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Abstract
One of the essential requirements for intelligent manufacturing is the low cost and reliable predictions of the tool life during 
machining. It is crucial to monitor the condition of the cutting tool to achieve cost-effective and high-quality machining. Tool 
conditioning monitoring (TCM) is essential to determining the remaining useful tool life to assure uninterrupted machining 
to achieve intelligent manufacturing. The same can be done by direct and indirect tool wear measurement and prediction 
techniques. In indirect methods, the data is acquired from the sensors resulting in some ambiguity, such as noise, reliability, 
and complexity. However, in direct methods, the data is available in images resulting in significantly less chances of ambiguity 
with the proper data acquisition system. The direct methods, which provide higher accuracy than indirect methods, involve 
collecting images of worn tools at different stages of the machining process to predict the tool life. In this context, a novel 
tool wear prediction system is proposed to examine the progressive tool wear utilizing the artificial neural network (ANN). 
Experiments were performed on AISI 4140 steel material under dry cutting conditions with carbide inserts. The cutting 
speed, feed, depth of cut, and white pixel counts are considered as input parameters for the proposed model, and the flank 
wear along with remaining tool life is predicted as the output. The worn tool images were captured using an industrial camera 
during the turning operation at regular intervals. The ANN training set predicts the remaining useful tool life, especially the 
sigmoid function and rectified linear unit (ReLU) activation function of ANN. The sigmoid function showed an accuracy 
of 86.5%, and the ReLU function resulted in 93.3% accuracy in predicting tool life. The proposed model’s maximum and 
minimum root mean square error (RMSE) is 1.437 and 0.871 min. The outcomes showcased the ability of image processing 
and ANN modeling as the potential approach for developing a low-cost industrial tool condition monitoring system that can 
measure tool wear and predict tool life in turning operations.

Keywords Intelligent manufacturing · Turning · Machine vision · Neural network (NN) · Tool life prediction · Tool 
conditioning monitoring (TCM) · Color cluster image processing

Abbreviations
AISI  American Iron and Steel Institute
ANN  Artificial neural network
BPNN  Backpropagation neural networks
CNC  Computer numerical control
RAM  Random access memory
ReLU  Rectified linear unit
RMSE  Root mean square error
MAPE  Mean absolute percentage error
RTL  Remaining tool life
TCM  Tool condition monitoring
t  Tool life (processing time) (min)
DOC  Cutting depth (mm)
cs  Cutting speed (m/min)
VB  Tool flank wear (mm)
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n  Number of instances
pi  Predicted value
ai  Actual value

1 Introduction

There is an increased scope and demand for automated 
machining processes with advancements in technology 
[1]. One of the vital tasks in automation is tool wear 
monitoring in machining processes. Fracture, adhesion, 
heat stresses, or abrasion is the cause of tool failure [2]. 
Fracture failure in a tool refers to an abrupt brittle failure 
brought on by excessive stresses, material flaws, inter-
mittent cutting, or severe vibrations. Tool bits clinging 
to chips producing build-up edges cause adhesive wear. 
Increased temperature at the interface of the job and the 
tool creates thermal stresses that end up causing the mate-
rial to soften and cause tool distortion through plastic 
deformation. Crater wear occurs on rake surface of the 
tool due to cutting temperature and high shear stresses 
between tool rake surface and cutting chips sliding over 
the rack surface. The crater wear is measured by wear 
depth and wear area. Three-dimensional computer vision 
techniques can be applied to measure crater depth and 
area. Failures due to temperature, adhesive, and fracture 
can be prevented by using the right material of cutting tool 
and cutting parameters. Friction between the workpiece 
and tool’s cutting edge leads to abrasive wear. It is impos-
sible to avoid abrasive wear, which limits the life of the 
cutting edge since constant use blunts the edge. Because it 
ensures the greatest tool life, flank wear that occurs on the 
edge of the tool is progressive wear and is the most favored 
tool failure [3]. Developing reliable tool life prediction 
techniques is critical to automating tool wear monitoring.

Estimation of tool life is also crucial for minimizing 
the tool cost by optimizing tool usage. Several authors 
reviewed the research work in tool condition monitoring 
techniques. Dutta et al. [4] studied the tool condition moni-
toring methods using digital image processing techniques 
and classified them as (i) direct methods and (ii) indirect 
methods. Pimenov et al. [5] highlighted the latest trends in 
applying artificial intelligence techniques and their rela-
tive merits and demerits in tool condition monitoring in 
machining operations. Indirect methods record specific 
physical characteristics of the machine, product, or pro-
cess influenced by the tool wear and correlate it. Kuntoğlu 
et al. [6] reviewed indirect techniques published in the last 
two decades to study the effect of data from sensors on 
tool wear in turning operations. A systematic review of 
state-of-the-art on different sensors and tool health prog-
nostics, including signal processing techniques, was car-
ried out by Kuntoğlu et al. [7]. The study was focused on 

various machining operations like turning, milling, and 
grinding. Zhu et al. [8] presented a review of wavelet trans-
form analysis for monitoring the state of tool wear and 
compared the effectiveness of wavelet transform to Fou-
rier analysis methods for analyzing tool wear progression. 
Mohanraj et al. [9] presented a review of tool condition 
monitoring using indirect techniques in milling operations. 
In their work, Ambhoreet al. [10] reviewed various indi-
rect methods to classify the severity of tool wear. Physical 
parameters like temperature, cutting force, surface rough-
ness, torque/current, vibration, and acoustic emission were 
identified for correlating with tool wear. With the advance-
ment in artificial intelligence techniques, predicting the 
remaining useful life of the tool is possible. Zhou et al. 
[11] presented the various prediction model proposed in 
the literature related to tool condition monitoring in milling 
processes. The methods researched were neural network, 
regression model, principal component analysis, support 
vector machine, fuzzy logic, and other methods.

Many researchers [12, 13, 14] have reported and dis-
cussed indirect methods for tool condition monitoring. Vari-
ous forms of data are collected in indirect tool wear meas-
urement by sensors like optical microscope imaging sensors, 
impact sensors, vibration sensors, acoustic emission sensors, 
force sensors, and power sensors. Nath [12] and Bustillo 
et al. [13] correlated the deviation from flatness with tool 
wear and spindle drive power using different machine learn-
ing algorithms. They concluded that the synthetic minority 
over-sampling balancing technique combined with the ran-
dom forest technique provided close prediction. Abu-Zahra 
and Yu [14] applied ultrasound waves to monitor the tool 
wear during turning operations. Wavelet transforms were 
used to extract information from sensory signals. Karamet 
al. [15] conducted experiments to investigate the percent-
age of tool life consumed by correlating it with the signal 
features received from multiple sensors. Physical param-
eters monitored were vibration, cutting force, and acoustic 
emission. Bagga et al. [16] evaluated force and vibration 
signals in dry turning operations. The prediction of tool 
wear obtained through neural networks was compared with 
manual measurement, and close correlations were reported.

Computer vision techniques can automatically identify the 
tool’s wear and be implemented in the industries as a part of 
an intelligent manufacturing environment. The direct method 
detects the tool’s contour or dimensional changes using imag-
ing sensors. The tool images are used as the input data source. 
Computer vision techniques are then applied to observe the 
tool condition. He et al. [17] performed an experimental 
investigation to validate the developed tool wear prediction 
model by analyzing the data obtained from multiple sensors 
and extracting the signal features in frequency, time, and fre-
quency-time domains. The developed system had a low root 
mean square error. Mikołajczyk et al. [18] used CCD-based 
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vision sensor to capture the tool wear region. Two image pro-
cessing tasks to measure existing tool wear and prediction 
of tool wear based on previous conduct of similar tools were 
studied, and a mean error of 0.4 min was observed. Yu et al. 
[19] developed an image processing system to measure the 
wear of the drill bit. Image pre-processing, segmentation, and 
feature extraction steps were performed on the images of the 
drill to extract the information on the number of pixels in the 
wear region. The results obtained from the proposed system 
were in close agreement with manual measurement. Qian et al. 
[20] used machined surface texture analysis with the support 
vector machine algorithm for tool life prediction. The predic-
tion model was developed based on the relationship between 
surface texture features and observed tool wear. The perfor-
mance of artificial neural networks was observed to be superior 
compared to support vector machine with genetic algorithm.

A single category-based classifier for processing images 
of tool wear was proposed [21]. Based on the brightness of 
the wear area and the non-wear area, features of the image 
were extracted. Flank wear with an absolute mean relative 
error of 6.7% was achieved. Similarly, for feature extraction, 
nine geometric descriptors were identified to describe flank 
wear [22]. Three out of nine geometric descriptors, viz., 
extent, eccentricity, and solidity of the wear region, provided 
98.6% of the required information to classify the severity 
of the tool wear. A method of categorizing tool images in 
various regions and each part characterized based on the 
local pattern in binary form was proposed [23]. Based on 
the condition of these regions, the tool was classified as the 
usable or unusable condition.

Based on the recent developments and adoption of Indus-
try 4.0 concepts, a considerable amount of data is generated, 
and the traditional prediction techniques are insufficient to 
monitor the tool wear. Under these conditions, researchers 
have studied various deep learning methods [24] [25] [26] 
for tool wear monitoring to achieve improved accuracy. 
Serin et al. [24] summarized the theory of recent deep learn-
ing methods applied to tool condition monitoring for real-
izing the concept of Industry 4.0. Zhao et al. [25] reviewed 
the research carried out in deep learning on machine health 
monitoring and suggested relative merits and demerits of 
them. Martínez-Arellano et al. [26] developed a big data 
method for classifying tool wear based on deep learning. 
A deep multi-layer perceptron model for predicting three 
vital machining parameters with an average absolute error 
of 1.5%, 0.44%, and 0.38% for material removal rate, spe-
cific energy consumed, and surface roughness, respectively 
[27]. Some of the techniques investigated were long-short-
term memory [28], convolutional neural network [29] [30], 
and deep heterogeneous gated recurrent unit network [31], 
which are among the most preferred methods of deep learn-
ing in recent years. Bergset al. [32] developed a deep learn-
ing method using image processing to monitor the state of 

tool wear. A convolutional neural network was applied to a 
cutting tool, and then, a fully convolutional network for wear 
severity classification was trained on every kind of tool. Tool 
type classification accuracy achieved was about 95%.

The research on artificial neural networks in tool wear 
monitoring was reported in the literature [33] [34] [35] [36]. 
Artificial neural network (ANN) is a traditional and practical 
artificial intelligence approach technique. It is made from 
the inspiration of the human brain neurons [37]. Like human 
brains, neurons are interconnected to form a neural network 
in different layers. It is primarily made of three layers: input, 
hidden, and output. D’Addonaet al. [33] conducted an experi-
mental investigation to train neural network models using 
worn-out tools images. The neural network estimated the 
level of wear of the tool from images of tool wear. Hesser and 
Markert [34] implemented a neural network model to classify 
tool wear state in a retrofitted milling machine to integrate it 
into Industry 4.0. Corne et al. [35] evaluated the correlation 
between power drawn by the spindle and tool wear and break-
age in the drilling operation. The spindle power data was fed 
into the neural network. The reliability of data of spindle 
power was studied by comparing it with the force data. The 
prediction error ranged from 0.8% to 18% for spindle data. 
Two tool wear monitoring methods are (1) model-driven and 
(2) data-driven. Modeling the tool wear system using physi-
cal-based mathematical modeling is difficult considering the 
complexity of the tool condition monitoring system. Refer-
ence [36] attempted a combined physics-guided data-driven 
technique based on a neural network to predict tool wear.

Given the advancements in computing capabilities, hard-
ware, and computer vision techniques, the significance of 
tool condition monitoring using computer vision techniques 
is increasing [12]. Using computer vision techniques, the tool 
wear measurement methods are more accurate than indirect 
techniques [24]. Besides, the indirect ways that use physi-
cal parameters to correlate the degree of tool wear need vast 
data. Image processing techniques were developed to study 
the burr and slot width in micro-milling of Inconel 718 alloy 
by [38]. The measurement system was developed in C + + pro-
gramming and Open Computer Vision (OpenCV) library. The 
results obtained from image processing were in very close 
agreement with manual measurements. Bagga et al. [39] con-
ducted an experimental investigation of measuring flank wear 
using computer vision techniques. Image pre-processing was 
done using median filtering to remove noise from the image.

Morphological operations were performed on the tool 
wear region of the image to identify connected components, 
and their properties were arrived at to find the amount of 
wear. Peng et al. [40] developed a machine vision-based 
tool wear monitoring system. The relative error between a 
manual measurement using the microscope and the devel-
oped method was 7.5%. The procedure to monitor tool 
wear progression based on processing captured images in 
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micromachining was proposed by [41]. An error of about 
5% between actual and predicted wear was observed. Mol-
dovanet al. [42] presented an experimental study to find the 
tool wear state by applying computer vision techniques. 
The authors proposed three methods; in which one way was 
based on extracting features by using image processing and 
following neural network classification. In the remaining two 
methods, neural networks were applied directly to image 
data without image processing techniques.

From the literature mentioned above, it is understood 
that various researchers have utilized different approaches 
to extract the features to identify and quantify the tool wear 
during machining. Also, the combination of more than one 
technique is reported to improve the accuracy of the tool 
condition monitoring system. Most of the work is focused 
on the data acquired from the sensors, which has some ambi-
guity, such as noise, reliability, and complexity. However, 
if the data is available in images, the chances of ambigu-
ity are significantly reduced with the proper data acquisi-
tion system. Little work has been reported in the literature 
about computer vision techniques for tool life prediction. 
The issues related to illumination and magnification errors 
in image capturing must be addressed. Most of the work 
presented the use of data acquired through indirect methods 
to predict the amount of tool wear. There is a gap in the 
research in developing the technique of predicting tool wear 
using computer vision systems. Thus, to develop intelligent 
manufacturing systems, it is necessary to create a robust tool 
life prediction system for uninterrupted machining. Contem-
plating the above-said facts, this work proposes a computer 
vision-based neural network architecture for predicting tool 
wear in machining. The results showcased an improved pre-
diction accuracy of the proposed approach. The proposed 
method has many industrial benefits as the real-time tool 
monitoring can be done with reasonable accuracy in turn-
ing operation, and the manual intervention can be removed. 
Also, the remaining tool life can be identified.

2  Background

By using computer vision techniques, the proposed work 
develops a tool wear measuring system of cutting tools uti-
lized in the CNC lathe machine. Here, the goal of the image 
processing stage is to identify the wear area from the image 
of the cutting tool insert that is captured during image acqui-
sition. Initially, image pre-processing steps are performed 
to make image suitable for high-level region identification 
tasks. The various image pre-processing tasks identified are 
image denoising, image histogram enhancement, and image 
thresholding. The primary purpose of image denoising is 
to approximate the original image by removing noise from 
a noisy picture representation. Image noise can be caused 

by various internal (sensor) and external (environment) 
factors that are difficult to prevent in real-world settings. 
Image noise is a sudden alteration of light in a picture usu-
ally caused by electrical noise. The image sensor and cir-
cuitry of a digital camera can produce it. It is a form of 
picture noise that cannot be avoided. A bilateral filter is 
used to remove noise from the picture. A bilateral filter is 
a non-linear picture smoothing filter that keeps edges sharp 
while eliminating noise. To override the intensity of each 
pixel, it employs a weighted average of intensity data from 
surrounding pixels. This weight may be calculated using 
a Gaussian distribution. The weights are calculated by the 
Euclidean distance between pixels and by range discrepancy, 
radiometric variances such as color intensity, depth distance, 
and other range changes. Sharp edges are preserved as a 
result. There is mainly a sharp edge in the worn-out area, so 
this filter can be very useful to extract noise. The histogram 
equalization is a technique for improving picture contrast 
in digital images. It accomplishes this by effectively spac-
ing out the most frequent intensity values or extending the 
intensity spectrum of the image. This approach often raises 
the global contrast of photographs when close contrast val-
ues describe the available data and allow locations with low 
local contrast to achieve success.

The wear region extraction is carried out subsequently. 
In wear region extraction, marks are attached to the pixels, 
and pixels with the same mark are grouped because they 
share something in common. The captured image is seg-
mented into various regions in machine vision, such as the 
background and foreground, an unworn part of cutting tool 
inserts, and a wear region. In the next step, the ANN model 
is applied to predict the wear value and remaining tool life. 
An ANN is a data-processing algorithm or paradigm influ-
enced by the human brain’s tightly interconnected, parallel 
structure [43]. ANNs are integrated arrays of mathemati-
cal models that mimic some of the observable features of 
biological nervous systems and rely on biological learning 
analogies. The ANN paradigm’s important element is the 
unique configuration of the information processing system. 
It comprises many highly integrated processing components 
that mimic neurons and are connected by weighted connec-
tions that work similarly to synapses, as shown in Fig. 1. 
The ANN would go through a learning cycle to function 
correctly. The backpropagation learning process is the most 
popular ANN implementation. Backpropagation training is 
an iterative gradient approach to reduce the mean square 
error between the actual output of the hidden layers and the 
intended result. Activation functions or transfer functions 
are selected to transfer the weighted sum of inputs into the 
output from nodes. The same activation function is applied 
in hidden layers.

Activation functions selected are non-linear differenti-
able because first-order derivative functions are required 
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in backpropagation neural networks (BPNN) to update the 
model weights using a derivation of prediction error. Vari-
ous activation functions are proposed in the literature [45], 
but only a few functions are applied in practice. There is two 
activation function considered in this work: (1) sigmoid acti-
vation function and (2) rectified linear unit (ReLU) activa-
tion function. As shown in Eq. 1, a sigmoid logistic function 
is the most often used non-linearity in the backpropagation 

algorithm because the sigmoid function ranges from zero 
to one, which makes it suitable to predict the probability at 
the output.

The sigmoid function is shown in Fig. 2(a). ReLU func-
tion is widely used in practice [38] and is applied in convolu-
tional neural networks and deep learning as defined in Eq. 2.

ReLU function, shown in Fig. 2(b), has low computa-
tional complexity and can be applied to train deep multi-
layer neural networks in backpropagation neural networks.

3  Materials and methods

3.1  Experimental details

The machining experiments were carried out on an HMT-
made CNC turning lathe. The AISI 4140 was selected as the 
workpiece material with an average hardness of 34 HRC, 
250 mm long, and 50 mm diameter. It has high strength, 
excellent machinability, and excellent corrosion resistance. 
AISI 4140 steel is low alloy steel with various alloying ele-
ments to improve its mechanical properties and resistance to 
corrosion. Multiple applications of AISI 4140 steel can be 
found in different industries like gas and oil, manufacturing, 
automotive, and aerospace [44]. AISI 4140 steel is used in 
slewing bearings [45] which in turn are used in large size 
machines with slow speed and heavy loads such as wind 
turbines and cranes. It is also used in various automotive 
parts [46] like spindles, crankshafts, cams, gears, and axles 

(1)f (x) = 1∕(1 + e(−x))

(2)f (x) = (0, x)

Fig. 1  Structure of the artificial neural network in the backpropaga-
tion algorithm

Fig. 2  (a) Sigmoid function. (b) ReLU function
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requiring high hardness values. The elemental composition 
of AISI 4140 steel is presented in Table 1.

The initial cut is carried out to remove the rough outer 
surface, and the surface of all the workpieces was made 
smooth before conducting experiments. Carbide insert with 
ISO designation SNMG120408 manufactured by WIDIA 
with cutting edge length of 12.7 mm, rake angle of − 6°, 
clearance angle of 0°, and nose radius of 0.8  mm was 
employed. Cutting tool holder PSSLNR1616H12 is utilized 
for the experimentation. The cutting speed, feed, and depth 
of cut are considered as the input machining parameters as 
given in Table 2.

The camera sensor is an effective hardware interface 
between the object and its image. Industrial camera systems 
come in a wide range of configurations like CMOS and 
CCD. The imaging system comprises the camera sensor, the 
lens, and the illumination system. The device components 
are chosen based on the requirements of the tool state moni-
toring system. For capturing the image of the cutting tool, 
the image is taken by placing the vision system hardware on 
the CNC lathe machine. A Baumer® EXG50 monochrome 
camera with CMOS sensor, 2592 × 1944 pixel resolution, 
and 14 frames per second frame rate has been used. It is 
selected due to its compact design, rugged construction for 
suitability in an industrial environment, facility to mount on 
the machine, short shutter time, and facility of both hardware 
and software triggers is available. Images obtained from the 
camera are raw data without the application of compression 
and other image enhancement algorithms, which makes the 
task of image processing easier since no pre-processing on 
image pixel intensity values is done, and the image data 
represents the true picture of the object under study. The 
Computar® TEC-V10110MPW, a bi-telecentric lens with a 
magnification of 1X, a focal length of 110.2 mm, and distor-
tion of 0.015%, is used. All rays passing through an object 
in a telecentric lens parallel the optical axis and eliminate 
perspective distortions. An illumination device is a 10-W, 
white ring light with an inner and outer diameter of 50 mm 
and 100 mm. The light is mounted on the lens, and its bright-
ness can be adjusted.

The primary function of the camera mounting in CNC 
machines is to hold the camera, lens, and ring light. After 
the tool completes a certain amount of machining length, it 
returns to the front of the camera and lens mounting, where 
the camera can conveniently click the image of the tool’s 
flank wear. The system’s position is constrained by the car-
ousel’s ability to shift and rotate. The vision system is placed 
at one side of the spindle to capture the image to ensure that 

physical interference is not created in machining operations. 
A mounting stand for the camera, lens, and the LED light 
is fabricated, and the vision system is mounted. Figure 3(a) 
shows a model of the mounting stand. Acrylic sheets with 
a thickness of 6 mm are used to create the final model, as 
shown in Fig. 3(b). Base plate support is fabricated using 
a low carbon steel plate of 4 mm thickness, and the entire 
assembly has been mounted on the CNC lathe machine.

The imaging setup is attached to a computer device, 
which serves as the storage unit, frame grabber, and informa-
tion communication system for this machine vision system. 
The device has a Windows® operating system, a 2.4 GHz 
Intel® core2 duo processor, and 8 GB of RAM (random 
access memory). It also has Baumer® camera explorer soft-
ware for camera triggering. Figure 4 shows the experimental 
setup utilized for the turning experiments. Measurement of 
tool wear is carried out by considering the following steps.

Step 1: perform turning operation on CNC lathe machine.
Step 2: capture the tool images at the specified interval.
Step 3: calculate the flank wear and prediction of remain-
ing tool life.

Turning operation cycle of one cut throughout length 
is carried out. Tool is moved to a designated location in 
front of camera after machining cycle, and an image of the 
tool wear region is taken. The tool’s position is specified in 
the CNC part program to ensure that the image of the tool 
wear region is captured in the same location each time. The 
computer then stores the image that is taken. A toolmaker’s 
microscope is used to manually measure the flank wear 
value at the same time. The tool life, expressed in minutes, 
is measured up to a wear value measured each time. The 
methodology adopted for the work is presented in Fig. 5.

3.2  Image processing method

Various image processing techniques are developed, result-
ing in pixel counts or values transforming an image into 

Table 1  Elemental composition 
of AISI 4140 steel

Element C Si Mn Cr Mb Fe

% 0.4 0.30 0.9 1.0 0.20 Balance

Table 2  Machining process parameters

Process parameters Levels

1 2 3

Cutting speed (m/min) 70 100 130
Feed (mm/rev) 0.10 0.15 0.20
Depth of cut (mm) 0.3 0.4 0.5
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valuable data. To minimize image processing time and mem-
ory constraints, the processing area of the captured image 
is limited to the region of interest. Figure 6 presents the 
steps of the algorithm for image processing and white pixel 
calculation.

As shown in Fig. 7, a greyscale image is captured by the 
camera sensor. The grey level at the worn region has high-
intensity pixel values, making the worn area different. Based 
on this, algorithms to identify the worn area were developed.

3.2.1  Image pre‑processing

The following steps were performed for pre-processing of 
an image of a worn-out area: (1) image denoising, (2) image 
histogram enhancement, and (3) image thresholding. Fig-
ure 8 shows the result of the application of the bilateral filter 
to remove noise from the image.

Here, histogram equalization is used to differentiate the 
average grey level of the worn-out region from that of the 

Fig. 3  (a) 3D conceptual setup. (b) Camera, lens, and LED light mounted on the machine

Fig. 4  Experimental setup with 
the image acquisition system
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unworn region pixels across a generally constant interval, 
with the original grey-level gap being mapped into a fixed 
interval of 0 to 255 via a linear transformation. There is also 
the usage of adaptive histogram equalization in this case. 
An adaptive histogram is a form of histogram that adapts 
to the adaptive approach. It is not the same as histogram 
equalization.

It creates multiple histograms, each corresponding to a 
distinct area of the image, and utilizes them to redistribute 
the brightness values in the picture, as shown in Fig. 9. 
As a result, it is excellent for increasing local contrast 
and enhancing edge definitions in various regions of a 
photograph.

Fig. 5  Methodology adopted for the work

Fig. 6  Steps of the algorithm for image processing and pixel calculation
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3.2.2  Wear region extraction

The primary goal of image segmentation is to locate the 
wear area in the cutting tool insert image. Here, the seg-
mentation method called Otsu’s thresholding is applied. It 
is a binarization-based method in which it directly gives the 
binary image of the worn-out area. Otsu binarization takes 

a value in the center of such peaks as the image’s threshold 
value. In simple terms, it uses the image histogram to cal-
culate a threshold value for a bimodal image. After the Otsu 
thresholding, only two pixel values will be there 0 and 255 
called binary image which shows the result of the threshold-
ing process.

After the image segmentation, there are only two values 
of pixels, one for black and the other for white pixels. As 
shown in Fig. 10, the white area is the worn-out area, so 
white pixels in the image are counted.

3.3  Model development using artificial neural 
networks

Here, a backpropagation neural network is used to predict 
the wear and tool life. The data used to create the predictive 
model are included in the data collection through experi-
mentation work. A data set’s variables may be one of three 
types: the independent variables are the inputs. The depend-
ent variables are the targets; the unused variables are not 
used as inputs or targets. Training samples are used to build 
the model, selection samples are used to find the optimal 
order, and testing samples are used to validate the model’s 
functioning.

Here, samples represent cutting speed, feed, depth of 
cut, white pixels, remaining tool life (RTL), and wear 

Fig. 7  Greyscale worn-out tool image at cutting speed 130  m/min, 
feed 0.20 mm/rev, and depth of cut 0.4 mm

Fig. 8  Application of bilateral 
filter at cutting speed 130 m/
min, feed 0.20 mm/rev, and 
depth of cut 0.4 mm



 The International Journal of Advanced Manufacturing Technology

1 3

amount. The first four are considered the input values for 
the data set and neural network, and the remaining two 
are the target values that the neural network predicts after 
the training. The uses of all the samples in the data set 
are depicted in the pie chart shown in Fig. 11. There are 
150 samples in all. The total number of teaching sam-
ples is 80 (60.6%), the total number of collected samples 
is 26 (19.7%), and the total number of research samples 
is 26. (19.7%). The remaining tool life and wear amount 

will vary according to the white pixel count, as shown in 
Fig. 12.

The neural network represents the predictive model. 
Deep architectures, a form of universal approximator, are 
supported by neural networks in the neural designer. Neu-
ral network architecture is mainly based on the five types 
of layers: perceptron layer, scaling layer, un-scaling layer, 
bounding layer, and probabilistic layer. The essential lay-
ers of a neural network are the perceptron layers (deeply 
connected layers). The neural network can learn as a result 
of them. The perceptron neuron receives the data as a 
sequence of numerical inputs × 1, …, xn. To create a sin-
gle numerical output y, the information is combined with 
bias b and a sequence of weights w1, …, wn. The neuron’s 
parameters have bias and weights. This neuron calculation 
depends on the perceptron layer. The combination function 
takes several input values and converts them into a single 
combination or net-input value, as shown in Eq. 3 below.

Fig. 9  Histogram equalization at cutting speed 130 m/min, feed 0.20 mm/rev, and depth of cut 0.4 mm

Fig. 10  Binary image of the tool after Otsu’s thresholding at cutting 
speed 130 m/min, feed 0.20 mm/rev, and depth of cut 0.4 mm



The International Journal of Advanced Manufacturing Technology 

1 3

The activation function determines the perceptron output, 
as shown in Eq. 4 below in terms of its variation.

The perceptron’s activation function determines the neu-
ral network’s role, which makes up each layer. A total of 
two perceptron layers and 11 neurons are used. The sigmoid 
function and ReLU were used to trigger the perceptron. In 
a BPNN, the sigmoid function is generally used. It gives 
smoother output than the other functions. The ReLU func-
tion is also the most used activation function in the neural 
network. The ReLU function is better than other functions as 
it overcomes the vanishing gradient problem [25]. 

Figure 13 presents a schematic description of the net-
work architecture. A scaling layer, a neural network, and an 

(3)Combination = bias +
∑

weights ⋅ inputs

(4)Output = activation(combination)

un-scaling layer are used. Scaling neurons are yellow circles, 
perceptron neurons are blue circles, and un-scaling neurons 
are red circles. The number of inputs is four, and there are 
two outputs.

The approach utilized to carry out the learning process is 
known as the training (or learning) technique. Initially, the 
training is performed using the testing approach to ensure 
the lowest potential failure rate. This is done by search-
ing for parameters that will allow the neural network to 
match the data set. BPNN is known for reducing errors. For 
assessing the performance of neural network models using 
sigmoid and ReLU activation functions, root mean square 
error (RMSE) and mean absolute percentage error (MAPE) 
performance parameters are applied between the neural net-
work outputs and the actual output depicted in Eqs. 5 and 
6, respectively. Variables in Eqs. 5 and 6 are n, pi , and ai , 
which are the number of instances, predicted values, and 
actual values, respectively.

Fig. 11  Sample data distribu-
tion using the pie chart

Fig. 12  Scatter chart for (a) wear-white pixel count and (b) RTL-white pixel count
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The loss index specifies the role that the neural network 
must complete and provides a metric for the consistency of 
the representation that must be learned. When creating a 
failure index, the selection is between an error term and a 
regularization term. The regularization term calculates the 
values of the neural network’s parameters. The neural net-
work’s weights and biases reduce when added to the error, 
forcing the solution to be cleaner and avoiding overfitting. 
The L2 regularization approach is used in this instance. It is 
made up of the squared number of all the neural network’s 
parameters. Figure 14 shows training and selection errors 
in each iteration.

4  Results and discussions

The linear regression for the scaled performance for RTL 
using sigmoid and ReLU functions is shown in Figs. 15(a) 
and (b). The estimated values are plotted against the actual 
values. The line shows the best linear fit.

(5)RMSE =

�
∑n

i=1
(pi − ai)

2

n

(6)MAPE =
∑n

i=1

|||
|

pi − ai

ai

|||
|
100

Similarly, the linear regression for scaled performance for 
wear amount using sigmoid and ReLU functions is shown 
in Figs. 16(a) and (b), respectively. The estimated values are 
revealed against the actual value in the form of circles. Here, 
line shows the best linear fit, using the sigmoid activation 
function.

In both backpropagation ANN and the ReLU network, 
ANN is trained with the data collected from the images of 
the cutting edges and related parameters, and then, the val-
ues are predicted based on the experimental data. After that, 
image processing technique is applied, giving more accurate 
results for the binary image, as discussed in the previous 
section. So, the binary image has the area of wear in white 
pixels with negligible noise. This wear area varies based on 
the input parameters like feed, speed, and depth of cut. So, 
there are four inputs feed, speed, depth of cut, and white 
pixel of image for a neural network. There are uncertainties 
in measuring the flank wear accurately using image process-
ing techniques as compared to wear area. Output of image 
processing techniques which is wear area in terms of num-
ber of pixels is fed as input to neural network along with 
specific cutting parameters (speed, feed, and depth of cut) 
to quantify the flank wear as output of the ANN. The output 
is the amount of wear and remaining useful life of the tool. 
According to the neural network analysis, both outputs are 
weight changes based on the white pixel of image, speed, 
depth of cut, and feed comparatively. As a result, the two 
forms of network sigmoid ANN (BPNN) and ReLU ANN, 

Fig. 13  ANN deep architecture



The International Journal of Advanced Manufacturing Technology 

1 3

which have two different activation functions and two dif-
ferent algorithms, are used. Both are used in the literature 
to predict the targeted values more precisely. The effects of 
using both algorithms are shown in Tables 3 and 4 for the 
same inputs.

It proves that both have almost the same accuracy in this 
data, but ReLU shows more accuracy. In sigmoid func-
tion ANN using nine different conditions in remaining tool 
life, it shows the 90.87% accuracy, and in wear, it offers 
the 93.077% accuracy. On the other hand, the ReLU func-
tion using nine different conditions in the remaining tool 
life shows 95.27% accuracy. It provides 92.79% accuracy in 
wear, which is more than the sigmoid function ANN. Table 3 

shows predicted values and measured output parameters, 
RTL, and wear amount. Similarly, the output parameters 
observed using the ReLU activation function are shown in 
Table 4.

The performance measures, root mean square error 
(RMSE) and mean absolute percentage error (MAPE), are 
derived, as shown in Table 5. RMSE of the sigmoid function 
is 1.437 and 0.013 for RTL and wear amount, respectively. 
Similarly, the RMSE of the ReLU function is 0.871 and 
0.006 for RTL and wear amount, respectively.

The performance of the ReLU function is better than 
the sigmoid activation function for both wear amount and 
RTL. The sigmoid function shows the MAPE of 13.5% and 

Fig. 14  Training and selection 
errors in each iteration

Fig. 15  Linear regression of RTL using (a) sigmoid function and (b) ReLU function
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5.9% for RTL and amount of wear, respectively. The values 
of MAPE using the ReLU function are 6.7% and 3.4% for 
RTL and wear amount, respectively. Both the performance 

parameters indicate superior performance of the ReLU acti-
vation function compared to the sigmoid activation function 
applied in neural networks.

Fig. 16  Linear regression of wear using (a) sigmoid function and (b) ReLU function

Table 3  Predicted and actual 
values of RTL and wear amount 
using the sigmoid function in 
ANN

Cutting 
speed (m/
min)

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

White 
pixel 
count

Measured 
RTL (min)

Predicted 
RTL (min)

Measured 
wear (mm)

Predicted 
wear (mm)

70 0.10 0.3 758 5.00 4.11 0.061 0.067
70 0.15 0.4 1274 17.90 19.21 0.190 0.197
70 0.20 0.5 1832 22.13 24.02 0.280 0.297
100 0.10 0.4 1197 13.88 12.10 0.181 0.172
100 0.15 0.5 778 6.85 5.01 0.075 0.071
100 0.20 0.3 1462 18.88 19.52 0.222 0.211
130 0.10 0.5 1460 18.80 17.18 0.221 0.232
130 0.15 0.3 734 3.59 3.01 0.052 0.055
130 0.20 0.4 1087 8.10 9.71 0.171 0.158

Table 4  Predicted and actual 
values of RTL and wear amount 
using ReLU function in ANN

Cutting 
speed (m/
min)

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

White 
pixel 
count

Measured 
RTL (min)

Predicted 
RTL (min)

Measured 
wear (mm)

Predicted 
wear (mm)

70 0.1 0.3 758 5.00 4.64 0.061 0.058
70 0.15 0.4 1274 17.90 18.72 0.190 0.196
70 0.2 0.5 1832 22.13 20.38 0.280 0.286
100 0.1 0.4 1197 13.88 12.79 0.181 0.189
100 0.15 0.5 778 6.85 6.32 0.075 0.072
100 0.2 0.3 1462 18.88 19.32 0.222 0.214
130 0.1 0.5 1460 18.80 18.11 0.221 0.218
130 0.15 0.3 734 3.59 3.30 0.052 0.051
130 0.2 0.4 1087 8.10 8.96 0.171 0.163
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Cutting parameters and output of image processing, that 
is, the number of white pixels, are served as inputs to the 
neural network prediction algorithm. It helps the proposed 
algorithm be implemented practically in the industries to 
predict the tool life under varying cutting conditions. In 
comparison to the above, the prediction algorithm proposed 
by [18] was tested by keeping the cutting parameters con-
stant. Reference [48] used support vector regression and 
neural network techniques to analyze force data and predict 
tool wear with a minimum value of mean absolute percent-
age error of 12.59%, which is higher than that obtained in 
the proposed model. The RMSE of the proposed model is 
lower than the model proposed by [49] for both sigmoid and 
ReLU activation functions.

The present experimental study has four sources of error. 
The machining environment, the image acquisition system, 
the image processing algorithm, and the prediction model all 
contain these errors. With regard to error caused in machin-
ing environment due to non-controllable variables, to quan-
tify the variability of the results and to improve the estima-
tion’s accuracy, experiments are repeated three times under 
the same cutting conditions.

With regard to repeatability of the image acquisition sys-
tem, to maintain a consistent illumination throughout image 
capturing, ring light is used as the illumination source. In 
the shape of a ring light constructed of LED panels and 
a diffuser placed in front of the LEDs, a diffused bright-
field illumination with front light illumination is created. 
However, the ring light that is significantly larger than the 
cutting tool, whose image is to be captured, is chosen for a 
homogenous light distribution. Shadows and specular reflec-
tions are avoided by using diffused bright-field front lighting 
[50]. All the experiments are conducted under dry machin-
ing conditions. To clear away metal chips from the tool wear 
zone area, the compressed air is used before capturing image 
of the tool. The gap between the lens of the camera and the 
cutting insert is kept fixed throughout image acquisition and 
selected to prevent lens shadows.

The image processing algorithms are susceptible to errors 
due to presence of noise in the image. Although image pre-
processing steps are performed to reduce the noise and level 
of uncertainty in image processing algorithms, there are 
chances of error in quantifying the flank wear. To reduce 
these uncertainties, neural network model is applied to 

estimate the flank wear from the size of wear zone and the 
cutting parameters.

Using computer vision techniques, tool wear area is iden-
tified, and the ANN model was trained to forecast tool life. 
This fully automated system, despite a higher error, is in the 
same limit as actual measurement and satisfies industrial 
needs, particularly given how well it predicts the high tool 
wear and remaining tool life values.

Deep learning algorithms have higher level of accuracy 
as compared to ANN. Despite having higher learning capa-
bilities, deep neural networks need to be trained. The imple-
mentation of deep neural networks requires time-consuming 
training, and it is reliant on the availability of dataset [51]. 
To perform better, deep learning algorithms need a huge 
sample size. Training is quite costly because of complex data 
models. Additionally, deep learning requires costly GPUs. 
The cost of implementation of deep neural networks goes 
up as a result [52]. The most effective models were found 
to be CNN architectures for image processing applications, 
particularly object detection and classification [53]. Deep 
learning models can capture features from an image, but it is 
time-consuming and costly to gather enough datasets using 
experimental trials to train them. As a result, their use in tool 
condition monitoring by using computer vision techniques 
is limited to straightforward classification problems like 
separating wear region like flank wear, nose wear, or crater 
wear. Although transfer learning method [54] was used to 
classify tool failures with 95% accuracy, there were many 
false positive and misclassification. The proposed model in 
this paper has lower accuracy as compared to deep learn-
ing algorithms but reduction in number of sensory inputs 
with limited experimental data set is the goal of the present 
research in order to meet industrial demands.

In most of the work available in tool wear prediction, the 
tool wear is measured by acquiring the images by the micro-
scope and hence offline in nature. However, in the proposed 
approach, the camera is mounted on the machine, and thus, 
it can be implemented as an online tool wear monitoring 
technique. Industrial cameras can be challenging to mount 
in machine settings, like CNC machines, where coolant is 
used to control the amount of heat produced in metal-cutting 
operations, which is the biggest barrier for TCM using com-
puter vision system. Additionally, even during TCM data 
collecting operation, blurring caused by coolant, diffusion 
of light, and abrasive particles results in low-resolution tool 
wear images on the majority of CCD/CMOS cameras. The 
non-uniform pixel intensity distribution, which obscure 
highlighting of the tool wear region, is the main reason 
why these pictures might not demonstrate sufficient data to 
quantify tool wear. However, ANN is incorporated with the 
tool wear monitoring system for a more precise tool wear 
measurement detection. The process of image capturing is 
done by the imaging sensor, which is mounted on the CNC 

Table 5  Performance of activation functions

Activation function Root mean square 
error (RMSE)

Mean absolute per-
centage error (MAPE)

RTL Wear amount RTL Wear amount

Sigmoid function 1.437 0.013 13.5% 5.9%
ReLU function 0.871 0.006 6.7% 3.4%
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machine. Each time the image of the tool wear zone is to 
be captured, tool is to be positioned against the camera at a 
fixed position which is included in CNC programming and 
compressed air is blown on the tool wear zone. The pro-
cess of image capturing is online but intermittent. Hence, 
some amount of time is consumed in image capturing pro-
cess but the tool condition monitoring process is automated 
and practically can be implemented in the industries. Also, 
the presented approach is time-effective and accurate com-
pared to manual measurement of tool wear. As in manual 
measurement, the operation must be stopped to unload the 
tool from the machine and the same is observed under the 
microscope to analyze and measure the amount of tool wear 
which makes the operation intermittent and time-consuming. 
The findings obtained from the proposed approach can be 
practically utilized in real-time machining operations.

5   5. Conclusions

The review of literature presented insights about prediction 
of tool wear in machining using image processing to evalu-
ate existing tool wear and wear prediction considering the 
preceding wear behavior of similar tools. A feasible solution 
to monitor the tool wear using a neural network based on 
computer vision to automate the task of predicting tool life 
in turning operation is developed in this work. It proposes a 
two-step process of identifying wear using computer vision 
methods and predicting the remaining tool life of turning 
operations using neural network techniques. Based on the 
finding, the following important points can be summarized:

1. An experimental investigation is conducted using a CNC 
lathe machine, and the experimental data are obtained 
under dry turning operation using the carbide tool 
inserts. Images of the tool wear zone are captured inter-
mittently by mounting an imaging system on the CNC 
machine.

2. The image processing techniques have been applied to 
identify the tool wear. The image pre-processing task 
is carried out initially to make the image suitable for 
further processing, including noise removal by filter-
ing, image enhancement, and image thresholding. The 
wear region is then identified. The number of pixels in 
the wear area is calculated using image processing tech-
niques.

3. ANN model has been developed to predict remaining 
tool life and wear amount. A comparison of two pre-
diction models developed using two different activa-
tion functions is studied. Two performance parameters, 
RMSE and MAPE, suggested better performance of 
ANN with ReLU activation function with MAPE of 
6.7% and 3.4% for RTL and wear measurement, respec-

tively, compared to the sigmoid activation function with 
MAPE of 13.5% and 5.9% for RTL and wear measure-
ment, respectively. Appropriately choosing activation 
function in the neurons affects the closeness of predicted 
tool wear and tool life values to actual values.

4. The presented approach enables more accurate and 
reliable evaluation of tool wear and tool life predic-
tion using a combination of artificial intelligence and 
machine vision and results in faster and more precise 
performance.

6  Future scope of work

Future research will be focused with experimental investiga-
tions to obtain wear results using high speed cutting combi-
nation as compared with low speeds. The accuracy level of 
this method will also be improved through future research 
efforts. Prediction model accuracy will be improved by 
evaluating alternative artificial intelligence models, such as 
regressor ensembles, and expanding the ANN model training 
examples with new observations acquired in various machin-
ing conditions.
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