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[bookmark: _Toc112745944]Abstract

In manufacturing, monitoring machine health is an important step when implementing Industry 4.0 and ensures effective machining operations and minimal downtime. Monitoring the health of cutting tools during a machining process helps contain the faults associated with gradual tool wear, because they can be tracked and responded to as wear worsens. Left unchecked, tool failures can lead to more severe problems, such as dimensional and surface issues with machined workpieces and lower overall productivity during the machining process.

This research explores the use of a machine vision setup used internally by the McMaster Manufacturing Research Institute (MMRI) in their three lathe machines. This machine vision setup provides a direct indication of the tool's maximum flank wear (VBmax), which, according to ISO 3685:1993(E), is set to be 300 µm. 

Also investigated was the use of image processing and analysis methods to determine the flank wear without removing the tool from the machine. This new, in-machine vision setup is intended to replace the use of an external optical microscope, which requires extended downtime between cutting passes. As a result of this replacement, the experimentation downtime was decreased by around 98.6%, leading to the experiment time to decrease from 5 weeks or more to just a couple of days. In addition, the difference in measurement between a commonly used optical microscope and in-machine vision setup was found to be  ±3µm.
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[bookmark: _Toc112745947]Research Background and Motivation

The ability to monitor the progression of cutting tool wear is a critical step for realizing the objectives of Industry 4.0. It gives companies insight into how their production line is performing by using periodic measurements of the actual tool state. Maintaining a sharp cutting tool ensures that the cutting process progresses appropriately and provides accuracy and a good surface finish on the workpiece. The International Organization for Standardization (ISO) provides a generally accepted guideline for tool life, which advises that tools be replaced when the flank wear reaches a wear level of 300 µm (according to ISO 3685:1993 (E)).

Industries are increasingly leveraging machine vision technology to understand the condition of their working tools and thus have a better understanding of their process. Vision represents an important element of any tool condition monitoring system because with it software and hardware interact together to quantify the amount of tool wear from an image captured by a camera which is then augmented using data from other sensors mounted on the machine. Sensing the vibrations, temperature, motor current, or cutting force can be indispensable in assessing the degradation of cutting tools between measurements made by the vision system. Indeed, cutting tool dulling is always accompanied by a degradation of the surface finishing, an increase in the noise and vibration of the entire machine, an elevation of temperature, and oftentimes, a rise in the cutting force. Given the complexity of the machining process, the relationship between performance measures and a tool’s wear state can be unclear, so experiments are necessary to establish and validate causality.

[bookmark: _Toc112745948]Research Objective
The three main objectives of this research are to:
Explore and develop a machine vision strategy for the measurement of tool wear using an in-machine camera.
Analyze images to identify and quantify the tool wear (2D geometrical features).
Explore combining machine vision data with other sensor data (force, vibration, current) to provide estimates of the tool wear state between vision samples.

[bookmark: _Toc112745949]Thesis Outline
This thesis is arranged into six (6) chapters. A summary of each chapter is provided below:

CHAPTER 1: Introduction – This chapter lays out the major ideas behind tool wear monitoring and describes the research motivation and objectives.

CHAPTER 2: Literature Review – This chapter provides a detailed overview of condition-based monitoring, artificial intelligence, machine vision, and image processing techniques. The different methods of analyzing images and predicting tool wear found in contemporary scientific literature are extensively reviewed.

CHAPTER 3: Experimental Test and Results – This chapter presents detailed information on the experimental setup of the machine vision system, including the experimental methodology, the type of camera, optics, and lighting used, and the machining parameters. This chapter also provides preliminary results.

CHAPTER 4: Machine Vision System – This chapter details the experimental procedure and the data acquisition system. The first section introduces the main elements of the tool condition monitoring system, including the design of the experiments used to assess performance. The second section highlights the impact of online monitoring on cutting tool conditions and explains the effect of these conditions on the sensor data collected.

CHAPTER 5: Image Processing and Analysis – This chapter discusses signal processing techniques and feature extraction. In the first section, signal processing was applied to evaluate the acquired signal. The following section explains the data analytics procedure for feature extraction and dimensionality reduction techniques.

CHAPTER 6: Conclusion and Future Direction – Conclusions are drawn from the current research and directions for future research are suggested.












[bookmark: _Toc112745950]Chapter 2 - LITERATURE REVIEW
Tool wear is a complex phenomenon that affects the surface roughness and dimensional accuracy of the parts produced by machine tools. It is also directly linked to the amount of energy required to remove material.

The chemical, thermal, and mechanical interactions between a tool and its workpiece materials can generate tool wear. The two main types of cutting tool wear are crater and flank wear. The degree of flank wear is often linked to the wear state of a tool and its end of life [1].

[bookmark: _Toc112745951]Machining Tool and Tool Wear Measurement
2.1.1 Tool Wear Monitoring
During the metal cutting process, the excessive wear to which tools are subjected can affect the performance and efficiency of the machining. Therefore, researchers in the past have collected various signals to monitor real-time tool wear.

Due to the diverse quantity of tool wear data collected, it has become increasingly important to use machine learning methods to relate sensor signals automatically to the state of tool wear [2]. Ilesanmi et al. used a dimension reduction method to identify the most common features of tool wear. They transformed Fisher's linear discriminant into a wavelet packet model for use in tool wear monitoring [2].

Kong et al. used the wavelet transform kernel principle to fuse 48 features and develop a predictive tool wear model [3]. Yu et al. selected four statistical parameters for vibration and machine sound signals and developed a weighted Markov model for machine wear monitoring [4].

Due to the complexity of the datasets and the constraints of the network structure, many researchers have relied on manual feature selection to improve the accuracy of their tools. However, this process leads to the loss of valuable features and an increase in the computational costs associated with the operation.

Deep learning has been used extensively in machine learning to solve many computational problems. For instance, Aghazadeh et al. proposed a deep learning-based system for tool wear prediction which improved the accuracy of tool state projection by 30% [5].

Deep Convolutional Neural Networks (DCNN) was used by Fu et al. where vibration signals were fed from a machining process into a neural network model. They improved the drilling process's performance by detecting drilling defects [6].

Li et al. proposed a method that combines the raw signal data with the DCNN to improve the remaining useful life (RUL) prediction of the engine dataset [7]. Similarly, Babu et al. proposed a method that combines the data and DCNN to provide a more accurate and efficient RUL model [8]. Their paper presents a method that combines visual representations of vibration signals with time-frequency maps to improve tool wear prediction. 
[image: Identifying tool wear]








[bookmark: _Toc114603851]Figure 1: Machining operation [9]

In a general industrial environment, tool wear is usually measured and identified in accordance with the recommendation found in ISO-3685:1993, provided by the International Organization for Standardization. This particular standard details the recommended procedures for tool-life testing with high-speed steel, cemented carbide, and ceramic single-point turning tools used for turning steel and cast-iron workpieces.

As depicted in Figure 2, three different regions are considered when taking wear measurements: the flank face, rake face, and corner radius. The most common type of tool wear observed in this study is referred to as “Flank wear,” which occurs on the flank or the relief face on the tool [10].

This condition is caused by abrasion over time and is accelerated by the presence of hard particles in the workpiece or oxidation on the workpiece material’s surface []. It can also be accelerated by passing through material that had hardened on a previous pass. At some point the gradual progression of wear accelerates rapidly and results in catastrophic tool failure [10].

Many factors go into making a successful part, and it is not always easy to predict how they come together to produce an acceptable part. The smallest detail in this equation is the tool. Generally, a small region of the tool removes the material along the programmed toolpath. Although it is part of the process, it is essential that tool wear progresses slowly and consistently over time to facilitate making the necessary adjustments to maintain performance. This can lead to productivity falling and can cause damage to the parts of the machine. The insert should wear evenly on the flank and not exceed 300 μm.

2.1.2 Types of Tool Wear
The various factors that affect the wear rate include speed, feed rate, and depth of cut which directly impact the load and heat generated in the cutting zone. Other factors, such as the approach angle, chip engagement, and level of vibration, can also affect the wear rate.

Choosing the right tool for an operation is essential. Often, many cutting tests are required to identify the best performing tool for an application. Different types of tool wear occur for different reasons and at different locations on the tool, as shown in Figure 2.
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During metal cutting processes, a range of different tool wear types can occur as follows: 

Flank Wear 

Flank wear can occur on the flank face of the insert due to the deterioration of the edge during the cutting process, which can be seen by looking at the side of the insert under an optical microscope. As the flank wear accrues, the tool and workpiece rub together more, degrading the surface finish of the workpiece. This issue also affects the appearance of the overall product being machined [12].

Temperature increases during the cutting process worsen this type of wear, which generally progresses evenly over time. Since it occurs naturally due to surfaces rubbing, it is not possible to eliminate it [13]. However, wear on the flank can be reduced by enhancing the hardness of the surfaces or by improving the lubricity between the surfaces. 

Crater Wear

Crater wear, which occurs when a chemical reaction between the workpiece material and insert erodes the rake face surface of the insert, can be caused by the intense heat generated by friction between the chip and the face of the tool as the workpiece slides over it [14].

This type of wear particularly afflicts ductile materials. If unchecked, it can continue to form until the crater weakens the cutting edge, allowing it to break away. Although it is not always possible to eliminate crater wear, careful tool design and parameter selection can restrict its growth [12].

Built-Up Edge (BUE)

Built-up edge (BUE) is a condition that occurs when the material being cut adheres to the surface of the insert. This is typical when machining sticky materials like stainless steel and aluminum. After it starts forming, it can grow to a point where it is unstable and breaks away, taking a piece of the tool with it. The variation in the tool’s cutting edge can inhibit the cutting motion, resulting in an inconsistent surface finish [14]. One of the most common ways to prevent BUE is by expanding the surface area of the cut, which sends more of the heat into the part and reduces adhesion. Increasing the cooling liquids that carry away the heat generated during cutting also creates less build-up, thereby improving the cut [14].



Chipping

When an insert is severely shocked, it can cause cracks to form which grow over time and manifest themselves as chips in the cutting edge. This type of failure usually occurs during cutting or when there are long overhangs on the surface, as shown in Figure 3. Prevention is necessary to minimize the impact of this type of failure [12]. Choosing a tougher grade material and a stronger cutting edge geometry will reduce the likelihood of chipping the insert. In addition to accelerating the cutting speed, other factors, such as slowing the feed rate and improving the stability of the process, can also help minimize the risk of the tool getting damaged.

















[bookmark: _Ref112653930][bookmark: _Toc114603853]Figure 3: Types of tool wear [12]
a) Built-up edge, b) flank wear, c) chipping, crater, and notch wear, d) BUL



Notch Wear

Notch wear can occur when the tool rubs against a shoulder of the workpiece that had formed during a previous pass. This is usually the case when working with nickel-based workpieces and stainless steels because the surface hardness of a previous pass on these materials can generate up to 30 Rockwell C hardness. To minimize notching, use edge preparation and cut at different depths to distribute the effect of the high hardness material [12].

Thermal Cracking

Thermal cracking is a type of crack that occurs on the cutting edge due to rapid temperature changes at the locus of cutting where cutting fluid is applied when the tool is not in use [12]. It usually happens during interruptions in cutting when the fluid is applied. This can cause poor surface finish issues and lead to part geometry and size issues.

Using a tougher, more wear-resistant grade of tool material and redirecting the cutting fluid to avoid shocking the surface can prevent thermal cracking. However, this strategy might not be enough, and one may need to use an air blast or mist coolant instead of a liquid to reduce thermal shock while still delivering lubrication to the cutting zone.

Hundreds of combinations of grade, coating, and geometry can be used to tackle different types of machining operations. Working with the right cutting tools and cutting conditions, indicated in Figure 4, tool wear can be significantly reduced, thereby extending the tool life. Choosing the right tool insert for the job is the first step in ensuring that the process works correctly. The next step is to select the appropriate cutting conditions based on the material being cut and the type of tool used. This will help determine the appropriate parameters, namely cutting speed, feed rate, and depth of cut.
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[bookmark: _Ref112654008][bookmark: _Toc114603854]Figure 4: Factors influencing tool wear [13]


According to Dan Cormier, an application specialist at Dormer Pramet, the advantages of having a coating on a tool insert are its ability to withstand higher temperatures, allowing for high cutting speeds which lead to higher productivity, and the ability to machine hard materials by thermally softening them [14]. In addition, polishing the surface of a coated tool after the coating has been deposited can prevent materials from sticking, inhibit chip build-up, and improve the overall chip formation process.

The geometry of the insert also plays a huge role in determining the optimal chip formation. For instance, machining a hard material requires a strong cutting edge, so a tool with a negative rake geometry should be used. If the workpiece is soft, then a positive geometry can be used to improve chip flow. The use of chip breakers on the rake face can also ameliorate chip formation by breaking the chips up to make them easier to handle. One of the most important factors that should be considered when choosing a tool insert is the shape of the chip formed during cutting. Chip formation impacts the degree to which automation can manage swarf. For instance, long stringy chips can potentially lead to bird-nesting issues which require manual labour to manage [15].

The type of operation also affects the design of the cutting edge. The sharpness of the cutting edge is established using edge preparation techniques like brushing, honing, or tumbling an insert. According to Cormier, it is important to consider the type of cutting that is being performed to choose the right edge preparation. For instance, when conducting light finishing operations, a heavy hone will not work well as the effective cutting edge becomes negative. On the other hand, when dealing with heavy roughing applications, a lighter hone will provide a sharp edge, which has limited strength and can break or chip [13].

[bookmark: _Toc112745952]Condition-Based Monitoring

2.2.1 Condition-Based Monitoring in Maintenance Industry

Condition-based monitoring systems are used in maintenance to identify degradation and take appropriate action before wear adversely affects quality. This type of monitoring can be combined with other strategies to improve the efficiency of a facility, benefitting any maintenance strategy by helping to prevent equipment failures and unscheduled downtime. It can also assist with identifying areas of concern before they happen, allowing the maintenance team time to prepare [16].

Before using condition-based monitoring, non-invasive methods such as visual inspections, scheduled tests, and non-invasive measurements must be done. However, these types of monitoring focus on the indicators and potential failure modes of the machine at a single moment instead of throughout the machine’s life.
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[bookmark: _Toc114603855]Figure 5: Sensors used in condition-based monitoring

As displayed in Figure 5, modern condition-based monitoring uses several types of sensors to observe an asset's condition continuously. It has been shown to help minimize downtime and improve asset utilization [16]. Multi-sensor approaches have been combined with machine learning to provide more accurate condition monitoring solutions [17].









[bookmark: _Ref112677757][bookmark: _Toc114603856]Figure 6: Condition-based monitoring parameters [18]


Vibration analysis, acoustic emission analysis, oil temperature measurement, and thermal analysis are some of the most common methods used in modern condition-based monitoring for identifying issues related to asset integrity [17]. Their advantage is their ability to accurately sense an abnormal running parameter and predict the date of catastrophic failure (Figure 6). However, their main disadvantages are their relatively high equipment costs and the need for well-trained technicians to interpret the data. 

Vibration Analysis
When it comes to maintenance, the way assets respond to vibrations, shown in Figure 7, can indicate when and where repairs need to be carried out. A vibration analysis can be performed to identify potential issues related to wear and damage on the components. It can also detect and evaluate structural and rotational issues [19].

Acoustic Analysis
Generally, vibration analysis looks at the lower frequency levels associated with large scale physical movement while acoustic analysis considers higher frequencies. High frequencies do not produce appreciable movement, but they can be indicative of surface and material breakdown. To monitor the low end of the high frequency range (10k-50kHz), microphones are used, and at the high end (50kHz -1MHz), acoustic emission sensors are used. A typical application involves listening to sense if the equipment is properly lubricated or not [21].

Compared to low-frequency analysis, which mainly focuses on hearing noises in the human hearing range, ultrasonic analysis is more versatile [21]. It can be used to identify potential problems, such as leaks and defective or worn parts, and to detect and evaluate other industrial components with unique failure modes.

Temperature Measurements
Thermography is a type of imaging that uses infrared cameras to capture the thermal profile data of an asset. This method can be used to identify potential problems in bearings and flexible coupling [19]. Usually, excess heat generation indicates that something more serious, such as defective or worn parts, is present in a system.

Electrical Monitoring
Electrical monitoring is performed by testing various electrical parameters, such as induction, frequency response, current amplitude, and circuit resistance. This method can be used to identify potential problems, such as leaks and defective or worn parts, that cause motors to draw more current. It is typically deployed with minimal interference and used to prevent failure by monitoring the electrical system’s degradation trends [22].

Electromagnetic Measurement
Unlike electrical monitoring, which mainly focuses on the characteristics of a circuit, electromagnetic analysis focuses on distortions in the electrical field caused by a current or a magnetic field. This method can be used to identify areas where defects are causing problems in a surface [22].

[bookmark: _Ref112677858][bookmark: _Toc114603857]Figure 7: Data collection for Condition Based Monitoring


2.2.2 Condition-Based Monitoring in Cutting Tool Machining
 
Real-time monitoring of assets is becoming more prevalent in the machining industry. This is mainly due to the increasing need to reduce costs and scrap in the machining process. A cutting tool is a critical component of any machining system. It can experience two different types of faults: hard and soft faults. A proper tool management system is a significant component of modern manufacturing, which, when used correctly, can help minimize the risk of tool failure and provide a better and more productive working environment [24]. One of the objectives of a tool condition monitoring system is to accurately evaluate the tool condition and prevent its catastrophic failure [24].

The condition of a cutting tool can also be used to predict the surface roughness of the final product. This process is performed by estimating the wear rate of the tool before it is used [25]. Knowing the cutting tool’s capabilities allows manufacturers to make informed decisions about the equipment's operation. 

While condition monitoring is widely used to collect data on industrial assets, analyzing and predicting the wear of these tools is complex because of the intricate relationship between wear and sensor output [26]. For more reliable and accurate results, machine learning models are being favoured due to their ability to model complex systems [26].

Recent studies applying condition monitoring systems to tool wear displayed newer components using machine vision cameras. For example, Sun et al. included a small machine vision camera with a lens to visually track the tool wear inside the machine [27]. Mohanraj et al. used a color CCD camera to directly monitor and measure tool wear [28]. Lee et al. used in-service machine tools such as an accelerometer, microphone, dynamometer, and thermometer to extract signals from them and correlate them to camera readings [29].

Motor current and power measurement 

Motor current has previously been used to determine how much force and input power is needed for cutting. The flow of current in a motor increases as more torque is required to rotate the tool or workpiece, which varies with the condition of a cutting tool. Due to its affordable implementation and its non-disruptive operation, researchers have been more interested in this type of measurement than in an in-process sensor.

In one of their studies, Salgado et al. were able to estimate the amount of cutting forces that a tool requires and how much power the machine can provide. They also detected the electricity consumed during a drilling process and related it to the state of the tool [30].

Using this technique, Ghosh et al. were able to determine the power required during the actual drilling process. They were also able to correlate the power consumption with the flank wear of the drill. Likewise, they used different parameters, such as the spindle motor current, to estimate the tool wear [31].

According to Li et al., measuring current is very simple and inexpensive. However, it is not always possible to detect a change in the current caused by the cutting process [32], so this method is only applicable when the current variation caused by wear can be detected amongst the background noise. This can be an issue for machines that have oversized spindles on their feed drive motors.


Surface Roughness

Surface roughness is a type of irregularity found on the surface of a machined component that is caused by the processes involved in producing such parts. It is commonly used as an index of the quality of a finished product. Abouelatta et al. were able to predict the condition of a cutting tool based on the surface produced [33]. The researchers used a combination of tools to perform the study, namely the Surtronic 3+ instrument and the FFT analyzer. They were able to predict the surface condition of a cutting tool and achieve accurate results by using a combination of cutting parameters and tool vibrations.

In another study, Rao et al. were able to monitor the condition of a cutting tool by analyzing the surface of the tool [34]. They found that the feed rate is a very sensitive parameter, which affects the surface condition. Similarly, Ozel et al. were able to measure the flank wear and surface roughness of a different type of cutting tool during a variety of hard turning operations [35]. Through their studies, the researchers created a regression model that could analyze the various process parameters involved in the production of the cutting tool. They found that the feed rate acceleration and cutting speed led to a significant increase in tool wear development, but the workpiece maintained its tool surface quality despite this. The hardening of the part during the production process resulted in a better surface finish, but it also increased the tool wear. 

Paurobally et al. noted that regenerative vibration and chatter can lead to a poor surface finish, which can reduce the life of the tool. According to the literature, surface roughness is a good indicator of the condition of the cutting tool [36].

Measurement of cutting force 

The gradual worsening of tool wear during the production process can lead to a significant increase in the cutting force. This is considered a good indicator of the condition of the cutting tool. Dilma and Lester used cutting force data to study the relationship between wear and the surface condition of the tool [14]. To monitor the condition of the cutting tool, they developed an online monitoring system that can measure the various parameters of the cutting force. The researchers were able to use a force sensor known as a tool-post dynamometer to measure the multiple components of cutting force [14].

Ghasempoor et al. were able to create an online monitoring system that can analyze the various parameters of the cutting tool. They were able to correlate wear conditions of the feed and the cutting force components with the changes in the cutting conditions. [37] However, their predictions about the crater wear conditions were not as accurate as for other wear mechanisms.

To study the relationship between wear and the surface condition of the cutting tool, Muhammad et al. were able to use a two-dimensional method known as I-kaz 2-D to visualize the changes in the signals sent by the cutting force [38]. The results of their study revealed that feed force is a very good predictor of flank wear.

In 2015, Sikdar and Chen conducted a study in which the signals sent by the cutting force accurately reflect the conditions of the flank wear. They were able to correlate the changes in the cutting force's surface condition with the increasing number of flank wear areas [39].


[bookmark: _Toc112745953]Machine Vision System

Machine vision refers to the use of hardware and software to provide operational guidance for devices in the field of industrial applications. Due to their advantages, they are predominant in the military and government. Although machine vision is commonly used in academic applications, it has different constraints in industrial applications. Industrial vision systems are more robust, reliable, and cost-effective than educational or academic systems [27].

Industrial digital vision sensors are used to acquire images, and they are protected with specialized optical lenses and capable of processing and analyzing various data characteristics. Aside from imaging, machine vision is used in other diverse applications, including component identification, medical applications, and tool inspection [29]. Machine vision systems for industrial use, such as the one shown in Figure 8, typically include the following components: a machine vision camera, optical lenses, sensors, lighting, a frame grabber, a computer with software to analyze images, and algorithms that can find patterns within the images [41].








[bookmark: _Ref112677976][bookmark: _Toc114603858]Figure 8: Machine vision system framework [40]

Machine vision technology has become a widely implemented method to inspect and monitor tool wear. Yang and Liu implemented a complete machine vision setup with a CCD camera, LED ring light source, and a microscope to monitor tool wear levels at high-speeds and extract features from images [42]. Avinash and Aniruddha also implemented a machine vision setup, but it was installed outside the machine, resulting in considerable downtime during the experiment [43]. To mitigate the downtime associated with tool wear, this study aims to capture full images with the machine vision setup installed inside the machine.    

Due to the increasing number of CNC machine tools being used, the need for accurate tool wear measurement has become more prevalent. Unfortunately, operators do not have the necessary skills to properly gauge the wear of these machines [44]. This issue can be solved using a comprehensive tool condition monitoring system. In addition to being able to measure the wear of the various components, such as the tool, the control systems used in unsupervised machining centers must be designed to ensure that the machines operate efficiently [45].

Various methods have been proposed by researchers to predict the wear pattern of a cutting tool. With the advent of a wide range of robust sensors, tool wear analysis can now incorporate more precise monitoring. One of the most common types of sensors used for this process monitors cutting force. This method has been successfully used by researchers to predict the wear of a tool by measuring the vibrations generated by the force. Another method that can be used to analyze the wear of a tool is sensing acoustic emissions, which are produced when a material is subjected to fracture or deformation [46]. The level of acoustic emissions in a process changes with the state of tool wear.

Sousa et al. discovered that coated tools perform better in regard to tool wear than uncoated ones [47]. Using artificial intelligence, Rangwala et al. were able to overcome some of the limitations of previous methods [48]. Using laser light, Jeon et al. studied the wear parameters of flank surfaces. According to them, their measurements were not accurate since laser light technology is still a new method in development for studying wear. Nevertheless, they were able to provide a good idea of the overall wear behaviour of the tool [49].

In a study conducted on crater wear, Lee et al. implemented a vision system. Unfortunately, this type of study requires the use of interactive segmentation which is only available in laboratory settings. Also, the repeatability and accuracy of their measurements were not reported [50]. The study highlighted the need to develop effective inspection techniques that are fast and accurate. Although many researchers have already studied the wear behaviour of different tools, such as the face milling cutter, no one has proposed a method that uses a vision system for online evaluation due to the harshness of the machining environment and the fact that the chip covers the tool edge during machining.

[bookmark: _TOC_250039][bookmark: _Toc112745954] Image Processing and Data Analysis

To ensure quality control, cutting tool wear should be monitored during machining operations. The proposed method uses an optical sensor to detect the level of tool wear. Images with standard sizes and pixel densities were produced to evaluate wear [51]. A method for designing and optimizing artificial neural networks to recognize cutting tool images was proposed. Using an algorithm that learns about the features of an acquired image, researchers developed different methods to help identify worn and unworn tools by detecting wear contours like the red outlined contour in Figure 9.







[bookmark: _Ref112678038][bookmark: _Toc114603859]Figure 9:Tool wear outline captured [52]
Otsu's method transforms a gray-scale image into a black and white (b/w) one. The result is then defined as a b/w image, such as in Figure 10. This method generates a b/w image that depicts the limits of the tool wear region on the tool [51]. The first step in the process is to align the objects in the image to the lines and columns within the computational representation. A Hough transform was computed to find the angle of rotation that the tool should have in order to get the best results.






[bookmark: _Ref112678073][bookmark: _Toc114603860]Figure 10: Tool wear feature extraction from contour [52]

The next step in the preprocessing was to open the image and enhance the objects in it. Then features were extracted from the images using various morphological parameters. One of these was Euler's number (EN). The image's EN was computed for the whole set of images. The drop in the 14th image corresponds to the first image, which shows visible signs of wear [53].

The latest studies and journals implement a new method to process and analyze images, using the second-order statistical texture analysis method. Duan et al. used canny edge detection to detect the outline and thus could measure significant wear in microdrills and extract wear features from them [54].

 Peng et al. analyzed the captured images using the gray level co-occurrence matrix method, which captures changes in the surface texture of a workpiece [55]. A method that can be used to detect the wear area of a micro-tool was proposed by Zhu et al.. It involves analyzing the component structure of the tool. This method can reduce the noise and image background generated in the monitoring system [56].





[bookmark: _Toc112745955]Summary of Literature Review

Research Gaps from a Measurements Perspective

The journals reviewed during literature review revealed research gaps in the direct measurement of tool wear using a camera setup. The following are the major gaps identified:

Improvements in the 2D profile measurements of tool wear are needed to better capture the geometrical features of the wear, its color, and other aspects of the images in 2D.

Little work is reported about capturing 3D profile data of tool wear except for one study that involves measuring spatial cutting-tool wear in-line using a laser profile sensor. This technique allows 3D wear profiles to be determined, which is an advantage over the currently used 2D subjective techniques (microscopes, etc.).

Other sensors: Additional sensors are used consistently alongside microscope images to characterize wear, but few researchers have organized them into a cohesive package for monitoring tool wear during machining.


Research Gaps from an Analysis Perspective

The journal articles reviewed to date analyzed tool wear using various methods, such as Linear regression and other mathematical approaches. 

The plan for this research is to incorporate MATLAB's Vision and Image toolbox to extract features from images and analyze them in an effort to automate the tool wear measurement process, and then to extract features from images for analysis.

Since there is no continuous signal processing focused on getting images, diagnostics on the condition of tools must be conducted in intervals when the CNC machine is not performing any cutting action.
 

Research Gaps from a Modeling Perspective

The results of tool wear from data were graphically and numerically compared to wear manually measured by operators, and a manual classification of the wear types was presented.

The tool wear prediction model was prepared based on the magnitude of collected signals. Another method for measuring tool wear is the direct measurement over the tool wear zone. 

No one has yet built a script that would be able to detect wear types and wear measurements from a machine vision perspective. Once tool wear can be detected and measured consistently, then the process can be automated. Doing so would allow for enhanced measurement accuracy using machine learning techniques and data mining to predict tool wear and life.


[bookmark: _Toc112745956]Chapter 3 – Experimental Test and Results

[bookmark: _Toc112745957]3.1     Introduction

This section outlines the first task related to lighting: investigating the lighting setup that provides the best lighting conditions and minimizes any disturbing reflections while capturing the edges of the tool wear. Different images were captured under several different lighting conditions. Then, the images were processed using different filters to investigate which lighting setup and filtering method would provide the best environment for tool wear feature extraction.

Before taking the images, manual measurement of different tool wear features, such as VBB, VBB Max, VBN, and VBC, was required to ensure that these features would later be routinely extractable from the image. These features are found in different locations in the tool wear zone, as shown in Figure 11.

There are three distinct zones (C, B, and N) of tool wear:
Zone C is the curved part of the cutting edge at the tool corner;
Zone N is the quarter of the worn cutting edge length, farthest from the tool corner;
Zone B is the remaining straight part of the cutting edge between zones C and N.
Within each zone, one can extract the flank wear features (average and max wear values) [31].


[bookmark: _Ref112655589][bookmark: _Toc114603861]Figure 11: Flank wear characteristics according to the ANSI/ASME B94.55M-1985 standard.

[bookmark: _Toc112745958]3.2     Test Setup 
By using advanced “Fiji” software, all four features were measured on four materials: AlTiN coated tools, CVD coated tools, TiN coated tools, and uncoated tools. This range of materials offers different tool wear patterns and light reflecting properties. For example, during the experiments, the uncoated tools appeared to wear out faster and generate rougher surfaces. The measurement results for the materials are displayed in Figure 12.


[bookmark: _Ref112655792][bookmark: _Ref94624682]
[bookmark: _Toc114603862]Figure 12: Measured tool wear features (VBB, VBBmax, VBN, and VBC) for four different materials (AlTiN, CVD, TiN, and uncoated)
The microscope was set up on the tailstock of a Nakamura CNC machine. The cutting program positioned the tool right in front of the camera once a cutting pass was done. It was set at an angle where the scale and the worn tool were on the same plane so that the tool wear measurement was accurate. This angle was verified by taking multiple images from the in-machine microscope and comparing the measurements to those from a Keyence optical microscope. 

The microscope mounting system shown in Figure 13 allows for rotation around the X and Z axes of the machine, providing the flexibility to arrange it in different positions. The microscope was used for an industrial project, and the images collected, such as the one shown in Figure 14, were within ±3µm of the measurement from the optical microscope. 










[bookmark: _Ref112678110][bookmark: _Toc114603863]Figure 13: 250x microscope setup inside the machine






[bookmark: _Ref112678135][bookmark: _Toc114603864]Figure 14: Tool wear image with measurement reference

The testing conditions were engaged for an average pass length of 30mm. After finishing each pass, 2-3 minutes were left to allow images to be captured with the in-machine microscope and the Keyence optical microscope. Images were collected on both microscopes to ensure the wear values were similar.

The experiment showed that different wear patterns were obtained using the available materials and coatings. Figure 15-b shows the difference in wear patterns. For example, the uncoated tool exhibited a uniform tool pattern throughout zones C, B, and N, while wear on the AlTiN tool accumulated primarily in the B zone. The following is the average number of passes each tool performed before reaching a tool wear level of 300 µm:
 


[bookmark: _Toc112679465] Table 1: Average number of passes before tool failure
	Materials
	Number of Passes

	AlTiN
	23

	CVD
	42

	TiN
	33

	Uncoated
	2
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[bookmark: _Ref94626400][bookmark: _Ref94626103][bookmark: _Toc114603865]Figure 15:  Different tools under an optical microscope.
( a ) No wear; ( b ) tool wear of 300µm

 To achieve high-quality images that facilitate contour detection and come close to the image quality of the Keyence optical microscope, the lighting on the tool had to be addressed. Different lighting setups were tested, as shown in Figure 16, and then the images captured were processed for contour detection, as shown in Figure 20, to identify which lighting setup offered the best greyscale and contour detection.
[bookmark: _Ref112656312]
[bookmark: _Toc114603866]Figure 16: Lighting setups tested for optimal lighting type and angle




[bookmark: _Toc112745959]3.3     Image Processing
 As seen in Figure 17, the proposed image analysis setup consists of image pre-processing and image processing phases. In the pre-processing step, the images are automatically captured with Image-J software when the cut is done. Then, the image is automatically loaded into MATLAB to perform the tool wear measurements. The image acquisition system consists of a high-resolution CCD camera, fluorescent high-frequency linear lights, and a data acquisition module. 


 
 

[bookmark: _Ref94626871]
[bookmark: _Ref112656835]






[bookmark: _Toc114603867]Figure 17: Preliminary image analysis flow chart

Afterward, either median or gaussian filtering is applied to smooth out the image and remove any salt and pepper noise in order to improve the quality. Next, the Otsu method is used to split an image into two parts. The first part has a bimodal intensity histogram, and the second has a defined value between it and the two peaks. The goal is to classify each image pixel into class 1 or class 2 (black or white), otherwise known as a grey scale. This helps to outline the tool wear in the images, as shown in Figure 18. 
[bookmark: _Toc93843441][bookmark: _Toc112007652][bookmark: _Toc112653522]
	
( a )
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	(c)


[bookmark: _Ref112657033][bookmark: _Toc114603868]Figure 18: Otsu thresholding. (a) Original image, (b) histogram, (c) grey scale image

[bookmark: _Toc112745960]3.4     Image Analysis
After performing a combination of median filtering and Otsu thresholding under different conditions to find the optimal filtering method, as shown in Figure 19, the image can then be analyzed. It was found that combining median filtering with Otsu thresholding at a +50% contrast provided the best black and white separation between the significant wear area and the rest of the tool.





















[bookmark: _Ref94684500][bookmark: _Ref112656365]



[bookmark: _Toc114603869]Figure 19: Image processing to greyscale
As portrayed in Figure 20, two different techniques of canny edge detection were then implemented. The first canny edge detection program, which colors the image in purple, is essential to get immediate results and offer an idea about how processable the image is and is the image suitable for the contour detection. The second canny edge detection program includes multiple steps that run in the following order:
1. Smooth the input image with a Gaussian filter.
      2. Compute the gradient magnitude and angle images.
3. Apply non-maximum suppression to the gradient magnitude image.
4. Use double thresholding and connectivity analysis to detect the link edges.













[bookmark: _Ref94697624][bookmark: _Toc114603870]Figure 20: Canny edge detection of captured wear images
[bookmark: _Toc112745961]3.5     Preliminary Results
Using the edges extracted from the images in Figure 20,  the tool wear in the C, B, and N zones could be measured. For simplicity in comparing the results obtained from the in-machine and optical microscopes, only the feature VB-avg has been displayed in Table 2. 


[bookmark: _Ref94716048][bookmark: _Ref94716042][bookmark: _Toc95807428][bookmark: _Toc112679466]Table 2: Tool wear measurements of Keyence optical microscope vs In-machine microscope

Based on the previous results, one can conclude that the accuracy is within ±3µm. Such a difference represents a relative error of only 0.76% for a significant wear value equal to 299 µm. 
[bookmark: _Toc112745962]3.6     Improvements

This camera setup was successful in monitoring tool wear, but its image quality could be significantly improved for contour detection and repeatability. The following five main components could be enhanced further: 

Camera
Lens
Lighting
Camera Mount
Reference system 

The camera currently being used is a USB pluggable microscope with a resolution of 2 megapixels (M.P.). To improve the camera, a higher resolution camera such as the Flir Blackfly machine vision camera could be used. It offers more pixels per mm, which is important when measuring tool wear, and will provide more precise edges.

The lighting setup could also be improved for monitoring tool wear. The current ring lights are too big to fit inside the machine and take a long time to install. Therefore, switching the current lighting to a smaller ring light with concentrated lighting directed towards the tool which could be mounted on the camera might significantly decrease the setup time and improve repeatability, because the fewer changeable or controllable factors an operator adjusts every time the camera is set up inside the machine, the harder it is to achieve high repeatability.

Using a better camera mount will allow the in-machine setup to be sturdier and more resistant to the micro movements caused by the vibrations of the machine. It will also ensure that over long periods of time the camera mount structure will not bend due to fatigue.

[bookmark: _Toc112745963]3.7     Conclusion
Since the differences in the tool wear measurements between the optical and in-machine microscopes have been found to be within ±3µm, one may conclude that tracking the wear using the new device placed inside the machine is consistent with using a stand-alone microscope. The small difference in wear between the two readings could allow an operator to decide with a higher confidence level whether to keep the tool or change it. The new setup will save time when using the optical microscope, representing an improvement compared to the previous procedure. Indeed, using the optical microscope now requires a 2–3 minute pause between passes to capture and measure the wear. This improvement serves to increase the efficiency of performing machining studies at the MMRI lab, where an experiment that would require a month can now be done within a couple of days. 

M.A.Sc. Thesis – Amine Sassi
McMaster - Mechanical Engineering

Implementing the proposed solution will help significantly reduce the required time for setting up the equipment on the lathe machine. Installations and adjustments will be less time consuming, and better-quality pictures will be taken.
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[bookmark: _Toc112745964]Chapter 4 – Machine Vision System
[bookmark: _Toc112745965]4.1     Introduction

This chapter covers the new machine vision setup that was created to improve the quality of the previous system. Repeatability was the most sought outcome of this investigation. The system offers a consistent solution that could be used for most of the lab experiments conducted on the set of lathe machines, and easily and rapidly mounted onto and dismounted from the machine without requiring a long time to adjust and calibrate.

[bookmark: _Toc112745966]4.2    Machine Vision Camera

Cameras convert the light they pick up into an electrical signal using an array of pixels which comprise the sensor inside the camera. The collected signals are organized into pixel values [58]. The precision of the camera (also known as resolution) greatly depends on the field-of-view width and the number of physical pixels the camera sensor has.


How each camera pixel translates into real-world images can be estimated using simple calculations. For example, in a standard camera with a 640x480 resolution (width x height), a pixel is a 7.4-micron square. When combined with a 5x optical magnification lens, the resolution translates to X pixels/mm on the tool surface. 

Selecting a camera with a square physical pixel helps simplify measurement calculations but increases its price. The machine vision camera chosen for this research setup was the “Flir USB 3.1 Blackfly” camera. This choice was made based on the following factors: resolution, dimensions, frame rate, shutter type, spectrum, pixel size, budget, and interface. These factors differ from one setup to another. For the MMRI’s specific experimental conditions, it is most critical to have robustness, a high resolution, a mono spectrum, a low frame rate, and a reasonable budget (around $1,000 CAD). 

The machine vision setup combines a machine vision camera, a 5x compact adjustable objective, and an Advanced Illumination ring light. The camera and lens both have a C-mount, which makes them compatible. As shown in Figure 21, an extension tube can be added if needed to focus on subjects closer to the camera and achieve higher magnification.









[bookmark: _Ref94855069][bookmark: _Ref94855049][bookmark: _Toc114603871]Figure 21: Machine vision camera components



















[bookmark: _Toc114603872]Figure 22: Flir USB3 machine vision camera












[bookmark: _Toc95807429][bookmark: _Toc112679467]Table 3: Machine vision camera specifications

	Machine Vision Camera
	Flir USB 3.1 Blackfly

	Pixels (H x V):
	2,448 x 2,048

	Type of Sensor:
	Progressive Scan CMOS

	Type:
	Color Camera

	Camera Sensor Format:
	2/3”

	Machine Vision Standard:
	USB3 Vision v1.0

	Type of Shutter:
	Global

	Resolution (Megapixels):
	5.00

	Pixel Size, H x V (μm):
	3.45 x 3.45

	Frame Rate (fps):
	35.00

	GPIOs:
	2 digital input, 2 output

	Dimensions (mm):
	29 x 29 x 30

	Price
	C$ 1,269.00






[bookmark: _Toc112745967]4.3    Lens and Optics

The function of a lens is to gather the light emitted or reflected from the part and, using the reflection, form an image in the camera sensor. The lens choice is crucial because it determines the field of view (size of the area to be monitored) and allows the camera to be positioned wherever is best to observe wear. To pick the appropriate lens, working distance and field-of-view are needed [60]. There are other essential specifications for lenses, such as resolution (which is dependent on the camera and the lens), the amount and type of optical distortion the lens introduces, and how closely the lens can focus [61].

Different tool sizes require a different field of view for inspection. For example, if a 4,000 µm wide and 2,000 µm high tool is to be inspected, the field of view must be just above 4,000 µm. Aspect ratio (width to height), however, needs to be addressed when choosing the appropriate field of view. The typical aspect ratio is around 4:3 in machine vision; this is ideal since it puts the focus on only the wear location at the tip of the tool. The camera and lens need to have a matching mounting option, which in this case is a c-mount, shown in Figure 24.










[bookmark: _Ref112678336][bookmark: _Toc114603873]Figure 23:Machine vision lens










[bookmark: _Ref112678414][bookmark: _Toc114603874]Figure 24: Machine vision and camera lens

Working distance is also essential when picking the appropriate lens. This term refers to the total distance from the camera lens to the monitored tool. Focal length can be estimated using the field of view and the working distance [43]. Focal length refers to how well a vision system converges or diverges light, calculated by multiplying the radius of curvature of the mirror's surface by -0.5.

Typically, machine vision systems incorporate focal lengths of 12, 16, 25, 35, and 55 mm. To calculate the focal length of a system, the final local length must be rounded to one of these listed values [43]. It is recommended that the focal length begin as close to the tool as possible and the working distance adjusted to obtain the desired field of view. After further investigation, however, it was found that achieving the same focus using a magnification compact objective rather than a lens with a focal length makes it possible to maintain the resolution while achieving the desired focus at different distances [62].

In summary, instead of using a lens, a microscope optic (Figure 23) could be used instead. This implement is intended for high-magnification/low-working distance applications, which allows for varied working distances and small pixel sizes. This makes it possible to capture high-quality images with an appropriate field of view.


[bookmark: _Toc112745968]4.4    Lighting

Lighting is a crucial component of the vision system which will allow the machine vision camera to capture good-quality images. Its two main components are color and technique.

4.4.1  Lighting color

The lighting must be regulated and maintained at a constant level so the machine vision system camera can capture good quality images consistently. The lighting source amplifies the parameters to be captured while attenuating the elements to avoid [63]. A poor lighting system, especially for a machine vision device, makes it difficult to distinguish the wear area from the tool surface and thus generates a less accurate reading. For example, dim or ambient lighting might lead the vision system to interpret the darkness as no insert present or no wear present on the tool, generating a systems failure [64]. 










[bookmark: _Ref112678483][bookmark: _Toc114603875]Figure 25: Machine vision lighting [65]

 Lighting Technique

The appropriate lighting technique is as important as selecting the appropriate lighting color and brightness. The techniques for machine vision lighting are called back, on-axis, dome, coaxial, and dark field [66]. 

There are several considerations for a microscope and lens with a minimal field of view. The light needs to be tightly focused by using a ring light such as the one shown in Figure 25 or another source of bright lighting [68]. Using a ring light that provides enough luminance, however, can cause complications like how to deal with waste heat without distorting the optics [67]. Therefore, using a compact ring light that emits an appropriate amount of light for short distances would be ideal in this case.

Achieving the same result with a ring light is difficult. As the working distance gets shorter, the angle of the light hitting the object and the axis of the lens itself becomes more obtuse, meaning that less of the light reflects into the lens [69]. This could be rectified with even more light, but then some areas will likely end up dark while others (like wear or built-up-edge) that reflect light right back at the camera will be severely over-exposed [62].








[bookmark: _Ref112657811][bookmark: _Toc114603876]Figure 26: CA-DR ring light

The CA-DR series includes flat, horizontally arranged LEDs which help provide uniform intensity across a target, as shown in Figure 26. Ring lights are also available with optional diffusion and polarizing plates, making them well suited to various basic applications and camera needs.


[bookmark: _Toc112745969]4.5    Staging

During the experimental procedure, staging was crucial to ensure that the part or tool monitored was positioned right in front of the machine vision camera. The cutting machine was programmed to move the tool in front of the camera. An alternative method is to use a photoelectric detector and a simple light source  [52].

Fixturing the cutting tool to be inspected at an accurate and precise location can be done quickly on a cutting machine such as the Nakamura. However, if this machine vision camera and external system are used for other purposes, then staging will need to be set up correctly for the following three reasons: 

To ensure that the part being inspected is correctly aligned with the camera to capture the face of interest on a tool.
So that the part or tool is rigidly held in place while the image is taken to avoid vibrations that might blur or distort them [71].
To speed up the photography, because the tool or part is placed in a accessible location in the machine vision system rather than having to search for it [72].

To ensure mounting repeatability and an accurate camera mounting position, a square magnetic retention base was explicitly designed. The magnetic base is attached to an aluminum breadboard so that it can be permanently placed inside the lathe machine. 

The magnetic base uses a precision ball and v-groove design for high repeatability and alignment. A kinematic base was selected because it offers insertion and removal capability, high accuracy, repeatability, and orientation in multiple directions. An example of the magnetic base is presented in Figure 27.




[bookmark: _Ref112657850]
[bookmark: _Toc114603877]Figure 27: KBM1 magnetic base

Connected to the magnetic base is a tip, tilt, and rotation stage called TTR001. This stage allows a ±5° tip and tilt and ±10° rotation with micrometer positioning. Once the micrometer operator is set, the angles can be locked, preventing further movement. The stage is connected to the magnetic base on one side and the housing for the camera on the other side. These micro-movements along different axes allow one to position the camera at the correct angle to look directly at the flank face of the tool.




















[bookmark: _Ref94893184][bookmark: _Toc114603878]Figure 28: Retention stage

Location— It is essential to be aware of which parts are too wide to allow for the detection of a particular detail. If a part moves out of the camera field, it can cause a system failure. A physical fixture that can limit the movement of an object or a part of interest should be installed. Having a rough location of the part can also help prevent system instability and can be done by providing the machine vision system with a consistent part location [73].

Calibration— A proper calibration routine is also essential to ensure that the system works correctly. It allows the facility to meet its quality standards.

Stability— It is essential to protect the lights and camera system from the harsh machining environment and movement while setting up a machine vision sensor. Therefore, it is essential to place the lights and cameras in areas with minimal traffic and noise and provide protection.

After a vision strategy has been developed, the next step is to test the system and assess its performance under realistic production conditions. Before an in-line test can be performed, developers must create a calibration code that measures the various sources of parameter drifts. If the inspection strategy is not working correctly, the software should be checked to see if the parameters have drifted. The software can measure the standard deviation and average pixel values with a black body [74]. It can also identify homogenous lighting conditions by using vertical and horizontal line profiles.


[bookmark: _Toc112745970]4.6    Assembly of Vision System
Putting the machine vision components together required a housing system to be developed that would allow for habitual mounting and dismounting inside and outside of the lathe machine. The housing for the machine vision system also had to protect the camera completely from the liquid coolants used inside the machine to cool down hot metal.

The camera housing had to be as small as possible to fit inside the lathe machine while offering inside access to mount the camera, lens, and lighting. It was designed on SolidWorks and then 3D printed. The housing was split into three parts for easy access inside the cylinder while keeping the size reasonable. The three different parts are shown in Figure 29.

Back End Cap
Cylinder Housing
Iris Mount











[bookmark: _Ref112657953][bookmark: _Toc114603879]Figure 29: Camera housing

The lighting, lens, and camera all fit inside the cylinder. Extra supporting parts were 3D printed to stabilize the lighting around the lens. A slit at the end of the cylinder provides an opening for the wires connecting the camera and ring light inside the cylinder to the USB slot and power source outside the machine.

The front of the cylinder is protected with a zero-aperture adjustable iris diaphragm. An adjustable aperture is a hole or opening that changes the amount of light let through it. The focal length and the amount of light determine the cone angle of the bundle of rays that comes to a focused image plane. 

Usually, optical systems have many openings or structures that are designed to limit the number of rays that can enter the image plane. A zero-aperture iris prevents 100% of the light rays from entering the system, as shown in Figure 30. Consequently, this prevents any liquid coolant from entering and damaging the machine vision setup inside the cylinder housing (Figure 31). Such mechanisms are currently manually controlled by the operator of the CNC lathe, but this could be automated in the future by adding a small motor and connecting it to the iris mechanism and the CNC machine to make it machine actuated.
0 Aperture Iris
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[bookmark: _Toc114603880]Figure 30: Assembled machine vision system




[bookmark: _Ref112678770][bookmark: _Toc114603881]Figure 31: Machine vision setup

[bookmark: _Toc112745971]4.7    Conclusion
Measurements from the new machine vision setup were compared to those from the Keyence optical microscope for AlTiN, TiN, and CVD. The machining was conducted at a depth of cut of 2mm. This parameter allows the wear to form on the tool's flank, which is an ideal cutting condition that will lead to prolonged tool life. 

The three graphs below (Figure 32, Figure 33, Figure 34) compare the measurements from the new machine vision setup and the Keyence optical microscope. The results are within a range of ±5.2µm. Although this range is 2.2µm higher than it was for the previous camera setup, it offers essential features such as the ability to repeat the setup, machine with coolants, and transfer the system between different CNC lathe machines.
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[bookmark: _Toc114603882]Figure 32: Machine vision setup vs. Keyence microscope (AlTiN)


[bookmark: _Ref112678668][bookmark: _Toc114603883]Figure 33: Machine vision setup vs. Keyence microscope (CVD)















[bookmark: _Ref112678670][bookmark: _Toc114603884]Figure 34: Machine vision setup vs. Keyence microscope (TiN)





	






[bookmark: _Toc112745972]Chapter 5 - Image Processing and Analysis

[bookmark: _Toc112745973]5.1    Introduction
This section outlines the different image processing techniques developed for automatically detecting and processing images taken by a tool wear monitoring system installed on the machine. To assess the efficiency of such tools, two particular images, one with wear (Figure 35) and one without wear (Figure 36), will be considered. The two images were taken during an experiment conducted for an industry partner. The tool was made of aluminum titanium nitride, and one image was taken before the cutting process when the tool was fresh and sharp, and the other after pass 28 when there was noticeable wear present. 








[bookmark: _Ref112678849][bookmark: _Toc114603885]Figure 35: Healthy tool (pass 0)








[bookmark: _Ref112678868][bookmark: _Toc114603886]Figure 36: Damaged tool (pass 28)


[bookmark: _Toc112745974]5.2    Identification of Wear Contour Based on the Available MATLAB Code

In image processing, an edge is simply a discontinuity in intensity between neighbouring pixels. Edge detection is an essential part of image analysis and object recognition. It can be performed by algorithms that consider the different regions in the image and detect the edges of objects [75]. Several algorithms are available to deal with this issue, and MATLAB contains several readymade codes for retrieving shape contours. Among them are the Sobel filter (Figure 37), Canny filter (Figure 38), and Prewitt filter (Figure 39) [76].

[bookmark: _Ref112660882][bookmark: _Toc114603887]Figure 37: Sobel filter


[bookmark: _Ref112660894][bookmark: _Toc114603888]Figure 38:Canny filter

[bookmark: _Ref112660912][bookmark: _Toc114603889]Figure 39: Prewitt filter

None of the previous software tools were found to generate a clear and convincing result. Therefore, a new approach has been investigated, which follows the points detection technique according to "detectHarrisFeatures" and "detectFASTFeatures." Examples of typical results obtained by both methods are displayed in Figure 40 and Figure 41. 








[bookmark: _Ref112660951][bookmark: _Toc114603890]Figure 40: Points detection on wear zone using Harris features









[bookmark: _Ref112660956][bookmark: _Toc114603891]Figure 41: Points detection on wear zone using FAST features


One can see that both approaches identified enough number points inside the wear zone to determine the limiting lines. However, as displayed in Table 4, the difference between the two approaches in estimating enclosing rectangles was significant.

[bookmark: _Ref112660996][bookmark: _Toc112679468]Table 4: Estimation of enclosing box around points on wear zones
	
	according to "HarrisFeatures"
	according to "FASTFeatures"
	Difference

	Horizontal Size
(in Pixels)
	150
	172
	14.3 %

	Vertical Size
(in Pixels)
	54
	39
	39.4 %




[bookmark: _Toc112745975]5.3 Identification of Wear Contour Based on Customized MATLAB Code

A custom code was written in MATLAB to detect the wear zone's contour automatically. The flowchart of the code is detailed in Figure 42. The main variables at each step are highlighted in red.





















[bookmark: _Ref112661039][bookmark: _Toc114603892]Figure 42: Flowchart of the image processing steps

[bookmark: _Toc112745976]5.3.1 Conversion from Initial (R,G,B) Space into New     (R+G+B) Space

An image is simply a set of pixels resulting from the superposition of three different layers: Red, Green, and Blue. As portrayed in Figure 43, the same image and details are captured differently in each of the three planes.

[bookmark: _Ref112661054][bookmark: _Toc114603893]Figure 43: Separation of an RGB image into three different layers [77]

One way to show the contribution of each of these layers is by combining them into the same layer. Therefore, a new matrix called "" can be obtained by adding together the three matrices "," "," and "," representing the intensity of each one of the pixels in the Red, Green, and Blue planes:
	
      (1)
	



Figure 44, which displays the four matrices for the image of the damaged tool, clearly shows that the virtual picture obtained from the new matrix had amplitudes around three times higher than those of each individual plane. This result later helped to identify essential parameters, such as the wear centroid.

[bookmark: _Ref112661072][bookmark: _Toc114603894]Figure 44: Pixel intensity values for the Red, Green, Blue, and Total planes


If it is assumed that matrices AR, AG, and AB are the Red, Green, and Blue matrices extracted from matrix A (representing the image without wear), and similarly, BR, BG, and BB are the Red, Green, and Blue matrices extracted from matrix B (representing the image with wear), the conversion process from the individual (R, G, B) space into the combined space (R+G+B) generates two new matrices:

	    (2)
	

	    (3)
	



The graphical representation of matrices BR, BG, BB, and BT in Figure 45, clearly shows how the addition of the three planes enhanced the image quality and sharpened its details.




[bookmark: _Ref112661099][bookmark: _Toc114603895]Figure 45: Effect of adding (R, G, B) planes on image quality

[bookmark: _Toc112745977] 5.3.2  Matrix Squaring for Contrast-Enhancing

One easy and efficient way to enhance the contrast between neighbouring pixels consists simply in elevating their numerical values to the power of two. Hence, as shown in Figure 46, the difference between them becomes more apparent.


[bookmark: _Ref112661118][bookmark: _Toc114603896]Figure 46: Squaring of the pixel values

Consequently, two new matrices are created:
	
	

	
	



[bookmark: _Toc112745978]5.3.3  Matrix Normalization

After squaring each of the matrices, the intensities of the pixels can reach high and unpredictable values. For practicality and to keep the new augmented pixels' numerical values under the complete control of the MATLAB code user, it is more convenient to normalize their values. Each matrix (A, B, and D=B-A) is therefore divided by its maximum value. Consequently, each is scaled down to between 0 and 1.
	
	

	
	

	
	



The results displayed in Figure 47 clearly show how well the procedure can enhance the sharpness of an image.


[bookmark: _Ref112661253][bookmark: _Toc114603897]Figure 47: Effect of squaring technique on enhancing image sharpness.
(a) Initial image; (b) squared image

[bookmark: _Toc112745979]5.4   Image Subtraction Procedure

Imperfections due to the location, type, or quality of the light source caused some occasional reflection areas in the image (Figure 48). These areas are a bane to any image processing tool. Such a problem can be corrected by placing the light in the right location and direction. An alternative approach which is based on numerical correction calculates the "image subtraction" between the pictures with and without wear. 

[bookmark: _Ref112659739][bookmark: _Toc114603898]Figure 48: Image imperfection created by wrong light location or direction

Figure 51 depicts the result of the latter method. All the noise on the new image was removed, and only the zone of interest showing the wear was kept in the subtracted image.











[bookmark: _Toc114603899]Figure 49: Initial image with no wear









[bookmark: _Toc114603900]Figure 50: New image with wear








[bookmark: _Ref112679069][bookmark: _Toc114603901]Figure 51: Subtracted image

[bookmark: _Toc112745980]5.5   Identification of the Wear Centroid Location

For an ideal case of light illumination, the wear zone centroid is theoretically the point in the image wherein resides the pixel with the highest luminosity. The location of such a point might be advantageous in automatically pinpointing the wear zones. By fixing a calculation border limit around that point (zooming limits), further image processing is strictly limited to that specific zone of interest, which reduces computation time considerably.


Using a remote code in MATLAB, the location of the point with the maximum intensity level was easily identified. The result is portrayed in Figure 52. As expected, the wear centroid location was inside the wear zone. 











[bookmark: _Ref112679090][bookmark: _Toc114603902]Figure 52: Automatic finding of wear centroid location

[bookmark: _Toc112745981]5.6   Image Processing and Strip Sampling of Matrix at Location "j"

During processing, the image, represented by a matrix, is analyzed vertically and horizontally in two directions.

An image is a set of strips (in the vertical direction of "j").
Each strip is a set of pixels (in the horizontal direction of "i")








[bookmark: _Ref112661353][bookmark: _Toc114603903]Figure 53: Stripping of the image

The number of elements in the matrix and the strips depends on the resolution power of the camera.

The graphical representation of these strips is a fundamental tool for understanding the properties of the image at different locations and fine-tuning the MATLAB code. A typical example is represented in Figure 54. On the image, a yellow line represents the vertical location "j" of stripping. The strip itself is displayed in red and inverted (upside down) to show how the strip values could be used to understand the topography of the wear.

[bookmark: _Ref112661317][bookmark: _Toc114603904]Figure 54: Superposition of wear image and the strip values

[bookmark: _Toc112745982]5.7   Image Cleaning of "Out-of-Limits" Unnecessary Zones

To reduce the complexity of image processing, a threshold must be defined for each matrix. Any pixel value under that threshold will be forced to zero. Initially, a global image threshold of 5% was considered. Different scenarios encountered during the analysis, however, suggested that a global threshold was inappropriate. The global threshold was therefore replaced by a local one more suitable for each particular strip of pixels.

[bookmark: _Toc112745983]5.8   Automatic Detection of Contour Lines
During any image processing stage, one can find different components (Figure 55). The fundamental idea behind the automatic recognition of wear zone contour is to detect and quantify the different types of transitions.















[bookmark: _Ref112679138][bookmark: _Toc114603905]Figure 55: Different types of transitions in an image


The intensity variation (slope of transition) from one pixel to the next, and whether there is a flat segment before or after a feature, is therefore essential to know in order to decide whether there is a contour associated with an edge or wear. For example, in Figure 55 when there is a transition from a light color zone to darker light zone, there is a flat segment before a positive ramp.

[bookmark: _Toc112745984]5.9   Sample of Results

A typical example of the result obtained by the code is displayed in Figure 56. One can see that, except for in a few locations, the code detected the wear zone limits. The contour detection now makes it possible to set a bounding box in MATLAB using the minimum and maximum y points to account for the measurement of VBmax once the pixel size is set. 











[bookmark: _Ref112661436][bookmark: _Toc114603906]Figure 56: Sample of automatic edge detection by the Matlab code






[bookmark: _Toc112745985]Chapter 6 - Conclusions and Future Direction

[bookmark: _Toc112745986]6.1   Summary of the Research

This study focused on developing a straightforward method to track tool wear periodically, quickly, and efficiently during metal cutting processes. To do this, the former measurement collection setup which used an optical benchtop microscope was replaced with a new measurement method using an in-machine vision camera. The new system was designed for use on any of the three lathe machines available at the McMaster Manufacturing Research Institute (MMRI). It had the following characteristics: it was easy to manipulate, mounting and dismounting were simple and quick with good repeatability, and the measurements were consistent with the optical benchtop microscope method. 

The first section of this study focused on building a tool wear monitoring system to replace the Keyence optical benchtop microscope system which, at the time, was used after every cutting pass on the Nakamura machine. Visual data was used to augment information that was gathered from vibration and force sensors periodically as the wear progressed. The current process of optically measuring tool wear involves the following steps:
Remove the tool holder after each pass.
Clean the tool to remove any chips or coolant.
Align the tool under the Keyence microscope.
Capture an image of the tool wear (in different z-axis positions to capture the full spectrum of wear).
Place the tool back in the machine.

This process takes anywhere from 4-6 minutes and is generally done after every single pass. Therefore, if it is iterated for a cycle of 40-50 passes per corner to reach catastrophic failure, the entire progression of tool wear would take a long time to capture. 

To address this issue, a camera setup was developed and mounted in the machine. This setup included a 250x magnification pluggable USB microscope and a supporting base that was designed, machined, and assembled to allow rotations around the X-Y and X-Z planes.

This basic setup was installed inside the Nakamura lathe. To ensure the proposed system was providing good readings, both microscopes (the in-machine and Keyence optical) were compared during the same machining test. The preliminary results showed that the measurements from both microscopes were in agreement, with a difference of  ±3µm. This result indicates that the in-machine setup can be reliably used for assessing wear during a machining test. The downtime associated with completing wear measurements was reduced from 4-6 minutes to just 5 seconds using the in-machine microscope to capture images after every single pass. The machine was programmed to position the tool in front of the in-machine camera after every pass, where the operator captured the images. This setup allowed the machine's downtime to be reduced by up to 98.61%, from a few weeks of machining to just a couple of days. Although the quality of the images was slightly lower from the in-machine microscope than the Keyence microscope, it could collect consistent wear measurements while providing a significant decrease in downtime. It is important to note that more work needs to go into protecting the setup from coolants and hot chips, so for now only dry machining applications should be performed.

The next section of the study emphasized image preprocessing, with a particular interest in improving the camera setup. Image preprocessing and processing were performed using the images taken from the preliminary setup, and an investigation into designing and building a new machine vision system was simultaneously researched. The main limitation was encountering built-up edge (BUE) during the experiments because it made tool wear harder to identify and the MATLAB code faced difficulties detecting the appropriate wear contour.

Another limitation was that variation in the reflectivity of surfaces led to issues when trying to automatically measure tool wear values. A custom lighting setting could be further explored to address and potentially improve this aspect of image quality.

[bookmark: _Toc112007680][bookmark: _Toc112745987]  Research Contribution

The main contribution of this research work was the development of a low-cost, effective tool condition monitoring system for use by the MMRI. This system will allow MMRI researchers to monitor the tool's condition efficiently, quickly, and easily. To summarize, the main contributions of this work are as follows:

An immediate solution to replace the Keyence optical microscope with a camera setup to decrease the time required to conduct a cutting test was investigated.
A machine vision system which allows for full images to be taken was designed and built for the three different lathe machines at the MMRI with high repeatability and interchangeability.
A comprehensive image preprocessing analysis of the different image filtering and noise removal techniques was conducted to generate higher quality images.
Image processing and machine vision techniques were investigated to outline the tool wear contour from images and automatically measure the tool's wear.
A low-cost machine vision system was designed that can be used for dry machining with high repeatability.
A guideline was developed to help users of the in-machine camera routinely setup the camera inside the CNC lathe machine. The guideline also includes directions to start and setup the machine vision camera software “Spinview”, and adjust the pixel size and software settings.

[bookmark: _Toc112007681][bookmark: _Toc112745988]6.3   Future Work and Recommendations

The present research could be expanded upon in different ways. The most relevant direction is to capture different types of wear, such as crater wear and wear on the nose of the tool. The current setup is limited to flank wear. This would involve adding another camera at a different angle for capturing this surface.

Combining the readings from the new vision system with other readings, such as acceleration, force, or temperature, could be very useful in building a robust system that indicates when the next image should be collected to further reduce the time required to conduct a machining test. Ultimately, this could be developed using advanced data analytics to the point where images are no longer needed to assess tool performance.

The machine vision system’s image processing script is limited to detecting the contour of the materials investigated in this paper. Future work could involve using a universal script to detect contour for a wider variety of materials.
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Automatic Contour Detection


close all
clear variables
clc

%% Reading the Two Images Files

cd 'D:\C-PRIVATE\AMINE\Thesis'                      % Changing the Active Directory
Aread = imread('AlTiN_S220_Trial12_Pass01.jpg');    % Aread : Reading the Image WITHOUT wear
Bread = imread('AlTiN_S220_Trial12_Pass28.jpg');    % Bread : Reading the Image WITH wear

% Rotate the images by 11 degrees
A = imrotate(Aread,11,'bilinear');                  % A: Rotated Image of Aread
B = imrotate(Bread,11,'bilinear');                  % B: Rotated Image of Bread

 
 %% Converting the Images into R+G+B matrices

    % Converting Image A
AR = double(A(:,:,1));          % Red   Matrix extracted from A
AG = double(A(:,:,2));          % Green Matrix extracted from A
AB = double(A(:,:,3));          % Blue  Matrix extracted from A
AT = AR + AG + AB;              % Total Matrix extracted from A

    % Converting Image B
BR = double(B(:,:,1));          % Red   Matrix extracted from B
BG = double(B(:,:,2));          % Green Matrix extracted from B
BB = double(B(:,:,3));          % Blue  Matrix extracted from B
BT = BR + BG + BB;              % Total Matrix extracted from B

%% Subtraction of Matrices

DT  = BT - AT;                  % Difference between two matrices B & A

%% Image Segmentation
SZ = size(A);   % Size of matrix A
Ny = SZ(1);     % Number of elements in "y" direction (Vertical)
Nx = SZ(2);     % Number of elements in "x" direction (Horizontal)

xp = 1:Nx;      % Vector x
yp = 1:Ny;      % Vector y


%% Matrix Squaring and Normalization
ATS = AT.^2;                    % Square of Matrix AT;
BTS = BT.^2;                    % Square of Matrix BT;

DTS = BTS - ATS;                % Difference of Squared Matrices B.T. and AT;

ATSN = ATS/max(max(ATS));       % Normalization of Matrix A (to set value between 0 and 1)
BTSN = BTS/max(max(BTS));       % Normalization of Matrix B (to set value between 0 and 1)
DTSN = DTS/max(max(DTS));       % Normalization of Matrix D (to set value between 0 and 1)



%% Finding the location of Max point

%[rowDTSN, colDTSN] = find(DTSN == max(max(DTSN)));     % Location of max value in Matrix DTSN
[rowDTSN, colDTSN] = find(DT == max(max(DT)));          % Location of max value in Matrix DT
                                                        % rowDTSN = row    (=j) where DT is max
                                                        % colDTSN = column (=i) where DT is max
                                                        
% figure(5);imshow(B);hold on; plot(colDTSN,rowDTSN,'o','LineWidth',2,...
%                        'MarkerEdgeColor','r',...
%                        'MarkerFaceColor','y',...
%                        'MarkerSize',7)
% hold on,
% text(colDTSN+10,rowDTSN+50,'Point of Maximum Density','Color','yellow','FontSize',14)
% plot([colDTSN colDTSN+8],[rowDTSN rowDTSN+40],'LineWidth',1,'Color','yellow')


%% Delimitation of Interst Zone

% The following limits are to be set initially by the user of this code
% in order to demarcate the area of analysis that should contain the wear

imin = 500;             % Left   Limit
imax = 690;             % Right  Limit
jmin = 460;             % Top    Limit
jmax = 540;             % Bottom Limit

Deltai = imax - imin;   % Range of Pixels in x(i) direction
Deltaj = jmax - jmin;   % Range of Pixels in y(j) direction


%% 
Left_Limit  = zeros(Deltaj);
Right_Limit = zeros(Deltaj);
Nj          = zeros(Deltaj);

for jj = 1:Deltaj
    j = jmin + jj - 1;
    Nj(j) = j;
 
    %% Strip sampling of matrices at location "j"
    
    ATSNstrip = ATSN(j,:);          % Strip at location "j" of matrix ATSN
    BTSNstrip = BTSN(j,:);          % Strip at location "j" of matrix BTSN
    DTSNstrip = DTSN(j,:);          % Strip at location "j" of matrix DTSN
    
    
    %% Local Threshold of Strips and Cleaning of values under that limit
    % Variable Threshold Value from 5% to 20%
    Thresh_ATSNstrip  = 26.5/100-21.5/100*max(max(ATSNstrip));  % Local Threshold at the Image Strip
    Thresh_BTSNstrip  = 26.5/100-21.5/100*max(max(BTSNstrip));  % Local Threshold at the Image Strip
    Thresh_DTSNstrip  = 26.5/100-21.5/100*max(max(DTSNstrip));  % Local Threshold at the Image Strip
    
    % Cleaning of Out-of-Limits Non necessary zones
    for ii = 1:Deltai+1
        i = ii -1 + imin; 
        if ATSNstrip(i) <= Thresh_ATSNstrip
            ATSNstrip(i) = 0;                   % Cleaning of ATSNstrip under Threshold
        end
        if BTSNstrip(i) <= Thresh_BTSNstrip
            BTSNstrip(i) = 0;                   % Cleaning of BTSNstrip under Threshold
        end
        if DTSNstrip(i) <= Thresh_DTSNstrip
            DTSNstrip(i) = 0;                   % Cleaning of DTSNstrip under Threshold
        end
    end
    
    
    %% Printing of Strips
%     figure(20),
%     subplot(2,1,1), plot(ATSNstrip), xlim([imin imax])
%     hold on, plot(BTSNstrip,'Color','red'),xlim([imin imax])
%     hold on, plot([imin imin],[0 1],'--','LineWidth',1.0,'Color','magenta')
%     hold on, plot([imax imax],[0 1],'--','LineWidth',1.0,'Color','magenta')
%     legend('ATSNstrip','BTSNstrip','Left Limit','Right Limit')
%     subplot(2,1,2), plot(DTSNstrip,'Color','black'), title('Difference'), xlim([imin imax])
%     hold on, plot([imin imin],[0 1],'--','LineWidth',1.0,'Color','magenta')
%     hold on, plot([imax imax],[0 1],'--','LineWidth',1.0,'Color','magenta')
    
    
    %% Detection of Flat Zones Before and After Wear location
    % Flat zone in the Left Side should be preceeded by THREE zero points at (i-3, i-2, i-1)
    %   and followed by ONE non zero point at(i+1)
    % Flat zone in the Right Side should be preceeded by ONE non zero point at (i-1) 
    %   and followed by THREE zero points at (i+1, i+2, i+3)
   
    FlatL = zeros(Deltai);
    FlatR = zeros(Deltai);
    
    for ii = 1:Deltai+1
        i = ii -1 + imin; 
        if (DTSNstrip(i-3) == 0) && (DTSNstrip(i-2) == 0) && (DTSNstrip(i-1) == 0) ...
                &&(DTSNstrip(i) == 0) && (DTSNstrip(i+1) ~= 0)
            FlatL(i+1) = 1;
        end
        if (DTSNstrip(i-1) ~= 0) && (DTSNstrip(i) == 0)...
                &&(DTSNstrip(i+1) == 0)  && (DTSNstrip(i+2) == 0) && (DTSNstrip(i+3) == 0)
            FlatR(i-1) = 1;
        end
    end
    
  %% Detection of Isolated Peaks
TestNzeros = zeros(Deltai);
for ii = 1:Deltai+1
    i = ii -1 + imin;
    
    Vect = DTSNstrip(i-4:i+4);
    Nzeros = length(find(Vect==0));
    
    if Nzeros <= 5
        TestNzeros(i) = 1;
    end
end
  
 %% Detection of Limiting Edges
    TestL  = zeros(Deltai);
    TestR  = zeros(Deltai);
    
    for ii = 1:Deltai+1
        i = ii -1 + imin; 
        if (DTSNstrip(i) >= DTSNstrip(i-1))
            if (FlatL(i) == 1) && (TestNzeros(i) == 1)
               TestL(i) = 1;
            end
        end
        
        if (DTSNstrip(i-1) >= DTSNstrip(i))
            if (FlatR(i) == 1) && (TestNzeros(i) == 1)
               TestR(i) = 1;
            end
        end
    end
    
         %% Detection of Very High Peaks of Amplitude neighboring 80%
    
     for ii = 1:Deltai+1
         i = ii -1 + imin
         if (DTSNstrip(i) > DTSNstrip(i-1)) && (DTSNstrip(i-1) > DTSNstrip(i-2))
             if (DTSNstrip(i) >= 0.5) || (BTSNstrip(i) >= 0.8)
                 TestL(i) = 1;
             end
         end
         
         if (BTSNstrip(i) < BTSNstrip(i-1)) && (BTSNstrip(i-1) < BTSNstrip(i-2))
             if (DTSNstrip(i-2) >= 0.8)&& (BTSNstrip(i-2) >= 0.8)
                 TestR(i) = 1;
             end
         end
     end

%%    
    % If (TestL=1) condition is satisfied, this position represents the Left  Edge 
    % If (TestR=1) condition is satisfied, this position represents the Right Edge 

    LL = find(TestL == 1);  % Finding the locations where the (TestL = 1)
    RL = find(TestR == 1);  % Finding the locations where the (TestR = 1)
    
    if isempty(LL) == 1     % In this case the Test condition is not satisfied (Empty Vector)
        Left_Limit(j) = imin;
    else
        Left_Limit(j)  = min(LL);
    end
    if isempty(RL) == 1     % In this case the Test condition is not satisfied (Empty Vector)
        Right_Limit(j) = imax;
    else
        Right_Limit(j) = max(RL);
    end
 
 % Test Condition for the case the Limit Edge is an Empty Vector
 % In that case, consider the previous value at iteration (j-1)
if j >= rowDTSN
    if (Right_Limit(j) - Left_Limit(j)) <= 3 % Termination Condition if Distance between
        break;                                  % Right and Limit Edges is less than 3 pixels
    end
end
% if j >= rowDTSN
%     if (Right_Limit(j) - Left_Limit(j)) >= (Right_Limit(j-1) - Left_Limit(j-1)) % Termination Condition if Distance between
%         break;                                  % Right and Limit Edges is less than 3 pixels
%     end
% end

 
end

for jj = 1:Deltaj
    j = jmin + jj - 1;
    
    if Left_Limit(j) == imin
        Left_Limit(j) = mean(Left_Limit(j-1),Left_Limit(j+1));
    end
    if Right_Limit(j) == imax
        Right_Limit(j) = mean(Right_Limit(j-1),Right_Limit(j+1));
    end
    
    for ii = 1:Deltai+1
        i = ii -1 + imin;
        %                if ATSNstrip(i) == 0,
        %             if (BTSNstrip(i+1) ~= 0)...
        %                     &&(BTSNstrip(i) == 0)  && (BTSNstrip(i-1) == 0) && (BTSNstrip(i-2) == 0)
        %                 Left_Limit(j) = i;
        %             end
        %         end
        if ATSNstrip(i) == 0
            if (BTSNstrip(i-1) ~= 0)...
                    &&(BTSNstrip(i) == 0)  && (BTSNstrip(i+1) == 0) && (BTSNstrip(i+2) == 0)
                Right_Limit(j) = i;
            end
        end
    end
    
end


%% Displaying the Image "B"

figure(10),imshow(B);
    xlim([imin imax])
    ylim([jmin jmax])
    title('Zoomed Image')

hold on, plot(Left_Limit,Nj,'o',Right_Limit,Nj,'o','LineWidth',2,...
        'MarkerEdgeColor','r',...
        'MarkerFaceColor','y',...
        'MarkerSize',5)

%   yy = [Nj Nj];
%   xx = [Left_Limit Right_Limit];
%   hold on, fill(xx,yy,'b')
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