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Abstract 

Abrasive finishing processes such as grinding, lapping or disc polishing are one of the most practical 

means for processing materials to manufacture products with fine surface finish, surface quality and dimensional 

accuracy. However, they are one of the most difficult and least-understood processes for two main reasons. Firstly, 

the abrasive grains present in the tool surface are randomly oriented. Secondly, they undergo complex interactions 

in the machining zone. Given the advances in sensor technologies, the finishing processes can now be sensorized, 

and the vast amount of data produced can be exploited to model and monitor the processes using Artificial 

Intelligence techniques. Data-driven models have turned into a hot focus in engineering with the rise of machine 

learning and deep learning algorithms, which have greatly spread all through the academic community. The scope 

of this paper is mainly to review the application of Artificial Intelligence as well as supporting sensing and signal 

processing techniques in modelling and monitoring on different types of abrasive processes in metal finishing. 

The paper gives a detailed background on the key mechanisms and defects in the different abrasive finishing 

process and lists the suitable sensing techniques for their monitoring.  The paper reports that most of the Artificial 

Intelligence algorithms available are not fully exploited for monitoring and modelling in abrasive finishing and 

emphasizes on bridging this gap. The probable research tendency on data-driven monitoring and modelling for 

abrasive finishing is also forecasted. 
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1. Introduction 

The development of newer materials and the necessity of adhering to quality output have always driven 

research areas in modelling and monitoring of abrasive finishing processes. In many finishing processes, the use 

of advanced materials to meet different requirements in an industrial scale will only be possible if they can be 

machined economically. The process dependent behaviour of the surface quality, material removal and tool wear 

mechanism besides the numerous uncontrollable variables can be modelled, optimized and monitored up-front in 

abrasive processes by identifying the patterns in the data (either sensor or process inputs) using Machine Learning 

(ML) especially Deep Learning (DL) algorithms. This work reviews the most relevant aspects from previous 

research works presented in the literature on modelling and intelligent monitoring of finishing processes on metals 

using Artificial Intelligence (AI) algorithms. The paper highlights the progress made in this area and discusses the 

issues that need to be addressed. The paper is organized in the following: The scope of the article and its structure 

is introduced in Abstract and Section 1. Basic AI concepts are introduced and discussed mainly in the context of 

application to machine intelligence and machining in Section 2. A brief overview of the manufacturing process, 

followed by a brief outline of abrasive finishing processes is presented in Section 3. Section 3 reports the critical 

variables that are to be modelled and discrete events that are to be monitored in finishing processes. Sensing 

technologies capable of monitoring finishing processes are listed in Section 4. This section is followed by research 

efforts in modelling and monitoring finishing process using AI techniques in Section 5. Finally, in Section 6, 

guidelines or key issues for the development of new intelligent machining systems in finishing processes are 

presented as the conclusions. 

2. Overview of Artificial Intelligence in Manufacturing 

Manufacturers require an ability to enhance the quality of machining processes to meet tight tolerances 

by careful monitoring and modelling. The capability to model and monitor the process inputs and outputs, in turns, 
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will allow the system to compensate for any possible process faults to guarantee the output quality and increase 

productivity. Quality output and increased productivity have been two of the biggest reasons for the integration 

of machine intelligence in the production line [1]. Complete automation using machine intelligence can be fully 

accomplished in any machining process when computers learn from the process. Implementation of machine 

intelligence for modelling and monitoring requires various sensors and process variables as inputs and an AI 

technique trained on these data for a specific objective. The AI techniques are the set of Machine Learning (ML) 

and Deep Learning (DL) algorithms which have embedded mathematical representation of the objective to be 

achieved [2]. Fig. 1 shows all elements, required for accomplishing machine intelligence and the essential element 

is AI algorithms for decision making. Suitable signal processing and a correct choice of ML and DL algorithms 

are required in most of cases if the information from sensor signals is to be used for monitoring purposes. 

Integration of manufacturing processes with AI will provide them with self-monitoring and decision-making 

capabilities which redefines them. 

 

Fig. 1 Building blocks to achieve machine intelligence. 

Monitoring methods using thresholding techniques on sensor data in machining processes aides to 

identify simpler phenomena such as tool breakage etc. in real-time from the process [3, 4]. Thresholding 

techniques work better when the signal pattern changes drastically and is easily noticeable. However, for a 

complex mechanism such as progressive tool wear, the sensor data appears highly non-linear, and thresholding 

techniques fail [5]. Decoding of such patterns in the sensor data to corresponding mechanisms requires ML and 

DL algorithms. ML and DL algorithms can detect arrangements of the high-dimensional data space yielding 

information about a given system or data set. Several ML algorithms, such as Artificial Neural Networks (ANN), 

Fuzzy Inference Systems (FIS) and techniques based on hybridization of these two techniques called neuro-fuzzy 

inference systems have been widely used in the past for modelling and monitoring machining systems [6]. In the 

past, for monitoring the conditions of machining state, ANN has frequently been used followed by fuzzy sets [6]. 

Among the enormous number of AI approaches that have been created in the past, the characteristics of most 

commonly used ones in the manufacturing domain are summarized in Table 1. 

Table 1. Characteristics of ML and DL algorithms commonly used in manufacturing. 

Technique Characteristics  

Artificial neural 
network (ANN) 

ANN’s are a class of algorithms that imitate the architecture of neuron inter-connection 

in the human brain. A typical ANN architecture consists of three layers, namely input, 

hidden and output. The choice of neuron numbers in each layer depends on factors such 

as input/output parameters, dataset distribution, and presentation format of the dataset 

to the network. The ability of the network primarily depends on the layered architecture, 

activation and loss function. During training, ANN’s map points in the input space to 

output space by modifying the weight component in the connections between neurons. 

The effectiveness of ANN modelling based on approaches such as backpropagation 

neural network and feedforward neural network for predicting surface roughness has 

been proved in hard cutting[7-9]. ANN is generally used when the knowledge of the 

process is unknown. ANN is known for its accuracy and also for its excellent 

generalization capability. Nonetheless, they possess an in-built disadvantage as the 

interpretation of knowledge acquired and the patterns recognized by each node within 

them requires extra work, and it behaves like a black-box model. 
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Fuzzy Inference 
Systems (FIS) and 
Adaptive Neuro-
Fuzzy Inference 
Systems (ANFIS) 

Compared to ANN, there are a lesser number of applications of fuzzy sets for the 

prediction of machining performance from literature. FIS is applied when there are 

enough knowledge and understanding of the process [10]. The advantage of the fuzzy 

sets over ANN’s is that the acquired knowledge could be extracted and implemented as 

a set of if-then rules with membership function such as sigmoid, triangular etc. [11]. 

Though, human knowledge could be transferred to the model, the methods of 

transferring to the model are insufficient. To take the advantages of both ANN and FIS, 

a hybrid technique called neuro-fuzzy systems were introduced. A typical neuro-fuzzy 

system eradicates the fundamental problem in fuzzy if-then rules by exploiting the 

learning competence of an ANN for automated optimization of fuzzy if-then rules during 

training. A significant advantage of such a hybrid approach is that the knowledge of the 

model could be obtained from ANN, which was not possible when it was used 

standalone [12].  

Support vector 
machines (SVM) 

The SVM is a collection of ML algorithm that is state of the art in the separation of 

nonlinear data [13]. They solve nonlinear problems by applying a kernel function trick. 

The data is mapped onto a high-dimensional feature space where the linear formulation 

can be derived from the non-linear form by indirectly mapping feature space and finally 

train them. The SVM’s possess properties such as generalization ability, free adjusting 

parameters, and no requirement for experimentation to find the learning machine 

architecture, which enables to solve highly nonlinear problems with ease [14]. They are 

used extensively in the classification of tool-wear[15, 16] and estimation of material 

removal [17] for machining processes. 

Decision Trees 
(DT) and Random 
Forest (RF) 

DT’s learn from data space to approximate the output with a rule base consisting of if-

then-else conditions. They are a bit prone to overfitting and are seldom used in 

modelling machining processes. However, their actual power can be realized when 

multiple DT’s join together to form RF. The RF’s operate by constructing a multitude 

of DT’s. One of the most significant advantages of RF over DT is that the algorithm 

works on bootstrapping [18]. RF creates a lot of individual DT's by re-sampling the data 

many times with replacement and makes the final prediction at a new point by averaging 

the predictions from all the individual DT's on this point. Averaging over all DT’s results 

in a reduction of variance, thereby, enhancing the accuracy of the prediction. 

Convolutional 
Neural Networks 
(CNN) 

CNN is just one kind of state-of-the-art ANN wherein the network architecture is more 

in-depth with embedded convolution. The fundamental design principle of CNN is 

tailoring the architecture and learning algorithm in such a way that it reduces the number 

of the free parameter without compromising the computational power of learning 

algorithm [19]. The typical architecture of CNN consists of several layers. There are 

convolutional layers, pooling layers and fully connected dense layers [20]. The model 

accuracy depends dramatically on the influence of the selection of a set of 

hyperparameters [21].  Unlike ML, CNN’s can be fed with raw data values rather than 

feature vectors [22] as input, as shown in Fig.2 The convolution processes act as 

appropriate feature detectors that demonstrate the ability to deal with a large amount of 

low-level information. Since CNN’s possess a lot of layers in its architecture and learn 

the representation of the data space during training, they are grouped as DL. With the 

ability to learn features from raw data, DL has also become a promising tool for 

modelling and monitoring machining processes [23, 24].  

 

Apart from these ML techniques, some efforts have been made to predict machine and machining status 

using Hidden Markov Models (HMM's) [25, 26], Genetic Algorithms (GA) [27, 28] and Naïve Bayes [29, 30]. 

The choice of ML techniques depends primarily on previous knowledge of the process; sensor signals data 

features, experimental objective, the experimental data set and, last but not least, the level of accuracy required 

for industrial implementation. Most of the ML techniques require input information as statically features during 

training, as shown in Fig.2. Comparisons of DL methods with traditional ML methods using time, frequency and 

wavelet features suggest that DL methods also have a similar ability to characterize the signal for cutting states 

monitoring [31]. Martínez-Arellano et al. [32] have transformed the time-series signal to an image and applied a 

CNN to classify flank wear. Similarly, CNN's were involved for in-situ and real-time quality monitoring using 
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AE to classify the qualities of parts during Additive Manufacturing (AM) [33]. The AI tools discussed in this 

section are sufficed in building intelligent systems for modelling and monitoring of machining processes. Apart 

from accuracy, it is to be noted that the computational time plays a significant role in the choice of AI algorithms 

or soft computing techniques. Having proper model knowledge of the system and successful integration of the 

system with process monitoring, and accurate decision-making capabilities will help industries to increase 

productivity, quality, safety and profitability.  

 

Fig.2 Comparison between traditional machine learning and convolutional neural network. 

3. Review on Abrasive Systems 

In the previous section, it was mentioned that the AI algorithms depend on many factors including the 

process. Hence, even though this contribution reviews the modelling and monitoring of abrasive processes using 

AI, it is important to review the different abrasive systems. 

Manufacturing involves the transformation of the material from its initial geometry and property to the 

desired shape. The manufacturing processes are classified into primary and secondary processes [34]. The primary 

processes comprise extruding, casting, forming and forging of the material [34]. Primary manufacturing processes 

are much useful to give a fundamental property, shape, and size so that materials can be further processed by 

secondary processes. The components produced from the primary process are then machined to the required size, 

shape, tolerance, surface quality during secondary manufacturing processes. The secondary processes maintain 

the surface quality and form accuracy required as per design specifications [35]. Traditionally, secondary 

manufacturing involves machining processes such as milling, turning or broaching that use cutting tool inserts. A 

new form of secondary processes, such as abrasive machining, is now on the rise as the traditional secondary 

processes have lower repeatability and lower accuracy. Though abrasive machining processes are costly, they can 

achieve finer surface quality than traditional machining processes [36, 37]. The process of abrasive machining 

works similarly to traditional machining as the abrasive grain acts as the cutting tool insert, as shown in Fig.3. 

Machining processes which use abrasives to remove material are otherwise called finishing or polishing.  

 

Fig.3 Principle of abrasive machining process. 
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The difference between a cutting tool and abrasive grains is that the grains have undefined geometry and 

are distributed randomly with different orientation. Abrasive machining technique has multiple benefits over the 

traditional secondary manufacturing processes [38]. The tool radius of the traditional secondary processes is larger 

than that of an abrasive grain, which is in order of microns. As a result, they generate higher internal stress and 

Heat Affected Zone (HAZ). Conversely, in the case of abrasive processes, extremely thin chips are produced, 

which ensures that the machining stress concentrates at very local points. This results in higher specific energy at 

machining zone for abrasive machining processes enabling them to machine hard materials [39, 40]. Furthermore, 

the likelihood for the traditional machining tools to encounter a void or micro level defect is very high as metals 

are non-homogenous at the micro level. This results in the creation of microcracks that propagate to the next void 

giving rise to a discontinuity in chip formation and uneven surface.  

In abrasive machining, material removal occurs due to the interaction of randomly oriented multipoint 

grain tips on the workpiece material. This random interaction results in a fraction of the material to be removed. 

As the grains or abrasives become dull, the cutting forces increase. The increase in the cutting force causes the 

grains to plough and rub rather than cut. As the ploughing and rubbing increases, the grains fracture at the cutting 

edge to reveal a new cutting edge. Self-sharpening and regeneration of the abrasive tools are also crucial 

advantages in abrasive machining as compared to traditional tools that are subjected to wear [37]. Unlike other 

machining processes, the failure of one cutting edge does not affect the process. The abrasive processes are 

consequently quite stable. 

 

Fig.4 Application fields of Abrasive machining and cutting-tool machining. Reprinted by permission from 

Elsevier License: Elsevier [37]. 

An abrasive particle is a hard mineral that occurs naturally such as crystalline silicon carbide (SiC), 

aluminum oxide (Al2O3)  or artificially made one such as cubic boron nitride (CBN) [41]. These abrasives grains 

are formed into different tools for finishing operations by using a binder or by coating on top of backing material 

or by imparting kinetic energy. As the abrasive grains have a negative rake angle of different values and 

orientation, these tooltips are considered as undefined cutting edges. Due to this undefined tooltip and negative 

rake angle, the specific energy is very high at the machining point [39, 40]. All abrasive finishing processes are 

intended to generate surfaces for defined tolerance as per design quality [42]. Based on the interaction of the 

abrasive grains on the workpiece surface, abrasive machining is classified into two-body and three-body abrasive 

processes [43], which are schematically presented in Fig.5a and 3b, respectively. 

 

Fig.5 Illustration of two-body and three-body abrasive interaction. 
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Two-body abrasive processes can be further classified into two categories, namely bonded abrasive and 

coated abrasive processes. Bonded abrasive processes have a rigid abrasive tool of different shapes which are 

mixtures of grains, fillers, and adhesive bonds. In bonded abrasives, the grain particles are bound together within 

a matrix, and their combined shape determines the geometry of the finished workpiece. Coated abrasive processes 

use tools that are made of abrasive grain bound by adhesive films to a backing material such as resin, paper, cloth, 

rubber. Coated abrasive tools are characterized by three main properties, namely grain particles, adhesives, and 

backing. Grinding and honing are two common examples of bonded abrasive tools, while the examples of those 

classified as coated abrasive tools are belts, discs and flap wheels. [44]. An advantage of coated abrasives over 

other types of abrasive cutting tools is attributed to their compliance as they conform to the surface shape of the 

workpiece regardless of complexities, giving rise to higher quality surface finishes as illustrated in Fig.6. In Fig.5b, 

three body abrasive machining processes polish the surfaces by action of free or loose abrasive interactions. As 

the name suggests, the abrasives are free and not bound within a matrix. The process could be with or without 

lubrication. The abrasives could be dry or in the form of a slurry. These abrasive grains move freely over the 

machining surface. 

 

Fig.6 Comparison of contact characteristics of rigid bonded and coated compliant tools. Reprinted by 

permission from Elsevier License: Elsevier [45]. 

From an energy point of view, three body interaction is a less efficient process since each collision leads 

to energy dissipation, whereas in two body interaction, the energy is completely transferred. However, as the new 

cutting edges are present during the three body interaction process, the surface quality increases at a high rate. 

Two body interaction can cut much more in-depth than three body abrasion because the grains are held rigidly. 

The mapping of the abrasive processes is illustrated in Fig.7. 

 

Fig.7 Classification of abrasive process based on abrasive interaction. 
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Grit geometry may undergo substantial change due to mechanical or chemical attrition leading to 

rounding or flattening of the sharp cutting points[46, 47]. Chip material adhered to the tip of the grit because of 

some chemical affinity can also change the effective rake angle of the grit leading to high force, temperature and 

poor performance of the abrasive processes. Grit with favorable geometry can produce chip in shear mode. On 

the other hand, grits having sizeable negative rake angle or rounded cutting edge do not form chips but may rub 

or make a groove by ploughing leading to the lateral flow of the workpiece material. Many aspects of interactions 

between cutting tool, workpiece, and material removal during abrasive processes are not fully understood due to 

high multiple cutting edges. 

3.1 Material removal mechanisms 

The abrasive finishing process is a track-bound undefined tool engagement, where the forefront of the 

grain penetrates the workpiece along a pathway and, after a phase of elastic deformation, plastic flow of the 

workpiece material occurs. In abrasive processes, each abrasive grain particle removes a tiny bit of material when 

it forces onto the surface of the workpiece. The material removal performance of the abrasive grains is 

significantly influenced by the material property, as shown in Fig.8. The contact area of the grain on the surface 

is determined by the hardness property of the material [48]. The suitability of abrasive materials to grind 

workpiece materials efficiently depends on their attritious wear resistance. The abrasive should be harder than the 

workpiece material being ground.  

 

Fig.8 Properties of materials that influence abrasive wear. Reprinted by permission from Elsevier 

License: Elsevier [48]. 

Many events occur in the interaction zone of the grain and work coupon, as shown in the Fig.9. Chipping 

and cracking of grains happen when they exceed the fatigue resistance of the material. The grains also dislodge 

out of the bond bridges also as a result of exceeding fatigue resistance. Monitoring the state of the abrasive layer 

in contact with the workpiece can be useful for an indirect determination of the quality of the surface generated. 

Out of the various events occurring in the interaction zone, only three events namely rubbing, ploughing and 

cutting are significantly responsible for the modification of the surface, i.e., material removal or surface wear in 

abrasive finishing process [49-52]. Rubbing is typically characterized by the interaction between both the abrasive 

grain and the material without any plastic deformation on the surface. Ploughing is often considered to have 

negligible wear on the surface as it creates a continuous groove with ridges on both sides resulting in dislocations 

rather than removal due to plastic deformation. Cutting is the actual material removal process as the cutting tool 

tip with sufficient force enters deeply into the workpiece causing chip formation. The cutting and ploughing 

phenomena from single-point scratch tests are represented in Fig.10. 
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Fig.9 Various events occurring in the grinding zone. Reprinted by permission from Elsevier License: Elsevier 

[45]. 

 

Fig.10 Scanning electron microscope (SEM) image depiction of ploughing and cutting on workpiece surface. 

Reprinted by permission from Elsevier License: Elsevier [53]. 

Studies on the interaction between the abrasive particle and workpiece material revealed that abrasive 

machining exhibits different types of surface wears [54] as shown in the Fig.11. For finishing processes, the 

surface wear mechanism can be categorized into micro-ploughing, micro-cutting, micro-cracking and micro-

fatigue as shown in the Fig.11. Micro-ploughing results in the displacement of the material, unlike micro-cutting, 

where the material is detached from the surface. Micro-fatigue is the removal of material from the surface due to 

cyclic displacement as a result of micro-ploughing. Micro-cracking is a phenomenon of material removal where 

the material is detached by the propagation of cracks and stress concentration. Micro-cutting is the dominant 

processes on ductile materials while micro-cracking is predominant in brittle materials. 

 

Fig.11 Surface wears generated from abrasive machining processes. Reprinted by permission from 

Elsevier License: Elsevier [54]. 
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3.2 Surface and sub-surface properties 

Every machining job leaves behind characteristic marks on the machined surface, commonly known as 

surface roughness. Surface roughness is one of the essential quality aspects that determines the result of the 

finishing process on the workpiece. In addition, contact forces, deformations and heat generated during the 

abrasive process are also responsible for microstructural changes in the sub-surface of the material. Most recently, 

there is an increase in attention on also verifying the surface integrity as illustrated Fig.12, especially if it is a 

functional surface [55]. The quality of the surface integrity is measured based on the values of hardness and 

residual stresses in the ground workpiece.  

 

Fig.12 Ground-surface integrity. Reprinted by permission from Elsevier License: Elsevier [56]. 

Surface integrity refers to the characteristics of the surface and sub-surface, which include hardness, 

residual stresses, micro-cracks, grain refinement and phase transformations [57-59]. Those process outputs will 

be strongly influenced by the type of abrasive process selected and its input parameters. In particular, whether the 

process can be classified as mechanical (i.e. plastic deformation such as in belt finishing [60]) or 

thermomechanical (i.e. temperature rise associated with plastic deformation such as in grinding [61]), will affect 

the transformations occurring at the surface and sub-surface and consequently the surface integrity.  

The quality of the surface is commonly evaluated based on the values of hardness and residual stresses 

in the ground workpiece. Processes can also be tailored to combine the beneficial effects of two techniques such 

as in grind-hardening where localized heating generated by the grinding process is used in a controlled manner to 

harden the surface of the workpiece [62]. Another example is the generation of compressive sub-surface residual 

stresses during abrasive flow machining [63]  to improve the fatigue life of the component. In order to produce a 

surface with the required surface integrity, it is then important to monitor and control the process parameters that 

influence residual stresses and hardness. 

3.3 Influence and selection of the tool 

The importance of the grit shape, i.e. geometry of abrasive particles can be easily realized because it 

determines the grit geometry, e.g. rake and clearance angle, which in turn dictates the surface quality. With cycle 

time, there is a gradual deterioration of grains, leading to the creation of wear surfaces. Though the grains are 

regenerative in bonded abrasive tools, their form and geometry get changed, which has to be sensed and 

compensated. The grain/bond breakdown modes that are commonly found in abrasive tools are illustrated in 

Fig.13. 

 

Fig.13 Grain/bond break down modes common in abrasive processes [64], with kind permission from Springer 

Science. 
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Fig.14 Scanning electron microscope (SEM) image of coated abrasive new and old belt tool. 

Industrial interest in tool condition monitoring for coated abrasives has significantly augmented in recent 

years as unlike other rigid abrasive machining tools the grains are not regenerated. Fig.14 shows the Scanning 

Electron Microscope (SEM) image of a new and old abrasive belt tool. In the old coated abrasive tool, we can see 

deformations that will severely affect the surface's quality. As the coated abrasive tool is being worn down, the 

edge geometry of abrasive grains is modified continuously. The selection of finishing/polishing process depends 

upon various parameters such as initial and final surface, the geometry of the workpiece, finishing time, cost of 

the tool, complexity involved in machine setup, etc. [65].   

Table 2 Choice of abrasive tools for different finishing operations. 

Consideration Rigid abrasive tool Compliant abrasive tool Loose abrasive tool 

Faster finishing time ✓ ✓ × 

Fine surface roughness ✓ ✓ ✓ 

Deburring edges ✓ ✓ ✓ 

Finishing internal 

channels 
× × ✓ 

Finishing intricate 

geometries 
× ✓ ✓ 

Process cost × × × 

More prone to tool wear × ✓ × 

Material removal rate ✓ ✓ × 

Use of coolant ✓ ✓ × 

Hand-held ✓ ✓ × 

✓Ok    × Not OK 

Most often the selection of abrasive finishing processes primarily depends on the geometry of the surface 

and can be grouped into three categories based on tooling, namely rigid abrasive, compliant abrasive and loose 

abrasive tools. Finishing of three-dimensional (3D) surfaces such as grooves, projections, or complex, in-depth 

profiles is a trivial task for many abrasive finishing processes. For surface finishing and stock removal of 

complicated geometries such as turbine blades, compliant abrasive tools are suitable contenders as compared to 

rigid abrasive tools and loose abrasive tools [66]. In case of deburring edges, compliant tools in the form of flap 

discs/wheel, as well as three-body abrasive tooling such as media finishing, are suitable options. Rigid tools such 

as cylindrical grinders are often used for finishing cylindrical surfaces, flats surfaces, etc. Table 2 shows the choice 

of abrasive tools for different finishing conditions. The most common problems faced by the industries after 

adopting the three tooling types of finishing operations are discussed in Sections 3.4, 3.5 and 3.6. 

3.4 Rigid abrasive tools 

Grinding and honing are processes which employ rigid abrasive tools. The rigidity is due to the binder 

that holds all abrasive grains. In grinding, the abrasive tool is generally in the form of a wheel and, nowadays, we 

have grinding tools with different geometries (mounted points) to cater to different finishing operations as shown 
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in the Fig.15. Honing is an abrasive method for processing inner, cylindrical surfaces and is commonly used in 

texturing of cylinder liners [67]. Tools geometry and property of both grinding and honing are more or less the 

same with a difference in the cutting motion were one component is a stroke motion. 

 

Fig.15 Grinding tool with different geometry (mounted points). 

The interaction between the workpiece and the surface of the grinding tool defines the grinding process. 

During the grinding process, the tool is subjected to mechanical, thermal and chemical loads. As a result, the 

macro and micro-geometry of the tool get affected. The macro geometry effects correspond to the wear of shape, 

profile and geometry of the tool as illustrated in Fig.16 and micro-geometry effects correspond to the wear of 

granularity of the abrasives embedded. Wear of shape, profile and geometry in rotating grinding tools can cause 

eccentricity, form or structure errors on the work coupon. Wear profile of rigid grinding tools are caused by the 

feed direction. The chatter vibrations that arise from the dynamic behavior of the machine can also deteriorate 

macro geometry, and the profile of the surface machined [68, 69]. 

 

Fig.16 Radius wear and edge wear at a plunge grinding wheel. Reprinted by permission from Elsevier 

License: Elsevier [70]. 

Micro geometry effects such as loss of sharpness and, grain break-out lead to a change in surface 

roughness and higher process energy, which bears the risk of thermal workpiece damage. The thermal damage 

appears in the form of white layers on the surface and as a tempered zone in sub-surface, affecting sub-surface 

integrity as shown in Fig.17. Inappropriate grinding of metals will cause undesirable and irreversible change in 

the microstructure of a surface layer resulting in the workpiece "burn". The sequence of damage initiates with 

attritious wear as the forces per grain increases which also results in weakening of the grain retention forces 

causing grit failure and furthermore leading to increased heat generation, which in turn increases wear and 

damages the workpiece surface integrity. Higher specific material removal rates result in higher single grit loads, 

which change the wear mechanism from abrasion to grain fracture and total grain break-out. Fig.18 shows the 

influence of the material removal rate on wear phenomena in a rigid tool. 
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Fig.17 Sub-surface integrity by grinding hardened chrome steel. Reprinted by permission from Elsevier 

License: Elsevier [71]. 

 

 

Fig.18 Influence of material removal rate on wear phenomena [72], with kind permission from 

Springer Science. 

Dressing otherwise known as conditioning restores tool sharpness and profile. This process, today, is 

generally done by a dressing device on the grinding machine in sequence to the grinding process. The dressing 

process of the grinding tool ensures that the material removal rate, the grinding forces, the surface quality and the 

material properties of the sub-surface zone are not affected. Dressing techniques will depend on the type of 

grinding tool [73]. The capability of any dressing technology can be achieved only when the state of the wheel is 

known with direct measurements such as visual inspection or indirect measurements using sensor signals. Once 

the tool-life criterion is sensed, the grinding process is interrupted, and the tool is conditioned. Machine clamping 

influences and interrupt times of the grinding process can be reduced if the dressing methods are modelled to 

predict the surface topography followed by optimizing the conditioning parameters such as force, wear of the 

dressing tool, etc. 

3.5 Compliant abrasive tools 

Coated abrasive tools are composed of abrasive grits that are held by a bond on the backing material. 

Coated abrasive is characterized by three main properties, namely grain particles, adhesives, and backing. The 

particle grains are bound by adhesive films onto the backing material such as cloths, paper, and fiber. Coated 

compliant abrasive tools in the form of a disk, flap wheel and belt as shown in Fig.19 are widely used in industries 

for secondary finishing operations. An advantage of coated abrasives over other types of abrasive cutting tools is 

attributed to its compliance as it conforms to the shape of the workpiece surface. Fig.20 shows the abrasive layer 

structure and common designs of coated abrasive tools. 
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Fig.19 Compliant abrasive tools [70]. 

 

Fig.20 Cross-section of coated abrasive belt. 

 

Fig.21 Main effects plot comparison of belt grinding parameters on surface quality and material removal [74]. 

Like any other abrasive machining, there are many parameters influencing the final ground surface 

quality, along with the tool topography features. The finishing parameters include speed, infeed rate, workpiece 
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geometry and hardness of backing material, while tool topography features include information such as grit size, 

grain distance, and wear rate. There have been studies in coated belt grinding tools on the influence of the abrasive 

film parameters and cutting parameters on the surface quality. The study proved that amid the parameters, the 

granulometry of abrasive films is highly significant [66, 75]. Fig.21 shows main effects plot of grit parameter in 

belt grinding on material removal and surface roughness as compared to other parameters. Apart from the quality 

of the surface generated, the quantity of the material removed depends on the stiffness of the backing material. In 

most of the industries, the replacement of coated tools in a finishing process is still based on operator experience. 

Prior knowledge or real-time information on the state of coated tools that they are underutilized or overused or is 

due for replacement will help in increasing the performance of the process. 

3.6 Three body abrasive tools 

The applications of state-of-art finishing tools are limited to specific profiles such as concave, convex, 

flat, and aspherical shapes and are not suitable contenders for finishing internal geometries. Yet, inaccessible areas 

and complex internal passages can be finished by exciting grains suspended in the form of a slurry. Abrasive flow 

machining (AFM), lapping, media finishing are common processes that polish surfaces based on three body 

abrasion using a slurry.  

 The AFM process performs in a manner that is analogous to grinding. As the abrasive slurry conforms 

to the restrictive passage geometry, it behaves a grinding stone. The velocity of the extruded abrasive slurry is 

influenced by parameters such as viscosity, pressure, passage size, geometry and length [76]. Based on the 

viscosity, the difference in metal removal can be of a factor of 300 times [77]. Abrasive concentration, grain size 

and media viscosity are stated in the literature to have a significant effect on metal removal in the AFM process 

[78]. Cutting edges of the abrasive grain would wear because of attritious wear leading to wear flats. Concurrently, 

with attritious wear, individual grains may fracture, generating more smaller cutting edges, thereby reducing the 

efficiency of the process. The AFM process is not currently suited to mass production as the quality has to checked 

between cycles; but, it can still be opted towards mass production if in-direct monitoring techniques are proven. 

There is also a variant of AFM, namely magnetic‐field‐assisted abrasive flow machining, where the abrading 

forces are precisely controlled through an external magnetic field. 

The metal removal mechanisms in lapping are the result of the reciprocating motion of workpieces over 

the lapping plate, which removes material in the form of microchips. It is a process reserved for products that 

demand very tight tolerances of flatness, parallelism, thickness or finish. The compound material, percentage 

mixture volume, abrasive particle micron size and applied pressure determine the resulting stock removal rate and 

surface roughness[79]. The lapping plate is generally made of cast iron however nowadays soft material like 

copper, brass etc. are also used. The abrasive slurry not only functions as transporting medium for abrasive 

particles and removed microchips but also helps to avoid heating. Different finishes of lapping can be achieved 

on the basis of a combination of the backing material and abrasive grain used as shown in Fig.22. 

 

 

Fig.22 Classification of lapping on the basis of backing and abrasive type. Reprinted by permission from 

Elsevier License: Elsevier [80]. 
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Media finishing processes involve bulk processing of metallic parts in a recirculating flow of loose, 

bonded media to modify the surface properties of a workpiece through abrasive contact. The amount of material 

removed during finishing is generally small and typically micrograms per part in the case of polishing and grams 

for deburring and edge finishing. Mass finishing processes have been broadly adopted all over industry as the 

most favourable approach for producing controlled edge and surface finish effects on various types of machined 

and fabricated components, as shown in Fig.23.  

 

Fig.23 Different abrasive actions like (a) deburring, (b) radiusing and (c) surface smoothing of tri-star media in 

mass finishing process. Reprinted by permission from Elsevier License: Elsevier [81] 

Presently, there are three forms of mass finishing machines in commercial use including tumbling, 

centrifugal disk and vibratory bowl machines. Of the three, vibratory bowls are the most comprehensively used. 

Finishing action and effectiveness are influenced by the choice of machine parameters. Process times can vary 

from several minutes to several hours and while the final surface finish quality is highly dependent on media and 

compound selection. While some vibratory processes are executed dry; most are performed as wet processes 

where a water-based solution is a trickle fed into the bowl. Mass finishing is all about pressure and speed. The 

higher the pressure exerted by the media on the parts, the faster the media “rubs” on the parts, the faster the desired 

finishing results can be achieved. The finishing processes that involve three body abrasive mechanism are highly 

randomized. Quantification and modelling of such process are trivial as the interaction in the machining zone is 

non-consistent.   

4. Sensing Systems 

The best way to investigate the performance of abrasive processes is to measure the physical properties 

of the generated surface in real-time. As cutting zones are inaccessible, it is unlikely to measure the quality of a 

workpiece surface in real-time by direct sensing techniques [6]. An indirect measuring technique that is competent 

in sensing and co-relating evidence related to the machined surface in real-time is always required[82]. The 

significant advantage of using in-process sensing is that the quality of all machined zone is ensured as compared 

to the traditionally practiced metrological technique based on random sampling. Integration of a sensor for 

optimizing manufacturing environment demands reasonable confidence in the sensor as it should be capable of 

detecting the desired process characteristic consistently. The way by which various sensors are incorporated into 

the operation of the system is usually a significant factor in the overall design of an intelligent system [83, 84]. 

Sensors that are used to retrieve quality information from the process should be in such a way that it does not 

intrude in the actual process or require extensive alteration on the machine. A multiple-modal sensor system is 

essential for process scrutinizing to identify the states of the individual components of a machining system. For 

monitoring in precision manufacturing regime where the tolerances on the surface finish are very tight, this 

approach is of particular importance [85].  

Abrasive finishing process takes place at sub-micrometer to nanoscale dimensions and is capable of achieving 

surfaces finish of very high quality, i.e. they fall in the precision machining regime. At these levels, the machining 

process, surface finish, and chip formation are more intimately affected by the material properties such as 

ductile/brittle behavior. Any kind of mechanical contact of a sensor with any abrasive tool causes severe problems 

because the grains always tend to grind the material of the touching element. Usage of coolant during the finishing 

process has a negative impact on the use of optical sensing systems, so they are also not the right choice in 

industrial production. Therefore, sensor incorporated for real-time data retrieval for any abrasive machining 

process should be capable of detecting any change in the process with high consistency with minimal distance 

from the machining zone. Sensor characteristics are determined by the significance of the event to be captured 

that correlates to the process state [86]. Material to be machined, sensitivity to surface integrity and geometric 

quality to be achieved, has to be taken into consideration when choosing a suitable sensor[45]. The critical events 

that are to be monitored and research efforts to capture them for different finishing process are listed in Table 3. 
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Table 3 Sensor capabilities to predict the events in the machining zone 

Sensors Process Purpose Reference 

Piezo-

Acoustic 

Emission 

(AE) 

Abrasive flow 

machining 

 Study performance characteristics of AFM 

 Understand material removal modes 
[87] 

Lapping 

 Influence of process parameters on the characteristics 

of the AE curve was investigated. 

 In-process material removal rate (MRR) monitoring. 

[88, 89]  

Vibratory media 

finishing 
 Differentiate normal and scratching types of media 

contacts 
[90] 

Abrasive belt 

grinding 
 Tool condition monitoring [75, 91] 

Polishing stone  Determine the state of the tool [92] 

Abrasive disk 
 Achieve better surface quality 

 Contact detection 
[93, 94] 

Grinding 

 Grinding wheel condition monitoring 

 Monitor dressing process 

 Estimate wheel contact/grit contact 

 Determine the duration of spark out 

 Chatter detection 

 Grinding burn 

 Monitoring of material removal 

 Sub-surface integrity 

 Surface quality 

[69, 95-

134] 

Honing  Condition of the honing tools [135-138] 

Force 

Abrasive flow 

machining 
 Correlate cutting force components on surface 

roughness produced 
[139] 

Abrasive belt 

grinding 

 Tool condition monitoring 

 Endpoint detection of weld seam removal 
[75, 140] 

Grinding 

 Grinding wheel condition monitoring 

 Chatter detection 

 Monitor grinding parameters 

 Monitor dressing process 

 Grinding burn 

[69, 95, 

96, 101, 

115, 119-

121, 141-

143] 

Vibratory media 

finishing 
 Study plastic deformation and erosion of a workpiece 

surface during media impact 
[144] 

Honing  Condition of the honing tools [136] 

Vibration 

Abrasive belt 

grinding 

 Tool condition monitoring 

 Endpoint detection of weld seam removal 
[75, 140] 

Flap wheel  Determine surface finish quality [145] 
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Grinding 

 Model relationship between grinding characteristics 

and sensor data 

 Grinding wheel condition monitoring 

 Monitor dressing process 

 Chatter detection 

 Surface roughness prediction 

 Grinding burn 

[95, 96, 

100, 101, 

115, 119-

121, 127, 

129, 146, 

147] 

Honing  Condition of the honing tools [136] 

Temperature 
Abrasive flow 

machining 
 Correlate temperature and media viscosity on material 

removal efficiency 
[148] 

Microphone 

– Airborne 

acoustic 

Abrasive belt 

grinding 
 Tool condition monitoring 

[149, 

150] 

Grinding 
 Model relationship between grinding characteristics 

and sensor data 
[146] 

Current/ 

power 

Polishing stone  Determine the state of the tool [92] 

Abrasive disk  Contact detection [94] 

Grinding  Grinding burn 
[129, 

151] 

Vision / 

optical 

Abrasive belt 

grinding 

 Endpoint detection of weld seam removal 

 Surface quality/ material removal 
[152-154] 

Vibratory media 

finishing 
 Measure surface media velocity fields [155] 

Grinding 
 Condition of grinding wheels 

 Changing behaviors of cutting edges 
[156-168] 

Fig.24 also shows the relative frequency of usage of sensors for process monitoring in finishing processes from 

literature. Acoustic emission sensor has been used more frequently compared to other sensors owing to its 

sensitivity. 

 

Fig.24 Relative frequency of usage of sensors in monitoring abrasive finishing processes. 

 Sensitivity loss of force and vibration sensors are higher at a high frequency where most of the micro-cutting 

components are dominant, as shown in Fig.25. Acoustic emission does not capture low-frequency disturbance 

signals but is very sensitive to a high-frequency range, which makes it a suitable contender to monitor any abrasive 
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machining process. Nonetheless, the accuracy of the AE sensor depends predominantly upon the detection angle 

and the distance between the sensor and the workpiece to be measured.  

 

Fig.25 Sensor classification based on operating frequency range and chip thickness [169], with kind 

permission from Springer Science. 

Finishing operations represent a critical and expensive phase of the overall production process. 

Monitoring such processes rely heavily on sensor characteristics. Research efforts on monitoring the finishing 

process are more inclined to the retrieval of information about the abrasive tool as it is the factor that degrades 

with time, which affects the surface quality. Along with the sensors, the application of advanced signal-processing 

techniques is required to understand the complex interaction and transition states in the process. Statistical features 

from the time domain, frequency domain and time-frequency domain analysis are generally combined with AI 

algorithms in monitoring and modelling of manufacturing processes [6, 170]. The choice of AI technique is 

decisive to develop reliable models in finishing processes. The choice of AI techniques for a manufacturing 

process primarily depends on the previous knowledge of the process, nature of the process, information from the 

sensor and type of experimental samples which is discussed in section 5. 

5. Intelligent Modelling and Monitoring  

The optimal input parameters for realizing the desired output quality like material removal, surface 

roughness, etc. in machining can be achieved when they are modelled. Theoretical models based on scientific 

principles are generally the first modelling approach. However, theoretical models are very complicated to 

develop because of an inadequate understanding and complexity of machining processes [55]. Most prevailing 

theoretical models for abrasive finishing processes involve assumptions and are restricted to very few measurable 

quantities and sensors. The stochastic nature of material non-homogeneity, machine/ tool vibration, abrasive tool 

degradation, chip formation and undefined contacts makes it difficult to model the abrasive processes 

theoretically. Robust modelling of abrasive processes taking into account all theoretical variables, without 

assumptions is a trivial task which also consumes time. Theoretical models can be effectively used for abrasive 

finishing unless the variables/ parameters are not altered drastically, which is not a reality in the industry. Even 

though a large grey area is present between process conditions and human understanding in finishing processes, 

they can be modelled in a better way than a theoretical approach using ML and DL techniques. The ML and DL 

algorithms can recognize patterns and correlations hidden in the data without assumptions. 

Apart from modelling the abrasive process using ML and DL techniques, it is also essential to monitor 

the abrasive process in real-time. Abrasive grains are subjected to tool degradation, as discussed in section 3. 

Therefore, their states have to be monitored continuously or intermittently. The purpose of process monitoring is 

so that the operator or the machine itself can react early enough to the undesirable phenomenon’s listed in Table 

3. The undesirable events that affect the output quality in any process can be identified indirectly from sensors 

sensitive to those events. The highly complex and non-linear patterns in sensor data from the production line, 

environmental data and machine tool parameters can be identified using ML and DL techniques. Modelling and 

monitoring for finishing processes can be established using ML and DL techniques either by regression or 

classification.  
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5.1 Modelling of the finishing process 

Analytical models that explain a highly non-linear relationship with interactions among process variables 

are challenging to obtain. Performance prediction of any machining process such as surface roughness, material 

removal, depth of cut, etc. could be modelled [171-173] using ML techniques by correlating to machining 

parameters and sensor data as shown in Fig.26 

 

Fig.26 Schematics of applications of ML in modelling machining processes [171], with kind 

permission from Springer Science. 

Some advantages of such an approach include minimum need of understanding of the underlying 

mechanisms. But it has to be noted that in developing statistical models for process control, it is vital that the 

model is supplied with input parameters that have maximum impact for achieving the desired objective. As far as 

statistical modelling of the machining process, it requires predictor variables such as process parameters, sensor 

data, etc. and response variable such as material removal, surface roughness, etc. Artificial intelligence techniques, 

such as ANN and expert systems, have been increasingly used to statistical model process behavior in areas where 

analytical models are unavailable. 

Table 4 Data-driven modelling of finishing processes. 

Process 
Modelling 

objective 
Parameter Algorithm 

Reference 

Grinding 

Predicting burns 
Dressing, wheel grade, grit size, 

cut depth, table speed, coolant 
Fuzzy [174] 

Time to burn 
Speed, power, Infeed and 

diameter 
ANN [175] 

Temperature to 

burn 

Grinding force, sensor Root 

Mean Squared (RMS), time 
ANN [115] 
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Vibrations 

prediction 
Speed, feed rate and depth of cut ANFIS [147] 

Surface roughness 

Speed, feed rate and depth of cut ANFIS [147] 

Power spectral density ANFIS [176] 

Process parameters Fuzzy [177-179] 

Model parameter 

to sensor data 

Power drawn, feed rate, surface 

roughness 

Multiple 

regression, 

ANFIS 

[146, 180] 

Abrasive 

waterjet 

machining 

Surface roughness 

Traverse speed, waterjet 

pressure, distance, grit size and 

flow rate 

ANN [181] 

Abrasive flow 

machining 

Airflow output 

weight, surface finish, airflow, 

machine setting, Media 

condition, Temperature 

ANN [182] 

Surface finish, 

process 

performance 

Workpiece condition, machining 

parameters, media characteristics 
ANN [183] 

Belt grinding Material removal 
Wheel speed, hardness, feed, 

force, grit size 

ANFIS, RF, 

Stepwise-

regression 

[66, 74] 

Vibratory 

media 

finishing 

Material removal  
Workpiece density, time, media 

type, acceleration 
ANN [184] 

 

Previous works on modelling different finishing processes are listed in Table 4. Most of the statistical 

modelling work for finishing processes have been accomplished with ANN and Adaptive Neuro-Fuzzy Inference 

System (ANFIS) that can map a highly non-linear relationship, which is the characteristics of any abrasive process.  

Nandi and Banerjee [179] proposed a neuro-fuzzy model to predict power requirement and surface roughness 

better than mathematical models in cylindrical plunge grinding process using input variables such as wheel speed, 

feed rate and work speed. Fig. 27 shows the proposed neuro-fuzzy architecture with eight (2×2×2) rules with each 

input variables has two linguistic values medium and low. A three-layer fuzzy model was designed by Ali and 

Zhang [177] to correlate surface roughness using the fuzzy rules generated based on experimental observations 

and recommendations from wheel manufacturers. 

 

Fig. 27 Architecture of neuro-fuzzy having 3 inputs–2 outputs with eight rules to model plunge 

grinding. Reprinted by permission from Elsevier License: Elsevier [179]. 

A back-propagation-type neural network with mean square error (MSE) loss function as shown in Fig.28 

was used to model the time-to-burn with input variables such as work speed, in-feed, grinding power and the 

working diameter as input to neurons in the first layer [175]. Similarly,  correlation of process variables with 

temperature to burn in grinding high speed steel has also been established [115]. Though ANN correlates the input 

and output variables with good confidence for abrasive processes based on literature, it has been stated in such a 
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way that it essentially functions as a ’black box’. There have been minimum efforts so far on retrieval of 

information of the patterns learnt by each node of the network. Lezanski [95] had optimized the network by 

applying weight pruning method to eliminate nodes to classify the condition of the grinding wheel. z, there are no 

reports on a specific rule for determining the structure of the ANN and most of the work on abrasive processes 

are configured based on trial and error.  

 

 

Fig.28 A typical neural-network structure with the input and output variables. Reprinted by permission 

from Elsevier License: Elsevier [175]. 

Surface roughness and material removal have also been modelled for processes such as belt grinding, 

abrasive jet machining, grinding, etc. [66, 74, 147, 181]. Vijayaraghavan and Castagne [184] modelled material 

removal rate (MRR) in mass finishing process using the ANN with inputs as workpiece density, machine 

acceleration, media factor, and processing time. Apart from surface roughness model and, MRR, the relationships 

between grinding parameters and signal characteristics of sensor like AE and accelerometer have been optimized 

by multiple regression [146]. The authors have also explored other regression modelling techniques such as 

ANFIS, RF apart from ANN to estimate material removal based on parameters in the belt grinding process [74]. 

Based on the evolution of membership function after training in ANFIS and Out-of-bag (OOB) error score in RF, 

it was evident that the grit size factor played a dominant role. Extraction of such information from ANN is trivial. 

For establishing a generalized data-driven model, is it critical to establish the parameter level using 

Design of Experiments (DoE’s). The level of the individual parameters determines the mapping function of these 

data-driven models. Reduction of the parameter space with DoE is seen as a simple approach to statistical model 

the abrasive finishing process [185-188]. Apart from establishing equal importance for the parameter levels, 

emphasize should also be put on the volume of the data set. Besides, modelling of the finishing process using ML 

algorithms, they have also been used to optimize the parameter to maximize material removal, reduce production 

time and cost [189-192]. With manufacturing industries evolving and new materials been introduced rapidly, 

modelling process analytically, especially for abrasive finishing, will be a challenging task. Therefore, data-driven 

modelling based on ML algorithms will be a promising alternative. As far as modelling of abrasive processes in 

metals, sparse efforts have been put on modelling using ML techniques such as RF, Support Vector Regression 

(SVR), etc [17]. DL algorithms have never been tried or reported in the literature, which is also a gap that requires 

bridging by the research community. 

5.2 Monitoring of finishing process 

In the real-time monitoring of modern automated machining systems, ML and DL methods play a 

primary role. A decision-making process in monitoring is based on the relationship between the process/tool 

conditions and the feature-bearing sensor signals.  In-direct sensors, as discussed in Section 4, have demonstrated 

a high degree of confidence in characterizing various phenomena, hence, lending credence to its suitability for 

abrasive process monitoring. Fig.29 shows all the building blocks which are required for process monitoring [170] 

and negligence of significant factors in each block will affect the performance of the developed system.  
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Fig.29 Components of a monitoring system. 

Selection of proper sensors and its operating range is determined by the significance of the event to be 

captured that correlates to the process state [86]. As a rule of thumb, data acquisition rate is based on the Nyquist-

Shannon theorem which states that sampling rate should be at two times that of the maximum frequency range 

that we are interested in [86]. Failure to fulfil this requirement will result in aliasing of the reconstructed signal. 

Filtering should be carried out to eliminate unwanted attributes and undesired components that may be present 

within the signal. Filtering can be an offline or an online process depending on the hardware capability. Sensor 

data in the raw form may be challenging to quantify, and conversion to other physical quantities is required for 

more straightforward analysis. Time-domain and frequency-domain feature representation are obtained through 

mathematical functions from which the conversion from continuous to discrete data is realized. Conversion of the 

signal from the time-domain into the frequency-domain will facilitate us to focus on frequently occurring 

dominant frequency bands, which will give further insight into the process. Feature extraction methods can be 

roughly divided into the time domain, frequency domain and time-frequency domain. Distribution of features 

used for analysis, characterization and monitoring of abrasive finishing process is shown in Fig. 30. The features 

extracted from in-direct measurements such as cutting, forces, vibrations or AE measurements can be more 

effective monitoring phenomena such as tool wear and surface quality when combined with AI techniques. The 

AI techniques process the signal features and accomplish a pattern association assignment, thereby establishing a 

correlation between the signal feature and appropriate monitoring process state.  

 

Fig. 30 Distribution of features used for analysis and characterization of the abrasive finishing process. 
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Tool wear and surface quality, which are interrelated have been significant indicators of finishing process 

performance, therefore it is critical to monitor those. Previous works on monitoring different finishing processes 

are listed in Table 5. Generally, monitoring of machining process ranges from simple threshold limit value being 

exceeded [193] to statistical comparisons to systems. Owing to the complexity involved in the abrasive processes 

a sophisticated decision-making algorithm, rather than a simple threshold technique, may thus be necessary. 

Table 5 Data-driven monitoring of finishing processes. 

Process 
Monitoring 

objective 

Sensor feature 
Algorithm 

Reference 

Grinding 

Workpiece burn 

Band power, Kurtosis Skewness and 

autoregressive (AR) coefficients 
ANN 

[194] 

Wavelet packet transform Fuzzy [117] 

RMS, Mean value dispersion, 

Autocorrelation, Kurtosis and 

skewness 

Fuzzy 

[133, 195] 

Static power, RMS, FFT and 

dynamic power 
ANN 

[196, 197] 

Wavelet packet decomposition 

features 
Sparse autoencoder 

[121] 

FFT and Wavelet Transform SVM [151] 

STFT Genetic 

Programming 

[130] 

Wheel condition 

RMS, amplitude, ring-down count, 

average signal level 

DT, ANN, 

and support vector 

machine 

[198, 199] 

Wavelet-based energy features Genetic Algorithm 

(GA) 

[102] 

Ratio of power features in 

frequency bands 
Fuzzy 

[110] 

Statistical and spectral Neuro-fuzzy [95, 96] 

STFT analysis SVM [200] 

Autoregressive and discrete wavelet 

decomposition 

K-Nearest Neighbor 

(kNN) 

[118] 

Autocorrelation and partial 

autocorrelation 

Minimum distance 

classifier 

[201] 

Discrete wavelet decomposition HMM [202] 

Wavelet analysis SVM [113, 203] 

Time-domain and frequency-

domain features 

Long 

Short-Term Memory 

[120] 

Chatter vibration 

Static power, RMS, FFT and 

dynamic power 
ANN 

[196, 197] 

FFT spectrum ANN [204] 

Time-domain and frequency-

domain features 
SVM 

[129] 

STFT Genetic Programming [130] 

Surface roughness 
Wavelet transform feature from two 

bands 
SVM 

[205] 

Deburring Surface quality 
Wavelet decomposition and 

Welch’s spectrum 
ANFIS 

[145] 

Belt 

grinding 

Tool wear 

Time-domain and frequency-

domain features 

SVM, kNN, ANN, 

DT, Naive Bayes 

[75] 

Time-frequency spectrum image CNN [149] 

Discrete Wavelet Decomposition ANN [150] 

Condition 

monitoring of belt 

tool 

Time-domain 

RF 

[91] 

Detection of weld 

state 

Wavelet features SVM, kNN, ANN, 

DT, Naive Bayes 

[74] 
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Image pixels Encoder-Decoder 

CNN 

[152] 

Polishing 

stone 

Tool change and 

surface roughness 

Statistical and PCA features 
ANN 

[92] 

As listed in Table 5, the statistical features based on frequency and time-frequency are mostly used as 

input to trains models to monitor the finishing process. Wavelet decomposition and Welch’s spectrum estimate 

were used as features for training ANFIS with least square estimation to the predict surface finish quality in 

deburring [145]. Alexandre et al. [110] predicted the conditions of the grinding wheel topography in real-time 

using frequency domain analysis and fuzzy system. Classification of undesirable events such as burning, chatter 

vibration from the normal condition in the grinding process has also been achieved using ANN based on AE 

sensor data [197]. The architecture of the ANN built in this study had RMS peak, Fast Fourier Transform (FFT) 

peak, the count out of the threshold, and the standard deviation of AE signals as the input neurons and burning, 

chatter vibration and normal condition as the output neurons as shown in Fig.31. The feed-forward back 

propagation neural network and fuzzy logic have been combinedly used to classify the condition of the grinding 

wheel where the former has been used for feature subset selection, and the latter is used for classification [95].  

 

Fig.31 The architecture of the neural network used in this study. Reprinted by permission from Elsevier License: 

Elsevier [197]. 

Apart from ANN, neuro-fuzzy and fuzzy systems other algorithms such as SVM, Naive Bayes, DT, HMM have 

been reported in the literature for monitoring finishing processes. SVM algorithm using Radial Basis Function 

(RBF) kernel has been used to classify sharp and worn wheels using wavelet features acquired from AE [113]. 

Monitoring the condition of grinding wheel have also been accomplished by building the distance matrix using 

HMM and then applying partition-based clustering methods [202]. Feature selection and optimization form an 

integral part during training models for monitoring. Reducing feature space facilitates computation cost and helps 

to identify process state nearly real-time. Few works on feature selection and reduction using Genetic Algorithms 

(GA), Ant Colony Optimization (ACO), etc. for abrasive process monitoring have been formulated [75, 95, 118, 

206]. The major concentration of modelling and monitoring of finishing process in metals have been performed 

using ANN followed by neuro-fuzzy and fuzzy, as shown in Fig.32.  
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Fig.32 Relative frequency of usage of soft-computing methodologies in monitoring and modelling abrasive 

finishing processes. 

Unlike modelling abrasive processes using only ML’s, for monitoring, DL based decision-making 

algorithms have been established and reported in the literature [120, 149, 152]. Encoder-decoder framework as 

shown in Fig. 33 has been developed by modifying conventional VGG-16 network to predict and localise the state 

of weld profile from images captured during belt grinding process [152].  The trained network was able to classify 

the state of weld profile geometry evolution irrespective of the variable grinding parameters. 

 

Fig. 33 Machine-vision based encoder-decoder convolutional neural networks architecture to monitor weld 

profile geometry. Reprinted by permission from Elsevier License: Elsevier [152]. 

The Deep Convolutional Neural Network (DCNN) has also been used to predict tool wear in belt grinding 

by converting microphone sensor signals into using time-frequency spectrum image representation as network 

input [149]. A comparative study in terms of prediction accuracy in wheel wear monitoring between conventional 

ML and DL has also been explored [120]. Most works on using AI for monitoring and modelling are exercised 

more on the grinding process compared to other abrasive finishing processes which require immediate attention 

among the research community, as shown in Fig. 34. 
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Fig. 34 Usage of soft-computing methodologies in monitoring and modelling different abrasive finishing 

processes from literature. 

6. Conclusions 

A potential way of taking maximum advantage of the abrasive finishing is to model and monitor the 

characteristic features of the process. With manufacturing techniques such as AM of metals getting industrialized 

[207] and newer material alloys developed, the building of comprehensive analytical models with simplified 

assumptions is not feasible in abrasive finishing. In that perspective, data-driven approaches always have an edge 

compared to analytical models. Data-driven approaches add value to the whole manufacturing chain as they are 

also a core component of Industrie 4.0 concept. The probable further research tendency and trends on data-driven 

monitoring and modelling for abrasive finishing are discussed below. 

 Though efforts have been made to understand the parameters involved in different finishing processes, 

effort on statistically model these processes using AI techniques have been minimum. Most AI 

techniques popular among the research communities have not been entirely exploited for modelling of 

abrasive finishing processes. It is also to be noted that the complexity of the abrasive processes and the 

varieties in its dynamics from one application to another limit us to develop a universal model, making 

AI model-based control applicable only to a specific application. 

 Most of the research work for monitoring faults and defects in abrasive finishing processes have been 

performed based on categorical classification. A minimum effort has been put to model or predict 

phenomenon’s and mechanisms that degrade with time, especially on predicting remaining useful life of 

the abrasive tool. Knowing the remaining useful life of coated tools would greatly facilitate tool 

replacement decision-making process. 

 Until today, AI models developed for finishing processes are governed by parameters levels, sensor data, 

experimental conditions and any drastic change of conditions will result in a loss in performance of the 

model. Therefore, emphasis should be taken more on developing evolutionary algorithms that can adapt 

changes and predict unknown space for modelling and monitoring.  

 With the ongoing newly developed abrasive processes, besides the improvement of existing ones, it is 

obviously imperative to understand the underlying physics among the process for valid sensor selection, 

feature extraction and choice of soft computing techniques. Efforts to augment physical understanding 

of the processes using data-driven models are still in the early stages, which requires special attention 

from the research communities. 

 Most works in modelling and monitoring had been explored using conventional machine learning 

algorithms in the literature. Alternatively, deep learning algorithms could also be explored to model and 

monitor the finishing process. Most literature works that employ AI for finishing processes are proven 

at laboratory scale. Migrating the AI models to production plants might cause them to fail as it would be 

unfamiliar with new scenarios. This emphasizes on using transfer learning algorithms to retrain them 

with the new scenarios augmenting them with the previous knowledge. 

 Finally, modelling and self-monitoring implementation of manufacturing processes has to support the 

development of interoperable ecosystem relevant to the Industry 4.0 concept with ease. 
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