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ABSTRACT: Surface quality receives great attention in turning achievement as a good quality turned surface 

greatly enhances the mechanical and chemical properties of the products. Consequently, the required surface finish 

is typically prescribed, and the correct cutting parameters are chosen to achieve the superior quality needed. In 

this work, an experimental investigation and predictive model utilizing the MATLAB with neural network (NN) 

back-propagation learning algorithms were conducted for studying the effect of feed rate, cutting depth, and 

cutting speed on surface roughness during dry turning of 6061 aluminum alloy. The experimental design was 

followed up with a complete factorial design of experiments corresponding to 27 runs. The contribution from 

mentioned three parameter's to surface roughness is determined using a sensitivity analysis. During the study, the 

feed rate is found to be the most important parameter influencing surface roughness (70.3%), followed by cutting 

speed with a percentage contribution (19.9%). Further, it was also noticed that due to thermal softening effect, 

surface roughness decreases as cutting speed increases and surface roughness increases as feed rate increases as a 

result of friction between the cutting tool and the manufacturing material. Comparing the experimental data with 

the finding from artificial neural network (ANN) reveals that there is no substantial variance and that algorithm 

has been used with confidence.  
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INTRODUCTION 

Surface roughness is a commonly quality measure of product used, and in many situations, it considered technical 

criteria for products. Obtaining the required surface  quality  is  crucial  for  the  functional  behavior  of  a 

component. It is the quality indicator of the machined surfaces and affects the mechanical and chemical properties 

of the machined components [1]. Nowadays, special consideration is paid to dimensional precision and surface 

finishing for every manufacturing field. The calculation and characterization of the surface texture can therefore 

be regarded as forecasting for the machining output [2]. The key factors influencing the surface roughness during 

machining are feed rate, cutting speed, cutting depth, tool vibrations, cutting fluid temperature and tool geometry, 

etc., Therefore, finding the correct rate of process parameters to achieve the necessary surface roughness becomes 

crucial for the manufacturing industry [3]. Artificial neural networks (ANNs) are information processing systems 

and have been used in many fields of computer applications since their inception. Any of a system's operating 

conditions may be explored in experimental studies. However, experts and special equipment are required for this 

sort of experimental work and usually takes too much time and arise expense as well. ANNs were qualified to 

solve non-linear and complex problems that aren't exactly mathematically modeled by extracting the desired 

information using the input data, which actually is essential since many of the connections between inputs and 

outputs are non-linear and complicated in real life. In addition, by applying ANN to a system, it can continually 

retrain new data during service, allowing it to compensate the system changes [4]. 

LITERATURE REVIEW 

Many studies were carried out on surface roughness of various metallic materials, Ozel et al. used neural networks 

and regression techniques to predict surface roughness and tool wear during turning. They find that the ANN has 

a greater ability to predict than regression models [5]. Iihan Asilturk et al. used ANN and regression methods to 

examine the significance of cutting parameters on surface roughness of AISI 1040 Steel; they found that ANN 
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estimates surface roughness with greater precision than regression model [6]. Vikas upadhyay et al. proposed 

ANN as well as regression methods to examine the impact of vibration signals and cutting parameters on surface 

roughness [7]. J Paulo Davim et al. used ANN and analysis of variance (ANOVA) techniques to test experimental 

data gathered. A multilayer perceptron pattern was built using cutting speed, feed rate, and cut depth as input 

parameters; while surface roughness as output parameter with back propagation algorithm [8]. Research on the 

different works performed concerning roughness prediction in machining using genetic algorithm, regression 

analysis, artificial neural network, neuro fuzzy systems was specified by P. G. Bendaros et al. [9]. Habibollah 

Haron et al. studied the approach, implementation, skills, and weakness of ANN in the modeling of the machining 

process [10]. Huda Hatem utilized regression models to estimate surface roughness over the machining time for a 

range of cutting conditions in turning; different types of materials (Copper alloy, Aluminum alloy, and cast iron) 

were examined with different feed rate and cutting speed. They concluded that decreasing in the feed rate caused 

improving surface roughness and increasing cutting speed caused improving surface roughness [11]. Deepak 

Kumar concentrated on the Multi Objective Evolutionary Algorithm based optimization technique, to find the best 

cutting parameters (feed rate, cutting speed, depth of cut, and nose radius) in turning operation of Aluminum Alloy 

6351- T6 Material. Two contrary goals (operation time and tool life) with three limitations, which depend upon 

the turning parameters, are improved using Genetic Algorithm (GAs), and finally found that the nose radius is the 

most important parameter on surface roughness and after that feed rate and depth of cut [12]. Arjun Joshy et al. 

measured the surface roughness of aluminum alloy 7075 material turned in CNC machine by taking into account 

machining parameters such as feed rate, cutting speed, and depth of cut. The optimization of the machining process 

has been done using ANOVA, while the prediction of surface roughness was carried out using feed-forward back-

propagation ANN model. They concluded that as the cutting speed increases, the surface roughness decrease. 

Also, on the basis of ANOVA results, cutting speed has considerable effect as compared to depth of cut and feed 

rate [13].  

Research Gaps 

Previous studies showed the importance of surface finish and regarded it one of the essential quality control 

parameter to ensure that functional surfaces of manufactured parts conform to specified standards. Researchers 

investigated the turning operation of many kinds of workpiece materials, but less of them studying aluminum alloy 

6061 in detail, which is one of the most widely used aluminum alloys.  

Research Objective 

The principal aim of this study is to develop an ANN model to investigate the effect of input process parameters 

on surface roughness and to predict surface roughness using uncoated carbide cutting on the dry turned aluminum 

alloy 6061 bars. The results accomplished by this study indicate that ANN is accurate and efficient in forecasting 

algorithm to predict values.  

METHODOLOGY 

As previously mentioned, according to the study target, this study will include two methodological techniques of 

data analysis for the investigation, namely experimental setup and ANN technique.  

Experimental Set-Up and Details 

Experimental trials to evaluate the effect of process parameters on surface roughness during dry turning of 

aluminum alloy 6061 are based on a full factorial design with three controllable factors and three levels for each. 

The three levels and three factors considered in this experimental study are set out in Table 1. Based on full 

factorial design, 27 experimental trials with different combinations of process parameters were carried out on a 

traditional turning machine on a 50 mm diameter aluminum alloy 6061 specimen using uncoated carbide cutting 

tool. The surface roughness of the machined part was measured using TR220 micro roughness instrument. As 

scientific procedure, surface roughness measurements were repeated three times on each specimen, and average 

values were used as data point for all specimens of each type. 

Table 1. Input parameters and their levels 

https://www.powerthesaurus.org/forecasting/synonyms


 Surface Roughness Prediction In Turning Operation Of Aluminum Alloy 6061using Artificial Neural Network (Ann) 

 

362 

 

Levels Cutting Speed (v) 

rpm 

Feed Rate (f) 

mm/rev. 

Depth of Cut (d) 

mm 

1 150 0.07 0.2 

2 230 0.13 0.4 

3 355 0.3 0.6 

 

Artificial Neural Network Model 

An ANN can examine the complicated connection between the several factors that influence a given output. Back 

Propagation Algorithm (BPA) is one of the widely utilized neural network training algorithms, but it is suffering 

from more sluggish convergence. Lavenberg Marquardt (LM) is a comparatively quicker method and hence BPA 

with LM is using in network training. The design parameters are the cutting velocity, feed rate and cut depth. The 

network input layer has 3 neurons that correspond to each of the three machining cutting parameters and the output 

layer corresponds the response factor in 1 neuron. To evaluate the number of neurons in the hidden layer, a trial 

and error method was adopted. The best approach with a minimal mean squared error is carried out with five 

hidden layer neurons for estimating surface roughness. The architecture of the ANN was conceived in MATALB 

nntoolbox. Figure 1 shows the architecture of the neural network that offers the highest predictive accuracy. 

 

 

Figure 1. Neural Network Architecture 

In this study, learning parameters of proposed ANN structure were kept as following: log sigmoid as activation 

function, 0.05 learning rate, 0.96 as momentum constant. To check the predictive precision of the emerging 

neural network model, the model was evaluated using the verification data chosen as the final 8 experimental 

runs. The input-output collection of data containing 27 models was randomly divided into two groups: the 

training data group contains of 70% of the data and the test data group containing 30% of the total data. There 

are 19 training models considered for ANN surface roughness modeling, after the training, the weights are 

fixed, and the model is examined for result verification. The network is confirmed in this work concerning of 

consent to experimental effects.  

RESULTS AND DISCUSSIONS 

Experimental Result Analysis 

The results of the experimental 27 runs are displayed in graphical representation. Figure 2 shows the principal 

impact scheme affecting design variables on surface roughness. It is obviously visible from the chart 1 that 

the effect of feed rate is very high on the surface roughness, it is generally  considered  to  be  a  function  of  

square  of  the  feed rate. Moreover, it can be attributed as a result of the large value of feed rate in comparison 

with the smaller nose radius, and the surface roughness depends primarily on feed rate when compared with 

nose radius, it is essentially further directly concerned to feed rate, and may be as a result of relative vibrations 

of the tool work. From chart 2 it is obvious that as the cutting speed increases the surface roughness decreases; 

this can be due to the reality that the buildup edge structure for higher cutting speeds is continuously reduced. 
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Figure 2. Effects of feed rate, cutting speed, and depth of cut on surface roughness  

Through ANOVA Analysis the relative significance among the levels of the cutting parameter is more precisely 

calculated. ANOVA analysis is carried out for surface roughness to evaluate the importance of every parameter 

affecting surface roughness. The correlations among different variables of an experiment can be numerically 

calculated utilizing variance analysis (ANOVA), table 2 presents an overview of the ANOVA analysis 

conducted utilizing MINITAB16 software. It is seen from the ANOVA study that surface roughness was highest 

influenced by feed rate (70.3%) subsequently cutting speed (19.9%), since probability value less than 0.05. The 

depth of cut and interactions of design parameters have no significant impact on the roughness of the surface 

since probability value more than 0.1. 

Table 2. ANOVA for surface roughness 

source Sum of squares Mean squares Probability value Percentage 

(%) 

v 0.152 0.076 0.03 19.9 

f 0.56 0.28 0.002 70.3 

d 0.016 0.008 0.264 2.01 

vd 0.006 0.0017 0.573 0.86 

fd 0.014 0.0036 0.265 1.41 

vf 0.028 0.007 0.179 3.48 

Error 0.017 0.0022  2.04 

Total 0.793    

 

Simulation Result Analysis  

The input data is transmitted to the neural network model while adjusting the targets to surface roughness as output 

parameter for three machining parameters (feed rate, cutting speed, and depth of cut). The network spreads the 

input model from layer to layer until it generates output. Then the output of the sample is matched with the target 

which in this study is surface roughness. For performance evaluations of proposed model, error is measured and 

the backthrough network is propagated. The weight then adjusts and the identical cycle is repeated until the 



 Surface Roughness Prediction In Turning Operation Of Aluminum Alloy 6061using Artificial Neural Network (Ann) 

 

364 

 

minimum error value is made. The output scheme of the ANN model being trained is shown in figure 3. The mean 

square error (MSE) of ANN's is reported as 2.27*10-18. It is observed from figure 4 that the output paths are 

targeted highly for training (R-value= 1.0), validation (R-value= 0.97052), and testing (R-value= 0.89493). These 

values could be related to a total response of R-value=0.96035. In this case, the output of the network is prosperous 

so far, and simulation can be used for entering new inputs. The Regression (R) plot shows the importance between 

the experimental output and the ANN output that regard as a predicted output. R= 0.9665 represents an ANN 

performance which matches the goal extremely well. 

 

 

Figure 3. performance plot of the trained ANN model 

 

 

Figure 4. Correlation coefficient of the trained ANN model 

The trained ANN was simulated on the basis of data from the input process variables to forecast the output 

responses. The results of the respective simulation are shown in figure 5. As the output data group utilized 

within the neural network training, is in normalized range, so the expected outputs are in the same range as well. 

It's quite obvious from figure 5 that all of the predicted surface roughness is approximately equal to the 

corresponding experimental values with R-squared equal to 0.922268. 
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Figure 5. Comparison between experimental and predictive values of surface roughness 

CONCLUSIONS AND FUTURE WORKS 

An experimental investigation was performed on aluminum alloy 6061 specimen with a dry turning process. It 

is found that machining with 0.07 mm /rev feed at 355 rpm cutting speed and 0.2 mm cutting depth created 

lower dry machining surface roughness. An increase in the cutting speed decreases the surface roughness as a 

result of thermal softening influence. An increase in feed rate increases the roughness of the surface as a result 

of the friction between the cutting tool and work material. Prediction models were developed with the assistance 

of ANN include expected values that are in good agreement with the experimental values. The prediction result 

is favorable with a mean square error (MSE) of 2.27*10-18, correlation coefficient R equal to 0.96, and R-

squared equal to 0.922268 ; which means that the neural network is able to predict surface roughness up to 92 

percent accuracy. Regarding its speed, ease and ability to learn from data examples, ANN is also shown to be a 

better model and not required to a further experimental research. A feed is the most affected parameter from the 

sensitivity analysis with percentage participation of 70.3%, and after that cutting speed with a percentage of 

19.9%. For future works, we recommend studying the effect of other cutting parameters on surface roughness 

of aluminum alloys such as tool geometry, coolant, and cutting tool material.  
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