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Abstract. Among several factors that are having a profound impact on the overall machining process efﬁciency, cutting tool wear is the most signiﬁcant one. Monitoring and identiﬁcation of cutting tool wear state well
before to its failure is important to achieve superior machining quality and proﬁtable production. With the recent
advancements in computational hardware, signiﬁcant amount of research is being carried out on using deep
learning techniques, in speciﬁc, convolution neural networks (CNN) for developing cutting tool wear monitoring
system. Although, few researchers reported the use of CNN as a pathway to tool wear classiﬁcation problems
with signiﬁcant results, the fundamental methodology adopted by these techniques still needs to be investigated.
Hence, in the present work, a deep CNN architecture is designed by choosing appropriate hyper-parameters and
a CNN model is developed by selecting proper training parameters for cutting tool wear classiﬁcation. Machined
surface images acquired during turning operation performed on mild steel components under dry condition by
uncoated carbide inserts as cutting tool are used as input data to the CNN model for predicting the tool condition.
The proposed model, whose classiﬁcation performance is independent of machining conditions, has capability to
extract the features and classify the cutting tool among the two classes (i.e., unworn and worn classes).
Accuracies of 96.3% and 99.9% are realized for classiﬁcation of tool ﬂank wear from raw and minimally preprocessed (contrast enhanced) machined surface images, respectively.
Keywords. Convolution neural network; machined surface images; tool wear classiﬁcation; deep learning;
hyper-parameters selection.

1. Introduction
Advent of Industry 4.0 in machining domain requires to
transform conventional machining to intelligent machining.
Intelligent machining should consist of various sensors,
signal or image processing to obtain semantic features and
artiﬁcial intelligence techniques for adaptive decision
making for giving feedback to the process and systems for
automatic control. Incorporation of intelligent machining
enables more efﬁcient machining by reducing machine tool
downtime as well as optimizing the machining process.
Process planning and process monitoring are two major
verticals of intelligent machining and play an important
role to incorporate automation [1]. Process monitoring
involves usage of various sensors to collect useful dynamic
information in terms of signals or images from the manufacturing process and then semantic decision is made as
feedback to the process for subsequent control operation. It
is an essential part to increase productivity, product quality
and energy efﬁciency in machining, which ultimately
*For correspondence

reduces the product cost [2, 3]. As the quality of machined
surface is highly dependent on condition of the cutting tool,
observing its state is an important part in process monitoring. Productivity can be improved by timely identiﬁcation of tool wear state well before its failure. Methods of
monitoring tool wear can be broadly categorized into two
streams: direct and indirect methods. In the former
approach, cutting tool wear is measured directly using
microscope or by machine vision techniques. However, use
of microscope for in-situ monitoring of cutting tool wear is
not a feasible solution in practise as it requires frequent
removal of cutting tool which may cause misalignment and
ultimately affects product quality. These disadvantages,
upto certain extent can be overcome by knocking machine
vision into practice. Although reported research [4, 5]
presents application of machine vision for direct monitoring
of cutting tool wear, inaccessibility of tool wear region by
image acquisition system, in most of the machine tools, is a
major limitation to practical applicability of this technique.
Indirect methods, on the other hand, rely on sensors, such
as force [6], acoustic emissions [7], vibration [8], temperature [9], machine vision, to acquire corresponding signals
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for prediction of tool wear from the acquired signals using
subsequent signal processing and feature extraction techniques. Tool wear estimation by processing machined surface images has an advantage as it is a non-contact and
ﬂexible technique for monitoring. Also, 2-D information
from machined surface images can be extracted by incorporation of machine vision in monitoring. Texture analysis
was mainly applied to extract semantic texture features for
detecting tool condition [10–19]. Mannan et al [11] used
radial basis function neural network (RBFNN) to predict
tool ﬂank wear using features extracted from machined
surface images and sound signals by performing statistical
texture analysis and discrete wavelet transform (DWT) for
non-stationary signals, respectively. Kassim et al [12]
predicted tool ﬂank wear in turning and milling operations
with the use of multi-layer perceptron neural network
(MLPNN), a supervised machine learning technique. Input
features to the network were extracted, in their research,
from the machined surface images using connectivity-oriented Hough transform, i.e., a kind of geometrical texture
analysis technique. In their another research, fractal features were extracted from turned surface images after performing fractal analysis and then the features were utilized
in an unsupervised machine learning technique i.e., Hidden
Markov model (HMM) for classiﬁcation of tool condition
[13]. Bhat et al attempted to classify tool condition in three
states by extracting statistical texture features after performing gray level co-occurrence matrix (GLCM) based
texture analysis on turned surface images. They explored
the possibility of automated feature selection using Fisher’s
discriminant ratio (FDR). These features were then used in
a supervised machine learning technique i.e. support vector
machine (SVM) in [14] and unsupervised learning i.e.
hidden Markov model (HMM) which were reported in [15],
to classify the tool condition as unworn, semi-worn and
worn states.
Use of machine learning enabled to utilize fusion of
features extracted from various texture analysis techniques,
so that variation in waviness or micro-texture, roughness
and even changes in feed marks on the machined surfaces
due to an increase in tool ﬂank wear can be utilized in tool
condition monitoring. For instance, Kassim et al [16] performed fusion of statistical and geometrical texture features
extracted from turned surface images for tool condition
classiﬁcation by using Mahalanobis distance classiﬁer.
Dutta et al [17, 18] extracted features from turned surface
images by using statistical, geometrical and signal processing based texture analyses to extract change in waviness, feed mark and roughness base features, as all these
three are affected by an increase in tool wear. Then these
features were utilized for prediction of tool ﬂank wear using
support vector machine-based regression (SVR) technique.
In a similar manner, ﬂank wears of coated and uncoated
milling tools were performed in [19].
From the above-mentioned literature, it is observed that
to analyze the tool condition using machined surface
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images, several complex or computationally expensive
texture analyses techniques were used to extract features
from the acquired images. Those features were then used to
detect tool ﬂank wear using machine learning techniques. A
single set of extracted features may not be useful with good
predictability for variations in machining process parameters. The effectiveness of the classiﬁer in deriving the tool
condition majorly depends on these extracted features. Two
points are most important at the time of feature(s) extraction or selection in tool condition monitoring. Firstly, it
should be kept in mind that the extracted features should
reﬂect the changes in the cutting tool with high precision.
Secondly, the features should be sensitive to the wide range
of process parameters in tool condition detection through a
single machine learning model, which is really a challenging task. In order to reduce the effort of identifying the
most sensitive features and to gain wide applicability of
these monitoring methods in industrial environment,
researchers used data driven models to automate the feature
selection process. In this context, automatic selection of
parameters for image ﬁltering, feature extraction, selection
and decision making are time consuming and complex with
shallow learning techniques, viz. artiﬁcial neural network
(ANN), MLPNN, RBFNN, SVM, SVR, etc. Therefore,
machine learning techniques mentioned above are less
generalized solutions and its performance are not invariant
to machining conditions. On the other hand, there is a way
to avoid handcrafted feature selection to make the prediction model more generalized by using convolutional neural
network (CNN) approach, a type of deep learning
technique.
Convolutional neural network (CNN) was ﬁrst developed
by LeCun et al in 1998 [20]. It has the ability to update the
parameters jointly and automatically. In CNN, weights i.e.,
parameters of image ﬁltering, edge detection, feature
extraction, feature selection and decision making are
updated due to its inherent architecture. Though multi-level
data representation architecture of CNN requires more
computational time on training, but the advent of advanced
computing hardware, like graphics processing unit (GPU),
makes it possible [21]. Multiple layer based data representations for ﬁltering and non-linear mapping, realizing
various ﬁltered output in a single layer due to the presence
of local connection property, detection of similar local
patterns due to sharing of weights, matching of similar local
patterns through pooling and updates of a large number of
weights or ﬁlter parameters, automatically, are some of the
major beneﬁcial features of CNN for extracting higher
abstract level information from raw, unscaled or rotated
images [22]. As machined surface images require several
processing from pre-processing to feature extraction and
decision making due to the non-stationary nature, those
multiple level representations are indispensable to realize
an end-to-end solution. Due to these advantages, there are
already various involvement of CNN to learn precise
information from non-stationary raw images in applications

Sådhanå (2021)46:130

Page 3 of 12

viz. object recognition, image classiﬁcation, content based
image retrieval, human pose analysis to name a few [23].
Implementation of intelligent process monitoring in smart
manufacturing is a challenge as accurate extraction of
proper information from high volume, veracity, variety and
high speed data is required, which can be possible through
deep learning techniques, due to its more generalization
capability [24].
Hence, in the present work, classiﬁcation of fresh and
worn tool from machined surface images is performed by
using CNN. A CNN architecture is proposed here by
careful selection of hyper parameters, learning rate, batch
size and number of epochs for accurate and generalized
classiﬁcation of tool wear states. Surface images acquired
during the turning operation are provided as an input to the
designed CNN. It is observed that developed CNN model
performance is independent of machining conditions i.e.,
the variation in machining parameters. Accuracies of 96.3%
and 99.9% are realized for classiﬁcation of tool ﬂank wear
from raw and minimally pre-processed machined surface
images, respectively.

2. Experimental set-up
In this work, a workpiece of AISI 1050 steel with 400 mm
length is turned in a computer numerically controlled
(CNC) machine (Ace designers made LT20) by using
uncoated carbide insert, SNMG 120408-QM in dry conditions. Turning operations are performed at nine machining
conditions by varying the cutting speed, feed rate and depth
of cut, as shown in table 1.
After machining with each machining condition, graylevel images of the turned surfaces are acquired using an
image acquisition system consisting of a CMOS camera
(Dalsa, GenieHM1024), Navitar7000, 2/300 format macro
zoom lens and ﬁbre optic (FO) guided illumination system
with DC regulated quartz halogen lamp (Make: Navitar).
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Figure 1 depicts the experimental set-up engaged for
acquiring machined surface images.
A digital video recording software (Streampix V5.6) is
used to acquire uncompressed images in .bmp format with
430 frames per second, where the workpiece is rotated with
50 rpm. Machined surface images of size 200 9 200 pixels
(3.6 mm 9 3.6 mm) are acquired by with a lens aperture,
i.e., F-stop value of 5.6, and focal length of 108 mm with
dark-ﬁeld front illumination.
In order to create a training data set to develop the CNN
model, machined surface images acquired from six
machining conditions, as depicted in table 1, are used. The
model trained is tested using the images obtained from the
remaining three machining conditions. This methodology is
followed to check the generalization performance of the
CNN model, i.e., to check the model dependency on the
machining conditions.
In each of the machining experiment, turning operation is
performed on the workpiece for a length of 200 mm and
average tool ﬂank wear (VBaverage) at zone B is measured
by using Leica S6D stereo zoom microscope to know its
state. The cutting tool is considered unworn if VBaverage is
less than or near to 100 lm and is considered as worn if the
VBaverage is more than or near to 300 lm according to ISO
3685:1993 [25]. In each of the tool state i.e., unworn and
worn, 1290 images of turned surfaces are acquired. At
machining condition 3, VBaverage, at the ﬁrst and second
instances are found as 73 lm and 102 lm. In this situation,
1290 images per instance are acquired and thus, a total of
2580 images are utilized for unworn tool class. Similar
procedure has been followed with other machine conditions
where such similar situation arises. The number of images
acquired for each machining condition are presented in
table 2.
Hence, a total of 28380 images are acquired for all the
machining conditions. From these images, 20640 number
of images (10320 images against each of the unworn and
worn class) are separated for training and the remaining
images, i.e., 7740 images (3870 images against each of the
unworn and worn class) are used to test the model.

Table 1. Machining conditions for training and testing.
Machining
conditions

Feed rate
(mm/rev)

Depth of cut
(mm)

Machining conditions for creating training data
1
0.2
1
2
0.24
1
3
0.24
1.5
4
0.24
2
5
0.28
1
6
0.28
1.5
Machining conditions for creating testing data
7
0.2
1.5
8
0.24
1.5
9
0.28
1

Cutting speed
(m/min)
150
150
150
150
110
150
150
110
150

3. Methodology
The aim of this work is to classify the condition of cutting
tool into two classes, i.e., unworn and worn using machined
surface images. Machined surfaces resulting from unworn
tool produces more specular reﬂection (i.e. less brightness)
in dark-ﬁeld front illumination system, because of their
smoothness when compared to surfaces resulting from the
worn tool [17, 18]. Also, the feed marks of machined surfaces resulting from worn tool are more discontinuous than
that of the surfaces resulting from unworn or fresh tool.
Due to these discontinuities, local patches of similar patterns are less in surfaces machined by worn tool than that of
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Figure 1. Experimental set-up for image acquisition.

Table 2. Number of acquired images against machining
condition.
Number of machined surface images
acquired
Machining
condition

Unworn
class

1
2
3

1290
1290
2580

4
5

2580
1290

6
7
8
9

1290
1290
1290
1290

Worn class
1290
1290
2580 (VBaverage are 299 lm and
340 lm)
1290
2580 (VBaverage are 291 lm and
330 lm)
1290
1290
1290
1290

the surfaces produced by unworn tool. Also, the non-stationary features becomes higher in the surface images with
the increase in tool ﬂank wear [18]. Attempts to detect these
non-stationary features using non-linear function based
DWT have already been mentioned in [26–30]. Therefore,
local spatial similarity, change in feed marks and non-stationary feature information along with machine learning
methods were used often in tool condition monitoring.
CNN models, on the other hand, are capable of detecting
local similarity and changes in feed marks through convolution, non-stationary information extraction by using
non-linear activation function and multi-resolution processing due to multiple layer operations. So, with the use of
CNN, accurate and generalized tool wear classiﬁcation with
an end-to-end solution suitable for industrial environment

can be achieved. Hence, in the present work CNN is used
for classifying the tool ﬂank wear state.

3.1 Architecture of CNN
In the present work, CNN is used as a computing architecture for the tool wear classiﬁcation. CNN automatically
generates meaningful features for a speciﬁc task in an
evolutionary way directly from huge amounts of raw data
with minimal human interaction [31]. Figure 2 presents the
architecture of the CNN used in this work for the tool wear
classiﬁcation from turned surface images. Each layer of
CNN consists of convolution, activation function and
pooling as the basic building blocks.

3.1.1 Convolution layer: The primary purpose of
convolution operation is to extract features from the input
image using a square shaped matrix called as ﬁlters or
kernel or feature detectors. Using these ﬁlters, convolution
operation captures the local dependencies in the original
image. With a greater number of ﬁlters in the convolution,
more image features get extracted and the network becomes
better in recognizing patterns in test images. Convolution
operation is performed with an activation function and
some bias as expressed in Eq. (1) [32].
!
F;G
X
l
l1
Mis;js ¼ u
fi;j Mi;j
ð1Þ
i;j¼0

where, a ﬁlter, fi;j , having ﬁlter size of F  G, is conl1
, present at ðl  1Þth
volved with an input matrix, Mi;j
layer, by a stride length, s. Then an activation function, u,
is used on the convolved output to extract higher abstract
l
features, Mi1;j1
of layer l, considering no bias and zero
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Figure 2. Architecture of CNN [24].

padding. In this work, stride length and ﬁlter size are
considered as 1 and 3 3, respectively, for accurate identiﬁcation of features.
Convolution is a linear operation, but machined surface
images contain non-stationary information [18], so there is
a need of some non-linear activation function to extract
non-linear information. In CNN, sigmoid, tan hyperbolic,
rectiﬁed linear unit (ReLU), to name a few, are used as
non-linear activation functions. On the other hand, choice
of the activation function is crucial to obtain computationally efﬁcient and repeatable classiﬁcation model.
Sigmoid and tan hyperbolic functions are more computationally expensive in nature as compared to ReLU [33].
Therefore, in this work, ReLU is chosen as an activation
function for all the convolution layers. ReLU function is
expressed in Eq. (2).
uðIÞ ¼ MaxðI; 0Þ
ð2Þ
PF;G
l1
l
and Mis;js
,
where I and uðIÞ are same as i;j¼0 fi;j Mi;j
respectively, as expressed in Eq. (1). ReLU chooses only
the positive values and make negative input to zero, so its
derivatives and the function itself both are monotonic.
Number of ﬁlters, in convolution layer, is another hyper
parameter to extract appropriate abstract level information
for creating accurate and repeatable CNN model. Section 3.2 describes the selection process of appropriate
number of ﬁlters.

3.1.2 Pooling

layer: Pooling, also known as
subsampling or down sampling is used to reduce the
spatial size of the activation map without losing important
information. Pooling operation makes the network invariant
to small transformations, distortions and translations in the
input image. Max, average and sum are the widely used
pooling operations where maximum, mean and summation
of the values resides in pooling window are performed,
respectively. In general, a 2 9 2 pooling window with
stride 1 is performed in CNN. Since the present work aims
to classify the cutting tool state from the machined surface
images, the difference between pixel values, due to
excessive tool wear, over a small neighbourhood region
should be detected and pixel value differences due to noise
should be avoided. Therefore, max pooling operation is

adopted in this work, as average or sum pooling can
consider the inﬂuence of noise also.

3.1.3 Dropout layer: Use of more neurons, i.e., number
of ﬁlters, in a deep network, sometimes affects the
generalization performance of the model. Overﬁtting may
occur due to presence of huge number of neurons [34].
Training time also increases due to high dimensional data.
So, to avoid this situation, Srivastava et al [35] introduced
dropout layer to drop some of the nodes (here 65% is chosen
by hit and trial method), randomly, at the time of training to
reduce overﬁtting and data dimensionality problem.

3.2 Training
During training of CNN, cost function, which comprises of
loss function and regularization, is required to minimize by
updating of ﬁlter values or weights, fi;j . The training starts
with some initial weight values. Then it feeds the values
layer after layer in forward direction to classify the input
images and a loss is calculated by using a loss function, L.
To calculate the loss function, target labels (here the
unworn and the worn tool) of class 1 and class 2 are predeﬁned against each input image. In this work Cross-entropy is used as loss function for binary classiﬁcation,
which is expressed in Eq. (3) [32].
Cross - entropy ¼ ðylogð pÞ þ ð1  yÞlogð1  pÞÞ

ð3Þ

where y and p are the class label and prediction probability, respectively.
A regularization term, R, along with learning rate, lr , are
added in the cost function to penalize the higher deviations
and to avoid overﬁtting problem [32, 34]. In this work, L2
regularization is performed. In the present problem minimization of an average cost function, CB, over a batch of
images, B, (Eq. (4)) is to be performed to update ﬁlter
values or weights via each epoch.
CB ¼

1X
ðL þ lr RÞ
B input

ð4Þ

This is ultimately performed via back propagation
approach [32] to obtain appropriate node parameters or
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weights. For optimization, an appropriate optimizer should
be used to obtain precise model of classiﬁcation. In this
work, stochastic gradient descent (SGD) technique for nonconvex optimization is used as it can work on batches with
less computational time. Hence, in CNN, appropriate
selection of hyper-parameters, viz. activation functions,
number of convolution and pooling layers, number of ﬁlters
in each convolution layer, learning rate, optimizer, batch
size, number of epochs etc. are important to realize an
appropriate model.
In the present work, for all the convolution and dense
layers, ReLU is chosen as the activation function because
of its computationally inexpensive nature. Subsequently,
Softmax function is chosen for binary classiﬁcation. Choice
of ﬁlters in ﬁrst convolution layer is performed along with
the number of convolution and pooling layers. After each
convolution layer, one pooling layer is applied to extract
proper information without noise by the use of Max pooling
technique. After each pooling, the ﬁlter number is doubled
to extract more abstract information. The strategy to select
number of ﬁlters and layers is to minimize testing error
with less computational time. To realize this, a total 24
computational experiments are performed by varying
number of layers and number of ﬁlters, by keeping learning
rate, batch size and number of epochs as 0.001, 30 and 20,
respectively. Number of ﬂatten layer, pair of dropout and
dense layer are chosen as 1 and 2, respectively, after last
pooling layer. The result of the computational experiments
is summarized in table 3.
It can be depicted from table 3 that appropriate number
of layers and ﬁlters are 6 and 8, respectively, due to a tradeoff between computational time (0.1486 s) and test accuracy (0.9947 or 99.47%). Accordingly, the architecture of
CNN adopted in the present work is shown in table 4.

On deciding the CNN architecture, computational
experiments were performed to choose appropriate learning
rate, batch size and number of epochs for training the
selected architecture. Selection of proper learning rate is
important to avoid under-ﬁtting with less computational
time. Keeping batch size and epoch as 60 and 30, respectively, learning rate is chosen by varying it among the
values of 0.01, 0.0015, 0.002 and 0.0025. Further, selection
of batch size is carried out by considering batch sizes of 30,
40 and 60. The range of batch size values are chosen such
that they are divisible to the total number of training
samples i.e., 20640, so that not a single image can fall
outside the training data. Finally, number of epochs is
chosen by varying it as 50, 100, 150, 200 and 250 with
appropriate learning rate and batch size.

4. Results and discussion
In the present work, raw and pre-processed machined surface images are used to train the proposed CNN model. A
minimal pre-processing using contrast limited adaptive
histogram equalization (CLAHE) is performed to overcome
inhomogeneous equalization issue. Comparison of accuracy
between the classiﬁcation models using raw and pre-processed images is performed here to check the robustness of
the developed architecture.
Computational experiments for learning rate selection,
batch size selection and epoch selection are ﬁrst performed
to realize appropriate training parameters. In selection of
learning rate, a ﬁxed batch size and epoch of 60 and 50,
respectively, is used by varying learning rate from 0.001 to
0.0025 with a step of 0.0005. Pre-processed images are
used as an input for these experiments.

Table 3. Summary of computational experiments to select layer and number of ﬁlters.
No. of. layers
3

4

5

6

No. of ﬁlters
2
4
8
16
2
4
8
16
2
4
8
16
2
4
8
16

Bold values indicate as CNN parameters

Training loss

Training accuracy

Testing accuracy

Elapsed time (s)

0.2780
8.2650
8.2539
0.2066
8.2512
0.2567
0.2222
0.2756
0.1695
0.1712
0.1636
0.1835
0.2882
0.0471
0.0724
0.1157

0.9875
0.5000
0.5000
1.0000
0.5000
0.9879
0.9987
0.9973
0.9852
0.9976
1.0000
0.9999
0.9138
0.9996
0.9997
0.9987

0.5215
0.5
0.5
0.5947
0.5
0.7770
0.4340
0.5175
0.6659
0.9160
0.9821
0.9214
0.7271
0.9407
0.9947
0.9831

0.1286
0.1377
0.1347
0.1456
0.1315
0.1374
0.1336
0.1362
0.1290
0.1276
0.1326
0.1502
0.1250
0.1304
0.1486
0.1845
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Table 4. Architecture of CNN.
Layer no.
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.

Operation
Convolution
Pooling
Convolution
Pooling
Convolution
Pooling
Convolution
Pooling
Convolution
Pooling
Convolution
Pooling
Dropout
FC
Dropout
FC

Activation function/Pooling strategy

Number of ﬁlters/nodes

ReLU
Max
ReLU
Max
ReLU
Max
ReLU
Max
ReLU
Max
ReLU
Max
65% dropout
ReLU
65% dropout
Softmax

8
–
16
–
32
–
64
–
128
–
256
–

Filter size/Pooling window
3
2
3
2
3
2
3
2
3
2
3
2

9
9
9
9
9
9
9
9
9
9
9
9

3
2
3
2
3
2
3
2
3
2
3
2

512
2

Table 5. Test accuracy achieved by varying batch size and
number of epochs with a learning rate of 0.0015.
No. of Epochs
50

100

150

200

Figure 3. Variation of testing accuracy with learning rate.

It can be depicted from ﬁgure 3 that maximum test
accuracy is obtained as 0.97 at 0.0015 learning rate.
Therefore, 0.0015 learning rate is selected for training.
Now, to select batch size and number of epochs, both are
varied as mentioned in section 3, and the results of test
accuracy are shown in table 5.
It can be observed from the table 5 that the best test
accuracy, i.e., 0.999 or 99.9% is achieved using 30 batch
size and with 200 number of epochs, hence, these values are
adopted for training the CNN model. After selection of the
CNN architecture and the parameters, training is performed
to obtain a classiﬁcation model, where the classiﬁcation
accuracy and loss for pre-processed test images are found
as 99.9% and 0.0021, respectively. The high accuracy has
been achieved as because accurate noise ﬁltering,

250

Batch size
30
40
60
30
40
60
30
40
60
30
40
60
30
40
60

Test accuracy
0.75
0.94
0.97
0.97
0.98
0.93
0.98
0.97
0.92
0.999
0.98
0.97
0.98
0.96
0.95

Bold values indicate as CNN parameters

segmentation, edge gradient detection, and then higherlevel abstract information can be possible to extract due to
the deep architecture of CNN. Further, for a comparison,
raw images are also used to train the same CNN architecture using the same training parameters. A test accuracy of
96.3% and loss of 0.1548 are realized, when the CNN
model is trained with raw images.
As an example, ﬁgure 4 presents the images of the surface machined using unworn and worn tool with machining
conditions mentioned at sl. no.5 as presented in Table 2.
It is well known that machining with unworn tool
results in surface with less roughness and surface
roughness increases with an increase in tool wear.
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Figure 4. Turned surface images by (a) unworn tool, (b) worn tool using machining condition no. 5.

Surfaces resulting from unworn tool not only have low
roughness but are more specular in nature causing less
contrast when compared to the surfaces resulting from
worn tool, and is also evident from ﬁgure 4. In addition,
more continuous feed marks results in the surface
machined by unworn tool than that by worn tool.
Therefore, to distinguish between the unworn and worn
tool from the machined surface images, two major
attributes i.e., contrast and discontinuity in the feed
marks may play the key roles. In this perspective, more
abstract level information is required to extract those
key attributes, accurately. These key attributes were
extracted by performing image pre-processing, edge
gradient detection and image texture analysis for features extraction to disctriminate between unworn and
worn tool in most of the literature [12, 16]. However, in
those algorithm, manual feature selections and
machining condition dependent model are two major
limitations. CNN, on the other hand, helps to overcome
these limitations by waiving off the expertise dependent
image pre-processing and feature selection. In the present work, extraction of the abstract level information
through CNN, which is analogous to the image preprocessing and gradient extraction, is performed in
subsequent convolutional and pooling layers. Contour
maps of the activations extracted from subsequent
convolutional and pooling layers for ﬁgure 4a, b are
shown in ﬁgure 5 to present the enhancement of delineation between the machined surfaces generated by
unworn and worn tool in layer by layer increment.
It can be observed from the contour maps (one of the
ﬁltered outputs for each of the images in ﬁgure 4a, b)

depicted in ﬁgure 5a, b that almost similar information like
input images can be seen, as very lower level features
abstraction are happened in ﬁrst convolution layer. After
ﬁrst convolution operation, pooling is performed to extract
little higher abstract information, as seen in ﬁgure 5c, d,
attributing towards more delineation. Comparing ﬁgure 5c
with d, it can be easily visualized that more discontinuous
higher value pixels are present in ﬁgure 5d than that in
ﬁgure 5c, due to rougher suface produced using worn tool.
In the next higher level i.e., in 2nd convolution layer, edge
segmentation started which can be depicted from ﬁgure 5e,
f. After 2nd pooling, the difference between the two classes
of surfaces become more prominent, as depicted in ﬁgure 5g, h. Also, at the same layers in CNN, extraction of
edge gradient based information becomes evident, which is
shown in ﬁgure 6.
In the convolution and pooling layers, extraction of
abstract information similar to the extraction of edge gradients can be performed, simultaneously. One of the major
advantages of CNN is simultaneous applications of more
convolution ﬁlters in a single layer with optimized ﬁlter
weights or coefﬁcient. This is somewhat similar to the
discrete wavelet transform (DWT) operation used in signal
and image processing for extracting non-stationary features.
However, mother wavelet and decomposition level selection are the major important steps in DWT for useful
extraction non-stationary features from machine surface
images[17, 18] to get the information of tool condition.
Non-stationary features, on the other hand, can be extracted
by using CNN also, without any endevour towards the
selections of mother wavelet and decomposition level. This
can be evident from ﬁgure 6, where contour maps of one of
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Figure 5. Contour maps of one of the ﬁltered outputs from (a, b) 1st convolution layer, (c, d) 1st pooling layer, (e, f) 2nd convolution
layer and (g, h) 2nd pooling layer of ﬁgure 4a, b, respectively, analogous to image pre-processing or ﬁltering perspective.

the ﬁltered outputs of 1st convolutional and 1st pooling
layers for ﬁgure 4a, b are shown. In ﬁgure 6a, b, contour
maps of one of the ﬁltered outputs (1st convolutional layer)

of ﬁgure 4a, b, respectively, are shown where edge gradient
information can be depicted. Figure 6c, d are the outputs
from the 1st pooling of ﬁgure 6a, b, respectively, where the
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Figure 6. Contour maps of one of the ﬁltered outputs for (a, b) 1st convolution layer, (c, d) 1st pooling layer, of ﬁgure 4a, b,
respectively, analogous to gradient based image segmentation and DWT perspective.

contrast and discontinuity information from feed marks are
more prominently classiﬁable, due to extraction of more
localized information from pooling layer. Therefore, more
accurate classiﬁcation, independent of machining condition, between unworn and worn tool can be achieved by
using CNN model, as difference between the higher
abstract information of surfaces generated by unworn and
worn tools becomes more prominent with increment in
layers as mentioned in section 3.1. Finally, all the different
abstract level information are used and generalized performance of the model enhances by using dropout layer.
Results obtained for classiﬁcation by using CNN are
compared with the classiﬁcation by using support vector
machine used in [14]. Here, 15 features from GLCM
matrices of all the machined surface images were extracted.
Then feature selection was performed by using Fisher’s
Discriminant Ratio (FDR) as performed in [14] for two
equiprobable classes. According to the features’ ranking
features, Mean and Variance were selected. Then, values of
these two features were extracted from the GLCM of all the
pre-processed images kept for training to build a SVM
classiﬁcation model with linear kernel. Sequential minimal
optimization (SMO) technique was used for hyperplane
separation.
The obtained SVM classiﬁcation model has 85% test
accuracy, where plot against some of the test images are

Figure 7. Plot of tool wear state versus test image number.

shown in ﬁgure 7. The points marked red in color are
representing the mis classiﬁed images in ﬁgure 7.
Although working of a CNN seems to be a blackbox, one
can have a better understanding about the network by
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Figure 8. Visualization of the activations from fully connected
layer by t-SNE.
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observed that the developed model performance is independent of machining conditions and is capable of classifying the cutting tool state as worn or unworn. The
proposed CNN architecture shows testing accuracies of
96.3% and 99.9% when tested with raw images and minimally pre-processed images of machined surfaces, respectively. Performance of the CNN model was compared with
SVM model, where it can be concluded that the CNN
model’s performance is much better than SVM for generalized classiﬁcation or parameter-independent classiﬁcation
of tool ﬂank wear from turned surface images. The developed CNN model can be used to classify the cutting tool
states from machined surface images in industrial
environment.
Acknowledgement

visualizing the output activations from the layers. In order
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neighbour embedding (T-SNE) [36] algorithm was used.
The classiﬁcation efﬁciency of the proposed CNN model
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For each image, the activations of the ﬁnal fully connected
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clustered together. Since the classiﬁcation deals with
machined surface images with worn (class 0) and unworn
(class 1) tools and the same can be understood with the help
of clusters formed. Therefore, we can understood, from
ﬁgure 8, that the proposed CNN can classify the tool state,
successfully, using the machined surface images.

5. Conclusions
In the present work, a CNN model is developed for classiﬁcation of cutting tool ﬂank wear in unworn and worn
classes, by using machined surface images. Turning
experiments are carried out by varying the cutting speed,
feed rate and depth of cut using CNC controlled lathe
machine. Turned surface images are acquired after each
machining experiment and are used to train and test the
developed CNN model. In order to realize a more generalized CNN model, appropriate hyperparameters and
training parameters viz. number of layers and ﬁlters,
learning rate, batch size, and epochs are chosen from the
computational experiments. The developed CNN model is
tested using the machined surface images acquired for the
machining conditions which are completely different from
the machining conditions at which training data set is
obtained to ﬁnd the generalization performance. It is
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