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Machining parameters have significant value in manufacturing and machining industries as they result in
quality and dimensional accuracy of the product. The machining parameters are measured using various
machine vision systems. In this review, machine vision and its various procedures have been discussed
that are used to measure machining parameters, i.e., tool condition monitoring (TCM) tool wear and sur-
face characteristics like surface roughness, surface defects, etc. Nowadays, Tool condition monitor is a sig-
nificant machining parameter is developed in manufacturing and machining industries. The development
of various techniques of machine vision explore in tool condition monitoring is of significant interest
because of the improvement of non-tactile applications and computing hardware. The review also dis-
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cusses the enhancement of machine vision systems in tool condition monitoring.
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1. Introduction

Measuring the machining parameters is highly significant to
envisage the productive life of the tools within the machine. It is
helpful in monitoring and studying the tool wear effects over the
quality of the machine’s workpiece and the economy of the
machining and manufacturing process. Vision-based analysis from
a tool measurement perspective has also gained attention in man-
ufacturing because of its ability to measure rapidly for being inte-
grated with the camera, computer hardware, and sensors [1-3].
These days, assessment of geometrical features, dimensional accu-
racy, and surface finish tool condition monitoring (TCM) concur-
rently is the essential machining parameters in the machining
domain. Optical measurement plays a vital role if any deviation
in characteristics of these tools occurs and some parts fail during
the designing and assembling processes. In such a perspective,
machine vision technology has become a new trend in instrumen-
tation due to its simplicity and smartness [4]. Manufacturing based
on machine vision is significant for reducing the production time
and gaining a better product quality. Machine vision processes
are also known as “automated inspection systems” [5-7].
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The intricacy of measuring various parts like keyways, circular
parts, flats having fractional arcs is a vital enhancement in tool
and instrumentation techniques like autonomous measurement
using localised sensors and computer hardware [8].

Previously, several researchers have considered machine vision
based tool evaluation for detecting the tool wear [9-11], TCM
[12,13], discontinuous parameter [8], surface finish [14], broken
inserts [15], crack length [16], automated visual inspection [17],
“contouring error detection” [18], “nose radius wear” [19,20], sur-
face roughness [21], “autonomous wear characterization [5]”, mea-
surement of non-contact roughness [22], “measurement loss in
metrology [23]”, measurement of milling cutter [24], chatter
reduction [25,26] measurement of flank wear [27], machine setup
verification and modelling [28], dimensional measurement [29].

Tool wear mostly fallouts in damage to the part of a workpiece,
loss of accuracy of the final item/product, reduction in surface
integrity, and chatter amplification. The detailed research regard-
ing tool wear and measurement of different machining parameters
indicates that machine vision-based systems and techniques are
helpful in many aspects, particularly for measuring tool wear
[30-32]. Fig. 1 represents the flow chart of calculating the tool
wear using machine vision technology.

When incorporated with machine vision, researchers have
shown that statistical techniques also result in helpful analysis to
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Fig. 1. Process flow chart of calculating tool wear using Finite element method [33].

identify and detect the tool wear [34-39]. Many researchers of the
machine vision domain have built their algorithms regarding tool
zone segmentation and edge detection [34,38].

Some of the recent techniques, such as “white light interferom-
etry” [40,41], and “stereo vision algorithms” [42], are considered to
help measure volumetric wear in flank wear and crater region of
machine. A detailed analysis of different sensor-based technolo-
gies, decision-making plans, and signal processing has been pre-
sented in [43,44] for proficient machining mechanisms.

Several approaches have also been suggested for direct and
indirect or on-line/offline TCM of the machining tools. In [36],
Danes et al. have analysed the tool wears in view of the surface tex-
ture of the machining part throughout the turning process by using
statistical features and “undecimated wavelet transform” of sur-
face anomalies.

Yu et al. has exploited edge detection and morphological ele-
ment analysis to identify and recognise the wear edges in working
situations [37].

In addition to the above, Artificial Neural Network (ANN) has
also been used for real-time and autonomous investigation of cra-
ter wear thru quasi-orthogonal tests on steel by exploiting tung-
sten carbide insert [38].

For measuring, the area of the tool wear in the workpiece, dig-
ital image processing algorithms has also been used via MATLAB.
This imaging technique comprises a CCD camera (high resolution),
Fluorescent HF lights, and a data acquisition module [41]. Fig. 2
represents the flow chart of the steps involved in tool wear mea-
surement via DIP.

Another autonomous tool wear detection system was devel-
oped by Schmitt that was based on Neural networks and contour
Algorithms for the measurement of flank wear [11,46].

Fernandez et al. [47] have proposed an algorithm to investigate
the defect and faults in the cutting edges of milling machines
inserted on-line without putting any trouble to the machining
functions and operations. The proposed 3-stage algorithm com-
prises computation of image degrading, the smooth filter that pre-
serves the edges, and evaluation of damage that occurs to cutting
edges by exploiting geometrical properties.
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Furthermore, several types of research have been conducted to
quantify and measure the volume of the wear region to some
approximation. Some have presented the idea of measuring the
geometrical parameters for the region of flank wear by considering
the wear part/section as the ellipse. In [19], the tool nose has been
calculated by considering the cutting-edge section like a disk
whose radius is almost equal to that of the tool nose.

The researchers have studied several tool parameters that are
appropriately measured using machine vision or image processing
techniques. These parameters are the wear land area and width,
perimeter, major and minor axis length, compactness, eccentricity,
angle and phase orientation, solidity, equivalent diameter, extent,
flank width, and nose radius, etc.

This review article discusses machine vision processes and
techniques, including digital image-based analysis to measure
machining parameters, mainly tool condition monitoring (TCM).

2. Machine vision and its basic procedures

The basic machine vision process involves five procedures, and
details of each of them are discussed as follows [48,49]:

2.1. Image capturing

The first step to initiate the process begins with image captur-
ing via a CCD camera when the light gets emitted from the source.
This image on the illuminated form is then transformed into the
digital image for which image sensors are used.

2.2. Image acquisition

The optical image is transformed or changed to a digital image.
There are further sub-steps under this conversion mechanism like
image sensing, image data depiction, and image digitization.

2.3. Image processing

The step involves the preparation and organization of pixel val-
ues of an image. This process changes the appearance into another
appropriate form to process it further. This process also comprises
five sub-operators: geometric operation, neighborhood, temporal,
global, and point operations.

2.4. Feature extraction

In this process, the inherent characteristics of the item, image,
or object are identified.

2.5. Pattern classification

Pattern classification is the last and final processing step in
machine vision. The unidentified and unknown items and images
are identified from a known set of objects and images.

Fig. 3 depicts the basic procedures and operations involved in
machine vision techniques for measuring machining parameters.

3. TCM measurement with machine vision

The quality of various machining tools is mainly affected by the
depth of cut, the material of the workpiece, cutting speed, feed
rate, and tool material. In addition to these, the machining tool’s
coolant used, geometry, and condition also greatly affected the
quality of the tool and eventually the final product [50,51].

In the same manner, TCM and tool wear also play a significant
role in decision making if the product quality is good or not. The
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Fig. 3. Basic Processes of machine vision techniques [14].

tool wear has been categorized into two types; crater wear and
flank wear. Thus, it signifies the importance of the measurement
of tool wear in machining.

Fig. 4 represents the process for measuring the TCM. The tooltip
images, before and after the machining processes, are taken
through the CCD camera. These images are then sent to a computer
having the frame buffer like the interfacing components from the
camera. The edge detection approach recognizes and classifies
the sharp edges to differentiate the background and object. In
the next step, the tip region of the tool is calculated in both unworn
and worn conditions (machining). Thus, the subtraction procedure

1941

is done with a tooltip (unworn and worn condition) by carefully
handling the image alignment.

In this measurement process, all the tools are scoured from the
chips and coolant particles using air nozzles to get a clear and per-
fect image. Three things are kept in mind while capturing the
images for the Measurement of TCM.

e Tool Position

e Geometry or Angle

e Light intensity so that both object and the background of the
image are identified clearly.
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Fig. 4. Procedure of Measuring Tool wear via Machine vision [14].

The machining area (worn region of the tool) is then classified
through visual inspection aid over the images. In this area, the val-
ues and level of grayscale are usually high compared to the unworn
site. In this way, it becomes easy to infer the machining area (worn
region) from the tool image [52,53].

Chen in [54] has used “blob analysis” to monitor the tool status
from the pixel set of grayscale images. Here, the blob means “set of
pixels.” In this pixel analysis, several features are followed to iden-
tify image features. In [5], the author has taken into consideration
two types of features in his proposed work, which are; area/region
and perimeter of pixel set, and second is compactness.

Region of pixel group is measured using pixel number that is
included in the tool wear area. Similarly, the perimeter can be
defined as the full pixel length within the tool wear area. Whereas
compactness is known as the ratio among the blob area to its
width. Through this blob analysis, machine vision identifies three
statuses, which are:

e High order: It is used for the fresh cutting edge.

e Steady status Area: It is used to smoothen the micro-roughness
that occurs in the tool.

e Enhanced tool status rate: It is used to improve the workpiece
and tool region and when there is the need to decrease the
tool’s micro-roughness.

The techniques of the machine vision system generate an
extraordinary similarity with perimeter, area/region, and compact-
ness in all of the presented three phases. Machine vision processes
represent the excellent agreement between the estimated and
actual wear rate.

In [6], the author has considered the RMS deviation approach
with the exciting region for measuring the tool region. In this
approach, the significant parameters are the grey values of the cap-
tured digital images, the average of all grey values, and the no. of
pixels in the desired area within the focus image.

4. Image processing techniques for measuring TCM

Image acquisition is the initial step of measuring tool wear or
TCM in any machine vision method. Considering TCM here, the
images of the cutting tool, which can be flank surface or the rake
face, or surface of the workpiece are taken with the help of a
CCD (“Charged Coupled Device”) camera or CMOS (Complementary
metal oxide Semiconductor) digital camera. CCD cameras have CCD
sensors embedded in them. CCD sensors are the photosensitive ele-
ment array that gathers the electrical charges which are produced
by absorbed photons. The electrical charges are transformed into
electrical signals that are again transformed to digital images
through a frame grabber. In the last step, the image is sent to the
PC to process it [4]. CMOS is somehow different from than CCD
sensor in terms of rapid capturing rate. CMOS can attain the frames
more rapidly than a CCD camera.
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On the contrary, CMOS sensor sensitivity is less as compared to
CCD sensor. For generating a digital image, the continuous sensed
data is converted into the digital form. To perform above process,
two processes are considered, which are quantization and sam-
pling. Digitization of coordinate and amplitude values is known
as sampling and quantization. Linear Interpolation, cubic convolu-
tion interpolation, and cubic Interpolation are also possibly used
for image modification. In addition to these, various neighbour-
hood processes can also be used to process the image further [55].

From an illumination perspective, image is characterized via
two elements [56]:

o Total illumination source occurrence over the scene
o Complete illumination that object reflects.

Image pre-processing is done to improve the image by his-
togram equalization, contrast stretching, filter-based noise reduc-
tion, Compensation of inhomogeneous illumination, etc. Among
these sub-techniques of pre-processing, histogram equalization
and contrast stretching are the most important and commonly
used processes. To minimize the noise, “low pass (LP) filtering” is
considered a practical approach. It soothes the image using LP fil-
tering in frequency and spatial domains [57].

After the pre-processing step, the edge detection and image seg-
mentation section segment the after-machining region (worn area)
of the cutting tool from that of the unworn area and identifies the
feed line edges of the surface image that is already machined.

After the threshold and edge detection step, morphological pro-
cedures such as closing, erosion opening, and dilation are consid-
ered important to complete the wear processes accurately. In this
procedure, a soundless morphology is attained by removing or
instigating some grey values in the profile [58].

Fig. 5 shows the flow diagram of the measuring procedure of
TCM using the DIP technique.

The process has been divided into two categories to measure
the TCM through image processing; Direct and indirect TCM tech-
niques details of which are as follows:

4.1. Direct measurement of TCM through image processing

There exist two wear systems for the useful life of cutting tools:
crater wear and flank wear. Flank wear happens on the tool’s relief
face and is endorsed to the tool’s rubbing action on the machined
surface. On the other hand, crater wear occurs of the tool’s rake
face and alters the interface of the chip tool, therefore affecting
the cutting process. Tool wear escalates gradually at the time of
machining. It mainly relies on tool material type, cutting condi-
tions, as well as the selected lubricant. There are so many processes
of measuring the tool wear through DIP, and among them, on-line
measurement is under research which is a sub-category of direct
TCM measurement technique. Flank wear is easy to determine by
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Fig. 5. Flow chart for TCM measurement procedure using DIP technique.

taking images of the cutting tool. However, an intricate and com-
plex process is needed to find the crater’s depth [59].

Pioneer work was done by Peng et al. in [60] for direct TCM
measurement by taking flank wear images so tool through two
fiber optic-based guided lights as well as a CCD camera. In this
research, lights were attuned to illuminate the flank wear area of
the tool. Authors, at first, adjusted images as two factors in vertical
and horizontal track to transform the pixel to that of the length
unit in microns.

In [61], the author did the work to take the image of the wear
region of the tool of milling insert without uncoupling the insert
through the tool holder. Here, the tool wear area was improved
and differentiated from the background by fading the background
via an infrared band filter while doing the image acquisition pro-
cess. In addition, diode light was also synchronized using a CCD
camera to take images of the tool wear region perfectly.

In [62], researchers took the tool insert image using ring light
from various incidence angles. After that, a comparison was made
among the captured images, and then the inhomogeneous illumi-
nation issue was minimized for more intricate cutting edges.
Though, the proposed techniques by the author were not investi-
gated for other types of wear conditions.

In [63], the software has been developed to measure the flank
wear via edge detection process from colored images. The process
is a statistical filtering-based technique where neighborhoods pix-
els were taken as a set of which mean and standard deviation (SD)
were calculated for primary colors, i.e., red, blue, green. After this, a
comparison factor (D) was made out of the set parameters of mean
and SD. As a final step, the edge was identified precisely for higher
comparison factor D values and cutting edge among the oxidized

and worn zone. The proposed software of wear measurement can
only be achieved for the width of low flank wear since its resolu-
tion is only 10 mm.

A 3-d technique of measuring tool wear has been proposed by
[64] for the micro-milling tool with a diameter of 50 mm. The tool
captures the images with a variable camera and tool plane having a
resolution of 15 mm. A 3-D image of the captured image is re-
constructed through digital focus measurement. At the end of the
process, it has been proposed that tool wear measurement is pos-
sible if the 3D CAD model and 3-D image of the tool are combined.
However, no in-depth measurement with the proposed technique
has been performed (see Tables 1 and 2).

4.2. In-Direct measurement of TCM through image processing

Indirect TCM through DIP techniques can extract surface finish
descriptors from the captured images of machined surface tex-
tures. Two approaches are considered for TCM from the images
of machined surfaces which are on-line and offline techniques.

In the on-line technique, images are captured from machined
surfaces only using CMOS or CCD cameras. On-line methods are
applied on the heavy and long parts. While in the offline technique,
images of the surface are captured after completing some compo-
nents. In general, lightweight and small parts are measured with
the help of offline techniques.

In [35], authors had presented a method to measure the rough-
ness of the surface of the pre-turned bar (cylindrical) by making
use of laser scatter pattern images that have been developed on
the image of the turned surface, the time when the rotating speed
of the bar was from 140 to 290 RPM. The authors have extracted

1943



Abdul Wahab Hashmi, Harlal Singh Mali, A. Meena et al.

Table 1
Direct TCM measurement Techniques Using DIP.

Materials Today: Proceedings 56 (2022) 1939-1946

Authors Reference Image processing Technique Machining Techniques Tool wear measurement Type
Wei et al. (2021) [65] Thresholding, Median Filtering Turning, Milling Flank wear

Loizuo et al. (2015) [66] Manual Measurement with DIP software Tool inserts Flank wear

Lee et al. (2016) [67] Spatial transformation inserts Nose wear

Prabhu et al. (2015) [68] Shadow removing, edge detection inserts Flank wear

Jywe et al. (2019) [69] Thresholding detection inserts Flank wear

Wang,j et al. (2017) [76] Segmentation, averaging Generalized insert milling Crater and flank wear
Garcia-Ordas et al. (2017) [70] Contour signature inserts High and Low wear

Joseph et al. (2020) [71] Gaussian LPF, B-spline smoothing Multilayer twist drill Flank wear

Zawai et al. (2019) [72] Edge Detection Drilling Drill-bit

Table 2
Direct TCM measurement Techniques Using DIP.

Authors Reference Image processing Illumination System
Technique
Gadelmawla  [78] Polynomial network  Two light sources were
et al. with self-organized  placed at an acute angle
(2008) adaptive learning with a workpiece axis.
Tian et al. [79] SD of grey level Diffused blue light with
(2020) 45 deg inclination
Fekri-Ershad  [80] Histogram analysis The scattered pattern of
et al. of 1st order light
(2019) statistical texture
Baazizetal.  [81,82] Spatial and freq
domain-based
texture examination
Wang et al. [83] Threshold and flank -
(2005) wear analysis
Ong et al. [84] Decomposition of Diffused light
(2019) wavelet packet
Ambadekar [85] GLCM approach Diffused light
et al. with pixel pair
(2018) spacing (PPS)

the 1st order “statistical texture descriptor” based on the grey level
histogram of the captured images. During this process, surface
roughness was not affected by rotation speed and ambient lighting.

In [73], the author has presented the approach to improve the
surface roughness prediction using image texture descriptors such
as arithmetic mean and SD of grey level, along with spatial fre-
quency using ANFIS. From the method, it has been examined that
the whole process shows less error for the high values of surface
roughness. The lesser deviation was achieved among the predicted
and measured roughness of the surface compared to the polyno-
mial network approach. Nevertheless, the proposed method is
applied over the turning processes with only a single combination
of workpiece material and cutting tool. Furthermore, the process
has not been done for progressive wear monitoring.

In [74], authors have assessed and evaluated the grey level his-
togram of the surface image (machined) to characterise the sur-
face’s roughness. A nonlinear ratio has been found for the spread
and means the value of the distribution. As the proposed method
was based on the grey level histogram, the sensitivity of uniformity
and illumination degree existed. Furthermore, no data was
obtained in terms of spatial distribution from the grey level
histogram.

In [75], exploitation of digital image mechanism has been inves-
tigated, which is used to evaluate surface quality. The surface
roughness measurement has relied on the spacing among peaks
and number of the peaks of grey level per unit length of scanned
line with the image of grey level. It was observed that the proposed
1D method could not fully exploit 2d information regarding sur-
face image and was found to e sensitive to lighting, lay angle,
and noise.
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In [76], the author has assessed and evaluated the scatter pat-
tern generated by the white light over the surface of the ground-
based on which vision-based surface roughness factor has been
derived. This roughness factor was computed using the squared
difference of pixel value along with 8-neighbourhood. In research,
correlation of vision-based and stylus-based roughness for copper,
brass, steel has also been presented, and the linear correlation
coefficient is between 0.78 and 0.93. Authors Priya et al. [77]
believe that correlation keeps on changing for different materials
used that mainly depend on several tearing and fracture modes
for grinding of various materials. But there is a need to perform
more analysis using other cutting conditions to investigate the
accuracy of the technique.

5. Conclusion

To measure machining parameters like TCM and tool wear
using machine vision, a high-resolution either CCD sensor or CMOS
sensor-based camera is required along with the back lightening. In
machining parameter measurement, there are three significant
parameters as area, compactness, and perimeter, which are of great
importance in the steady-state and higher-order states and for
increased tool status rate all through the machining process. The
failure with the tool can be minimized or removed using the tech-
niques mentioned above and parameters. Through the machine
vision process, the cutting feed rate can be reduced. Still, the pre-
viously available autonomous machines can also be developed
intelligently, improving the product’s safety, reliability, and
quality.

From the review, it has been observed that both direct and indi-
rect TCM measuring techniques can be used together to improve
measurement performance. With such a combination, direct meth-
ods would be helpful in validating the outputs obtained using indi-
rect TCM measurement approaches, all in a single experimental
set-up. Furthermore, DIP techniques are also beneficial for easy
and fast autonomous detection of tool wear such as tool chipping,
crater wear, and tool fracture that otherwise become difficult to
identify using other conventional models.

5.1. Future work

In future, it is suggested to put more emphasis on and do in-
depth research about monitoring the degradation of the product
and wear quality in terms of surface finish and dimensional
integrity.
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