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Abstract
In this study, we present tool wear prediction system to monitor the flank wear of a cutting tool by Machine Learning 
technique namely, Convolutional Neural Network (CNN). Experimentations were performed on mild steel components 
under dry cutting condition by carbide inserts as cutting tool. Images of cutting tool and turned component were taken 
at regular interval using an inverted microscope to measure the progression of flank wear and the corresponding image 
of component was noted. These images were used as an input to the CNN model that extract the features and classify 
cutting tool in one of the three wear class namely, low, medium and high. The result of the CNN training set was used to 
monitor the life of cutting tool and predict its remaining useful life. In this work which is first of its kind, the CNN model 
gives an accuracy of 87.26% to predict the remaining useful life of a cutting tool. In particular, the study exhibits that 
CNN method gives good response to the data in the form of images, when used as an indicator of tool wear classifica-
tion in different classes.
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1  Introduction

Manufacturing which is an age old technology went on to 
become ‘Intelligent Manufacturing’ (IM) after the advent 
of CAD, CAM and CAE as well as robot. In early twentyfirst 
century with invent of smart sensors and internet, the IM 
system emerged to ‘Smart Manufacturing’ to provide a bet-
ter quality and improved productivity with a reduced lead 
time [1]. This has been described as the fourth industrial 
revolution ‘Industry 4.0’. Smart design, smart machines, 
smart monitoring, smart control and finally smart schedul-
ing can be achieved by Industry 4.0 that should take auto-
mation to the highest level [2]. Apart from this, to fulfill the 
highest level of automation in manufacturing industry, the 
work piece handling time and machine downtime should 
be reduced by fully automating the concerned hardware. 
Tool monitoring system is one such solution that reduces 
the downtime required to check the tool status. But at 

present, indirect methods of monitoring tool wear are 
the best alternatives to direct methods. These methods 
save a considerable amount of time as the tool need not 
be removed to check its wear and thus is economic to 
industry. The cost of tool monitoring system can be justi-
fied against the amount spend in machine downtime for 
checking the tool status. Artificial Intelligence (AI) plays 
an important role in Industry 4.0 by providing capabil-
ity of self-learning networks by using component data 
to predict its future [3]. A combination of indirect TCM 
methods with latest AI technology like the Convolutional 
Neural Network can greatly improve the performance of 
the manufacturing system. Thus the use of IoT and cloud 
system for smart manufacturing units can fulfill the objec-
tives defined by Industry 4.0.

As cutting tool machines the work piece surface, it 
leaves its information on the work piece in the form of 
feed marks, this feed marks form the waviness on the 
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work piece surface and is termed as surface roughness. 
This variation on the surface roughness is known as 
texture in terms of machine vision. This surface texture 
varies as the tool wear progresses [4]. The limitations 
of stylus method [5] to measure the surface roughness 
have been greatly overcome by image processing based 
methods. Gadelmawla et al. [6] used a novel technique 
to extract the height of surface roughness from cap-
tured images and presented it in gray levels. A 3D view 
of these gray level display scratches on the work piece 
and thus roughness properties were determined from it. 
Wavelet transform was used by Chen et al. [7] to evalu-
ate surface roughness of the machined components. 
Authors developed a mathematical model to abstract 
surface roughness information and opened a new area of 
wavelet for roughness measurement. Frequency normal-
ized wavelet transform was used on machined surface 
images by Josso et al. to analyze the surface roughness 
characterization [8]. A novel online method for estima-
tion of cutting tool flank wear using fractal properties of 
machined surface was presented by Bukkapatnal et al. 
[9]. Authors used a set of sensors to collect the informa-
tion on cutting force, vibration and frequency that was 
used to extract the fractal dimensions and ultimately 
flank wear using recurrent neural network. Hough 
transform was implemented on the texture of machined 
surface images to detect line segments formed during 
machining [10, 11]. Results showed a strong correlation 
between the features extracted by Hough Transform and 
tool wear using multilayer perceptron neural network. 
The research opened a new area in the form of transform 
to be used for monitoring tool wear.

Analysis of surface texture of turned surface images 
by Voronoi tessellation (VT), a concept in computational 
geometry was performed by creating Voronoi diagram 
by Datta et al. [12]. Authors extracted two texture feature 
namely, total void area of Voronoi diagram and number of 
polygons with zero cross moment. A correlation between 
measured flank wear and the extracted features depicted 
that the method can be applied to monitor the flank wear 
in the cutting tools. In another work of Dutta et al. [13] 
used a combination of three feature extraction methods, 
viz; Gray Level Co-occurrence Matrix (GLCM), VT and dis-
crete wavelet transform was applied on the turned sur-
face images and textural features were extracted. These 
features were then fed to regression model of support 
vector machine to predict the flank wear that showed a 
good correlation between features and flank wear. A novel 
work by use of Gabor filter was performed to implement 
Gabor filter for tool wear analysis [14]. Various statistical 
parameters were determined and their correlation with 
the measured surface roughness values of the machined 
surface was presented.

There are few other techniques that can work well 
on edges in the machined surface images by extracting 
important features and determine remaining useful life of 
a cutting tool. The techniques like contourlet transform 
[15, 16] was used to detect lines or contours in an image 
and dual tree complex wavelet transform [17, 18] which 
extract rotation invariant features are still not explored for 
tool wear monitoring. CNN is gaining popularity as it is a 
combined feature extraction and classification machine 
learning tool. A fault in gear box generates vibration sig-
nals that can be used to diagnosis the various fault pat-
terns. Chen et al. [19] carried out fault diagnosis experi-
mentations on gear box and used SVM and CNN classifier 
and found that CNN has a better fault identification and 
classification rate. In order to identify fault in a bearing, 
a fault detection system based on CNN was developed 
by Janssens et al. [20]. The raw signals obtained from the 
vibration data were subjected to feature extraction and 
further classification by random forest classifier as well as 
CNN. The high rate of accuracy opened a new machine 
learning tool in manufacturing. Aghazadeh et  al. [21] 
employed force, vibration and spindle current as input to 
different regression algorithm in a first work of its kind and 
found that CNN outperformed other classifiers between 
all three signals and discovered that CNN can be suitably 
applied for TCM. In a similar work Terrazes et al. [22] sup-
plied real time raw data of cutting force, as input to CNN 
that resulted in an accuracy of 78% in prediction of tool 
wear. Experiments were performed by Gouarir et al. [23] to 
measure cutting force and predict the flank wear of milling 
cutter using CNN. A confusion matrix showed that there 
is just 10% deviation from predicted and actual tool wear. 
In a recent paper, Martinez et al. [24] attempted for a tool 
monitoring system to classify tool in four predefined class. 
The data was fetched from force and vibration sensor and 
provided to CNN classifier that was justified by an accuracy 
of above 90%.

Literature reveals that different researchers have used 
different methods to extract textural features and moni-
tor the status of a cutting tool. Few researches presented 
the combination of two or three techniques in order to 
improve the accuracy of monitoring system. Most of the 
research is focused on data from sensor, which has ambi-
guity in the form of noise, clarity, reliability, complexity etc. 
These are the inherent features when data is in the form of 
numbers. Alternatively, if the data is in the form of images, 
there is least chance of such ambiguity provided proper 
data acquisition is implemented. Even though some work 
is done on images, there are few techniques that are still 
not been able to grab the attention of the researchers. 
Although CNN has been applied on data like force, vibra-
tion, current etc. obtained from sensor but application of 
CNN on images is not yet studied for TCM. CNN technique 
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has a capability of both, feature extraction and classifica-
tion when images are used as input. Other image process-
ing techniques needs at least two methods; one for feature 
extraction and other for feature classification. Use of CNN 
terminates the requirement of two separate techniques 
for feature extraction and classification including the 
need for probing the best technique in each case that can 
improve accuracy of algorithm. CNN is a novel approach 
used for monitoring of tool wear based on components 
images that are all identical. Therefore in this pa0per a 
tool monitoring system based on CNN is presented to pre-
dict life of cutting tool. This approach demonstrates that 
CNN method of AI for classification of tool degradation 
responds sufficiently well when used as an indicator for 
monitoring tool wear. This machine vision based indirect 
TCM technique generates a large amount of data in the 
form of images. The handling of such a huge data is dif-
ficult to process by regular CPUs and the processing time 
may be in hours. The issue can be efficiently treated by 
use of GPUs operated from clouds which will reduce the 
processing time by a considerable amount [25]. The tech-
niques used for features extraction and classification are 
detailed in Sect. 2. Experimentation is described in Sect. 3, 
whereas results and discussion are presented in Sect. 4. 
Finally, Sect. 5 presents conclusions and future work.

2 � Feature extraction and classification

After the data is acquired by means of sensor or in the 
form of images, the most important labour is to analyse 
the data. The data must have characteristics like clarity, 
unambiguity and should be mutually exclusive. This needs 
detail study on the kind of data available as the correct 
pre-processing method has to be applied before using a 
feature extraction techniques.

2.1 � Feature extraction

Quite often the data collected contains noise, repeated 
information or is unlabeled or have high dimensionality. 
Noise in case of images can be due to improper illumina-
tion, inefficiency in the technologies used to collect the 
data and the improper ways to capture it. A huge amount 
of data means higher processing time and large memory 
requirement as well as a threat of over fitting of data. Such 
a raw data has to be processed before any feature extrac-
tion process is applied to it. Feature extraction is a pro-
cess of reducing the dimension of the raw data so that it 
becomes easy to process further. It is a technique to com-
bine variables into important features, by removing the 
redundant data, still describing the original data set. Vari-
ous feature extraction techniques studied in the literature 

are wavelet transform, Gray Level Co-occurrence Matrix, 
Fractals, Principal Component Analysis, CNN.

2.2 � Features classification

The extracted features have to be classified into a particu-
lar class with accuracy. Feature classification is a technique 
used to categorize a huge number of data into different 
classes. The popular techniques for feature classification 
are Support Vector Machine, Random forest, Decision tree, 
K-means and CNN.

2.3 � Traditional and Convolutional Neural Network

Neural network are data driven AI techniques that are used 
to find the relationship between the input data and out-
put classes. In traditional neural network models, there is 
a separate tool for feature extraction and feature classifica-
tion. Deep learning integrates feature extraction, feature 
selection and features classification in one model. The 
filters (kernels) are selected automatically by the model 
depending upon the feature. For example, if a feature is 
a plus (+) sign the filter corresponding to ‘+’ is selected, if 
a feature is backward slash (\), then the filter correspond-
ing to ‘\’ is selected. The filter learns from the image, tune 
the parameters and reconstruct it till it gets the optimized 
result. The traditional technique uses feature extraction 
by transforming the data in spatial or frequency domain. 
Feature selection is then performed to remove the redun-
dant features and feeding it to the classifier, which then 
classifies data into given classes.

2.4 � Architecture of CNN

In a basic NN model, each neuron from (n − 1) layer is 
connected to all the neurons in the nth layer that forms 
a complex structure of neurons as shown in Fig. 1. CNN, a 
deep learning tool is a feature based approach that uses 
multiple layers to process data similar to neural networks. 
A typical CNN consists of a convolution layer, pooling layer 
and a fully connected layer between the input layer and 
the output layer as shown in Fig. 2.

The CNN approach of deep learning can extract the tex-
tural features automatically. It has been designed in such a 
way that the kernels modify itself to suit the learn by itself. 
The CNN approach has been successfully applied on raw 
data and classification accuracy is high.

The overall training process of the Convolution Network 
may be summarized as below:

Step 1 The decided filters and weights are assigned ran-
dom values.

Step 2 The input image is then taken by the network. 
Two operations are performed on this image (convolution, 
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ReLU and pooling operations) and a feature map is 
generated.

Step 3 The obtained feature is then fed to another layer 
of NN where again the operations like convolution, ReLU 
and pooling are performed and another feature map is 
generated. The number of feature maps depends upon 
the number of layers. Each feature map is stacked over 
the other.

Step 4 The set of feature maps is fed to fully connected 
layers that finds the probability for each class. Let’s say the 
probabilities found are [0.3, 0.2, 0.2, 0.3]. Since weights are 
randomly assigned for the first training example, output 
probabilities are also random. e.g. If four images of cat, 
dog, tiger and leopard are in four different classes and the 
input image is of cat that belongs to Class-A, then the out-
put probabilities should be [1, 0, 0, 0].

Step 5 The network then calculate the error between 
input and output layer. This error (if any) is then back 
propagated and all the filters weights are updated. Then 
the steps 2 to 4 are performed again and the output 

probabilities now might be [0.8, 0.1, 0.0, 0.1]. Thus the 
network learns to adjust weights and filters and classify 
the image in a correct class.

Step 6 The above steps are then repeated with all the 
images in the training data set.

An image is given as input to the CNN, where it is first 
processed by the convolution layer, Relu function, pool-
ing operation and activation function.

Convolution layer The primary purpose of convolu-
tion in case of a ConvNet is to extract features from the 
input image. Convolution preserves the spatial relation-
ship between pixels by learning image features using 
small squares of input data. The input to convolution 
layer, which is a linear operation, is the raw image with 
known class and the output is a feature map.

ReLU function The feature map so obtained is passed 
through a nonlinear operation ReLU (Rectified Linear 
Unit). ReLU is applied to each pixel and it replaces all 
negative pixel values in the feature map to zero as the 

Fig. 1   A basic neural network

Fig. 2   Architecture of CNN [26]
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data in real world is nonlinear. The output of ReLU is a 
rectified feature map.

Pooling This operation reduces the dimensionality of 
each feature by retaining the important information in 
the input image. The step is also called as sub sampling 
or down sampling. Pooling applies a filter to the rectified 
feature map and reduces the size of the image by select-
ing those pixels which best describes the image. Pooling 
control over-fitting of an images and represents an almost 
scale invariant image.

Fully connected layer This is a classification layer where 
every neuron in the previous layer is connected to every 
neuron on the next layer. The output from the pooling lay-
ers is used to classify the input image into various classes 
based on the training dataset.

3 � Experimentation

This section introduces the experimental setup and design 
for the TCM system. The experimentation encompasses 
the hardware and software systems and their setup, and 
shows the machining parameters and tool conditions con-
sidered in the experiments.

3.1 � Machining setup and conditions

The experimental set up consists of MTAB made CNC 
machine, component under study of diameter 32 mm 
and length 110 mm mounted in a chuck of the machine 
and a cutting tool to remove material from the component 
by turning operation. Mild Steel was used as the compo-
nent material and cutting tool used was right hand coated 
carbide insert. Chemical analysis of cutting tool was per-
formed in the lab that gives the composition of various 
elements as shown in Table 1.

For machining the component, a CNC program was 
executed using Fanuc controller in dry cutting conditions 
without coolant. Dry machining was employed due to the 
limitation of non-availability of accelerator to wear out 
the tool quickly. Also the cutting parameters, as shown in 
Table 2 were kept fixed so as to have consistency in obtain-
ing the results and verify the CNN classifier. Before initiali-
sation of the experimentation, a rough cut was taken on 
all the components to remove the surface layer. All rough 
cuts were taken by a separate tool that was not used dur-
ing experimentation. During experimentation, the cutting 
speed was kept low due to the limitations of the machine. 

Each tool under study was used till the wear reached 
300 µm and then the tool was replaced by a fresh one.

3.2 � Tool wear measurement

Measurement of tool wear is carried out in steps as men-
tioned in the following algorithm.

Step 1: Perform turning operation on CNC lathe 
machine as per the part program.
Step 2: Remove tool and component from machine.
Step 3: Capture component image on microscope.
Step 4: Capture tool image and find flank wear (FW).

(a)	 If 0 ≤ FW ≤ 100 µm, save component image in 
class ‘A’.

(b)	 If 101 ≤ FW ≤ 200 µm, save component image in 
class ‘B’.

(c)	 If 201 ≤ FW ≤ 300 µm, save component image in 
class ‘C’.

(d)	 If FW > 300 µm, tool is worn and needs to be 
replaced.

The tool wear set up (Fig. 3) consists of microscope for 
taking images of tool and work piece, camera mounted 
in the microscope, weighing machine to weigh the tool, 
software and computer to produce the wear images.

Table 3 shows the specifications and specifications of 
used microscope as well as the related information about 
the software.

The weight of carbide insert was taken before machin-
ing by a weight balance. After machining for around 5 min 
(depending on the part program), the cutting tool was 
removed from the tool holder. The insert was cleaned by 
acetone to remove any chips clogged in it. The weight of 
tool was then measured to know the weight loss. The tool 
image was then taken by using a microscope to check the 
amount of flank wear. The component was also removed 
from the chuck and cleaned by acetone. The component 
was then kept on the inverted microscope and images at 
different positions were taken and stored in the computer. 

Table 1   Chemical composition 
of carbide insert

Elements Carbon (C) Tungsten (W) Cobalt (Co) Titanium (Ti) Iron (Fe) Nb + Ta

Percentage (%) 5.65 78.41 10.42 2.5 0.66 2.30

Table 2   Experimental conditions

Parameters 
(unit)

Spindle rotation 
(rpm)

Feed (mm/min) Depth of cut 
(mm)

Value 560 90 0.35
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The tool wear was measured by the inbuilt function using 
the software after every cut, just to identify the amount of 
wear and mark it for the particular image. The measure-
ment of wear as displayed in software is shown in Fig. 4.

Around 1183 images of the components were taken by 
using the microscope. All the images were categorised in 

either ‘class A’, ‘class B’ or ‘class C’. The classification depends 
upon measurement of tool wear by microscope, every 
time the component image was taken. If the tool wear is 
less than 100 µm, then the component image was classi-
fied as class A image. For tool wear from 100 to 200 µm, 
the component images were classified into class B and for 
the tool wear of 200–300 µm the component images were 
classified into class C. The magnified images of tool wear 
are shown in Fig. 5 for different wear zones.

Variation in the images was seen as the tool wear 
advanced. The images of component when the tool wear 
is less show the feed mark quite clearly. As the wear of 
insert progresses, the images become more diffused. The 
feed marks are not clear and the region between two feed 
marks was also occupied as visible from Fig. 6.

4 � Results and discussion

The implementation was done in MATLAB software 
(R2019b) in which CNN has been applied to the 1183 
images taken by a microscope. ResNet-50 (short form of 
residual network) network, which is a three layer deep net-
work, was used for training. The number of images used 
for training and testing was taken in the ratio of 70:30.

The training cycle had six epoch with 49 iterations per 
epoch and the total iterations carried out were 294. The 
accuracy in training at intermediate interval is shown in 
Fig. 7a–d where ‘accuracy’ is represented in percentage 
along vertical axis and horizontal axis represents the num-
ber of iterations. The loss in training per iteration is shown 
in Fig. 8a–d where ‘loss’ is represented along vertical axis 
and horizontal axis represents the number of iterations. 

Fig. 3   Setup of tool wear 
measurement

Table 3   Microscope specifications and software information

S. no. Parameters Information

1 Microscope Inverted Metallurgical 
Microscope (Biovis 
IP2000)

2 Illumination 3 W LED illumination
3 Camera Artray
4 Frame rate 3.75 fps
5 Software Biovis Image Plus software

Fig. 4   Direct measurement of tool wear by software
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Different metrics used to measure error for quantify-
ing the performance of CNN are precision, recall, f1_score 
and finally accuracy. In order to determine these met-
rices, Eqs. (1) to (4) were used. Here TP represents the 
number of true images classified as true, TN represents 
the number of false images classified as false, FP rep-
resents the number of true images classified as false, 
FN represents the number of false images classified as 
true. A good classifier will aim to maximize the value 
of precision as well as recall, so that images are classi-
fied in actual class only. The combination of precision 
and recall is expressed directly in the f_score, whereas 
accuracy gives direct interpretation of the classifier as 
it is the ratio of the number of images classified correct 
to the total number of images provided to the classifier.

The results achieved after running all the iterations 
are summarized in Table 4.

(1)Precision =
TP

TP + FP

(2)Recall =
TP

TP + FN

(3)F_score = 2
precision × recall

precision + recall

(4)Accuracy =
TP + TN

TP + TN + FP + FN

Fig. 5   Actual tool wear by direct measurement

Fig. 6   Images of component belonging to different classes
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In order to check the accuracy of the developed model, 
it was tested on unused images that belong to different 
classes. Six images of components from each class those 
were identified from direct measurement of tool wear 
as described in Sect. 3.2 were used as input to the CNN 
model. The results of the validation phase are given in the 
Table 5 and plotted in Fig. 9. The results shown are depict-
ing maximum value from each class.  

Once the CNN model is created and tested on images, 
it can be practically applied to real manufacturing. The 
developed model based on CNN can be successfully 
implemented for monitoring the status of cutting tool. A 
flow chart given in Fig. 10 represents the steps to be fol-
lowed while its implementation.

5 � Conclusions

The most tedious job in any machine learning system is to 
select the suitable filter to remove redundant data, apply 
proper feature extraction technique that should be suit-
able for the selected data and select a correct classification 

system which will provide a higher accuracy. There are 
many solutions that can possibly perform this process. But 
all solution may not fit well, which can be understood by 
poor classification accuracy. Also, the selection of features 
and classify them manually is less efficient than automatic 
method like CNN. The CNN model used in this work pro-
vides a better solution to classify the tool into different 
wear class. A CNN learns by itself and rectify the errors 
and the process is continued because of which it has high 
accuracy rates. The CNN has an ability to extract feature, 
select required features from the extracted ones and clas-
sify the data into the required number of classes.

The confusion matrix provides an accuracy of 87.26% 
which proves that CNN can be used in a better way for 
image classification. The tool wear images and values 
obtained by microscope shows a gradual increase in 
wear. Also the weight of the tool is lost during each set 
of machining. Thus a complete tool monitoring system to 
predict a remaining useful life of a cutting tool is possible 
by CNN technique of image processing.

The method explained in the paper is an offline tech-
nique since microscope was used for capturing images, 

Fig. 7   Accuracy in training iteration
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but if camera is mounted on CNC machine to capture 
images then the proposed method can be implemented 
as an online technique for monitoring tool wear. Further, 
accuracy of the CNN model can be improved if the num-
ber of images in each class are more than 2000. Addi-
tionally the computational time required for training the 
model can be drastically reduced from around 280 min 

to few minutes, if graphical processing unit (GPU) is used 
for computation purpose.

The results obtained by the above methodology can 
be practically implemented in real machining in the 
manner described. For a particular set of cutting con-
dition, the algorithm stated in Fig.  10 may be imple-
mented. In order to make process online a camera could 
be fitted on the CNC machine to take photos in real time, 
along with a computer for processing. Further after a 
preset interval of time, the mounted camera will click 
image of component and will be saved in computer. The 
computer will then process the image using CNN and the 
trained model will give the tool status. This can happen 
in real time and tool life can be monitored.

Fig. 8   Loss in training iteration

Table 4   Performance result of CNN training

Metric Class A Class B Class C

Precision 97.62 82.89 86.1
Recall 75.93 90 92.05
F_score 85.42 86.3 89.01
Overall accuracy (%) 87.26

Table 5   Performance result of 
CNN for fresh images

It is the highest value of accuracy obtained, so to indicate accuracy (also mentioned in abstract) the 
value is in bold

S. no. Particulars Model accuracy (%)

Images given to CNN classifier Classified as 
Class A

Classified as 
Class B

Classified 
as Class C

1 Images number 01–06 (actually Class A images) 86.98 8.46 4.56
2 Images number 07–12 (actually Class A images) 06.23 84.21 09.56
3 Images number 13–18 (actually Class A images) 05.26 07.48 87.26



Vol:.(1234567890)

Research Article	 SN Applied Sciences (2020) 2:860 | https://doi.org/10.1007/s42452-020-2598-2

Funding  This work is supported partially by University of Mumbai.

Compliance with ethical standards 

Conflict of interest  The authors declare that there is no conflict of 
interests regarding the publication of this paper.

References

	 1.	 Yao X, Zhou J, Zhang J, Boër CR (2017) From intelligent manu-
facturing to smart manufacturing for Industry 4.0 driven by 
next generation artificial intelligence and further on. In: 2017 
5th international conference on enterprise systems (ES). IEEE

	 2.	 Zhong RY, Xu X, Klotz E, Newman ST (2017) Intelligent manu-
facturing in the context of industry 4.0: a review. Engineering 
3(5):616–630

	 3.	 Wang J, Ma Y, Zhang L, Gao RX, Wu D (2018) Deep learning for 
smart manufacturing: methods and applications. J Manuf Syst 
48:144–156

	 4.	 Kassim AA, Mannan MA, Mian Z (2007) Texture analysis 
methods for tool condition monitoring. Image Vis Comput 
25(7):1080–1090

86.98

6.23 5.26
0

10
20
30
40
50
60
70
80
90

100

Class A Class B Class C

Pe
rc

en
ta

ge
 (%

)

Class

8.46

84.21

7.48

0
10
20
30
40
50
60
70
80
90

100

Class A Class B Class C

Pe
rc

en
ta

ge
 (%

)

Class

4.56 9.56

87.26

0

20

40

60

80

100

Class A Class B Class C

Pe
rc

en
ta

ge
 (

%
)

Class

Fig. 9   Classification of fresh images in respective classes

No 

Yes 

Capture component image 

Input to CNN Model 

Turning as per program

Result or output of CNN 

Tool Change 

Is image in any class? 

Fig. 10   Flow chart representing implementation of TCM using CNN



Vol.:(0123456789)

SN Applied Sciences (2020) 2:860 | https://doi.org/10.1007/s42452-020-2598-2	 Research Article

	 5.	 Shahabi HH, Ratnam MM (2010) Noncontact roughness meas-
urement of turned parts using machine vision. Int J Adv Manuf 
Technol 46:275–284

	 6.	 Gadelmawla ES, Koura MM, Maksoud TMA, Elewa IM, Soliman 
HH (2001) Extraction of roughness properties from captured 
images of surfaces. Proc Inst Mech Eng Part B J Eng Manuf 
215(4):555–564

	 7.	 Chen Q, Yang S, Li Z (1999) Surface roughness evaluation by 
using wavelets analysis. Precis Eng 23(3):209–212

	 8.	 Josso B, Burton DR, Lalor MJ (2002) Frequency normalised wave-
let transform for surface roughness analysis and characterisa-
tion. Wear 252(5–6):491–500

	 9.	 Bukkapatnam STS, Lakhtakia A (1994) Fractal estimation of flank 
wear in turning using time-delay neural networks. In: Artificial 
neural networks in engineering-proceedings (ANNIE’94), vol 4, 
pp 975–980

	10.	 Mannan MA, Mian Z, Kassim AA (2004) Tool wear monitoring 
using a fast Hough transform of images of machined surfaces. 
Mach Vis Appl 15(3):156–163

	11.	 Kassim AA, Mian Z, Mannan MA (2004) Connectivity oriented 
fast Hough transform for tool wear monitoring. Pattern Recogn 
37(9):1925–1933

	12.	 Datta A, Dutta S, Pal SK, Sen R (2013) Progressive cutting tool 
wear detection from machined surface images using Voronoi 
tessellation method. J Mater Process Technol 213(12):2339–2349

	13.	 Dutta S, Pal SK, Sen R (2016) Tool condition monitoring in turn-
ing by applying machine vision. J Manuf Sci Eng 138(5):051008

	14.	 Ambadekar P, Choudhari C (2018) Application of gabor filter for 
monitoring wear of single point cutting tool. In: International 
conference on recent trends in image processing and pattern 
recognition. Springer, Singapore, pp 230–239

	15.	 Zhou J, Cunha AL, Do MN (2005) Nonsubsampled contourlet 
transform: construction and application in enhancement. In: 
IEEE international conference on image processing 2005, vol. 
1. IEEE

	16.	 Da Cunha AL, Zhou J, Do MN (2006) The nonsubsampled con-
tourlet transform: theory, design, and applications. IEEE Trans 
Image Process 15(10):3089–3101

	17.	 Yang P, Yang G (2016) Feature extraction using dual-tree com-
plex wavelet transform and gray level co-occurrence matrix. 
Neurocomputing 197:212–220

	18.	 Ignat A, Luca M (2016) Rotation invariant texture retrieval 
using dual tree complex wavelet transform. In: Balas V, Jain L, 
Kovačević B (eds) Soft computing applications. Springer, Cham, 
pp 903–911

	19.	 Chen ZQ, Li C, Sanchez R-V (2015) Gearbox fault identification 
and classification with convolutional neural networks. Shock Vib 
2015:1–10

	20.	 Janssensa O, Slavkovikj V, Vervisch B, Stockman K, Loccufier 
M, Verstockt S, de Walle R, Van Hoecke S (2016) Convolutional 
neural network based fault detection for rotating machinery. J 
Sound Vib 377:331–345

	21.	 Aghazadeh F, Tahan A, Thomas M (2018) Tool condition 
monitoring using spectral subtraction and convolutional 
neural networks in milling process. Int J Adv Manuf Technol 
98(9–12):3217–3227

	22.	 Terrazas G, Martínez-Arellano G, Benardos P, Ratchev S (2018) 
Online tool wear classification during dry machining using real 
time cutting force measurements and a CNN approach. J Manuf 
Mater Process 2(4):72

	23.	 Gouarir A, Martínez-Arellano G, Terrazas G, Benardos P, Ratchev 
S (2018) In-process tool wear prediction system based on 
machine learning techniques and force analysis. Procedia CIRP 
77:501–504

	24.	 Martínez-Arellano G, Terrazas G, Ratchev S (2019) Tool wear clas-
sification using time series imaging and deep learning. Int J Adv 
Manuf Technol 104:1–16

	25.	 Wu D, Jennings C, Terpenny J, Kumara S (2016) Cloud-based 
machine learning for predictive analytics: tool wear prediction 
in milling. In: 2016 IEEE international conference on big data (big 
data). IEEE

	26.	 Islam MS, Foysal FA, Neehal N, Karim E, Hossain SA (2018) Incept 
B: a CNN Based classification approach for recognizing tradi-
tional Bengali games. Procedia Comput Sci 143:595–602

Publisher’s Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.


	CNN based tool monitoring system to predict life of cutting tool
	Abstract
	1 Introduction
	2 Feature extraction and classification
	2.1 Feature extraction
	2.2 Features classification
	2.3 Traditional and Convolutional Neural Network
	2.4 Architecture of CNN

	3 Experimentation
	3.1 Machining setup and conditions
	3.2 Tool wear measurement

	4 Results and discussion
	5 Conclusions
	References




