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Abstract 

 
In recent days, the use of hardened steel is rapidly growing. Machining in hardened state has been found to be 

more economically more beneficial compared to the conventional machining in annealed state followed by 

hardening and grinding. Hardened steels need to be machined maintaining with a certain limit of tolerance and 

retaining all of its properties. In this study, turning of hardened steel of 65 HRC with mixed uncoated ceramic 

tool (Al2O3 + TiC) was performed under dry condition from which, the effects of cutting parameters on surface 

roughness was addressed as well as monitoring of tool wear and tool condition was performed using Acoustic 

Emission (AE) sensor. The purpose of this study was to investigate whether the signals received from AE sensor 

was capable of representing the wear and condition of the tool, while trying to achieve minimum surface 

roughness during machining of hardened steel using the given ceramic tool. The results demonstrated AE signals 

as a potential indicator for Tool Condition Monitoring (TCM) in turning of hardened steel. 
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1. Introduction 
The extensive demand for hardened steel machining (HRC > 50) in the die and tool industry justifies the need for 

more effective and productive machining approaches. Hence achievement of productivity along with maintaining 

the high quality of the products at the lowest possible costs. To fulfill these contradictory requirements, there is a 

demand for integrating the in-process quality check to minimize the wastages due to defects. In this scenario, high 

tool-wear can be a great hurdle to achieving productivity. The failure of a cutting tool will have serious detrimental 

effects on the quality of the machined part. Surface roughness is an important parameter that determines the 

product quality. The conventional method of tool wear measurement with human supervision has become 

unproductive since it interrupts the machining. Consequently, manufacturers are focusing on automated 

machining with an autonomous tool-wear detection system which enormously optimizes the machining system 

and can be a good quality assurance tool. The reliable and repeatable performance of cutting tools is an important 

consideration for such an autonomous industry that requires least to no human interaction. Subsequently, the 

failure of a cutting tool will have serious detrimental effects on the quality of the machined part. Poor surface 

finishes, as well as tool life, hinders productivity since additional processes are required to achieve the desired 

quality of the product. Optimizing the machining parameters can increase surface finish and tool life [1]. But 

optimizing parameter can’t help in detecting tool failure. As the cutting operation progresses with time various 

wear mechanisms also take place. This results in increased levels of wear of the cutting tool. As the cutting tool 

proceeds to the failure region, cutting temperatures are elevated which reduces the efficiency of the cutting tool 

and its thermal failure takes place. During machining one of the common phenomena is the occurrence of vibration 

due to the development of harmonic resonance in the machining setup (workpiece, cutting tool, holder). Through 

changing the major factors (v, f, d, cutting edge angle and tool geometry) the resonance can be controlled. Also 

during machining self-excited and forced vibration causes severe wear to the cutting tool. Self-excited vibration 

like chatter, effects surface roughness, dimensional accuracy, and machine life which is one of the major 

limitations on productivity improvement in the machining process [2]. Feed rate is considered to be the greatest 

influencer and the cutting velocity (acceleration) to be the least impactful for vibration along the x-axis while 

turning in the lathe [3]. These types of Vibration could be decreased by a reduction in the feed which results in 

the trade of a negative impact on the quality of machined surface and a positive impact on the tool life by lowering 
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the variation [4]. Increased cutting speed, as well as vibration amplitude, has a detrimental effect on tool life. 

During lathe turning impact of chatter reduces tool life by 50% to 80% depending on cutting speed [5]. Acoustic 

emission-based sensing technology can be used as an intelligent tool condition monitoring system. Because of the 

high sensitivity ratio for noise, AE signals are adequate for high precision machining. With the help of the AE 

sensing system progressive tool wear and tool life could be predicted [6]. The formation of the sonic signal is 

mainly elastic wave propagation within the tool. But tool materials, the geometry of the tool and boundary 

conditions have a high effect on the AE signals [7]. AE sensors are very sensitive toward the sonic signals caused 

by different process parameters. While machining all the acoustic noise is collected by the sensor in the form of 

the voltage difference. When subjected to tool wear sonic signal generates a huge voltage spike in the signal array. 

These peaks could help in predicting tool conditions [8]. Quantifiable characteristics of the AE signal like rising 

time, energy, RMS voltage and to an extent ring down count forms in response to the wear rate and cutting 

conditions. AE signal is a great tool failure detection process through pattern recognition technique [9]. AE signals 

are sensitive toward tool wear mechanisms. They may be used to establish a relationship between cutting force 

components and cutting conditions that can be predicted under varying cutting conditions. [10]. This study depicts 

results on Tool Condition Monitoring (TCM) under different cutting conditions using a ceramic tool while 

machining hardened steel in dry condition using acoustic emission signals and the influence of the cutting 

parameters in both the time and frequency domains. 

 

2. Experimental conditions 
The experiment was conducted on an Engine Lathe machine, Model: CS6266B. Dry straight turning operation 

was conducted using an uncoated ceramic tool of CC 650 graded mixed ceramic tool (Al₂O₃ + TiC) of ISO insert 

geometry code of TNGN 160416T01020 from Sandvik Coromant on a shaft of hardened steel of diameter of 65 

mm with an average hardness of HRC 65. The chemical analysis in table 1 reveals the influential chemical 

composition of the workpiece in weight percentage. 

 

Table 1. Chemical composition of hardened steel in weight percentage 

Mn Si C S P 

Wt.% Wt.% Wt.% Wt.% Wt.% 

0.87 0.17 0.17 0.013 0.011 

 

A setup was made for data acquisition of the acoustic emission from the tool holder for the tool condition 

monitoring. Fig. 1 represents the block diagram of the circuit arrangement of the setup. 

 

 

Fig. 1. Schematic diagram of data acquisition from AE sensor 

 

During machining, the sonic signal was generated by the seismic wave of the cutting operation which was recorded 

as voltage difference from the tool holder using the acoustic sensor, Model: DYP400E10TR-1 Part 400 kHz using 

a computer. The voltage difference data was encoded to readable voltage through the use of the ATmega328 

microcontroller. The encoded data was converted as the visual signal array using Signal Analyzer from the signal 

processing toolbox of MATLAB. The average surface roughness of the workpiece was taken by the Contact 

method via Phase II SRG- 4500 Profilometer. The tool wear of the ceramic tool CC650 uncoated mixed ceramic 

was captured using an inverted metallurgical microscope, model EQ-MS-XJM413H-3M. 
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3. Experimental results 
Each run of the straight turning operation was 10 mm. As the feed rate and cutting speed are the two most 

important criteria of the generation of vibration. 2n responses were taken to compare response factors with the 

sonic signal generated while machining. Table 2 represents the experimental results of average surface roughness 

and average flank wear for response factor interaction. 

 

Table 2. Experimental results of average surface roughness and average flank wear 

Run No. Cutting Speed Feed Rate Depth of Cut Avg. Surface Roughness Avg. Flank Wear 

 (m/min) (mm/rev) (mm) (μm) (mm) 

1 161 0.10 

0.20 

0.310 0.006 

2 161 0.14 0.434 0.004 

3 98 0.10 0.510 0.014 

4 98 0.14 0.597 0.065 

 

The sonic signals generated from each run was displayed using MATLAB Signal Analyzer in the time domain as 

a form of the amplitude of the voltage generated by the real-time data acquisition and in the frequency domain as 

a form of the power spectrum (dB) of time-domain into frequency components which indicates the proportion of 

frequency present in the signal array. The rate of data captured using the AE sensor was 30 per sec. An equation 

was used to convert the analog reading (0 - 1023) to a computer-readable voltage (0 - 5V). The sensor was capable 

to emit 400 kHz of frequency at its max output for 5V. Where F(x) signifies the float voltage for the sensor value 

x obtained from the microcontroller. 

 

F(x) = 
x*5*80 

(1) 
1023 

 

A 10-sec section of the sonic signal was taken as each sample. A 100 kHz passband frequency filter was applied 

to remove the redundant low band frequencies which was not directly correlated with the cutting operation. The 

corresponding figure of tool wear was also given to correlate the AE signals of the tool condition. 

  

                     
(a) (b) 
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(c) (d) 

 

Fig. 2. AE signal in Time domain and Frequency domain and corresponding tool condition for (a) run no. 1: 

highest velocity, lowest advance, (b) run no. 2: highest velocity, highest advance, (c) run no. 3: lowest velocity, 

lowest advance and (d) run no. 4: lowest velocity, highest advance. 

 

The run was divided into 4 possible combinations for the 2 response factor: high velocity, low advance (HVLA), 

high velocity, high advance (HVHA), low velocity, low advance (LVLA) and low velocity, high advance (LVHA) 

sections. The amplitude of the sonic signals corresponds to the increasing level of the cutting speed and the feed 

generates a dense pack of peaks in the signal array of the time-frequency. Sudden peak with huge amplitude was 

observed which were tool wear from the ceramic tool while machining. Chipping was found in run no. 4 for the 

lowest velocity, highest advance rate (LVHA) which subsequently generated a huge rise of voltage seen in the 

time domain and high power density frequency with high power spectrum was observed continuing from the 150 

kHz until the 400 kHz. Several other frequency components exist which correspond to other forms of forced and 

self-excited vibrations. Most of the frequencies was lower than -40 dB. Only amplitude greater than -20 dB was 

considered to be the influencial one. 

 

In the case of the power spectrum, the low power density of the AE signal represents the better surface roughness 

on the workpiece shown in Fig.3. The mean of the amplitude of the signals for each of the conditions correlates 

with the surface roughness found from the Profilometer. 
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Fig. 3. The power spectrum of AE signal in the frequency domain for the possible combination of cutting speed 

and feed rate. 

 

The interaction of the lowest velocity, highest advance (LVHA) with the highest velocity, lowest advance (HVLA) 

depicts the rise of the power spectrum which correlates with the worst surface quality vs the condition for best 

surface quality. The lowest velocity, highest advance (LVHA) created a high-density power spectrum. Whereas 

the highest velocity, lowest advance (HVLA) created a comparatively low-density power spectrum. The power 

density in the frequency domain increases as the feed rate falls and the cutting speed increases. Also, the lower 

velocity increases the power spectrum density in cutting operations. Table 3 represents the Correlation of the AE 

signal power spectrum with average surface roughness. 

 

Table 3. Correlation of AE signal power spectrum with average surface roughness 

AE signal power spectrum HVLA HVHA LVLA LVHA 

Average Surface Roughness (μm) 0.310 0.434 0.510 0.597 

 

Power spectrum relation 

of change in feed rate for 

low velocity 

Power spectrum relation 

of change in feed rate for 

high velocity 

Power spectrum relation of 

change in velocity for high 

feed rate 

Power spectrum relation 

of change in velocity for 

low feed rate  

Power spectrum relation of 

lowest velocity and feed rate vs 

highest velocity and feed rate  

Power spectrum relation for 

lowest velocity and highest feed 

rate vs highest velocity and 

lowest feed rate  
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4. Conclusion 
Acoustic Emission (AE) sensor was able to pick up the acoustic noises generated during the machining processes. 

In the time domain, the high amplitude of the sonic signal was generated when the tool wear took place which 

was picked up using an AE Sensor. Tool wear in the ceramic tool generated a frequency ranging from 150 kHz to 

400 kHz.  Acoustic Emission (AE) signals in the study also showed a pattern of the rising in signal power density 

which correlates with the surface finish of the workpiece. The power density rises as the surface roughness 

increases. The process parameter in machining influences both the surface roughness of the workpiece as well as 

dictates the rise of the power density of the AE signals. So, for achieving an autonomous tool condition monitoring 

system, the implementation of the AE sensor for tool wear detection through signal analysis proved to be a great 

approach. 
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