron) or to muscle 

fibers (motor neuron). A third type of neuron, which receives information from muscles or 

sensory organs, such as the eye or ear, is called a receptor neuron. [2] 

2.3 MATHEMATICAL MODEL OF NEURON 
In the above, we have simply analyzed the structure and information-processing mechanism of 

the biological neuron, to provide biological bases for constructing the mathematical model of an 

artificial neuron. Obviously, it is impossible to simulate factually various characters of the 

biological neuron in a current computer, and we must make various reasonable simplifications. 

In current research on the neural network, the neuron is the most essential information-

processing unit of the neural network. Generally, the mathematical model can be depicted as in 

Fig. 2. In Fig. 2  xi (i= 1,2,...,n) is the input signal of n external neurons to a neuron j, wij is the 

connection weight between the ith external neuron and the neuron j, Өj is the activation threshold 

of the neuron j ; f is the activation function (also called an effect function, generally non-linear), 

yj  is the output of this neuron.  

 

Fig: 2 Artificial Neuron model 

The relationship between the inputs and the output of a neuron is 

                        yi = f    𝑤𝑖𝑗 𝑥𝑖 −  Ө𝑗
𝑛
𝑖=1  ,……………………………………………….(1) 

Where f can be a non-linear activation function, such as a Sign function or a continuous Sigmoid 

function. It can be seen from the above that the mathematical model of a neuron preferentially 

simulates information-processing by a biological neuron to a certain extent.  [2] 
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2.4 FEED FORWARD/FEED BACK NEURAL NETWORK MODEL 

A feed forward neural network is made up of one input layer, several middle layers (hidden 

layers) and one output layer. A typical structure with a single hidden layer is shown in Fig.3. A 

feed forward neural network may contain several middle hidden layers.  

  

   Fig: 3 Feed Forward neural networks with              Fig: 4 Feedback neural networks 

                a single hidden layer 

The neurons of each layer only accept output information coming from the neurons of the 

forward layer. Each directed connection line among the neurons has one connection weight. The 

connection weight can be zero, which means that there is no connection. For simplicity and 

uniformity, in the diagram of a feed forward neural network, the neurons of the previous layer 

are connected with all the neurons of the following layer.  

Any two neurons in a feedback neural network can be connected, including self-feedback of 

neurons. A typical structure is shown in Fig. 4, wij (solid line) is the connection weight for the 

forward transferring network nodes, and vji (dashed line) is the connection weight for the 

feedback transferring nodes of the network information. In the above network, each neuron does 

not always have initial input, and the connections between neurons are not complete connections. 

In a feedback neural network, the input signal will be repeatedly transferred among the neurons 

from a certain initial state, and after being transformed a few times, will gradually tend to either 

a particular steady state or a periodic vibration state. [3] 

3.1 LITERATURE REVIEW 
Chinnasamy Natarajan, S. Muthu and P. Karuppuswamy [4] in their work, machining process 

has been carried out on brass C26000 material in dry cutting condition in a CNC turning machine 

and surface roughness has been measured using surface roughness tester. To predict the surface 

roughness, an artificial neural network model has been designed through feedforward back-

propagation network using Matlab (2009a) software for the data obtained. As shown in fig. 5 

comparison of the experimental data and ANN results show that there is no significant difference 

and ANN has been used confidently. The results obtained conclude that ANN is reliable and 

accurate for predicting the values. The actual Ra value has been obtained as 1.1999 μm and the 

corresponding predicted surface roughness value is 1.1859 μm, which implies greater accuracy. 
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Fig. 5 Comparison of actual and predicted       Fig. 6 Performance of DE-based ANN with   

roughness values                                               BP-based ANN 

S. H. Yang, U. Natarajan, M. Sekar and S. Palani used a differential evolution algorithm (DEA) 

based artificial neural network for the prediction of surface roughness in turning operations. 

Cutting speed, feed rate, depth of cut, and average gray level of the surface image of workpiece, 

acquired by computer vision, were taken as the input parameters and surface roughness as the 

output parameter.The results obtained from the DEA based ANN model were compared with the 

backpropagation (BP) based ANN as shown in the graph fig. 6. They found that the error 

percentage is very close, and it is also observed that the convergence speed for the DEA based 

ANN is higher than the BP-based ANN.[5]   

U. Caydas and A. Hascalık developed artificial neural network and regression model to predict 

surface roughness in abrasive waterjet machining (AWJ) process. In the development of 

predictive models, machining parameters of traverse speed, waterjet pressure, standoff distance, 

abrasive grit size and abrasive flow rate were considered as model variables. For this purpose, 

Taguchi’s design of experiments was carried out in order to collect surface roughness values. A 

feed forward neural network based on back propagation was made up of 13 input neurons, 22 

hidden neurons and one output neuron. The 13 sets of data were randomly selected from 

orthogonal array for training and residuals were used to check the performance. Analysis of 

variance (ANOVA) and F-test were used to check the validity of regression model and to 

determine the significant parameter affecting the surface roughness. The statistical analysis 

showed that the waterjet pressure was an utmost parameter on surface roughness. [6] 

Julie Z. Zhang and Joseph C. Chen used a back-propagation neural networks algorithm and 

accelerometer sensor technique to develop an in-process surface roughness adaptive control 

(IPSRAC) system in turning operations. This system not only can predict surface roughness in 

real time, but can also provide an adaptive feed rate change in finishing turning to ensure the 

surface roughness can meet requirements. [7] 

 Durmus Karayel presented a neural network approach for the prediction and control of surface 

roughness in a computer numerically controlled (CNC) lathe. Experiments have been performed 

on the CNC lathe to obtain the data used for the training and testing of a neural network. The 
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parameters used in the experiment were reduced to three cutting parameters which consisted of 

depth of cutting, cutting speed, and feed rate. Each of the other parameters such as tool nose 

radius, tool overhang, approach angle, workpiece length, workpiece diameter and workpiece 

material was taken as constant. A feed forward multilayered neural network was developed and 

the network model was trained using the scaled conjugate gradient algorithm (SCGA), which is a 

type of back-propagation. The adaptive learning rate was used. Therefore, the learning rate was 

not selected before training and it was adjusted during training to minimize training time. The 

number of iterations was 8000 and no smoothing factor was used. Ra, Rz and Rmax were modeled 

and were evaluated individually. One hidden layer was used for all models while the numbers of 

neurons in the hidden layer of the Ra model were five and the numbers of neurons in the hidden 

layers of the Rz and Rmax models were ten. The results of the neural network approach were 

compared with actual values as shown in fig. 7. 

 

Fig. 7 The predicted values and reference values of surface roughness 

 In addition, in as much as the control of surface roughness is proposed, a control algorithm was 

developed in the investigation. The desired surface roughness was entered into the control 

system as a reference value and the controller determined the cutting parameters for these surface 

roughness values. A new surface roughness value was determined by sending the cutting 

parameters to the observer (ANN block). The obtained surface roughness was fed back to the 

comparison unit and was compared with the reference value and the difference surface roughness 

was then sent to the controller. The iteration was continued until the difference was reduced to a 

certain value of surface roughness which could be permitted for machining accuracy. [8] 

C. P. Jesuthanam, S. Kumanan and P. Asokan developed hybrid neural network trained with 

genetic algorithm and Particle Swarm Optimization for the prediction of surface roughness.Their 

surface roughness predicted by the proposed network for the given validation input dataset is 

compared with the measured results and found to be competent. [9]  

N. I. Galanis and D. E. Manolakos presented surface roughness model for turning of femoral 

heads from AISI 316L stainless steel. The model is developed in terms of cutting speed, feed rate 

and depth of cut, using response surface methodology. Machining tests were carried out with 

TiN–Al2O3–TiC-coated carbide cutting tools under various conditions. The result shows that the 
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depth of cut was the main influencing factor on the surface roughness. It increased with 

increasing the depth of cut and feed rate, respectively, but it decreased with increasing the 

cutting speed. 

 

Fig. 8 Surface roughness in correspondence to cutting parameters 

The predicted surface roughness of the samples was found close to the experimentally obtained 

results within a 95% confident interval. [10] 

C. Sanjay and C. Jyothi used back propagation neural networks for the detection of surface 

roughness. Drill diameter, cutting speed, feed and machining time are given as inputs to the 

neural network structure and surface roughness was estimated. Drilling experiments with 12 mm 

drills are performed at three cutting speeds and feeds.  

 

Fig. 9 Assessing surface roughness. Drill diameter = 8mm, Speed = 17.9m/min, Feed = 0.285 

mm/rev 

Hole number 5 10 15 20 25 30 35 40 

Actual (mm) 4.75 5.38 5.59 5.54 6.68 7.89 8.56 9.12 

Mathematical analysis (mm) 3.42 3.94 4.3 4.7 5.1 5.45 5.87 6.24 

ANN 4×1×1 (mm) 3.78 4.23 5.05 5.92 6.68 7.76 8.46 9.1 
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The number of neurons are selected from 1,2,3, . . . , 20. The learning rate was selected as 0.01, 

and no smoothing factor was used. The best structure of neural network was selected based on a 

criterion including the minimum of sum of squares with the actual value of surface roughness 

and also mathematical analysis is one with an inverse coefficient matrix method for calculating 

the estimated values of surface roughness. Comparative analysis was performed between actual 

values and estimated values obtained by mathematical analysis and neural network structures. A 

comparative analysis was conducted for mathematical and neural network analysis. As shown in 

Fig.10, the estimated values of surface roughness obtained by neural network analysis matched 

well with the actual values, as compared to the estimated values obtained by mathematical 

analysis. The results obtained by neural network structures are more accurate and reliable for all 

the combinations of cutting speed and feed. The neural network has shown the capability of 

generalization and is effective in surface roughness analysis. [11] 

S. H. Yang, U. Natarajan, M. Sekar and S. Palani developed differential evolution algorithm 

(DEA) based artificial neural network and used for the prediction of surface roughness in turning 

operations. Cutting speed, feed rate, depth of cut, and average gray level of the surface image of 

work piece, acquired by computer vision, were taken as the input parameters and surface 

roughness as the output parameter. The results obtained from the DEA-based ANN model were 

compared with the back propagation (BP)-based ANN. It is found that the error percentage is 

very close, and it is also observed that the convergence speed for the DEA based ANN is higher 

than the BP-based ANN. They made novel attempt to predict the surface roughness of the turned 

components using neural network model trained DEA base ANN. It is observed that the error 

percentage of DEA-based ANN is closer to the BP-based ANN, and it is also found that the 

convergence speed for DEA-based ANN is lesser than the BP-based ANN. The proposed DEA 

based ANN model is simple, faster, and robust at numerical optimization. [12] 

Chen Lu, Ning Ma,  Zhuo Chen and J. P. Costes developed an approach for surface profile 

prediction in turning process using cutting parameters and radial basis function (RBF) neural 

networks is presented. The aim was to only use three cutting parameters to predict surface profile 

before machining process for a fast pre-evaluation on surface quality under different cutting 

parameters. The input parameters of RBF networks are cutting speed, depth of cut, and feed rate. 

The output parameters are FFT vector of surface profile as prediction result. The RBF networks 

are trained with adaptive optimal training parameters related to cutting parameters and predict 

surface profile using the corresponding optimal network topology for each new cutting 

condition. It was found that a very good performance of surface profile prediction, in terms of 

agreement with experimental data. [13] 

I. Asilturk and M. Cunkas measured the surface roughness during turning at different cutting 

parameters such as speed, feed, and depth of cut. Full factorial experimental design is 

implemented to increase the confidence limit and reliability of the experimental data. Artificial 

neural networks and multiple regression approaches are used to model the surface roughness of 

AISI 1040 steel. Multiple regression and neural network-based models are compared using 

statistical methods. They clearly saw that the proposed models are capable of prediction of the 

surface roughness and the ANN model estimates the surface roughness with high accuracy 

compared to the multiple regression model. [14] A. P. Markopoulos, D. E. Manolakos, and N. M. 

Vaxevanidis (2008) proposed Artificial Neural Networks models for the prediction of surface 

roughness in Electrical Discharge Machining (EDM). For this purpose two well-known 
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programs, namely Matlab with associated toolboxes, as well as Netlab, were employed. Training 

of these models was performed with data from an extensive series of EDM experiments on steel 

grades; the proposed models use the pulse current, the pulse duration, and the processed material 

as input parameters. The reported results indicate that the proposed ANNs models can 

satisfactorily predict the surface roughness in EDM. Moreover, they can be considered as 

valuable tools for the process planning for EDM. [15] 

A. M. Zain, H. Haron and S. Sharif developed ANN model for predicting the surface roughness 

performance measure in the machining process by considering the Artificial Neural Network as 

the essential technique for measuring surface roughness. In the experiment, 24 samples of data 

concerned with the milling operation are collected based on eight samples of data of a two-level 

DOE 2
k
 full factorial analysis, four samples of centre data, and 12 samples of axial data. All data 

samples are tested in real machining by using uncoated, TiAIN coated and SNTR coated cutting 

tools of titanium alloy (Ti-6A1-4V). The Matlab ANN toolbox is used for the modelling purpose 

with some justifications. Feedforward backpropagation is selected as the algorithm with 

traingdx, learngdx, MSE, logsig as the training, learning, performance and transfer functions, 

respectively. With three nodes in the input layer and one node in the output layer, eight networks 

are developed by using different numbers of nodes in the hidden layer which are 3–1–1, 3–3–1, 

3–6–1, 3–7–1, 3–1–1–1, 3–3–3–1, 3–6–6–1 and 3–7–7–1 structures. It was found that the 3–1–1 

network structure of the SNTR coated cutting tool gave the best ANN model in predicting the 

surface roughness value. [16] 

4.1 CONCLUSION 

In this paper, a review of the ANN technique to develop the prediction model for surface 

roughness has been discussed. Examples of studies are given, with their relative abilities and 

limitations, in relation to the modelling of the machining process focusing on the prediction of a 

surface roughness measurement by using ANN approaches. ANN can produce an accurate 

relationship between cutting parameters and surface roughness. Therefore, ANN can be used for 

modeling surface roughness so that it can be predicted close to real values before the machining 

stage. ANN is very powerful tool for the prediction of surface roughness and ANN model shows 

higher accuracy than the traditional statistical approaches. 
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