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Abstract: The increasing demand for environmentally friendly manufacturing processes has led to the need for 
optimizing the use of cutting fluids in turning and milling processes. Cutting fluids are commonly 
used in cutting processes to reduce tool wear and improve cutting performance. However, cutting 
fluids have a negative impact on environment and human health. This paper proposes a conceptual 
model of аn information system based on digital twin of the production process. This system will 
enable monitoring of the manufacturing process and provide a decision support system for helping 
industrial engineers manage its parameters. The model is represented by using SADT (Structured 
Analysis and Design Technique), and it is presented by using one of the most common problems of 
optimizing cutting fluid usage in cutting processes on CNC machines from an ecological perspective. 
The proposed model considers various cutting process parameters (cutting speed, feed rate, depth of 
cut) and cutting environment factors (cutting process temperature) to determine the optimal cutting 
fluid flow rate. To optimize the usage of cutting fluid, the smart information system acquires, 
processes, and stores data from cutting process temperature and cutting fluid flow sensors to establish 
the correlation between process parameters and sensor data, which is then used to develop a model. 
The proposed model can be integrated with existing CNC machines to reduce environmental impact 
while maintaining high productivity. This paper provides a promising approach for optimizing cutting 
fluid usage in CNC machining processes while promoting ecological sustainability. 

Keywords: Cutting fluid optimization; Digital twin; SADT (Structured Analysis and Design Technique); 
Ecological sustainability; Sensors system 

 

I. INTRODUCTION 
Manufacturing industries have been a significant 

contributor to environmental degradation. The 
increasing demand for sustainable and eco-friendly 
manufacturing processes has become a crucial issue 
in recent years [1]. Machining processes such as 
turning and milling are widely used in the 
manufacturing industry. Cutting fluid (CF) is a type 
of coolant and lubricant designed specifically for 
metalworking and machining processes [2].  

One of the significant challenges in machining 
processes is the optimization of CF usage. The 
cutting process heavily relies on CFs as crucial 
components. CFs are commonly used in turning and 

milling processes to reduce tool wear and improve 
cutting performance. During the cutting processes, 
CFs are vital in ensuring optimal cutting 
performance, prolonging tool life, preventing 
workpiece damage, enhancing surface quality, and 
boosting productivity [3]. However, the CFs usage 
has adverse effects on the environment, including 
water pollution, air pollution and the generation of 
hazardous waste.  

CFs are one of the main causes of environmental 
pollution during the machining [4]. Therefore, the 
increasing demand for eco-friendly production 
methods due to environmental concerns has led to a 
growing interest in developing alternative methods 
for reducing the CFs usage while maintaining or 
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improving machining performance. Also, CFs usage, 
in addition to a significant impact on the 
environment due to their composition and disposal, 
also leads to potential health risks and economic 
costs [5]. CF usage accounts for a substantial portion 
of production costs, averaging up to 17%, with only 
6% attributed to the price of the fluid, and the 
remaining 94% to CF usage costs [6, 7].  

The ultimate goal of eliminating CFs is often 
unattainable due to the stringent requirements of 
machining operations, making dry machining 
conditions not always a viable alternative [8]. Due to 
the adverse effects of CFs, it is essential to minimize 
their usage in cases where dry machining is not 
feasible. Minimizing CFs usage contributes to 
reducing environmental pollution, potential health 
risks to operators, and economic costs. To reduce the 
CFs usage and meet the aforementioned objectives, 
it is imperative to optimize the cutting process while 
ensuring that desired productivity and the final 
product quality are not compromised. This implies 
that the optimal usage of CFs is essentially the 
minimum amount required to satisfy the necessary 
surface quality and main machine time [9].  

During machining operations, workpiece materials 
undergo plastic deformation that results in 
significant thermal stresses on both the cutting tools 
and workpieces [10]. To reduce the thermal stress 
that occurs, CFs are used. This means that the CFs 
usage is closely related to the heat generated in the 
cutting zone [11]. Therefore, when optimizing CF 
usage during cutting processes, it is essential to 
consider the heat generated, which necessitates the 
use of a temperature measuring sensor. To optimize 
the CFs usage, data from CF flow sensor and cutting 
process parameters are essential, in addition to 
temperature sensor data. Once all necessary data is 
gathered, filtered, and analysed, it leads to the 
correlation between the data that is used for 
developing an optimization model.  

The integration of digital technologies into 
manufacturing processes has revolutionized the way 
production systems are managed and optimized. One 
promising approach is the utilization of digital twins. 
The escalating digitization of various aspects of 
daily life has resulted in increased opportunities for 
data acquisition, storage, transfer, and analysis, 
which has in turn fostered high expectations for the 
"Digital Twins" concept [12]. 

This paper introduces a conceptual model of an 
information system based on digital twin (DT) of 
manufacturing processes, specifically cutting. The 
information system is represented by using 
Structured Analysis and Design Technique (SADT). 
SADT is a comprehensive systems engineering and 
software engineering methodology employed for 
describing systems as a hierarchical arrangement of 
functions. The hierarchical structure enables the 

decomposition of the system into smaller parts and 
thus increases the detail of the system analysis. 
SADT is a graphical notation that is primarily 
intended to assist individuals in effectively 
describing and comprehending complex systems 
[13]. As the cutting process itself is very complex, 
SADT represents a good method for creating a 
conceptual model of an information system based on 
digital twin (DT) of cutting processes. 

This paper presents a conceptual system that 
builds upon the authors' extensive experience in 
production engineering and workflow management. 
The conceptual model developed in this study serves 
as a crucial initial step in introducing a DT. The 
authors aim to transfer their knowledge and expertise 
into a novel workflow that enhances manufacturing 
processes by harnessing the power of real-time 
sensor(s) data. Central to this conceptual system is 
an information system model proposal that facilitates 
data acquisition and management. In the initial stage, 
expert knowledge will be leveraged to establish an 
expert system based on the user-expert experience in 
the manufacturing process. The main goal is to 
develop and propose a conceptual model of the 
intelligent information system that will enable 
different solutions to improve the manufacturing 
processes in clean manufacturing, process and 
product quality. The conceptual model of the 
information system is general, but to enable a better 
understanding of its possible applications, the focus 
will be on optimizing the usage of CFs in cutting 
processes on CNC machines, considering ecological 
sustainability. 

II. DIGITAL TWINS 
Digital Twins (DTs) are becoming increasingly 

more important in research and industry as they offer 
significant benefits in the transition from traditional 
manufacturing to Smart Factories in line with 
Industry 4.0. DTs represent a multidisciplinary 
technology that harnesses the power of models, data, 
machines, and computers to deliver efficient, real-
time, and intelligent services across various domains 
of smart manufacturing [14]. DTs have been widely 
adopted in the manufacturing industry to improve 
production efficiency and reduce costs. In recent 
years, DTs have been extended to environmental 
management, with applications in energy 
management and carbon footprint reduction. 

When discussing DTs, it's important to consider 
their different integration levels: Digital Model 
(DM), Digital Shadow (DS), and full-fledged Digital 
Twin (DT) [15]. These levels represent varying 
degrees of data integration between the physical and 
virtual counterparts. The DM serves as a 
foundational virtual representation with geometric 
and static data. DS act as intermediaries, 
incorporating static and dynamic data for monitoring 
and analysis but lacking real-time control. Finally, 
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the DT is a dynamic virtual replica closely mirroring 
the physical system in real-time, integrating various 
data sources and enabling real-time monitoring, 
control, and interaction. 

Various definitions of DTs have been proposed by 
the scientific community with the goal of providing 
a consistent and comprehensive understanding of 
their diverse applications [16]. The absence of a 
universally accepted definition of DTs stems from 
their wide applicability across diverse industries, the 
rapidly evolving nature of the field, varying 
perspectives from different disciplines and 
communities, and the flexibility in implementation 
using different technologies and platforms. Overall, 
DT is a virtual model that replicates the physical 
characteristics and behaviour of a real-world object 
or system. They serve as an interface connecting the 
physical and information worlds [14].  

The DT acquires and analyses data from its 
physical counterpart or other sources, using models 
and real-time and historical sensor data to assess the 
current state and predict future behaviour. By 
processing data, the DT generates recommendations, 
including optimization suggestions, which can be 
shared with users or integrated back into the physical 
system. The DT improves its own models by 
incorporating current data through a control loop, 
ensuring continuous refinement and adaptation to 
environmental changes for optimized results. DTs 
offer direct support to decision-making processes by 
providing specific recommendations or even acting 
autonomously [12]. The paper presents a conceptual 
model of a smart information system that utilizes a 
DT for decision-making. 

III. SADT METHOD 
SADT method is a diagramming technique that 

provides a graphical notation used in systems 
engineering for graphical modelling, description, 
and analysis of the structure of complex systems, 
their functions, and processes [13]. SADT, which 
can be applied to various systems comprising 
different components, enables analysis of their 
interrelated relationships. It offers a systematic 
approach to optimize machining processes by 
examining functions and activities involved. Widely 
used in software engineering and computer-aided 
manufacturing systems, SADT diagrams visually 
represent the system, aiding stakeholders in 
comprehending its behaviour and structure [13, 17-
20]. 

In SADT, boxes and arrows are used as graphical 
symbols for constructing diagrams. Boxes represent 
processes, functions, actions, entities, or activities 
and contain brief descriptions. In SADT graphical 
notation, each box in the diagram is labelled in the 
lower right corner.  

Arrows, in SADT graphical notation, have specific 
meanings: 
• Inputs enter from the left, representing necessary 

data or consumables;  
• Outputs exit to the right, indicating resulting data 

or products;  
• Controls enter from the top, representing 

commands or conditions influencing the activity;  
• Mechanisms enter from the bottom, signifying 

the means, components, or tools used to perform 
the activity and allocate activities. 

SADT hierarchically represents complex systems, 
ensuring consistency and offering detailed 
information at each level. Breaking down systems 
allows analysts to identify issues and areas for 
improvement. Hierarchical SADT diagrams provide 
benefits such as clear representation, understanding 
of component interactions, and a framework for 
analysis, design, and testing. 

IV. RESULTS AND ANALYSIS 
The smart information system is a complex system 

representing a manufacturing environment 
workflow. The main components, which are the 
focus of this research, are data processing and 
decision support system. For data processing, DT is 
used to represent manufacturing processes and 
acquire real-time data using IoT, which is Industry 
4.0 approach. The Decision Support system is an 
intelligent part of the information system focused on 
making decisions that will help industrial engineers 
resolve complex issues in the manufacturing 
environment. In the initial stage (concept), the 
decision support system will enable applying an 
expert system formed by using specialist knowledge, 
and an optimization model for finding the optimum 
of a defined process (CF in this case). Furthermore, 
machine learning will be applied to predict various 
solutions when enough sensor data is acquired in 
future work.  

For this research, the information system will be 
demonstrated by applying SADT conceptual model 
of the cutting process on a CNC machine to optimize 
CF usage is hierarchical and consists of several 
levels of detail. This conceptual smart information 
system model is based on the authors' extensive 
experience in production engineering and workflow 
management. The highest level of the hierarchy 
depicts the system's overarching objective, which is 
further decomposed into constituent processes and 
sub-processes. 

At the first level, the context diagram shows the 
overall smart information system that uses a DT of a 
process for decision-making. Overall SADT diagram 
of smart information system and its main inputs, 
outputs, resources/mechanisms and control elements 
is shown in Fig. 1.  
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Figure 1. Smart information system A0 - context 

diagram  

The system relies on essential data obtained 
through the use of resources, while considering 
established standards, rules, limitations and 
knowledge. In this stage, authors propose a 
conceptual information system model that utilizes 
real-time sensor data for data acquisition, serving as 
an initial step in introducing a DT. The following is 
a description of the element of the Smart information 
system for optimizing CF usage in CNC cutting 
process according to SADT specification. 

Main inputs:  
• Optimization (I1) and/or User Defined problem 

(I2) represents the main objective of the system, 
which is to optimize or to solve the cutting 
process. In this case, the focus will be on 
optimizing the usage of CFs, while ensuring that 
the quality of the final product and productivity 
are not compromised. 

• Sensors data (I3) refers to the data obtained from 
the temperature and CF flow sensors, which 
provide information about the cutting process. 

• Parameters data (I4) represents the cutting 
process parameters data, such as cutting speed, 
feed rate, and depth of cut, which are necessary 
for optimizing the cutting process. 

Main resources/mechanism:  
• Cutting process environment (M1) includes the 

cutting tool, workpiece, CNC machine and 
operator. 

• Sensor system (M2) includes a CF flow sensor 
and an industrial temperature measurement 
sensor which gather data from the cutting 
process. 

• Control Unit (M3) provides the necessary data on 
cutting process parameters such as cutting speed, 
feed rate and depth of cut. 

• Minicomputer (M4) is a small computing device 
such as Raspberry Pi, Banana Pi, Arduino, or 
others that can be used to process data locally. 

• Edge/Gateway/Cloud (M5) includes Edge, 
Gateway, and Cloud, and is used to store and 
analyse data. 

• AI methods (M6) include proven techniques like 
Artificial Neural Network (ANN), Genetic 
Algorithm (GA), and others that have proven 
successful in similar optimization problems [21]. 

Main controls:  
• CFs knowledge (C1) involves knowledge about 

the properties and characteristics of CFs and their 
effects on the cutting process.  

• Sensors knowledge (C2) involves knowledge 
about the working principles of sensors used in 
the system. 

• Rules and limitations of optimization (C3) 
involve rules and limitations that need to be 
considered during the optimization process, such 
as surface quality and main machine time 
requirements. 

• Cutting process standards (C4) involve adhering 
to ISO standards and recommendations, such as 
temperature interval control, which provide 
guidance for optimization decisions. 

• AI knowledge (C5) involves knowledge about 
applying AI methods to optimize the cutting 
process. 

Main output:  
• Optimization (O1) and/or User Defined Model 

(O2) in this case includes the optimized CF 
usage and ensures that the cutting process is 
sustainable, reducing the CF usage while 
maintaining the required processing quality and 
productivity. The model provides 
recommendations on the optimal cutting process 
parameters that will achieve the desired 
objective: minimizing CF usage without 
compromising production quality and 
productivity. The model should allow taking 
into account different criteria and different 
boundary conditions. 

The decomposition process starts with the highest 
level of the SADT diagram, which is the context 
diagram, and progresses down through successive 
levels of detail. At the second level, the context 
diagram is decomposed into major processes with 
accompanying inputs, outputs, mechanisms, and 
control elements, with each process represented by a 
box, as shown in Fig. 2. Each process in SADT has 
its own label in the lower right corner of the box. The 
main processes represented in this first hierarchical 
decomposition step of the SADT diagram are Data 
processing (A1) and Decision support system (A2). 

The process A1 - Data processing in the SADT 
diagram involves several steps to prepare and 
process the data obtained from the cutting process. 
During this process, the system acquires necessary 
data from sensors and control unit. This data is then 
processed and stored for later use. The purpose of 
this process is to ensure that the system has access to 
relevant and accurate data for optimization or 
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solving user defined problems. The processed and 
stored data represent the output of this process.  

The process A2 - Decision support system is 
another main process in the SADT diagram that 
involves several steps for preparing and analysing 
the data that have been previously processed and 
stored locally. The output of the A1 process 
(processed and stored data) represents the input to 
this process. As part of this process, the system 
classifies and stores data on the cloud. Defined 
correlation between analysed data is used for 
developing optimization and/or user defined model. 
The model will be built to satisfy different objective 
functions and different boundary conditions. The 
decision support system serves to define optimal 
process parameters depending on and in accordance 
with optimization criteria and boundary conditions. 
Initially, this decision support system (expert 
system) based on expert knowledge will define a set 
of rules for analysing data and making preliminary 
decisions. Therefore, the expert system initially 
serves for process control and control of the 
optimization function to define the minimum value 
of CF usage. The knowledge required for this system 
will be acquired from specialists in academia and 
industrial engineering. In this process, depending on 
the case, optimization can be performed using 
optimization methods, or prediction can be applied 
using machine learning methods, or both. As more 
data is acquired, suitable AI methods will be applied. 

Finally, at the third level, each process in the 
second level is decomposed further into sub- 
processes. The decomposition of the A1 process is 
shown on a separate SADT diagram in Fig. 3. The 
process A1 includes three sub-processes: Planning 
and preparation (A11), Data acquisition and 
processing (A12) and Data storage (A13). Each sub-
process in SADT diagram is represented by a box 
with associated inputs, outputs, mechanisms and 
control elements (ICOM box). 

The sub-process A11 - Planning and preparation 
involves defining the objectives, identifying the 
requirements, and planning the resources needed for 
data processing. During the planning and preparation 
sub-process, the system determines the data 
collection requirements and identifies the necessary 
sensors and equipment to be used as data sources. 
The aim of this sub-process is to ensure that data 
processing is properly planned and prepared before 
it begins, and that all necessary resources, including 
hardware and software tools, are available to execute 
the process efficiently and effectively. The output of 
this sub-process is a planned and prepared system for 
collecting the necessary data.  

The sub-process A12 - Data acquisition and 
processing involves obtaining data from two sources 
and processing it to extract meaningful information. 
In order to eliminate superfluous data artefacts that 
are not pertinent to the analysis, such as noise, short 
circuits, and downtime, the data must undergo pre-
processing. The system removes any errors or 
inconsistencies in the data during this sub-process. 
The control unit serves as the data source, providing 
information regarding the cutting process parameters 
such as cutting speed, feed rate, and depth of cut. The 
second data source is the sensor system, which 
includes an industrial temperature measurement 
sensor and a CF flow sensor. The system converts 
the raw data into a structured format suitable for 
storage and further analysis. The sub-process 
includes data validation, filtering, cleaning, and 
transformation. The goal is to ensure the collected 
data is accurate, reliable, and usable for subsequent 
analysis. The output of this sub-process is the 
acquired and processed data, which can be used for 
further analysis.  

The sub-process A13 - Data storage involves 
securely and efficiently storing the processed data. 
The output of the A12 sub-process (acquired and 
processed data) serves as the input for this sub-

Figure 2. Main processes of Smart information system – A0 
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process. The sub-process involves storing the 
acquired and processed data locally on external hard 
drive. The system ensures that the stored data is 
organized. This sub-process uses suitable storage 
techniques and data structures to store data in a 
structured file format, which can be easily accessed. 
The sub-process includes a strategy for backup and 
recovery in case of data loss. The primary purpose of 
this sub-process is to ensure that the processed data 
is both accessible and secure. The output of this sub-
process is the locally stored data.  

The decomposition of the A2 process is shown on 
SADT diagram in Fig. 4. The process A2 includes 
three sub-processes: Preparation of data for analysis 
(A21), Data analysis (A22) and Smart model 
development and application (A23). Each sub-
process in SADT diagram is represented by an 
ICOM box. 

The sub-process A21 - Preparation of data for 
analysis involves preparing the data for subsequent 
analysis on a cloud-based platform. The output from 
the main process A1, or more specifically from the 
sub-process A13 (stored data), represents the input 
to this sub-process. This sub-process involves 
receiving data and storing it in the cloud. The sub-
process includes cleaning, transforming, and 
formatting the data to ensure that it is compatible 
with the cloud platform. Data transfer to the cloud is 
performed according to protocols and at specific 
intervals, unless there are any obstacles. If the 
connection to the cloud is interrupted for any reason, 
the data is still locally saved within the preceding 
A13 sub-process. Once the connection is restored, 
the data is transferred to the cloud. On the cloud, the 
data is classified, stored, and properly prepared in a 
suitable organized structure to be analysed. The 
purpose of this sub-process is to provide logically 

organized data on the cloud for further analysis. The 
output from this sub-process is prepared data for 
analysis. 

 The sub-process A22 - Data analysis involves 
analysing the prepared data. The purpose of this sub-
process is to identify trends, anomalies, patterns, 
correlations, and insights within the data. The sub-
process includes exploratory data analysis. The 
output of the A21 sub-process (prepared data) 
represents the input to this sub-process. This sub-
process involves using various data analysis 
techniques to draw meaningful conclusions from the 
data. The use of various data analysis techniques 
allows to analyse large datasets in different ways and 
thereby identify complex correlations between 
process parameters. The primary objective of this 
sub-process is to obtain useful insights that can help 
optimize and solve problems in the cutting process 
environment. The output of this sub-process is a 
defined correlation between data. 

The sub-process A23 - Smart model development 
and application involve the use of an expert system, 
optimization methods and AI methods, depending on 
the case and the amount of acquired data. This sub-
process generates optimization recommendations or 
problem solutions that can be directed towards the 
user or integrated back into the physical system for 
real-time optimization and management. The goal is 
to define optimal cutting process parameters 
depending on various criteria and boundary 
conditions. In this case, primary objective is to 
optimize or solve the cutting process by reducing the 
usage of CF while ensuring that the quality of the 
final product and productivity are not compromised. 
The Smart model focuses on making decisions to 
solve complex challenges in the manufacturing 
process. Initially, the expert system will be used to 

Figure 3. Sub-processes of Data processing – A2 
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make preliminary decisions using predefined rules 
based on expert knowledge from academia and 
industry. Additionally, the optimization model will 
be applied to determine the optimal parameters for 
solving the defined optimization problem in the 
cutting process. As the research progresses, machine 
learning techniques will be used to predict and 
explore different solutions as a result of 
accumulating sufficient sensor data. The aim is to 
enhance the predictive capabilities of the system and 
further optimize the decision-making process in the 
production environment. The system is continuously 
improved, refining and adapting its own 
optimization and/or user defined models using an 
ever-increasing dataset, thereby increasing its 
maturity over time. The system provides direct 
support to decision-making processes by offering 
specific recommendations or even acting 
autonomously. 

V. DISCUSSIONS 
The conceptual system is based on the extensive 

authors experience in the field of production 
engineering and workflow management. The 
conceptual model is the first step in introducing DT, 
which will help authors transfer their knowledge into 
a novel workflow based on the sensors' real-time 
data. In this stage, authors propose an information 
system model that will be used for the data 
acquisition, and in the initial stage, expert 
knowledge will be used to form an expert system 
based on the user (expert) experience in 
manufacturing process. The conceptual model does 
not define any specific optimization or machine 
learning models, yet it presents the manufacturing 

process management system's overall structure, with 
the example of CF monitoring. 

Initially, in the first stage of the information 
system application, an expert system (decision 
support system) will be used to define a set of rules 
which will be applied for analysing data and making 
initial decisions. The knowledge will be acquired 
from specialists from academia and industrial 
engineers. Then, an adequate AI method(s) will be 
applied when enough data is acquired, like the ones 
mentioned in [21]. To conclude, the smart part of the 
information system will be developed by applying 
different techniques based on the available data, and 
it will be a dynamic model, which means it will use 
various methods to establish adequate decisions. It 
will be constantly tested by using expert knowledge 
directly, or by an initially defined decision support 
system. 

In summary, this paper focuses on the concept of 
an information system model as a foundation for 
implementing a DT within the manufacturing 
domain. By combining the authors' expertise, 
sensor-based real-time data, expert knowledge, and 
AI methodologies, the conceptual system aims to 
optimize and solve various optimization and/or user 
defined problems in manufacturing processes. 

VI. CONCLUSIONS 
In conclusion, the use of CFs is a major source of 

environmental pollution and health risks, and 
reducing their usage is a key priority for 
manufacturers. In machining processes where dry 
machining is not applicable, it is necessary to 
optimize the machining process to minimize the CF 

Figure 4. Sub-processes of Decision support system – A2 
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usage. That is why the focus is on solving this 
problem. This paper proposes a conceptual model of 
an information system based on digital twin (DT) of 
cutting processes with a focus on optimizing the CFs 
usage, considering ecological sustainability. The 
conceptual model proposed in this study was 
developed using the SADT methodology owing to 
its hierarchical decomposition. The conceptual 
system described in this paper is built upon the 
author's extensive experience in manufacturing 
engineering and workflow management.  

The system aims to leverage digital twin 
technology and real-time sensor data to improve 
manufacturing processes. In the first step, data will 
be acquired, followed by making initial decisions 
using an expert system or an objective function 
(optimization). When enough data is acquired, 
machine learning will be applied to predict different 
solutions. The smart component of the information 
system will be dynamically developed using various 
techniques based on available data, continually 
tested with expert knowledge or an initially defined 
decision support system. 

The conceptual model is aligned with the vision of 
cleaner production and sustainable development, and 
it offers a promising approach for optimizing CF 
usage in CNC machining processes. Considering 
that the conceptual model is general, it can also focus 
on solving other problems and needs of the process. 
The proposed model can be integrated with existing 
CNC machines to reduce environmental impact and 
improve worker safety, while also reducing costs 
associated with CF usage. Also, with different 
criteria, boundary conditions and objective 
functions, the system will be able to adapt and make 
decisions to solve various optimization and/or user 
defined problems in manufacturing processes. 
Overall, this paper highlights the importance of 
optimizing machining processes in line with 
environmental protection and demonstrates the 

potential of optimization models for achieving 
ecological sustainability in manufacturing. 

The authors' global objective is to improve 
optimization and prediction accuracy using this 
system, and active efforts to achieve this will be 
undertaken in the forthcoming period. 
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