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Dear Readers, 
 
I sincerely hope that you and your family are safe and abiding by the social distance rules. We are all in an unprece-
dented scenario as a result of the Covid-19 Pandemic, and difficult and unpredictable times lie ahead. All authors, 
patrons, and readers are wished a great and prosperous new year on behalf of JMEP, the Editorial Board, and the 
Editorial Team of our journal. It is a fascinating and thrilling experience when a notion that has been lingering in the 
mind becomes true. This new task I have as Editor-in-Chief is one of those beloved jobs that I will do my absolute 
best to complete. I will reassure each and every one of our readers that we will continue to make efforts to improve 
the visibility, impact, editorial cycle time, citations, and general calibre of our publications. We are eager to improve 
the standing of our publications and increase the number of contributions of higher calibre. I hope our readers share 
the same vision, and we anticipate a fruitful, demanding, and prosperous year ahead. Any suggestions for improving 
our processes are appreciated in the spirit of continual improvement. 
 

 

Dr. Arijit Kundu 

Editor-in-Chief, PRAKASH 
Associate Professor 

Department of Mechanical Engineering 
Jalpaiguri Government Engineering College 
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Abstracts 
 
 
 

TRNSYS simulation of desiccant powered evaporative cooling systems in hot and humid climate 

D.B. Jani 

The Simulations of  evaporative cooling powered by desiccant dehumidification systems in hot and humid 

climate was carried out by using TRNSYS. The moisture level of  process air was substantially controlled by 
the use of  the rotary solid desiccant dehumidifier to provide thermal comfort to the indoor space. The 
simulation results mainly give the output parameters or the system performance varying over a selected 
cooling during cooling season from March to October. One needs to fix up the time for getting the output 
or performance at that instant during the selected cooling period. Design engineers can exploit the use of  
TRNSYS by considering the extreme range of  parameters in their designs to know further applicability of  
the hybrid cooling system for different climatic conditions. Also, the overall system performance can be 
predicted for variable climatic conditions for different cities in India. Solid desiccant powered evaporatice 
cooling systems are found reliable in performance, environment-friendly and capable of  improving indoor 
air quality using diversified reneable or waste energy resources. Because of  high accuracy and short 
computing time, this methodology can be useful to simulate the performance of  desiccant-assisted HVAC 
systems at different operating conditions in different climatic zones. 

 
 

 
Experimental Study of  Process Parameter for Surface Roughness in WEDM  

A. Kumar, A. Kumar, N. Dutt, V. Pratap Singh, C.S. Meena, A. Prasad 

   Wire cut Electrical-Discharge Machining (WEDM) is a machining process which utilizes a thin wire 
(around 0.18mm) for material removal. In modern machining of  complex object, it plays an important role. 
Process parameters have great in-fluence on WEDM. MRR, SR and WT are varying process parameters. In 
this article surface roughness (SR) in WEDM process was analysed using Taguchi method. To val-idate the 
results analytical and experimental results were investigated. In experiments it was observed, when peak cur-
rent value was increased, SR value also increases and in resultant a rough surface was produced. Peak current 
was observed as most influential parameter with contribu-tion of  82.12%. 
 
 

Boiling Heat Transfer of Low GWP Refrigerants: A Review  

Sudish Ray 

The boiling heat transfer of low GWP (global warming potential) refrigerants, which are more environ-

mentally benign, is studied in this work. Low GWP applications allow for greater freedom in the choice of 
suitable working fluids based on application and necessity. Human comfort demands increase as a result of 
the rapid pace of climate change in order to adapt to its negative effects. HVAC&R (Heating, Ventilation, 
Air Conditioning, and Refrigeration) is crucial for preserving the level of climate comfort in a closed space 
and its surrounds by using eco-friendly refrigerants. The purpose of this review is to provide a summary of 
significant studies on the application of low GWP refrigerants in boiling heat transfer, as well as a back-
ground on refrigerants and their many subtypes. Along with explaining the impacts of vpour quality, heat 
flux, and mass flux on pressure drop, this also discusses the implications of heat flux, mass flow, saturation 
temperature, and the heat transfer mechanism on the heat transfer coefficient. 
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A Sensitivity Analysis on a MCDM Problem Evaluated by ASRS Method 

D. Roy, S. Mitra 

Multi-Criteria Decision Making, also known as MCDM, is a highly helpful technique for assessing 

numerous issues and conclusions as well as resolving conflicts in daily life. The choice of  any technique, 
service, or product is fraught with difficulties. The choosing of  any useful product, such as a scooter, is an 
important task that requires careful research into the selection criteria, where MCDM techniques play a 
significant role. But the results that are coming with different MCDM methods are has to be consistent 
enough. This particular study associated with the checking or verifying the results that are evaluated by the 
Additive Ratio Assessment (ASRS) method with AHP weights for each Criterion. 

 
 

 
ANN Based Estimation of  Geometry of  Bead-on-Plate in Pulsed Gas Tungsten Arc Welding  

A. Das, S. Bose, S Das 

 

  Artificial Neural Networks (ANN) has been constructed for estimating the geometrical parameters of  

bead-on plate obtained through Pulse TIG (Tungsten Inert Gas) welding, also known as Gas Tungsten Arc 
Welding (GTAW). For this, the dataset have been taken from the experimental work. Welding voltage, weld-
ing current, torch travel speed and pulse frequency have been considered to be the input parameters to pre-
dict weld bead width, height of  reinforcement and depth of  penetration. Hidden layers are varied. 6 numbers 
of  nodes in the hidden layer has been found to give the best results in this work. Estimated values of  bead 
width, depth of  penetration and height of  reinforcement have been found to be quite close to the experi-
mental observation. 
 
 

Affordable cold storage for preservation of  perishable  
agricultural products in the context of  North Bengal 

U. Das, A. Mahapatra 

  A cold storehouse is the most effective system of  conserving perishable vegetable quality like tomatoes, 

potatoes cabbage, eggplant carrot, etc., but its high cost deters relinquishment by the planter, smallholder, 
producer, and entrepreneurs. Several low-cost cooling devices have been developed, but they cannot main-
tain the recommended storehouse temperature. Various types of  fruit and vegetables taste best when they're 
gathered completely ripe and also consumed or reused. Leafy vegetables and sauces also don't keep long af-
ter the crop. With fruit and vegetables from the home garden, speedy consumption and further processing 
are no problem, but consumers also want a certain shelf  life in addition to good quality and full aroma for 
bought products. This pretense is a challenge to farmers for fruit and vegetable because the metabolism of  
the products continues indeed after the crop when gathered in the optimal condition, the quality of  the 
gathered material decreases continuously – it loses taste and constituents and changes its appearance and 
thickness until it's at some point is no longer comestible. Perishable products deteriorate fleetly during the 
post-harvest chain. Thus, it is required to give an affordable cold storehouse system to enhance the quality 
and shelf  life of  the perishable agricultural products for rural as well as urban use. In the following acquaint-
ance, the reader will learn how solar cold storehouses may be used for the preservation of  perishable prod-
ucts and will be affordable to growers and smallholders, producers as well as entrepreneurs. 
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Review on Artificial Neural Network and its Application in the Field of  Engineering  

A.K. Paul, A. Prasad, A. Kumar 

  The engineers have been utilising artificial neural networks (ANNs), one of  the most effective and 

adaptable tools offered by artificial intelligence, for many years in a variety of  applications. A simple 
mathematical model of  brain functions is provided by ANNs, which are computational tools. They can be 
used for tasks like modelling, categorisation, and prediction when combined with raw data and a learning 
system. They have recently experienced a sharp increase in popularity and are currently among the most 
important study topics in the disciplines of  artificial intelligence and machine learning. Large groups of  basic 
classifiers known as neurons make up an ANN. Chemical engineers use them to automate process controls, 
model complex linkages, and forecast reactor performance. Large data sets can benefit from ANNs' capacity 
for learning, but these systems can also overfit or become stuck in local minima and are challenging to 
reverse engineer. The function of  artificial neural networks (ANNs) in chemical engineering is explored in 
this article. For creating chemical engineering processes, the ANN is quite helpful. The process is very quick 
and trustworthy. We also gathered several journal publications and current research articles, summarising the 
use of  ANN in various chemical engineering fields and its processes. 

 
Optimization of  Cutting parameters of  AISI 1018 Low Carbon Mild steel in turning  

using green cutting fluid by Taguchi Method 

S. Ghosh, M.C. Mandal, K. Das, N. Mondal, A. Ray 

 

   The objective of  this work is to optimize the response Cutting parameters (Tool wear and Material 

Removal Rate) of  AISI 1018 Low carbon mild steel by Taguchi Method in straight turningprocess. We have 
taken speed, feed, depth of  cut and types of  cutting fluids as machining parameters with their three level 
values. In our study a commercial semi-synthetic cutting fluid (SSCF) and two vegetable based cutting fluids 
are used and values of  response variables are analyzed to see if  the performance of  response machining 
parameters is increased by using Vegetable based cutting fluids for sustainable machining. For individual 
optimization,Taguchi’s L9(34) orthogonal array and Analysis of  Variance(ANOVA) are used. The optimum 
results are verified with the help of  confirmation test. 
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Review on Artificial Neural Network  

and its Application in the Field of  Engineering 
D.B. Jani* 

Government Engineering College Dahod, Gujarat Technological University, Ahmedabad, India. 
 

Abstract - The Simulations of  evaporative cooling powered by desiccant dehumidification systems in hot and humid climate was carried 

out by using TRNSYS. The moisture level of  process air was substantially controlled by the use of  the rotary solid desiccant dehumidifier to 
provide thermal comfort to the indoor space. The simulation results mainly give the output parameters or the system performance varying 
over a selected cooling during cooling season from March to October. One needs to fix up the time for getting the output or performance at 
that instant during the selected cooling period. Design engineers can exploit the use of  TRNSYS by considering the extreme range of  
parameters in their designs to know further applicability of  the hybrid cooling system for different climatic conditions. Also, the overall 
system performance can be predicted for variable climatic conditions for different cities in India. Solid desiccant powered evaporatice 
cooling systems are found reliable in performance, environment-friendly and capable of  improving indoor air quality using diversified 
reneable or waste energy resources. Because of  high accuracy and short computing time, this methodology can be useful to simulate the 
performance of  desiccant-assisted HVAC systems at different operating conditions in different climatic zones. 
 
Keywords - adsorption rate, desiccant powered evaporative cooling, regeneration temperature, TRNSYS simulation. 
 

INTRODUCTION 

Generally for the cooling purpose in buildings, offices, industries and many areas where cooling effect with controlled humid-
ity is desired we use the conventional air conditioning systems like vapour compression system or evaporative coolers. This is 
because these systems are easily available in the market at competitive price range. The vapour compression system is a com-
pact device, requires very less maintenance and provides optimum thermal comfort. Now a day the demand of vapor com-
pression cooling system is being increased continuously due to temperature rise in outdoor environment due to global warm-
ing. The main drawback of vapour compression system is that it discharges the halogenated organic compound like CFC dur-
ing leakge or maintenance. These organic compounds are severely affected to the ozone layer and main cause of depletion of 
this layer and hence leave the harmful impact on our environment line global warming which further increases load on cooling 
system. It has been observed that the condensed water on the coil surfaces offered a breeding atmosphere for the micro-
organisms like bacteria that may be a cause of health problem due to wet environment. Moreover, the traditional air condi-
tioners suffer from performance degradation especially in humid conditions. This is due to the fact that the excess moisture 
level in ventilation air considerably increases latent cooling load of the space to be conditioned due to high human occupancy 
or large space. The use of desiccant coupled sensible cooling system can alleviate this problem by controlling the temperature 
and humidity separately into cooling coil and dehumidifier respectively. It also reduces energy consumption for obtaining the 
desired thermal comfort by putting off individual component operation under achieving target for temperature or humidity 
control [1]. 
A desiccant is a hygroscopic material that sustains a state of dryness in its confined area in a moderately well-packed wheel. 
Desiccants are generally materials that have high affinity to moisture present in humid environment. It may be exists either in 
solid state or liquid state according to nature and its type. Commonly used desiccant materials are solids, and work by absorp-
tion of water [2-4]. Desiccants may be also used in other form, and may give performance with other applications, such as 
chemical bonding of water molecules. Sealed desiccant is most frequently used to take away unnecessary moisture that would 
generally degrade or even pull down products sensitive to wetness. When used like a food preservative, the desiccants have the 
cause of maintaining the food substance moist. The desiccant powered conventional evaporative cooling system (liquid/solid) 
is the one of the method to achieve comfort cooling condition in humid outdoor climate [5-7]. This system is the combination 
of several components like a desiccant coated dehumifier wheel, a heat recovery wheel for energy conservation, evaporative 
coolers for sensible heat exchange and generator or heater etc for reactiving dehumidifier for continuely work in cycle.  The 
desiccant based hybrid air conditioning system is very effective and efficient in moisture control during hot and humid climate. 
In the present study, TRNSYS simulation studio project is developed to perform simulations of a desiccant powered conven-
tional evaporative cooling system for hot and humid climatic conditions. Measurements are also carried out to observe the 

influence of operating parameters on the system performance. The obtained re-
sults show that the proposed system has ensured a substantial reduction in proc-
ess air humidity at the dehumidifier exit while maintaining the conditioned room 
indoor thermal comfort. 

*Corresponding Author: Mb.-94280 44640  
E-mail: dbjani@rediffmail.com 
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DESCRIPTION OF THE SYSTEM 

Outdoor air enters into the solid desiccant wheel at point 1where the moistures in the air is absorbed substantially by the de-
siccant material like silikagel used in dehumidifier and gets dehumidified to make the outcoming air dry. Half  portion of  the 
wheel is in contact with outdoor air is called process air section while other half  with regenerative air is called reactivation air 
section. The temperature of  the process air increases due to dehumidification while exiting the dehumdifier. This dehumidified 
air enters into the heat recovery wheel at point 2.The heat is transferred from hot dehumidified process air to regenerative air 
resulted to energy conservation in cycle. As a result of  this the air gets sensibly cooled. Also, there is no direct contact between 
process air and the regenerative air inside the heat recovery wheel. After sensible cooling the air enters into the evaporative 
cooler at point 3 where it is further cooled by evaporative cooling and the air send inside the room at point 4 in conditioned 
state. After leaving the room (at point 5) the air enters into another second evaporative cooler in reactivation process air side 
where it is cooled by evaporative cooling and exits at point 6. The air enters in the heat recovery wheel and gets partically 
heated by the process air from the desiccant wheel and leaves at point 7. Furthermore, this air is heated upto desorption tem-
perature govern by desiccant material type and requirement for adsorption rate into the secondary heater. The heat source to 
the heater may be conventional or non conventional (solar energy, waste energy etc) which are eco friendly and also reduces 
the operating cost of  the system. At point 8, the regeneration air again enters into the desiccant wheel, where it is utilized to 
regenerate the dehumidifier and finally exited to the atmosphere at point 9. A schematic view of  the solid desiccant cooling 

system and processes involved in this is shown in Fig.1. 
Fig. 1. Solid desiccant assisted dehumidification and cooling systems. 

SYSTEM MODELING 

The following assumptions have been considered in the present analysis; 
• The air flow in the desiccant wheel is incompressible. 
• The desiccant wheel is fully conserved and no heat transfer with surrounding. 
• The regeneration temperature of desiccant wheel is 80°C. 
• Effectiveness of desiccant wheel is 70% to 90%.  
• Effectiveness of direct evaporative cooler is 80% to 90%. 
• Effectiveness of heat recovery wheel 80% to 90%. 
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Fig. 2. Desiccant cooling system with recirculation mode. 

 
At point 1; 
T1 = xT1+ (1-x) T5                    ……………... (1) 
w1 = xw0+ (1-x) w5                 .……………(2) 
m1 = xm0 + (1-x) m5                …………...... (3) 
Since there is a mixing of two air stream at ‘A’, therefore 

               ……………. (4) 
At point 2;  
According to Daou et al. [1], the effectiveness of the desiccant wheel can be given by,  

                                 ……………... (5) 
According to Daou et al. [1] another relationship of effectiveness is given by, 

                             …..………... (6) 
At point 3; 
The effectiveness of the heat recovery wheel [8-10] is given by 

          

                          ……………..… (7) 

                   …………...…... (8) 
T6 can be determining by eq. (12). 
& w3= w2 (sensible cooling). 
At point 4; 
The effectiveness of DEC is defined as 

 

                                …………. (9) 

                   ……..….. (10) 
 w4 can be determined from psychrometric chart at T4 and T4W. Since 3-4 is evaporative cooling process therefore   WBT 
will constant. 
At point 5; 
T5 & Ø5 are the design points. 
At point 6; 

                     ………………...… (11) 

                  …………… (12) 
w6 can be determining from Psychrometric chart at T6 and T6W. 
At point 7; 
Applying energy balance on HRW 
(mCp)6 (T6-T7) = (mCp)2 (T3-T2)  ……….. (13) 

                     …..…..……….. (14) 
Since sensible heating of air between point 6 to 7, therefore w7= w6. 
At point 8; 
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T8= 800C (Regeneration temperature) 
& w8= w7 
At point 9; 
Applying energy balance on desiccant wheel 
(mCp)8 (T9-T8) = (mCp)1 (T1-T2)    …..….. (15) 

                    ………………….. (16) 
Total cooling load; 
TCL= SHL+LHT                ………………... (17) 
SHL= m4Cp (T5-T4)            ……………….. (18) 
LHL= m4hfg (w5-w4)          ……………….. (19) 
Sensible Heat Factor (SHF); 

             ………………... (20) 
Heat supply to the air at point 7 i.e. regeneration heat; 

           …………………. (21) 
Coefficient of performance (COP) of the system is defined as; 
COP= Cooling effect/Regeneration heat 
While the thermal COP is defined as 

                ………………… (22) 
The temperature and specific humidity at each point of solid desiccant cooling system have been calculated [11-14] by the 
proposed mathematical modeling and the results are presented on psychrometric chart as shown in Fig. 3. 

 

Fig. 3. Psychrometric chart. 

TRNSYS SIMULATION 

Schematic diagram of system, created in TRNSYS is as shown in Fig. 4. After preparing the model in TRNSYS simulation was 
carried out for the cooling season and, the results are obtained in the form of graph. These graphs represent the temperature, 
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humidity at different points. 

 
Fig. 4. TRNSYS simulation studio project. 

Fig. 5 shows simulation results for variation of temperatures in the desiccant-assisted HVAC system. So, lower energy is re-
quired in heater to obtain the desired regeneration air temperature for desorption of desiccant wheel in low ambient humidity 
condition. Fig. 5 also depicts changes in outdoor DBT, room supply air conditions and dehumidifier process air outlet tem-
perature and test room internal temperatures. Variations in the humidity ratio of ambient air, process air at the outlet of desic-
cant wheel, room air and supply air are shown in Fig. 6 [15-17]. Humidity ratio is the main parameter indicating the removal of 
moisture from the room in terms of latent heat to obtain the desired comfort conditions inside the room. Temperature and 
specific humidity variations at important state point of desiccant-assisted HVAC system are studied for the cooling and dehu-
midification of air conditioning system using TRNSYS 16 simulation software [18-20]. It is observed that coefficient of per-
formance (COP) for the system depends on the requirement of reactivation temperature for efficient desorption of dehumidi-
fier, which is ultimately governed by existing ambient conditions in terms of its ambient humidity and temperature. 

 
Fig. 5. Variation in temperature at important state points in the system. 

 

 
Fig. 6. Variation in humidity ratio at important state points in the system. 

CONCLUSIONS 

The simulation results obtained by the use of TRNSYS for the solid desiccant-assisted conventional evaporative cooling sys-
tem highlight good performance in hot humid climate. The moisture level of process air was substantially lowered by the use 
of solid desiccant-based rotary dehumidifier. The simulation results mainly give the output parameters or the system perfor-
mance varying over a particular period. One needs to fix up the time for getting the output or performance at that instant. De-
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sign engineers can exploit the use of TRNSYS by considering the extreme range of parameters in their designs. Also, the per-
formance can be predicted for such extreme conditions. Solid desiccant cooling systems are found reliable in performance, 
environment-friendly and capable of improving indoor air quality at a reasonable cost. Because of high accuracy and short 
computing time, this methodology can be useful to simulate the performance of desiccant-assisted HVAC systems at different 
operating conditions. The performance of the solid desiccant-assisted HVAC system may be augmented by integrating it with 
the use of advanced desiccant materials, which can regenerate approximately at ambient conditions can save lot of primary 
heat for the desorption of rotary dehumidifier. 

Nomenclatures 

T = temperature (°C) 
RH = relative humidity (%) 
ω   =  humidity ratio (gm/kg dry air) 
ε = effectiveness 
COP = coefficient of performance 
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Abstract - Wire cut Electrical-Discharge Machining (WEDM) is a machining process which utilizes a thin wire (around 0.18mm) for material 

removal. In modern machining of complex object, it plays an important role. Process parameters have great in-fluence on WEDM. MRR, SR 
and WT are varying process parameters. In this article surface roughness (SR) in WEDM process was analysed using Taguchi method. To val-
idate the results analytical and experimental results were investigated. In experiments it was observed, when peak current value was increased, 
SR value also increases and in resultant a rough surface was produced. Peak current was observed as most influential parameter with contribu-
tion of 82.12%.   

Keywords - WEDM, MRR, Surface Roughness, Process Parameter, ANNOVA, Die Steel, Machining. 
   

INTRODUCTION 

Wire-EDM is a broadly acknowledged as a non-contact and non-traditional machining process utilized for formation of seg-
ments having unpredictable profiles. This process has large application in aviation sector while machining small scale gas tur-
bine sharp edges and other electronic products. Various researchers have performed incremental research in this field. Pra-
japati et al. [1] have used WEDM for processing the AISI A2 Tool steel, in continuation this method has been automated us-
ing CNC wire EDM [2].  Ojha et al. [3] have performed the review study of WEDM process and inventory various research 
work in this field. They have conducted study for material removal rate (MRR) improvement in WEDM process. Apart from 
MRR study researcher have studied the lingering pressure caused by the WEDM in processing of hardware steel [4-9]. N. To-
sun et al. [10] through their examination studied variety of workpiece surface roughness with different machining parameters. 
Ravindranadh Bobbili et al. [11] found that current, voltage and wire tension (WT) are critical factors to MRR and SR. 
Malik et al. [12] have investigated the peak current significance in WEDM.  They have concluded that pulse on time has signif-
icant impact on SR of the material. Kumar et al. [13] from their exploratory examination decide the ideal variable for SR in 
WEDM. The parameters chosen by them were speed and feed and they were found to assume a fundamental part to influence 
the MRR and SR. Singh et al. [14] have demonstrated in his study that wire feed and wire strain has no impact on the MRR, 
although pulse on time straightforwardly have positive impact on the MRR. Liao et al. [15] have conducted a test to study 
SKD11 compound steel to build scientific models relating the machine execution with different machining parameters and 
after that have decided the ideal parametric settings for WEDM process for utilization of practical bearing technique for non-
straight programming. Spedding and Wang [16] have studied the surface structure of materials processed by WEDM. 
Scott et al. [17] in their examination created scientific models for anticipating material removal rate and surface roughness 
amid machining D-2 instrument steel for various machining conditions.  Lin et al. [18] gave another approach of streamlining 
for WEDM process having numerous removal attributes relying upon the symmetrical cluster. Researchers [19-20] have de-
picted the multi target advancement in their examination for WEDM process utilizing parametric plan of Taguchi approach. 
They examined the impact of different machining parameters like heartbeat on alternate parameters. Anoop et al. [21] have 
studied the wire speed in WEDM. They found that the effectiveness of pulse on time term, release current and wire speed 
were roughly 64.92 %, 18.83 % and 0.36 %, which shows wire speed has least impact. Baljit Singh et al. [22] have studied 
WEDM process. They have used molybdenum composite wire in his research. Various researchers have used advance meth-
ods with experimental setup for evaluating process parameters of WEDM [23-29].  In last one-decade, researchers have used 
various advanced tool like FEA, RSM, ANN, and Fuzzy Logic in mechanical engineering for different problem and parameter 
analysis.  Kumar et. al. [30-33] have per-formed the parametric variation using RSM for heavy vehicle gearbox. They have 
used FEA for simulating the boundary conditions and for optimisation of process parameters RSM was used. Based upon 
same study the present research work design of experiments and ANNOVA hasve been used. In continuation, they have stud-

ied the thermal contact condition, loose transmission gearbox bolt condtion and 
calcu-lated natural frequency using FEA [34-39]. ANN tool was also used for mass 
flow sensor analysis. In this research article, surface roughness was analyzed using 
Taguchi design approach. 
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SURFACE ROUGHNESS (SR) 

Surface roughness portrays the quality surface of the machined work. It is attractive to lessen the surface roughness of the 
work surface. The more we bring down the surface roughness the surface smoothness of the work piece will get upgraded and 
accordingly the nature of the machining will get different parameters. In present experimental work Surface roughness estima-
tion was done using Mitutoyo 178-602 surface roughness analyzer. 

EXPERIMENTAL SETUP AND MATERIAL PROPERTIES 

Figure 1-3 shows the details of machine used for experimental work. Table1 shows specification of WEDM machine. The 
machine for tests was accessible at Dilawar Engineering Works Lalbagh, Lucknow. 

Table 1. Specifications of Electronica Wire-EDM Machine. 

S.N. Specification Dimension 

1.  Length Table  250 x 320 

2.  Workpiece Size Lx W (mm) 380 x 525 

3.  Maximum Workpiece Thickness (mm) 300 

4.  Maximum Workpiece Weight (gm) 300 

5.  Machine Weight (Kg) 1600 

6.  Display LCD Display 

7.  Control System CNC 

8.  Axis Control A Axis (X, Y, U and V) 

9.  Guide Ways Linear Motion  

10.  Resolution  0.001 mm 

11.  Wire Diameter 0.18mm (standard), 0.15mm and 0.12 mm (optional) 

12.  Interpolation Linear and Circular 

13.  Programming Incremental 

14.  Power Input  3 Phase, 415 Volts 

15.  Total MAchione Load 1.5 KVA 

16.  Processing and Data Entry Dual Screen 

17.  Dielectric Fluid Soft Water 

18.  Dielectric Tank Capacity 55 Litre 
 

 

Fig. 1. Electronica Wire-EDM Computer panel.                                  Fig. 2. Machining on Electronica Wire-EDM. 

Dielectric liquids assume an essential part in EDM procedure. The dielectric medium additionally cools the machining zone 
via diverting overabundance warm slopes from the instrument terminal and the work piece. In experimental work the material 
used for study is Die steel D-3 (Table 2-3) which has following properties and the wire utilized for this work is Brass wire of 
width 0.18mm. 

Table 2. Mechanical Properties of  Die Steel D-3. 
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Fig. 3. Parts of Electronica Wire-EDM. 

Table 3. Chemical composition of the work piece material (DIE STEEL D-3) by weight. 

  

Fig. 4. Die-Steel D3 pieces cut by Wire-EDM.                                  Fig. 5. Die-Steel D3 bar and the cut pieces by WEDM 

 
Fig. 4 and 5 shows the different sample (1-9) processed by the WEDM in lab. For processing these samples input parameters 
are listed in table 4. 

Table 4. Input Parameter Variations for cutting samples using WEDM in lab. 

S.No Current 
(amp) 

Pulse on Time Wire Tension 
(N) 

Weight loss 
(gm) 

Machining Time 
(minutes) 

1 2 3 400 0.8 33.2 

2 2 6 700 0.8 21.52 

3 2 9 1000 0.8 17.25 

4 4 3 700 0.8 10.43 

5 4 6 1000 0.8 9.54 

6 4 9 400 0.8 9.39 

7 6 3 1000 0.8 15.26 

8 6 6 400 0.8 12.72 

9 6 9 700 0.8 10.83 

 

RESULTS & DISCUSSION 

Evaluation of  Surface Roughness (SR)       
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Material removal rate can be calculated by dividing the work piece weight loss (in grams) to the product of density of the work 
piece (gm/cc) and the machining time. The calculated values of SR are shown in table 5. 

 
Table 5. Calculation of  Surface Roughness (SR). 

Exp. No Current 
(amp) 

Pulse on Time Wire Tension 
(N) 

Surface Roughness Ra 
(μm) 

1 2 3 400 6.69 

2 2 6 700 6.94 

3 2 9 1000 7.18 

4 4 3 700 7.28 

5 4 6 1000 7.72 

6 4 9 400 7.37 

7 6 3 1000 7.83 

8 6 6 400 7.76 

9 6 9 700 8.14 

 
Calculations of  S/N ratio for Surface Roughness 

S/N ratio for SR smaller is better, is shown in table 6.  The calculation was performed using following equation: 

S/NSB = -10 log ((1/n) Σ yi ²)      …..(1) 

Table 6. Calculation of S/N ratio for Surface Roughness. 

S.No Surface Roughness Ra(μm) Signal to noise ratio (db) 

1 6.69 -16.5085 

2 6.94 -16.8272 

3 7.18 -17.1225 

4 7.28 -17.2426 

5 7.72 -17.7523 

6 7.37 -17.3493 

7 7.83 -17.8752 

8 7.76 -17.7972 

9 8.14 -18.2125 

 
 Table 7. Calculation of  mean S/N ratio for SR. 

 

Level Current Pulse on Time Wire Tension 

1 -16.82 -17.21 -17.22 

2 -17.45 -17.46 -17.43 

3 -17.96 -17.56 -17.58 

Delta 1.14 0.35 0.36 

Rank 1 3 2 

Table 8. ANOVA of Surface Roughness. 

Source     DOF S.S. Adj.MS F.Value P.Value Contribution 

Current 2   1.42329 0.71164 45.20 0.022 82.12 

Pulse on 
Time 

2   0.13882 0.06941 4.41 0.185 8.01 

Wire Tension 2   0.13962 0.06981 4.43 0.184 8.05 

Error 2   0.03149 0.01574 - - 1.82 

Total 8   1.73322 - - - 100% 
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 Table 7-8 and fig. 6 show the impact of input parameters. All the three parameters demonstrate an expanding pattern with 
surface roughness i.e. with increment in the levels of WEDM parameter, the surface roughness of the machined surface in-
creases. By expanding the current the surface roughness increments and rough surface is produced. Peak current (Ip) is the 
most important factor having a contribution of 82.12%. The base surface harshness was seen at 2A. With increment in Pulse 
on time and wire tension the surface roughness increases. The base surface roughness was seen at 3 μ sec pulse on time and 
400 N wire pressures. The contributions of pulse on time and wire pressure are 8.01% and 8.05%, individually. The current 
having p value is 0.022 is most prominent parameter for surface roughness and pulse on time with p value is 0.185 and wire 
tension with p-value is 0.184. Optimum level of three parameters is shown in table 9. 

At least 95% confidence: 

 

Fig. 6. Mean Effect Plot for Surface Roughness. 

 
Table 9. Optimal level of parameter for Surface Roughness. 

Process variables of  factors Optimum level 

Peak Current Ip (A) 2 

Pulse on Time Ton (μsec) 3 

Wire Tension WT 400 

 

Fig. 7. Interaction plot between Surface Roughness and WEDM parameters. 

The above plot in fig. 7 shows the interaction plot between surface roughness and wire tension at various levels of peak cur-
rent. The graph elucidates that at lowest level of peak current, the material removal rate of the workpiece follows an increasing 
trend with wire tension. Moreover, when the value of peak current is increased i.e. at 4A, surface roughness first decreases and 
then tends to increase with wire tension. At 6A peak current, the surface roughness first increases and then decreases with 
wire tension. 
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Confirmation tests have been performed for Surface Roughness with their optimum levels of  process variables and only 
2.09% deviation was observed (table 10). 
 

Table 10.  Confirmation of expected and actual values of Surface Roughness. 

Experiment 
No. 

Optimum Machining Parameters Surface Roughness 

Current (A) Pulse on Time (μsec) Wire Tension Actual Expected 

1 2 3 400 6.69 6.83 
  

Error (%) 2.09% 

CONCLUSION 

From the above analysis following conclusions were drawn: The experiment depicts the advancement of machining parame-
ters in Wire- Electrical Discharge Machining of Die Steel D-3 with metal wire as terminal utilizing L9 symmetrical cluster of 
Taguchi technique. Components like Current, Pulse on time (Ton) and Wire Tension and their collaborations have been 
found to impact MRR. All the three parameters demonstrate an expanding pattern with surface roughness i.e. with increment 
in the levels of WEDM parameter, the surface roughness of the machined surface increases. 
By expanding the current the surface roughness increases and rough surface is produced as we increment the current. Peak 
current is the most critical factor having a contribution of 82.12%. The base surface harshness was seen at 2A. With increment 
in pulse on time and wire pressure the surface roughness increase. The base surface roughness was seen at 3 μsec pulse on 
time and 400 N wire Tension. The contributionS of pulse on time and wire tension are 8.01% and 8.05%separately. 
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Abstract - The boiling heat transfer of low GWP (global warming potential) refrigerants, which are more environmentally benign, is 

studied in this work. Low GWP applications allow for greater freedom in the choice of suitable working fluids based on application and 
necessity. Human comfort demands increase as a result of the rapid pace of climate change in order to adapt to its negative effects. 
HVAC&R (Heating, Ventilation, Air Conditioning, and Refrigeration) is crucial for preserving the level of climate comfort in a closed 
space and its surrounds by using eco-friendly refrigerants. The purpose of this review is to provide a summary of significant studies on 
the application of low GWP refrigerants in boiling heat transfer, as well as a background on refrigerants and their many subtypes. Along 
with explaining the impacts of vpour quality, heat flux, and mass flux on pressure drop, this also discusses the implications of heat flux, 
mass flow, saturation temperature, and the heat transfer mechanism on the heat transfer coefficient. 

  
Keywords - eco-friendly, refrigerants, boiling, HVAC&R, GWP. 
   

INTRODUCTION 

The goal of  all nations is to have zero global warming potentials (GWP) and ozone depletion potentials in order to control the 
uneven effects and hazards of  climate change (ODP) [1]. There is a significant shift taking place in the replacement of  refrige-
rants and refrigeration systems in order to meet the condition of  carbon neutrality and demand for refrigerants in order to 
achieve the target range of  low carbon energy transformation determined by the Paris Agreement for global warming. There is 
a significant shift taking place in the replacement of  refrigerants and refrigeration systems in order to meet the condition of  
carbon neutrality and demand for refrigerants in order to achieve the target range of  low carbon energy transformation de-
termined by the Paris Agreement for global warming [2]. Boiling is crucial for the heat transfer of  low GWP refrigerants in the 
heating, ventilation, air conditioning, and refrigeration (HVAC&R), thermal and nuclear power engineering, space and aviation, 
food, chemical industry, cryogenic, and other industries [3]. This study contains descriptive information on a number of  top-
ics, including refrigerant development, a review of  the literature on different types of  boiling heat transfer, a summary of  the 
main findings, and so forth. Boiling is essential for the heat transfer of  low GWP refrigerants in the heating, ventilation, air 
conditioning, and refrigeration (HVAC&R), thermal and nuclear power engineering, space and aviation, food, chemical indus-
try, cryogenic, and other industries.  

BOILING HEAT TRANSFER 

When a liquid receives heat from a submerged solid surface that is warmer than the liquid's saturation temperature, a portion 
of  the liquid undergoes a phase transition and turns into vapour. A liquid becomes a vapour when it is heated to the boiling 
point. In general, boiling is a physical transformation as opposed to a chemical one. Classification of  boiling under various 
situations was depicted in Fig.1 as follows:  
 

Fig. 1. Types of  Boiling Heat Transfer [4,6]. 
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NATURE OF FLOW 

Pool Boiling: One of the boiling processes involves a pool of liquid coming into touch with the heat flux in a sealed container 
with just natural convection, as shown in Fig. 2 (a). 
 

  

(a) Pool Boiling (b) Flow Boiling 

  

(c) Natural Convection Boiling (d) Nucleate Boiling 

  

(e) Transition  Boiling (f) Film Boiling 

  

(g) Saturated Boiling (h) Sub cooled  Boiling 

Fig. 2. Types of boiling [4]. 
 
Flow Boiling: It is a boiling process in which a pump or other external source is utilized to forcefully move the liquid as 
"Forced convection" heat transmission and nucleate boiling occur simultaneously as illustrated in above Fig. 2. (b). 
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Fig. 3. Pool Boiling Curve [4]. 

SURFACE SUPERHEAT TEMPERATURE  

According to Fig.2 and Fig.3, pool boiling can be divided into the following categories: (a), (c), (d), (e), and (f). 
Natural Convection: As seen in Fig. 2(c) and Fig. 3, the liquid is in a metastable state in this situation and evaporates when it 
reaches the free surface layer. Normal convection currents are used in this situation to create fluid flow, and heat is captured 
by the fluid and transmitted from the heating surface by natural convection. 
Nucleate boiling: The creation of bubbles begins at point A in this instance, which is a unique location on the heating sur-
face of the boiling curve, as seen in Fig. 2(d) and Fig. 3. Since there are more nucleation sites as one moves from point A to 
point C on the boiling curve, the creation of bubbles increases. The nucleate boiling regime showed two distinct circums-
tances. In the first instance, A-B, isolated bubbles form on the heated surface at a specific nucleation spot. Once they separate 
from the surface after a while, the created bubbles will eventually turn into liquid. A significant quantity of heat flux and heat 
transfer coefficient is produced in this region of nucleate boiling by stirring and agitation. The heater temperature changes sig-
nificantly from B to C, and due to the abundance of nucleation sites that are available in the layer of vapour into the liquid, 
bubbles arecreated at a high pace. In this area, a bubble will form and rise to the surface, where it can burst and release its va-
pour-holding capacity. Huge amounts of heat fluxes are present in this region as a result of the joint effects of liquid entrain-
ment and evaporation. 
Transition Boiling: As seen in Fig. 2(e) and Fig. 3, nucleate and film boiling coexists fairly in this section of the boiling curve, 
with film boiling completely replacing nucleate boiling at point D, which was at point C. 
Film Boiling: As seen in Fig. 2(f) and Fig. 3, in this instance, the entire region is covered by a continuous, stable vapour film 
that extends to a point known as the Leiden frost point (point D), where the heat flow reaches its lowest value and slowly eva-
porates liquid droplets because of the presence of a hot surface. Due to the presence of a vapour layer between the heater sur-
face and liquid, the heat transmission rate during film boiling is poor in this area. 

SUB COOLING TEMPERATURE 

Saturated Boiling: As seen in Fig. 2(g), during the boiling process, the fluid temperature is much higher than the saturation 
temperature of  the fluid, and the bubbles that were created as they entered the cooled channel merged to form bubbles of  a 
larger size. The buoyant forces from the surfaces move this large bubble. 
Sub cooled Boiling: As seen in Fig. 2(h), during the boiling process, the fluid temperature will always be lower than the satu-
ration temperature at different parts of the fluid, which causes bubbles to develop on the heating surface and become con-
densed in the fluid 
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TYPES OF FLOW 

External Flow: It is a technique that primarily uses heat surfaces and is closely connected to pool boiling due to fluid move-
ment near the heating surface, a huge HTC of the system, and the need for larger heat flux than in pool boiling. 
Internal Boiling: Two-phase flow was seen during the boiling process, primarily through the pipe and duct. It is complicated 
since there is no open surface for the release of  vapour, and Fig. 4 illustrates diverse flow regimes in horizontal tubes and 
vertical tubes including bubbly, slug, and churn as well as annular observed inside an upward flow in vertical tubes along with 
bubbly, plug, stratified, wavy, slug, and annular flow. 
Bubbly Flow: It develops in a limited volume, somewhat fast-moving gas fraction flow where a bubble breaks off  and 
transitions to a steady liquid stage. 
Plug Flow: Long-lasting bubbles appeared throughout this flow. 
Wavy Flow: It develops at large gas volume ratios, although the phase crossing point exhibits volatility because of very high 
flow velocities. 
Slug Flow: As a result of the bubbles coalescing during this passage, the sizable bubbles those were almost the same diameter 
as the tube took the form of a bullet. 
Annular Flow: A film of liquid flows continuously downs the tube wall during this flow, whereas unbroken droplets of liquid 
continuously develop in the gas phase [5]. 

 
Fig. 4. Flow Regimes (a) Upward Vertical Flow, (b) Horizontal Flow [25]. 

CONTINUOUS DEVELOPMENT OF REFRIGERANTS 

As depicted in Fig. 5, four distinct generations can be used to classify the refrigerants' ongoing evolution.  

 
Fig.5. Continuous development of  Refrigerants [3, 7, 8]. 

First generation refrigerants (1830-1930): A variety of refrigerants, including ammonia, carbon dioxide, and others, were 
used during the first generation between 1830 and 1930 depending on the location and availability. This generation's refrige-
rants were extremely reactive, poisonous, and combustible. 
Second generation refrigerants (1931-1990): The second generation of refrigerants led to the development of CFCs and 
HCFCs. Reduced toxicity and flammability are the main priorities. The major refrigerants of this generation include NH3, hy-
drocarbons (HCs), H2O, etc. The goal of the Montreal Protocol, which was established in 1987, was to protect the ozone layer 
from the HCs responsible for ozone depletion. 
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Third generation refrigerants (1990-2010): To suit the requirements of refrigeration applications, hydro fluorocarbons 
(HFCs) and their derivatives were created. In 1994, the Kyoto Protocol and the United Nations Framework Convention on 
Climate Change (UNFCCC) were consciously chosen as practical implementation measures to control GHG emissions. By 
2030, HCFCs and HFCs are expected to be phased out. 
Fourth generation refrigerants (2010 onwards): The low GWP fluorinated propane (propylene) isomers make up the 
fourth generation of refrigerants. Currently, hydrofluoroolefins, a novel family of fluorocarbon refrigerants, are the most likely 
replacement (HFOs). They are predicted to replace HFCs in numerous applications despite having a GWP that is too low. 
Table1 displays the GWP and ODP of various low GWP refrigerants. [3, 7, 8] 
 

TABLE 1. List of Low GWP refrigerants [3, 7, 8]. 

Refrigerants ASHARE  

designation 

GWP (100years) ODP 

Natural Refrigerants R-744 1 0 

 R-717 0 0 

 R-718 0 0 

Hydrocarbons R-600  3.3 0 

 R1270 1.8 0 

 R-170 5.5 0 

 R-600a 3 0 

Synthetic refrigerants R-123 79 0.01 

 R-134a 1300 0 

 R-32 677 0 

 R-1234yf <1 0 

 R- 1234ze(E) <1 0 

 R-1132E 1 -- 

 
APPLICATIONS OF BOILING HEAT TRANSFER  

Due to the efficient removal of heat created in this heat transfer, boiling heat transfer has received considerable attention for a 
long time. As one of the most important boiling types, it is widely used for a variety of engineering reasons, which are listed in 
table 2 as follows. 

TABLE 2. Engineering purposes of flow boiling [26]. 

Sr.No.               Engineering Purposes 

a) Heat Exchangers such as compact, plate etc.  

b) Heating Pipes like pulsating, wick and Wickless etc. 

c) Magneto and Electro hydrodynamics. 

d) Tubes like Helically coiled, Micro tubes and channels. 

e) Steam boilers and jet impingement purposes. 

f) Heavy duty diesel engine water jacket 

g) Nano refrigerants and their Purposes. 

h) Tube bundles. 

i) Applications of microgravity. 

j) Tubes of solar Collectors. 

k) Metal Forming Operations.  

l) Nuclear reactor, water purification, Refineries of oil and petrol,  

paper manufacturing, juice extraction of sugar cane etc. 

 
EXPERIMENTAL OVERVIEW  

Over the past few decades, researchers have put a lot of effort into studying low GWP refrigerants as shown in Table 3. The 
results of experimental work using the working fluids R-600a and R-410A for four distinct copper tubes in horizontal orienta-
tion made with flame spraying, taking into account 10°C Saturation temperature, 5 to 50 heat fluxes (kW.m-2), and achieving 
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boiling heat transfer across has increased across by 1.1 to 2 times by Dewangan et al. [9]. Lin and Mark [10] conducted a review 
study on the pool boiling of low GWP fluids such as hydrofluoroolefins (HFOs), hydrocarbons (HCs), carbon dioxide (CO2), 
and ammonia (NH3) on improved surfaces such as structure surfaces, porous surfaces, and others. Kedzierski and Lin [11] a 
study of pool boiling on the surface of a re-entrant cavity using the refrigerants R-151A, R-1234yz(E), and R-1233d(E) on 
structured surfaces was undertaken, and the results revealed an improvement in heat flux and prediction model. Kumar and 
Chuan [12] R-1234ze (E) and R-134a were used as the working fluids in experimental work using GEWA-B5H and smooth 
tubes, POE oil, and it was stated that the improvements in HTC for these two gases ranged from 2.9 to 8.8 and 2.8 to 6.6, 
respectively.   
Wen et al. [13] research was done experimentally to examine working fluids like R1234ze(E), R-1233zd(E), and R-134a in a 
nucleate pool boiling outside of two re-entrant cavity tubes with 6°C saturation temperature and heat fluxes from 10 to 80 
(kW.m-2). The results showed that boiling heat transfer forecasts reduced reliance on the surface structures. Byun et al. [14] It 
was demonstrated how low global warming potential refrigerants R-1234ze(E) and R-1233zd(E) were employed in an experi-
mental study of a plain tube and two other tubes with saturation temperatures of 4.4 °C and 26.7°C, heat fluxes from 10 to 50 
(kW.m-2), and it was found that both refrigerants' heat transfer coefficients increased.Ubara et al. [15] thermal analysis of work-
ing fluid R-1233zd(E) with declining film evaporation and pool boiling on spray coated tube led researchers to the conclusion 
that coated tubes transport heat 2.1 to 4.8 times faster than smooth tubes at 20°C saturation temperature and heat fluxes be-
tween 10 and 85. (kW.m-2). Welzl et. al. [16] conducted an experiment using working fluids R-245a and R-1233zd (E) to study 
the nucleate pool boiling in an organic Rankine cycle in a geothermal application. Longo et al. [17] used R1234yf and R1234ze 
(E) as working fluid substitutes for R-134a, with saturation temperatures of 10°C, 15°C, and 20°C, and heat fluxes of 15°C –
30°C, in an experimental evaluation of flow boiling (kW.m-2). Yang  et al. [18] in order to draw the conclusion that fluid cha-
racteristics, flow circumstances, and flow patterns affect pressure drop and flow boiling heat transfer performance, an experi-
ment was conducted using HFO-1234yf as the working fluid in a circular tube with an inner diameter of 4 mm and a length of 
600 mm at saturation temperature of 14°C.  
Anwar et al. [19] by using the working fluid, R-1234yf, with saturation temperatures of 27°C and 32 °C and heat fluxes ranging 
from 05 to 130, the experimental work was carried out to make the prediction that boiling heat transfer depends on operating 
pressure, applied heat flux, mass flux, and vapour as well (kW.m-2).Jige et al. [20] heat transfer coefficients of the combination 
rely on mass flux as well as vapour quality and mass fraction, and the effect of heat flux was minimal on heat transfer, accord-
ing to flow boiling experiments with mixtures of R-1234yf and R-32 in a horizontal multiport tube with a rectangular micro 
channel.Zhao et al., [21] the average heat transfer coefficient is totally dependent on the drying quality, according to research 
that looked at the flow boiling of a number of low GWP refrigerants, including R-245fa, R-1233zd(E), R-1224yd(Z), and 
HFE347pc, at saturation temperatures of 37°C, 41°C, 34°C, and 70°C, respectively. Yang et al. [22] in a smooth horizontal 
tube with an inner diameter of 6 mm and a heat flux ranging from 10.6 to 74.8 kW.m-2, experimental data were compared with 
nine correlations using blends of R-1234ze (E) and R-600a in various compositions (kW.m-2).Lillo et al. [23] it was discovered 
through experimental research in a horizontal stainless tube with an inner diameter of 6 mm of flow boiling, working fluids of 
R-1233zd (E), saturation temperatures of 24.2°C and 65.2°C, and heat fluxes of 2.4 to 40.9 (kW.m-2), that the trends in the 
bottom-of-the-tube heat transfer coefficient are not reliant on vapour quality as heat flux increases. Righetti et al.[24] research-
ers looked at R-1233zd(E) in a flow boiling experiment in a microfin tube with an inner diameter at the fin tip of 4.2 mm at a 
mean saturation temperature of 65.2°C and a heat flux of 15 to 90(kW.m-2) and came to the conclusion that R-1233zd(E) 
might replace R-245fa. 
Every experiment depends on working fluids, thus we must take into account all of the pertinent factors that are associated to 
them in order to conduct the experiment in a controlled and safe manner. Table 4 enumerated the key influences on the pool 
and flow boiling of pure fluids and binary/multi component combinations. 

FACTORS INFLUENCING BOILING HEAT TRANSFER COEFFICIENT AND PRESSURE DROP 

Effect of heat transfer mechanism on boiling transfer coefficient  

In technical applications like heat exchangers, heat pumps, and the cooling of electronic devices, boiling is one of the most 
efficient ways to transport heat. The two main methods of flow boiling heat transmission are known as nucleate boiling and 
convective boiling, respectively. The relationship between them must therefore be established in order to analyse the flow boil-
ing heat transfer. Five distinct flow patterns for convective boiling were discovered in Fig.4: dispersed plug, slug, churn, wavy, 
and (smooth) annular flow. 
Lee et al. [28] carried out an experimental investigation on the heat transfer from boiling water in a channel with low mass 
flow. According to the findings, the effect of convective boiling heat transfer was minimal, and the mass flow only marginally 
boosted the heat transfer coefficient. The pressure drop and boiling heat transfer in horizontal microchannels of R290 were 
investigated by Choi et al. [29]. 
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TABLE 3. Summary of studies related to boiling heat transfer of   Low GWP Refrigerants. 

Researchers 

 

Refrigerants Tube orientation and 
dimensions 

Saturation 

Temperature (oC) 

Heat Flux 
(kW.m-2) 

Observations 

Dewangan et al. [9] R-600a and  

R-410A 

Horizontal tube,  

diameter= 25.4mm,  

length = 116mm 

10oC 5 - 50 1.1-2 times increased in boiling 
heat transfer 

Lingnan and Kedzierski 

[10] 

 HFOs, HCs, 
CO2 and  NH3 

Enhanced surfaces like 
structured surfaces, porous 
surface and others 

-- -- Pool boiling of low GWP refri-
gerants on enhanced surfaces 

Kedzierski and Lin 

[11] 

R-151A,R-
1234yz(E) and 
R-1233d(E) 

Flattened, horizontal Tur-
bo-ESP surface 

4.6oC 10 - 100 Improved in heat flux and pre-
diction model improved  

Kumar and Wang 

[12] 

R-1234ze(E) 
and R-134a 

Horizontal arrange Tube 
(GEWA-B5H tube) 

-6oC  

 0oC  

10oC 

10 - 90 Enhancement in HTC  

2.9-8.8 for R-1234ze(E) 

2.8-6.6 for R-134a 

Wen-Tao et al. [13] R-1234ze (E), 

 R-1233zd (E) 
and R-134a 

Reentrant tube Cavity 10oC 10 - 80 Pool boiling heat transfer coef-
ficients of R1233zd(E) is more 
than 40 %  lower than R134a 

Byun et al. [14] R-1234ze(E) 
and  

R-1233zd (E) 

Plain tube and Enhanced 
Tube  

4.4oC 

26.7oC 

10 - 50  Wilson Plot method used to 
derive tube side heat transfer 
coefficient and compare the 
results 

Tsutomu et al. [15] R-1233zd (E)  Horizontal tube 

diameter =19.05 mm 

length =50 mm  

20oC 10 - 85  Coated tube exhibits 2.1 to 4.8 
times higher heat transfer than 
smooth tubes. 

Matthias et al. [16] R-245fa  

R-1233zd (E) 

Plain tube  

diameter = 32 mm 

length = 822 mm 

100oC -- Geothermal applications  

Longo et al. [17] R-1234yf and 

 R-1234ze (E) 

Copper tube 

Inner diameter =4 mm, 
length=800 mm 

10oC  

15oC  

20oC 

15 - 30  R-1234yf and R-1234ze (E) will 
work as substitute to R-134a 

Yuh et al. [18] R-1234yf and  

R-134a 

Circular tube 

Inner diameter =4 mm 

length=600 mm 

14oC 

 

10 - 60 Pressure drop and flow boiling 
heat transfer performance de-
pend on fluid properties, flow 
conditions and flow patterns 

Zahid et al. [19] R-1234yf Vertical Stainless 

Steel tube 

Inner diameter = 1.60 mm 

length= 245 mm 

27oC  

32oC 

 

05 -130 Boiling heat transfer depends 
on applied heat flux, operating 
pressure, mass flux and vapor 
quality. 

Daisuke et al. [20] zeotropic binary 
mixture 
R1234yf/R32 

horizontal multiport tube 
with rectangular minichan-
nel 

 

average of dew- and 
bubble-point tempera-
tures of 15°C 

05 - 20 Heat transfer coefficients of the 
mixtures depend on mass flux, 
vapor quality, mass fraction 
and, effect  of heat flux on heat 
transfer was minute. 

Zhao et al. [21]   R-245fa, 

 R-1233zd(E),  

R-1224yd(Z) 
and HFE347pc 

Vertical upward flow tube 

Inner diameter = 4 mm 

37°C 

41°C 

34°C 

70°C 

06 - 20 Averaged HTC totally depends 
on the dryout quality. 

Qiang et al. [22]  Blends of 
R1234ze(E)/R6
00a  

Smooth horizontal tube 

Inner diameter= 6 mm 

-- 10.6 - 74.8  Experimental data compared  
nine correlations 

Lillo et al. [23] R-1233zd(E) Single horizontal stainless  
tube 

Inner diameter= 6 mm 

24.2 -65.2°C 2.4 - 40.9 With increasing  heat flux 
trends  of heat transfer coeffi-
cient  at the bottom  not de-
pendent on vapor quality  

Giulia  et al. [24] R-1233zd(E) Microfin tube 

Inner diameter at fin tip = 
4.2 mm 

mean saturation  

temperature 

65.2°C 

15 -90 R1233zd(E) as a substitute to  
R245fa 
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Table 4. Effects of fluid nature on pool and flow boiling [27].  

Pool 
Boiling 

Pure Fluids 
bulk fluid temperature, heat surface material/conditions, heater surface orientation, fluid type, heat flux, Pressure, 
gravity.  

Mixtures 
bulk fluid temperature, heat surface material/conditions, heater surface orientation, fluid type, heat flux, Pressure, 
gravity, fluid composition, mass transfer resistance, marangoni effect, heat from dilution and dissolution 

Flow 
Boiling 

Pure Fluids 
Pressure, gravity, fluid composition, mass transfer resistance, marangoni effect, heat from dilution and dissolution, 
mass flux, vapour quality, fuel inlet condition. 

Mixtures 
fluid type, heat flux, Pressure, gravity, fluid composition, mass transfer resistance, marangoni effect, heat from dilu-
tion and dissolution, mass flux, vapour quality, fuel inlet condition, heater/channel configuration, channel orienta-
tion    

 
They discovered that, in cases of low mass flow, the relationship between mass flow and the heat transfer coefficient was not 
clear-cut. The heat transfer coefficient did, however, rise in the medium and high mass flow range as a function of mass flow 
and saturation temperature.Copetti et al. [30] Predicted effects of heat flux tended to diminish as vapour quality rose. When 
there was a large heat flux, the mass flow was almost completely independent of the heat transfer coefficient, which decreased. 
The cause was that high heat flux in nucleates boiling, which was less impacted by mass flow, dominated the boiling heat 
transfer. Since the vapour quality mostly impacts the heat transfer mechanism in the channel, it is crucial to ascertain the va-
pour quality of the operating state before examining the impact of the heat transfer mechanism on the heat transfer coeffi-
cient.  

Effect of heat flux on boiling heat transfer coefficient 

For the boiling heat transfer of pure fluids, the heat flux mostly impacts the nucleate boiling heat transfer. More vaporised 
cores can easily form on the tube surface due to the increased heat flux and higher degree of superheating. As a result of the 
large improvement in nucleate boiling, the rates of bubbles forming and separating from the wall also rise. Increased heat flux 
may result in more active nucleation spots in the channel, which would raise the heat transfer coefficient. Bortolin et al. [31]. 
Nevertheless, as vapour quality rises, convection boiling improves and nucleate boiling declines, which reduces the effect of 
heat flux on the heat transfer coefficient. The vapour quality thus influences the difference in heat transfer coefficients be-
tween various heat fluxes at the same mass flow and saturation pressure. Consequently, with constant mass flow and satura-
tion pressure, the vapour quality influences the differences in heat transfer coefficients between various heat fluxes. [32]. 

Effect of mass flow on boiling heat transfer coefficient 

The working fluid's mass flow has both favourable and unfavourable effects on the two-phase heat transfer coefficient when 
the vapour quality is reduced.Jige and Inoue [33] The dominance of nucleate boiling was acknowledged as the reason why the 
mass flow had minimal impact on the heat transfer coefficient in low vapour quality locations. In the high vapour quality 
zones, however, the heat transfer coefficient rose with the mass flow. This occurrence occurred as a result of improved forced 
convection and an increase in vapour quality due to mass flow during the initial drying process.. De Oliveira et al.[34]  By ana-
lysing the boiling heat transfer characteristic of R1270 in a horizontal tube, it was hypothesised that the local heat transfer 
coefficient increased with the mass flow. Mass flow had a more noticeable impact on the heat transfer coefficient the greater 
the vapour quality. The study above leads to the conclusion that, under most circumstances, the boiling heat transfer coeffi-
cient increased with the mass flow. It may be seen from the analysis above that under most circumstances, the boiling heat 
transfer coefficient increased with the mass flow. 

Effect of saturation temperature on boiling heat transfer coefficient 

According to Mastrullo et al. [35] experimental findings, as shown in Fig. 6, the performance of the heat flux was essentially 
constant as the saturation temperature rose. According to researches, the law of heat transfer coefficient changing with the 
saturation temperature was not certain, as shown in Table 5. This regularity was not only affected by vapor quality but also by 
fluid flow conditions and channel size. Therefore, it is of importance to consider the multi-factors influence of saturation tem-

perature on the heat transfer coefficient when studying the influence of saturation temperature on the heat transfer coefficient. 

FACTORS INFLUENCING OF PRESSURE DROP 

In the study of boiling heat transfer, the pressure drop is one of the key characteristic variables. Without establishing the regu-
larity of the pressure drop change and calculating method, equipment cannot be constructed properly or operated safely. Most 
of the time, two-phase friction pressure drop, accelerating pressure drop, and gravity made up the pressure decrease when 
there was flow boiling [42]. 
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                              Fig. 6. Boiling curves for 25◦C to 75◦C and 250kgm-2s-1 [35].      Fig. 7. Friction pressure drop with the vapor quality [45]. 
 

 
Table 5.  Heat transfer coefficient changing with the saturation temperature. 

Refrigerants  Boundary conditions Saturation temperature (Tsat) Trend 

R290 [36] q = 15 Kw/m2  

G = 150 kg/m2s  

Din= 3.0 mm 

0◦C, 5◦C, 10◦C The heat transfer coefficient of R290 increases with an 
increase in saturation temperature (0–10◦C). 

R290  [32]  q = 0–200 Kw/ m2  

G = 200 - 300 kg/m2 s  

Din = 1.7 mm 

23◦C, 33◦C, 43◦C The heat transfer coefficient of R290 increases with an 
increase in saturation temperature (23–43◦C). 

R290  [37] q = 13 Kw/ m2        

G = 180 kg/ m2 s  

Dout = 4 mm 

280 K, 282 K, 284 K, 286 K The heat transfer coefficient of R290 increases with an 
increase in saturation temperature (280K–286 K). 

R245fa  [38] q = 8,12,14 Kw/ m2  

G = 80,120 kg/m2 s  

Din = 29 mm 

55◦C, 65◦C, 75◦C The heat transfer coefficient of R245fa increases with 
an increase in saturation temperature (55–75◦C). 

R134a, R1234yf, 
R1234ze [35] 

Wall superheat=0–35 ◦C  

G = 250 kg/ m2 s      

Din = 1.33 mm 

25◦C, 35◦C, 45◦C, 55◦C, 65◦C,  75◦C The effect of saturation temperature (25–75◦C) on the 
heat transfer coefficient can be neglected. 

R455a, R452b  
[39] 

q = 15.5-25.5 Kw/m2  

G = 200-300 kg/m2s  

Din = 8 mm 

11◦C, 18.5◦C, 31◦C The effect of saturation temperature (11–31◦C) on the 
heat transfer coefficient can be neglected 

R134a, 
R1234ze(E) [40] 

q= 5Kw/m2  

G = 150 kg/m2s 

5◦C, 10◦C, 15◦C The heat transfer coefficient decreases a little when the 
saturation temperature 

R290 [41]  G = 200-400 kg/m2s  

Din = 1.7 mm,1.224 mm 

23◦C, 33◦C, 43◦C The effect of saturation temperature (23 ◦C–43 ◦C) on 
the heat transfer coefficient can be negligible 

  
Friction pressure drop, which was brought on by energy lost in the water flow due to friction and eddy currents, was the 
source of the overall pressure drop [43, 44]. As a result, no adequate correlation could account for all contributing factors, and 
some of them were difficult to represent in the empirical relationship. 

Effect of vapor quality on pressure drop  

Nie et al. [45] investigated the pressure drop caused by R134a's boiling heat transfer in a 3 mm tube. The two-phase flow ve-
locity and pressure drop in the microchannel were also raised due to the improvement in vapour quality. Compared to areas 
with good vapour quality, areas with low vapour quality had a greater pressure drop. The pressure decrease also displayed a 
gradual declining pattern after reaching a particular high, as depicted in Fig. 7. This event occurred as a result of the pressure 
decrease progressively stabilising when the flow pattern was annular flow. The flow pattern switched from annular to spray as 
the vapour quality got even better. The pressure loss was minimised at this point due to the vapour phase's dominance in the 
two phases, the flow's stability, and the lessened disturbance. 
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Effect of  heat flux on pressure drop 

The channel's bubble density will rise as the heat flux rises, and the fluid disturbance will have an impact on the pressure de-
crease. According to Gao et al. [46], the frictional pressure drop was hardly impacted by the heat flux. It showed that fluid 
movement, not the nucleate boiling of the wall, was what primarily caused the frictional pressure drop. When examining the 
flow pressure decrease of the pure fluid and mixture, Tang et al. [44] and Yu et al. [47] both came to the same conclusion.  

Effect of mass flow on pressure drop 

By modifying the vapour speed and turbulence intensity, the mass flow primarily modifies the pressure drop in the channel. As 
a result, the channel's shear force is altered. According to Liang et al. [48], as the mass flow grew, the test tube's on-way resis-
tance also did so. This, they argued, increased the pressure drop since it increased the on-way resistance. The boiling intensity 
and vapour formation were found to be more significant with a smaller mass flow at the same heat flux, which increased the 
contribution of  the accelerated pressure drop to the total pressure drop, according to the authors' analysis. [49,50] 

CONCLUSION 

A significant change in the environment resulted from the usage of CFC, HCFC, and some HFC refrigerants, particularly be-
cause of the increase in greenhouse gas concentration over the earth's surface caused by greenhouse gas emissions. Interna-
tional Protocols and Bodies now demonstrate a movement in attention towards environmentally benign refrigerants like 
HFOs, which have naturally low GWP and ODP values. R1234yf, R1234ze(E), R1233zd(E), and R1243zf are possible refrige-
rants that could be employed in the near future to replace the working fluids currently used in HVAC&R systems with im-
proved surfaces. The extent of the practical usage of these fluids in enhanced boiling is still being determined with low GWP 
refrigerants, despite the fact that many experiments have been published with the most favourable effects. Furthermore, this 
study highlighted a number of variables influencing heat transfer coefficients and pressure drop in boiling heat transfer of low 
GWP refrigerants, which is undoubtedly helpful. 
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Abstract - Multi-Criteria Decision Making, also known as MCDM, is a highly helpful technique for assessing numerous issues and 

conclusions as well as resolving conflicts in daily life. The choice of  any technique, service, or product is fraught with difficulties. The 
choosing of  any useful product, such as a scooter, is an important task that requires careful research into the selection criteria, where MCDM 
techniques play a significant role. But the results that are coming with different MCDM methods are has to be consistent enough. This 
particular study associated with the checking or verifying the results that are evaluated by the Additive Ratio Assessment (ARAS) method 
with AHP weights for each Criterion. 
 
Keywords - ARAS, MCDM, Scooter, Selection, Sensitivity Analysis. 

 

INTRODUCTION 

When there are numerous and frequently competing criteria at play, MCDM acts as "An interface between DMs (Choice Man-
agers) and analysts, assisting them in reaching a decision." The analyst and DMs typically focus on defining problems, their 
objectives, and how the ultimate choice should be made at the beginning of the process. The Methodology of evaluating a 
problem by using MCDM techniques can be describes briefly as, 

a. At first the problem has to be identified and then after identifying the problem, structuring of the problem has been done. 
b. Problem structuring can be done by taking consideration of the Stakeholders, Alternatives that are having, the uncertainties 

present, key issues of development, external environment of the organization, Constraints, Goals of the particular stated 
problem and values of the decision or the importance of the decisions that has to be taken by the decision managers. 

c. Then the Modelling of the problem has been done by specifying the alternatives on the basis of which the decisions has to 
be made, defining the criterions that has to be used to evaluate the mathematical modelling of the work.  Selecting weight-
age values for each alternative has been done also. 

d. After the modulation of the problem, the decision that has been made by the DMs has to be challenged by challenging in-
stitutions and if there is any issue found out, new alternatives has to be chosen. 

e. Analysis of the Robustness of the solution is done afterwards and sensitivity analysis also done for the problem in a parallel 
way. 

This research work comprises with application of Sensitivity Analysis over a selection problem that has been carried out over 4 
best-selling 125cc scooters available on Indian market up to 2021 and those scooters are: Suzuki Access 125 BS VI, Honda 
Activa 125 BS VI, Yamaha Fascino 125 BS VI & Hero Destini 125 BS VI by AHP-ARAS method. The study is mainly on the 
basis of some useful parameters and applies MCDM tools AHP and ARAS to obtain the best possible alternatives. A survey is 
done over Google form to analyze the customers experience and thinking over the products. Those who have own the above 
scooters are asked to solve several questions over Google form to observe the customers thinking over the criterions chosen 
for the problem solving pathway. On basis of the survey the Classical AHP process is carried out to find the relative impor-
tance of each and every criterion over other. The main specification or criterions that are chosen are Torque produced by the 
engine (Beneficial criteria), Engine Power output (Beneficial criteria), Fuel Economy (Beneficial criteria), Weight of the scooter 
(Non-Beneficial criteria), Service provided by the company and availabilities of parts (Beneficial criteria) & Price of the scooter 
in Indian market (Non-Beneficial criteria). On basis of this 6 criterion the best possible choice is to be made. After getting the 
results on the basis of this AHP-ARAS method, the sensitivity is checking by giving different weightage to the criterions and 
checking the deviation of the results or ranking of the alternatives. 

LITERATURE REVIEW 

MCDM has a vast area of research in the Engineering and Management field [1]. The Mukhametzyanov and Pamučar [2] tried 
to apply the sensitivity analysis for the findings of an investigation of the sensitivity of 
decision-making using the rank methods: SAW, MOORA, VIKOR, COPRAS, CO-
DAS, TOPSIS, D'IDEAL, MABAC, PROMETHEE-I, II, and ORESTE-II with 
variations in the components in the decision matrix within a certain mistake (impreci-
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sion) in their paper on Sensitivity analysis in MCDM Problem. It is advised to utilize several simulations of the decision ma-
trix's element estimates within a given error while determining the ranks of alternatives in order to acquire statistical estimates 
of the ranks. Anupamaet al. [3] in 2015 compared three MADM approaches SAW (Simple Additive Weighting), WPM 
(Weighted Product Method), and PROMETHEE (Preference Ranking Organization Method for Enrichment Evaluations) in 
this research for their effectiveness in network selection. Zavadskas and Turskis [4] in their work try to use ARAS method 
over microclimate in office room. Hruška et al. [5] has been used the AHP method for solving a problem arises in a manufacturing farm 
regarding the supplier slecetion. Sihombing et al. [6] in their work used ARAS method to evaluate a branch location selection 
problem. Biswa et al. [7] conducted a study on quality of operations in seven newly established IITsinindia by SAW method 
and they made the weightage using the ENTROPY method. In their research, Srikrishna et al.[8] described how TOPSIS may 
be used to select new cars based on a variety of operational and technical criteria, including style, life expectancy, fuel efficien-
cy, suspension, and price, among others. In the article, Evans [9] used Sensitivity analysis over decision problems of calculating 
the change in “confidence Sphere”in changes associated with the changes in probability vector. In their research, Srikrishna et 
al. [10] described how TOPSIS may be used to select new cars based on a variety of operational and technical criteria, includ-
ing style, life expectancy, fuel efficiency, suspension, and price, among others. 

THEORETICAL ANALYSIS 

This section consists of  all the theoretical details of  ARAS and Sensitivity Analysis methodology. 

Additive Ratio Assessment (ARAS) 

The Additive ratio assessment (ARAS) method is proposed by Edmundas Kazimieras Zavadskas in the year of 2010. Here the 
utility function value determining the complex relative efficiency of a feasible alternative is directly proportional to the relative 
effect of values and weights of the main criteria. It is one of the Compensatory method in which both beneficial and non-
beneficial attributes are going to have a combination to get the feasible solution. The advantage of using this kind of MCDM 
method is, attributes remain independent and the method itself is simple in use and also required very less computational 
time.The following steps are involved to evaluate the ranking of alternatives: 
 
Step-1: Establishing the Pair-wise comparison matrix 
                                                                                            𝐶1         𝐶2𝐶3       …     …  𝐶𝑛  

𝐀 =

 
 
 
 
 
𝒙𝟏𝟏 𝒙𝟏𝟐 𝒙𝟏𝟑 … 𝒙𝟏𝒋
𝒙𝟐𝟏 𝒙𝟐𝟐 𝒙𝟐𝟑 … 𝒙𝟐𝒋
𝒙𝟑𝟏 𝒙𝟑𝟐 𝒙𝟑𝟑 … 𝒙𝟑𝒋
⋮ ⋮ ⋮ : ⋮
𝒙𝒊𝟏 𝒙𝒊𝟐 𝒙𝒊𝟑 … 𝒙𝒊𝒋  

 
 
 
 

                                          (1) 

 

Step-2: Normalization of  the pair-wise comparison matrix has to be done to obtain the project outcome  𝑋𝑖𝑗     . 
 

For Beneficial attributes:           𝑋𝑖𝑗    =
𝑋𝑖𝑗

 𝑋𝑖𝑗
2𝑚

𝑖=0

                                                                      (2) 

For Non-beneficial attributes:   𝑋𝑖𝑗     =
𝑋𝑖𝑗
∗

 𝑋𝑖𝑗
2𝑚

𝑖=0

                                                              (3) 

 
Step-3: In this step estimation Weighted Normalized matrix is done by following expression: 
 

                                                            𝑋𝑖𝑗 = 𝑋𝑖𝑗    𝑤𝑗     (j=1, 2,………., n)                                (4) 

 

Step-4: After calculating „𝑋𝑖𝑗 ‟, 𝑆𝑖  – optimality function for the ith alternatives has been calculated by: 

 

                                                             𝑆𝑖 =  𝑋𝑖𝑗 
𝑛
𝑗=1  , i=0 to m                                             (5)                   

 
Step-5: Calculation of  Utility Degree 

                                                       𝐾𝑖 =
𝑆𝑖

𝑆0
                                                                                  (6) 
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where, Si& S0 are the Optimality criterion values. 

Step-6: After calculation of  Ki, based on that ranking of  the alternatives has been done. For the given criteria, the alternative 

with the maximum value of 𝐾𝑖 ′ is taken as the best compromise solution and is ranked 1 and similarly remaining alternatives 
are ranked. 

SENSITIVITY ANALYSIS 

MCDM tool is basically reducing the subjectivity in decision-making. Different MCDM methods have different mathematical 
modulation which makes the same problem with different yield solution. However the quality of the solution of the decision 
making process is known as Sensitivity Analysis. Sensitivity analysis is used for optimization as well as relation making. 
It is mainly evaluate the quantitative behavior of the optimal solution or optimal value according to changes of parameter val-
ue included in the optimization and decision making. Sensitivity analysis is done to examine the robustness and stability of the 
ranking with respect to weights of the criterion is performed. The analysis deals with improving the outcomes of any specific 
model, qualitatively and quantitatively, and provides the sensitivity involves in decision making due to uncertain input values. 
 
Step-1: Selecting the Pair-wise comparison matrix from the standard MCDM Process 
                                                                                                     𝐶1         𝐶2𝐶3       …     …  𝐶𝑛  

𝐀 =

 
 
 
 
 
𝒙𝟏𝟏 𝒙𝟏𝟐 𝒙𝟏𝟑 … 𝒙𝟏𝒋
𝒙𝟐𝟏 𝒙𝟐𝟐 𝒙𝟐𝟑 … 𝒙𝟐𝒋
𝒙𝟑𝟏 𝒙𝟑𝟐 𝒙𝟑𝟑 … 𝒙𝟑𝒋
⋮ ⋮ ⋮ : ⋮
𝒙𝒊𝟏 𝒙𝒊𝟐 𝒙𝒊𝟑 … 𝒙𝒊𝒋  

 
 
 
 

                                                                  (7) 

 
Step-2: Weights of  the criterions has been selected as:  

 Equal weights to each criterions 
 50% weights for beneficial criterions and 50% weights for non-beneficial criterions. 
 60% weights for beneficial criterions and 40% weights for non-beneficial criterions. 
 70% weights for beneficial criterions and 30% weights for non-beneficial criterions. 
 80% weights for beneficial criterions and 20% weights for non-beneficial criterions. 
 90% weights for beneficial criterions and 10% weights for non-beneficial criterions. 

For each cases of  weight distribution among the criterions, the ranking of  alternatives has been calculated by any MCDM me-
thod and then checking has been done that how sensitive our previously calculated or obtained ranks are over the sensitivity 
analysis. Here I have used the ARAS method to check the Sensitivity of  the solution obtained. 

RESEARCH METHODOLOGY 

Calculation with Additive Ratio Assessment (ARAS) method 

Table 1 shows the pair-wise comparison matrix with all the criterion values corresponds to the alternatives. Here the Weights 
of each criterion have been taken as per the AHP processes, which have been carried out by using the survey data that are col-
lected through Google form. In that paper we are directly taken the AHP weights values for the entire criterion. 
 

Table 1. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of   

the scooter(INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 
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Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

AHP Weights 0.101214 0.073499 0.336171 0.307035 0.033399 0.148682 

After that, the normalized decision matrix has been calculated in Table 2 by using the Eq. (2) and Eq. (3) according to the 
criteria type. Then the Weighted normalized decision matrix has been calculated in Table 3 by using the Eq. (4) according to 
the criteria type by multiplying each column value of  Normalized decision matrix with the weightage assigned for each 
respective criterion. 

Table 2. Normalized Decision Matrix in ARAS. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of   

the scooter(INR) 

OptimalValue 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 3. Weighted Normalized Decision matrix in ARAS. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 

Criteria 

 

Torque 

(N-m) 

Power 

output(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of   

the scooter 

(INR) 

Optimal Value 0.020479 0.015348 0.073188 0.063732 0.007076 0.031082778 

Suzuki Access 125 0.019691 0.014836 0.073188 0.058254 0.006736 0.027926128 

Honda Activa 125 0.020282 0.013984 0.065416 0.063732 0.006311 0.028991265 

Yamaha Fascino125 0.020282 0.013984 0.062433 0.059323 0.007076 0.02959905 

Hero Destini 125 0.020479 0.015348 0.061946 0.061995 0.006199 0.031082778 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 4 by using the Eq. (5) and Eq. (6) for each 
and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 4. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.200631 0.951286 1 

Honda Activa 125 0.198716 0.942202 2 

Yamaha Fascino 125 0.192697 0.913664 4 

Hero Destini 125 0.19705 0.934306 3 

Table 5. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the scoo-

ter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 
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Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.166667 0.166667 0.166667 0.166667 0.166667 0.166667 

CALCULATION WITH SENSITIVITY ANALYSIS  

Case 01:  Checking the sensitivity with Equal weightage method 

Here in Table 5, equal weightage is given to the every criterion. As there is 6 criterions in total, each criterion are given 
16.6667% of  weightage. Now using ARAS method, ranking of  alternatives has been done. 

Table 6. Normalized Decision matrix. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 7.Weighted Normalized Decision matrix. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 

Criteria 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.033722 0.034803 0.036285 0.034595 0.035311 0.03484257 

Suzuki Access 125 0.032425 0.033643 0.036285 0.031622 0.033614 0.03130409 

Honda Activa 125 0.033398 0.031709 0.032432 0.034595 0.031494 0.032498067 

Yamaha Fascino 125 0.033398 0.031709 0.030953 0.032202 0.035311 0.03317937 

Hero Destini 125 0.033722 0.034803 0.030712 0.033652 0.030936 0.03484257 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 8 by using the Eq. (5) and Eq. (6) for each 
and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 8. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.198893 0.949099 1 

Honda Activa 125 0.196126 0.935899 4 

Yamaha Fascino 125 0.196753 0.938889 3 

Hero Destini 125 0.198668 0.948029 2 

 

 
Case 02:  Checking the sensitivity with 50%weightage to the Beneficial and 50% weightage to the non-beneficial attributes 
method. 
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Table 9. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.125 0.125 0.125 0.125 0.25 0.25 

Table 10. Normalized Decision matrix. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 11. Weighted Normalized Decision matrix. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.025292 0.026102 0.027214 0.025946 0.052967 0.052263855 

Suzuki Access 125 0.024319 0.025232 0.027214 0.023716 0.05042 0.046956135 

Honda Activa 125 0.025049 0.023782 0.024324 0.025946 0.047241 0.0487471 

Yamaha Fascino 125 0.025049 0.023782 0.023215 0.024151 0.052967 0.049769054 

Hero Destini 125 0.025292 0.026102 0.023034 0.025239 0.046405 0.052263855 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 12 by using the Eq. (5) and Eq. (6) for 
each and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 12. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.197858 0.943145 3 

Honda Activa 125 0.195089 0.929946 4 

Yamaha Fascino 125 0.198933 0.94827 1 

Hero Destini 125 0.198336 0.945423 2 

 
Case 03: Checking the sensitivity with 60%weightage to the Beneficial and 40% weightage to the Non-Beneficial attributes 
method 
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Table 13. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.15 0.15 0.15 0.15 0.2 0.2 

Table 14. Normalized Decision matrix in ARAS with 60%-40% weightage. 

Criteria type → Beneficial Criteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 15. Weighted Normalized Decision matrix in ARAS with 60%-40% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.03035 0.031323 0.032657 0.031136 0.042374 0.041811084 

Suzuki Access 125 0.029183 0.030278 0.032657 0.02846 0.040336 0.037564908 

Honda Activa 125 0.030058 0.028538 0.029189 0.031136 0.037793 0.03899768 

Yamaha Fascino 125 0.030058 0.028538 0.027858 0.028982 0.042374 0.039815244 

Hero Destini 125 0.03035 0.031323 0.027641 0.030287 0.037124 0.041811084 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 16 by using the Eq. (5) and Eq. (6) for 
each and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 16. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.198479 0.946716 2 

Honda Activa 125 0.195711 0.933516 4 

Yamaha Fascino 125 0.197625 0.942644 3 

Hero Destini 125 0.198535 0.946986 1 

 
Case 04: Checking the sensitivity with 70% weightage to the Beneficial and 30% weightage to the Non-Beneficial attributes 
method 
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Table 17. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.175 0.175 0.175 0.175 0.15 0.15 

Table 18. Normalized Decision matrix in ARAS with 70%-30% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 19. Weighted Normalized Decision matrix in ARAS with 70%-30% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.035409 0.036543 0.038099 0.036325 0.03178 0.031358313 

Suzuki Access 125 0.034047 0.035325 0.038099 0.033203 0.030252 0.028173681 

Honda Activa 125 0.035068 0.033295 0.034053 0.036325 0.028344 0.02924826 

Yamaha Fascino 125 0.035068 0.033295 0.032501 0.033812 0.03178 0.029861433 

Hero Destini 125 0.035409 0.036543 0.032247 0.035335 0.027843 0.031358313 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 20 by using the Eq. (5) and Eq. (6) for 
each and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 20. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.1991 0.950291 1 

Honda Activa 125 0.196334 0.937091 3 

Yamaha Fascino 125 0.196317 0.93701 4 

Hero Destini 125 0.198735 0.948551 2 

 
Case 05: Checking the sensitivity with 80% weightage to the Beneficial and 20% weightage to the Non-Beneficial attributes 
method 
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Table 21. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.20 0.20 0.20 0.20 0.10 0.10 

Table 22. Normalized Decision matrix in ARAS with 80%-20% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 23. Weighted Normalized Decision matrix in ARAS with 80%-20% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

 

 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.040467 0.041763 0.043542 0.041514 0.021187 0.020905542 

Suzuki Access 125 0.038911 0.040371 0.043542 0.037946 0.020168 0.018782454 

Honda Activa 125 0.040078 0.038051 0.038918 0.041514 0.018896 0.01949884 

Yamaha Fascino 125 0.040078 0.038051 0.037144 0.038642 0.021187 0.019907622 

Hero Destini 125 0.040467 0.041763 0.036854 0.040383 0.018562 0.020905542 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 24by using the Eq. (5) and Eq. (6) for each 
and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 24. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.19972 0.953871 1 

Honda Activa 125 0.196957 0.94067 3 

Yamaha Fascino 125 0.195009 0.931369 4 

Hero Destini 125 0.198935 0.950118 2 

Case 06: Checking the sensitivity with 90% weightage to the Beneficial and 10% weightage to the Non-Beneficial attributes 
method 
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Table 25. Criteria and Alternatives. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

 
Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Suzuki Access 125 10 8.7 53.2727 4.36 104 87262 

Honda Activa 125 10.3 8.2 47.6154 4.77 111 84056 

Yamaha Fascino 125 10.3 8.2 45.4444 4.44 99 82330 

Hero Destini 125 10.4 9.0 45.0901 4.64 113 78400 

Weightage 0.225 0.225 0.225 0.225 0.050 0.050 

Table 26. Normalized Decision matrix in ARAS with 90%-10% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter (INR) 

Optimal Value 0.202335 0.208817 0.21771 0.207572 0.211868 0.209055421 

Suzuki Access 125 0.194553 0.201856 0.21771 0.18973 0.201682 0.18782454 

Honda Activa 125 0.200389 0.190255 0.194591 0.207572 0.188963 0.194988401 

Yamaha Fascino 125 0.200389 0.190255 0.185718 0.193211 0.211868 0.199076218 

Hero Destini 125 0.202335 0.208817 0.18427 0.201915 0.185619 0.209055421 

Table 27. Weighted Normalized Decision matrix in ARAS with 90%-10% weightage. 

Criteria type → BeneficialCriteria 
Non-Beneficial 

Criteria 

Criteria 

 

Torque 

(N-m) 

Power 

output 

(p.s) 

Fuel Economy 

(kmpl) 

Service provided by 

the company and 

parts availability 

Weight of  the 

scooter 

(kg) 

Price of  the 

scooter 

(INR) 

Optimal Value 0.045525 0.046984 0.048985 0.046704 0.010593 0.010452771 

Suzuki Access 125 0.043774 0.045418 0.048985 0.042689 0.010084 0.009391227 

Honda Activa 125 0.045088 0.042807 0.043783 0.046704 0.009448 0.00974942 

Yamaha Fascino 125 0.045088 0.042807 0.041787 0.043473 0.010593 0.009953811 

Hero Destini 125 0.045525 0.046984 0.041461 0.045431 0.009281 0.010452771 

Then the Optimality Function Si and Utility Degree Ki has been calculated in Table 28by using the Eq. (5) and Eq. (6) for each 
and every alternative and based on the Utility Degree, the Ranking of  Alternative has been done.  

Table 28. Calculation of  Optimality function, Utility Degree & Ranking of  alternatives. 

Alternatives Si Ki Ranking of  Alternatives 

Suzuki Access 125 0.200341 0.957455 1 

Honda Activa 125 0.197579 0.944253 3 

Yamaha Fascino 125 0.193701 0.925721 4 

Hero Destini 125 0.199134 0.951687 2 

Table 29. Summarize the Alternative Rankings of  the Sensitivity analysis. 

Methods Followed Rank 1 Rank 2 Rank 3 Rank 4 

Case 1 ARAS method with AHP weights 
Suzuki  

Access 125 

Honda 

activa125 

Hero  

Destini 125 

Yamaha 

Fascino 125 
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Case 2 ARAS method with Equal weightage 
Suzuki  

Access 125 

Hero 

Destini 125 

Yamaha 

Fascino 125 

Honda acti-

va 125 

Case 3 
ARAS method with 50% weightage assigned with Beneficial crite-

rion and 50% for Non-beneficial criterion 

Yamaha 

Fascino 125 

Hero 

Destini 125 

Suzuki 

Access 125 

Honda acti-

va125 

Case 4 
ARAS method with 60% weightage assigned with Beneficial crite-

rion and 40% for Non-beneficial criterion 

Hero  

Destini 125 

Suzuki 

Access 125 

Yamaha 

Fascino 125 

Honda acti-

va 125 

Case 5 
ARAS method with 70% weightage assigned with Beneficial crite-

rion and 30% for Non-beneficial criterion 

Suzuki  

Access 125 

Hero 

Destini 125 

Honda acti-

va 125 

Yamaha 

Fascino 125 

Case 6 
ARAS method with 80% weightage assigned with Beneficial crite-

rion and 20% for Non-beneficial criterion 

Suzuki  

Access 125 

Hero 

Destini 125 

Honda acti-

va 125 

Yamaha 

Fascino 125 

Case 7 
ARAS method with 90% weightage assigned with Beneficial crite-

rion and 10% for Non-beneficial criterion 

Suzuki  

Access 125 

Hero 

Destini 125 

Honda acti-

va 125 

Yamaha 

Fascino 125 

RESULT AND DISCUSSION 

From the Table 29, we can clearly see that among 7 cases in the Sensitivity analysis using ARAS, the Suzuki Access 125 is having 
the Rank 1 in highest no of  cases (5 out of  7). Then around 71% case the Hero Destini 125 takes the rank of  2. After which the 
Honda Activa 125 takes the Rank 3 in most of  the cases and Yamaha Fascino 125 holds the rank 4 in 57% cases. Fig. 1 gives spot 
light over the fact that how many times an alternative has got a particular rank. By this Fig. 27 we can see  
 

 

Fig. 1. Sensitivity Analysis Result. 

that Suzuki Access 125 holds Rank 1 in 6 methods among 10. Honda Activa 125 holds Rank 2 in 8 methods among 10. Yama-
ha Fascino 125 holds Rank 4 in 9 cases among 10 and Hero Destini 125 holds Rank 3 in 6 cases. The Fig. 2 clearly describes 
graphically about the ranks that are evaluated for each alternatives with Standard ARAS and Sensitivity analysis. The Fig also clari-
fies that which alternative ranks what with different weightage cases. 
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Fig. 2. Ranking comparison between Standard ARAS result and Sensitivity Analysis Result 

It can be seen from the comparison figure that the results that are obtained from standard case are somehow varies for 60%-40% 
and 50%-50% weightage techniques. As we increase the weightage percentile for the beneficial criterions, it increases the close-
ness of  the results with the standard one. Suzuki Access 125 holds rank 1 in most of  the cases and which holds rank 1 earlier in 
the standard ARAS method also. On the other hand, rank 4 hold by Yamaha Fascino 125 in Standard ARAS as well as most of  
the Sensitivity Analysis cases. Deviation is seen for the rank 2 and rank 3. In AHP-ARAS method, the rank 2 is got by Honda 
Activa 125 and rank 3 is holds by Hero Destini 125. But in sensitivity analysis result, rank 2 holds by Hero Destini 125 and rank 3 
holds by Honda Activa 125 for majority of  cases.   

CONCLUSION 

The Sensitivity Analysis mainly makes a judgmental overview about the results that are obtained from the standard process of 
MCDM by using the variable weightage method. It helps the decision makers to become confident about the judgment that 
he/she has to be made. In our work we are trying to make an overview about how a variable weightage sensitivity analysis can 
be used to check consistency of the Standard MCDM results. We can conclude from the work that there is not much deviation 
of results for Rank 1 and Rank 4 positions which are obtained from AHP-ARAS and Sensitivity Analysis. Suzuki Access 125 
holds Rank 1 and which is the best alternative among all 4 alternatives. Yamaha Fascino 125 holds Rank 4 in most of the cas-
es. For Rank 3 and Rank 4 position some deviation is seen in the standard and sensitivity analysis process and which can be 
taken care of by the decision makers easily with subjective judgment.  
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Abstract - Artificial Neural Networks (ANN) has been constructed for estimating the geometrical parameters of  bead-on 
plate obtained through Pulse TIG (Tungsten Inert Gas) welding, also known as Gas Tungsten Arc Welding (GTAW). For this, 
the dataset have been taken from the experimental work. Welding voltage, welding current, torch travel speed and pulse 
frequency have been considered to be the input parameters to predict weld bead width, height of  reinforcement and depth of  
penetration. Hidden layers are varied. 6 numbers of  nodes in the hidden layer has been found to give the best results in this 
work. Estimated values of  bead width, depth of  penetration and height of  reinforcement have been found to be quite close to 
the experimental observation. 
 
Keywords - welding, bead-on plate, Pulse TIG, pulse frequency, GTAW, back propagation, ANN. 
 

INTRODUCTION 

Determination of  optimum set of  welding parameters requires a large amount of  data which can be made available with a lot 
of  time-consuming and costly experiments. In the past, many investigations were carried out using various welding processes 
to explore the influence of  welding process variables on the weld characteristics during welding of  different steels and other 
non-ferrous alloys [1-3]. Desired weld bead geometry can be achieved by adjusting welding current and voltage, welding speed, 
flow rate of  shielding gas and diameter of  the filler wire in Gas Metal Arc Welding [4-6]. Hardness and strength of  the welded 
joint is also influenced by these welding parameters [7-9]. The above parameters also influence on the amount of  welding de-
fects and occurrence of  spatter. Welding defects can be reduced by adjusting the parameters suitably [10]. The microstructure 
of  the welded joint is also affected by the selection of  welding parameters [11]. In addition to the choice of  welding parame-
ters, use of  various types of  flux material influences the characteristics of  welded joint [12]. 
Many simulation and optimization works in arc welding were investigated by the researchers to reduce the costly trials on weld-
ing [13-15]. Various mathematical models were employed for prediction of  optimum weld bead geometry corresponding to a 
set of  parametric conditions employed during welding [16-18]. This suitable set of  process parameters would then be used for 
making welded joint. The Artificial Neural Networks (ANN) is a popularly used mathematical tool for prediction or estimation 
of  and it is applied in a wide variety of  fields including welding. It is mainly used to predict the welded joint characteristics 
from varying welding parameters [19-22]. 
In this work, Artificial Neural Networks (ANN) is applied for the estimation of  weld bead geometry made with Gas Tungsten 
Arc Welding process. For the development of  the model, data were taken from the experimental work [23] done by the 2nd and 
3rd authors of  this article. Results obtained are discussed and applicability of  the method is explored. 
Measurements are also carried out to observe the influence of operating parameters on the system performance. The obtained 
results show that the proposed system has ensured a substantial reduction in process air humidity at the dehumidifier exit 
while maintaining the conditioned room indoor thermal comfort. 

ARTIFICIAL NEURAL NETWORKS 

Artificial neural networks (ANN) is an important paradigm of  soft computing method. It is evolved from the biological neural 
network just like a basic neuron structure of  a human body. The artificial neuron is called perceptron. Just like a biological 
neuron, ANN takes in data, recognize the pattern present in this data and predict output(s) with new set of  data [24, 25]. ANN 
can be preferred because of  its ability to update itself  at any point with new types of  data. Also ANN can rapidly operate 
enormous amount of  input data. Application of  neural networks is in a wide range of  areas, such as, areas of  finance like in 
stock market, medical field, engineering, etc. where prediction and estimation are needed.  
Fig. 1 represents relationship between artificial neural networks and biological neuron. From the diagram, a neuron gets the 
input information from the connected neurons just like axons of  a biological neuron, with xi as the ith element of  x vector. 
The weights wi are related to the synapses of  a biological neuron which are to be applied to the inputs. All the elements from 
the inputs are fed into the cell body where summation is done. Also a bias is added. At the final stage, the weighted sum is 
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passed to filter called activation function to get the output. Activation function is also called threshold function. 
 

 
Fig. 1. Representation of  a structure of  artificial neural networks (ANN) mimicked from a biological neuron. 

Learning is required for both human brain and artificial neural networks, so it can work more efficiently. Learning of  ANN is 
done by updating the weights, bias and other elements. Learning can be either supervised learning or unsupervised learning. 
Some of  the important supervised learning techniques for ANN are: 

i) Back propagation neural network 
ii) Radial basis function neural network 
iii) Time delay neural network 
iv) Regulatory feedback neural network 
v) Probabilistic neural network 

BACK PROPAGATION TYPE NEURAL NETWORKS FOR TRAINING 

Back propagation algorithm is type of  supervised learning where inputs and outputs were to be known in advance. Basic archi-
tecture in this type of  network consists of  three layers- input layer depicting input parameters, hidden layer which represents 
the unknown relationship between the input layer and the output layer and the output layer. At the time of  designing the neur-
al networks, some random weights are assigned. After that, neural networks output is compared with the desired output. And 
it is obvious that some error may be obtained. These errors are reduced by propagating backwards and changing the weights. 
This process is a type of  iterative process and the training will continue until the error is reduced to a acceptable value. A typi-
cal back propagation neural network is shown in Fig. 2. 

 
Fig. 2.  A Typical Back Propagation Neural Network Model. 
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The input parameters are fed into the input layer of  the neural network. In the hidden layer, all the input signals, ai are multip-
lied with the assigned weights, wi. The summation of  the product of  input signals and weights is done followed by adding a 
bias, θ1  

x = Σ(aiwi) + θ1                     (1) 
This x is used to formulate the activation function. Activation function is used as a filter to generate the final output. It works 
on simple Boolean theory.  

f(x) = 1 if  X ≥ θ1         (2) 

       = 0 if  X < θ1         (3) 
In this work sigmoid function is used as activation function. The sigmoid function can be written as 

F(x) = 
1

1+𝑒−𝑥
            (4) 

The difference between targeted output and calculated output is the error. The computed error is then back propagated to 
update the weight values. This process is continuously done until acceptable value of  error is reached. The weights are updated 
using Levenberg-Marquardt algorithm this study. 
Levenberg-Marquardt algorithm is least square method which is used to solve non-linear problems fitting problem. It is a 
combination of  gradient descent method and Gauss-Newton Method. 

PREDICTION OF BEAD GEOMETRY OF TIG WELDED WORKPIECE USING ANN 

In this study, experimental data are collected from the work of  Bose and Das [23]. They worked on bead-on-plate welding us-
ing Pulsed Gas Tungsten Arc Welding (P-GTAW), or pulse-TIG, and determined weld bead geometry of  316-grade austenitic 
stainless steel deposited on low carbon steel plates. Effects of  varying process parameters on the weld bead geometry of  316 
austenitic stainless steel filler wire cladded on low carbon steel plates were investigated by them. Cladding was later done using 
Pulsed Gas Tungsten Arc Welding process. This experiment was done for the study corrosion resistance technique by cladding 
process.  
The Experimental data taken from the work of  Bose and Das [23] are given in Table 1. 15 sets of  experiments were carried 
out by selecting welding current, Frequency, Travel speed, Weld Voltage, which are given in Table 1. And these 15 sets of  ex-
periment resulted in 15 combinations of  weld bead geometry (Depth of  Penetration, Height of  Reinforcement and Weld Bead 
Depth) which are also given in Table 1. 

Table 1. Experimental Data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sl. 
No 

Welding 
Current,  

(A) 

Frequency 
(F) (Hz) 

Travel Speed 
(S) 
(mm/min) 

Weld Vol-
tage (V) 

Average depth 
of  Penetration 

(mm) 

Average Height of 
Reinforcement 

(mm) 

Average Weld 
Bead Width 

(mm) 

1 150 33 90 9.7 2.54 2.46 9.99 

2 130 60 90 10.4 2.36 2.66 8.93 

3 130 6 150 14.9 1.54 2.51 5.84 

4 110 60 120 13.9 1.02 2.85 4.72 

5 150 60 120 11.6 1.07 2.36 7.59 

6 130 33 120 12.3 0.96 2.44 6.06 

7 150 33 150 13.2 1.16 1.6 7.53 

8 110 6 120 14.2 1.09 2.43 4.27 

9 110 33 90 13.3 1.57 2.28 7.49 

10 150 6 120 14.1 1.63 2.22 5.31 

11 130 60 150 16.8 0.95 2.43 6.42 

12 130 33 120 12.9 1.4 2.47 4.09 

13 110 33 150 15.1 0.94 2.6 5.76 

14 130 6 90 15.9 2.45 2.26 11.05 

15 130 33 120 12.5 0.92 2.44 5.21 

https://www.researchgate.net/profile/Soumak-Bose
https://www.researchgate.net/profile/Soumak-Bose
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In this work, a neural networks model is constructed for the prediction of  weld bead geometry of  bead-on plate GTAW weld-
ing. For the development of  the model, the set of  data was taken from the experimental work of  Bose and Das [23]. Four in-
put parameters, i.e. welding voltage, welding current, travel speed and pulse frequency, were considered to predict output pa-
rameters, i.e. weld bead width, height of  reinforcement and depth of  penetration. Trial runs were attempted with a hidden 
layer with 4, 5 and 6 numbers of  hidden nodes. Using 6 numbers of  hidden nodes gives the best results for the neural net-
works model. Development of  the neural networks and training is done using the application tool, MATLAB 2020a. 

 

Fig. 3. Schematic Diagram of  ANN Model for predicting Bead Geometry. 

For the development of  the model, fourteen sets of  data were taken out of  which 10 sets of  data were used for training, two 
sets of  data were used for validation and two sets of  data for testing. Fig. 3. represents the artificial neural networks (ANN) 
model in which 6 hidden nodes are there in the single hidden layer chosen with four input nodes (for each parameter) and 3 
output nodes (for each response). Selection of  number of  hidden layers is done by some trials. Trial was done with 3, 4, 5, 6 
and 10 hidden nodes in the hidden layer. Training with 6 hidden nodes in a single layer gives the best results with minimum 
error. 
In Fig. 4 through Fig. 7, regression analysis is done which determines the relationship between target data and predicted data. 
In Fig. 4, regression plot for training data is established. In Fig. 5, plot for validation of  the model is shown. In Fig. 6, regres-
sion plot of  testing data is shown. And Fig. 7 shows overall regression analysis.   
In Fig. 8, the graph of  comparison between experimental data and predicted data of  average depth of  penetration is given. 
The experimental data are very similar to predicted data with minor deviation in some sets.  
In Fig. 9, the graph of  comparison between experimental data and predicted data of  average height of  reinforcement is given. 
It can easily be observed that the predicted value is very much similar to the experimental data.  
In Fig. 10, the comparison between experimental data and predicted data of  average bead width is depicted. It can be seen that 
the predicted value is much similar to the experimental data as that of  the other two bead geometry parameters.  

 
Fig. 4. Regression plot of  predicted and target data for training samples.  

 
Fig. 5. Regression plot of  predicted and target data for validation. 
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Fig. 6. Regression plot of  predicted and target data for testing samples. 

 
Fig. 7. Regression plot of  predicted data and target data for all sample. 

 

Fig. 8. Comparison between experimental and predicted data of  depth of  penetration. 

 

Fig. 9. Comparison between experimental and predicted data of  height of  reinforcement. 
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Fig. 10. Comparison between experimental and predicted data of  weld bead width. 

In Fig. 11 through Fig. 13, error percentages of  weld beat geometry of  predicted values are shown. From the Figures, it can be 
observed that most of  the estimated values are close to be of  zero error. Estimated values have a maximum of  20% error only 
at a few points.  
 

 

Fig. 11. Percentage of  Errors in Estimated Values of  Depth of  Penetration. 

 

Fig. 12. Percentage of  Errors in Estimated Values of  Height of  Reinforcement. 
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Fig. 13. Percentage of  Errors in Estimated Values of  Weld Bead Width. 

CONCLUSION  

In this work, the investigation has been conducted for the estimation of  weld bead geometry from input parameters in the 
bead on plate pulsed GTAW process. From the investigation, it can be concluded that bead geometry of  welded joint can be 
estimated without performing time-consuming and expensive experiments with the help of  machine learning tool, an artificial 
neural networks (ANN) with perfection as predicted results from ANN are much close to the experimental data, and hence, its 
applicability. 

REFERENCES 

[1] Karadeniz, E., Ugur O. and Ceyhan Y., "The effect of  process parameters on penetration in gas metal arc welding 
processes." Materials & design 28.2 (2007): 649-656. 

[2] Vibhor, P., Rai, P., Lad, B.K., Das, S. and Sabiruddin, K., "Determination of  significant factors affecting the bending 
strength of  weld joint prepared by gas metal arc welding." Int J Mech Eng Res Technol 2.1 (2016): 1-10. 

[3] Saha, M.K., Hazra, R., Mondal, A. and Das. S., "Effect of  heat input on geometry of  austenitic stainless steel weld bead 
on low carbon steel." J. The Inst. Engineers (India): Series C 100.4 (2019): 607-615. 

[4] Ibrahim, I.A., Mohamat, S. A., Amir, A., & Ghalib, A.  "The effect of  gas metal arc welding (GMAW) processes on dif-
ferent welding parameters." Procedia Eng. 41 (2012): 1502-1506. 

[5] Ghazvinloo, H. R., Honarbakhsh-Raouf, A., and Shadfar., N., "Effect of  arc voltage, welding current and welding speed 
on fatigue life, impact energy and bead penetration of  AA6061 joints produced by robotic MIG welding." Indian J. Sci. 
Tech. 3.2 (2010): 156-162. 

[6] Radhakrishnan, K., Parameswaran, P., Godwin Antony, A. and Rajaguru. K., "Optimization of  mechanical properties on 
GMAW process framework using AA6061-T6." Materials Today: Proceedings 37 (2021): 2924-2929. 

[7] Utkarsh, S., Neel, P., Mahajan, M.T., Jignesh, P. and Prajapati, R. B., "Experimental investigation of  MIG welding for ST-
37 using design of  experiment." Int. J. Sci. Research Pub. 4.5 (2014): 1 

[8] Frango, T. L., Prabhakaran, M., Sivakandhan, C., Babu, K.V. and Vairamuthu, J., "Enhancement of  welding strength on 
Eglin steel using MIG welding process." Materials Today: Proceedings 33 (2020): 4617-4620. 

[9] Yang, J., Dong, H., Xia, Y., Li, P., Hao, X., Wang, Y., Wu, W. and Wang, B., "Carbide precipitates and mechanical proper-
ties of  medium Mn steel joint with metal inert gas welding." J. of  Mat. Sci. & Tech. 75 (2021): 48-58. 

[10] Sabiruddin, K., Bhattacharya, S., and Das, S., "Selection of  appropriate process parameters for gas metal arc welding of  
medium carbon steel specimens." Int. J. Analytic Hierarchy Process 5.2 (2013): 252-267. 

[11] Çetkin, E., Çelik, Y. H. and Temiz, Ş., "Effect of  welding parameters on microstructure and mechanical properties of  
AA7075/AA5182 alloys joined by TIG and MIG welding methods." J. of  the Brazilian Society of  Mech. Sci.  and Eng. 42.1 
(2020): 1-12. 

[12] Huang, H. Y., "Effects of  activating flux on the welded joint characteristics in gas metal arc welding." Materials & De-
sign 31.5 (2010): 2488-2495. 



 
Journal of Mechanical Engineering: PRAKASH, Volume 01, Issue 01, August 2022 

 
 

46 

https://doi.org/10.56697/JMEP.2022.1105  JMEP2022 © Jalpaiguri Government Engineering College http://www.prakashjgec.com 
 

[13] Osman, M.H., Nasrudin, N. F., Shariff, A. S., Wahid, M. K., Ahmad, M. N., Maidin, N. A., Jumaidin, R. and Ab Rahman, 
M.H., "Experimental study of  single pass welding parameter using robotic metal inert gas (MIG) welding process." 
In Adv. in Mech., Manufact., and Mech.Eng., pp. 10-21. Springer, Singapore, 2021. 

[14] Ates, H.,"Prediction of  gas metal arc welding parameters based on artificial neural networks." Materials & Design 28.7 
(2007): 2015-2023. 

[15] Li, X., Simpson, S.W. and Rados, M., "Neural networks for online prediction of  quality in gas metal arc welding." Sci. and 
Tech. of  Welding and Joining 5.2 (2000): 71-79. 

[16] Pal, S., Pal, S. K. and Samantaray, A. K., "Artificial neural network modeling of  weld joint strength prediction of  a pulsed 
metal inert gas welding process using arc signals." J. of  Materials Processing Tech. 202.1-3 (2008): 464-474. 

[17] Kanti, K. M. and Rao, P. S.,"Prediction of  bead geometry in pulsed GMA welding using back propagation neural net-
work." J. of  Materials Processing Tech. 200.1-3 (2008): 300-305. 

[18] De, A., Jantre, J. and Ghosh, P. K.,"Prediction of  weld quality in pulsed current GMAW process using artificial neural 
network." Sci. and Tech. of  Welding and Joining 9.3 (2004): 253-259. 

[19] Dutta, P. and Pratihar, D. K., "Modeling of  TIG welding process using conventional regression analysis and neural net-
work-based approaches." J. of  Materials Processing Tech. 184.1-3 (2007): 56-68. 

[20] Chan, B., Pacey, J. and Bibby, M.,"Modelling gas metal arc weld geometry using artificial neural network technolo-
gy." Canadian Metallurgical Quarterly 38.1 (1999): 43-51. 

[21] Lee, J. I. and Um, K. W.,"A prediction of  welding process parameters by prediction of  back-bead geometry." J. of  Mate-
rials Processing Tech. 108.1 (2000): 106-113. 

[22] Nagesh, D. S. and Datta, G. L.,"Prediction of  weld bead geometry and penetration in shielded metal-arc welding using 
artificial neural networks." J. of  Materials Processing Tech. 123.2 (2002): 303-312. 

[23] Bose, S. and Das, S.,. "Experimental investigation on bead-on-plate welding and cladding using pulsed GTAW 
process." Indian Welding Journal 54.1 (2021): 64-76. 

[24] Kumar, A., Chauhan, V. and Bist, A.S., "Role of  artificial neural network in welding technology: a survey." Int. J. of  Com-
puter Applications 67.1 (2013): 32-37 

[25] Andersen, K., Cook, G. E., Karsai, G. and Ramaswamy, K., "Artificial neural networks applied to arc welding process 
modeling and control." IEEE Transactions on Industry Applications 26.5 (1990): 824-830. 



   

Journal of Mechanical Engineering: PRAKASH 
Volume 01, Issue 01, pp. 46-52, August 2022 

 

 

  

46 

https://doi.org/10.56697/JMEP.2022.1106  JMEP2022 © Jalpaiguri Government Engineering College http://www.prakashjgec.com 
 

Affordable cold storage for preservation of  perishable  
agricultural products in the context of  North Bengal 

U. Das*, A. Mahapatra 

Department of  Mechanical Engineering, Jalpaiguri Government Engineering College, India. 
 

Abstract - A cold storehouse is the most effective system of  conserving perishable vegetable quality like tomatoes, potatoes cabbage, 

eggplant carrot, etc., but its high cost deters relinquishment by the planter, smallholder, producer, and entrepreneurs. Several low-cost 
cooling devices have been developed, but they cannot maintain the recommended storehouse temperature. Various types of  fruit and 
vegetables taste best when they're gathered completely ripe and also consumed or reused. Leafy vegetables and sauces also don't keep long 
after the crop. With fruit and vegetables from the home garden, speedy consumption and further processing are no problem, but consumers 
also want a certain shelf  life in addition to good quality and full aroma for bought products. This pretense is a challenge to farmers for fruit 
and vegetable because the metabolism of  the products continues indeed after the crop when gathered in the optimal condition, the quality 
of  the gathered material decreases continuously - it loses taste and constituents and changes its appearance and thickness until it's at some 
point is no longer comestible. Perishable products deteriorate fleetly during the post-harvest chain. Thus, it is required to give an affordable 
cold storehouse system to enhance the quality and shelf  life of  the perishable agricultural products for rural as well as urban use. In the 
following acquaintance, the reader will learn how solar cold storehouses may be used for the preservation of  perishable products and will be 
affordable to growers and smallholders, producers as well as entrepreneurs. 

 
Keywords - cold storage, perishable products, solar power, tomatoes vegetable. 
 

INTRODUCTION 

Vegetables are considered one of the most important perishable products worldwide for fresh requests and reused due to their 
health and profitable significance. West Bengal has secured the 1st rank in vegetable products [1]. Fresh vegetables are similar to 
the organism, with the action still going on after today, they are respiration out of which water is deficient in emission, and there 
are other chemical changes. Vegetable gets also get worse due to temperature and high humidity. Leafy vegetables are quickly 
spoiled by tuber and root crops. Every year in our country thousands of tonnes of vegetables are quickly spoiled without proper 
maintenance A food regimen wealthy in veggies and culmination can decrease blood pressure, lessen the chance of coronary 
heart sickness and stroke, save you a few styles of cancer, decrease the chance of eye and digestive problems, and feature a won-
derful impact upon blood sugar, which could assist maintain urge for food in Vegetables are vital for human fitness due to their 
vitamins, minerals, phytochemical compounds, and nutritional fiber content material. Especially antioxidant vitamins and nutri-
tional fiber content material have vital roles in human fitness. It has been reported that tomato fruit has a considerable value in 
the most important antioxidants similar to lycopene, carotenoids, vitamin C, and minerals, which can play a vital part in suppress-
ing the development of some mortal conditions including prostate, colon, and bone cancers [2]. Also, consumption of about 100 
g of tomato can supply the mortal body with 40% of the recommended diurnal lozenge of vitamin C which can enhance the vul-
nerable system, and lower blood pressure and cholesterol [3]. Vegetable products are classified as climactic products and deteri-
orate fleetly after crop due to soft textures and their vulnerability to microbial infection. Vegetables are gathered at colorful ma-
turity stages, including green mature, swell, turning, and light red. Fruit and vegetable quality is substantially affected by postharv-
est conditions similar to transportation and storehouse conditions [4]. Post-harvest losses of fruits and vegetables are estimated to 
be between 15 and 40%, contributing to a significant portion of the total loss due to lack of storage facilities and poor infrastruc-
ture. Several methods are available for the preservation of food, the most common being preservation through heat exclusion [5]. 
A reduction in energy consumption and the utilization of sustainable and renewable energy technologies are essential to meet the 
increasing demand for cooling, using environmentally friendly methods [6]. Thus, it is required to give an affordable refrigeration 
storehouse system to enhance the quality and shelf life of the perishable vegetable for unborn use maintain postharvest quality 
and protract the shelf life of products. Solar-powered cold storehouse may be used for the preservation of the perishable product 
and it'll be affordable to growers and producers because of its availability, and affordability. 

ESTIMATION OF SOLAR COLD STORAGE FOR A PARTICULAR PERISHABLE PRODUCT 

In this paper for estimation of solar cold storage, tomato is considered as a perishable product. It has been reported that tomato 
fruit has a considerable value in the most important antioxidants similar to lycopene, carotenoids, vitamin C, and minerals which 

can play a vital part in suppressing the development of some mortal conditions including 
prostate, colon, and bone cancers. Also, consumption of about 100 g of tomato can supply 
the mortal body with 40% of the recommended diurnal lozenge of vitamin C which can 
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enhance the vulnerable system, and lower blood pressure and cholesterol. 
 

Fig. 1. Wastage of Perishable products due to lack of low cost cold storage. Fig. 2. Wastage of tomatoes due to lack of affordable cold storage. 

Fig. 3. Wastage statistics of Perishable products in India[7]. 

Fig 4. Production of vegetables in leading states of India (2018-19). 
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Fig. 5. Indian Production of TOMATO (Source: National Horticulture Board). 

Table 1. Area and production of  tomato for major producing districts in west Bengal. 

 

 

 

 

 

 

 

PRODUCTION OF TOMATOES IN THE DISTRICT COOCH BEHAR 

From the Horticultural Statistics, it can be observed that the state, West Bengal is in 6th position in India in the production of 
tomatoes, and the district Coochbehar is in the 1st position in West Bengal in the production of tomatoes. But due to the lack of 
post-harvesting management, the farmers are reluctant to produce tomatoes in large quantities. So, proper post-harvesting technic 
like refrigerated cold storage within the budget will motivate them to mass production of tomatoes. 

YEARLY PROFIT LOSS ANALYSIS 

From the above Table 1, it can be observed that the yearly average production of tomatoes is 150 thousand tons.  

From horticulture statistics, it was also observed that every year losses of tomatoes are around 14% to 17% due to lack of cold 
storage. Now if here we consider 15%, then yearly losses = 150 x 1000 x 15 % = 22500 Qnt. = Rs. 56,25,00,000 (Loss).   

[Yearly average market price of tomatoes = Rs.2500/Qnt.] 

STORAGE CONDITIONS AND ECOLOGY 

How active the metabolism of fruit and vegetables is indeed after the crop can be seen from the growing of half-green tomatoes. 
For growing tomatoes, the storehouse temperature is 4.5°C to 7°C, relative moisture 85% to 90%, and cold storehouse life 
needed about 1 to 1.5 weeks. For mature (green) tomatoes, storehouse temperature is needed about 5.5°C to15.5°C, relative 
moisture 90%, and storehouse life of 4 to 8 weeks. 

The design of Cold Storage largely depends on: 

A: Area in '000 Ha  

P: Production in '000 MT 

STATES DISTRICT 
2015-16 2016-17 

AREA PRODUCTION AREA PRODUCTION 

WEST BENGAL 

COOCH BEHAR 3.31 148.75 3.32 153.24 

24 PARAGANAS NORTH 4.18 134.53 4.19 135.95 

NADIA 4.80 109.14 4.82 115.84 

MURSHIDABAD 4.87 101.56 4.88 101.89 

ALIPURDUAR 3.39 100.52 3.40 100.75 

24 PARAGANAS SOUTH 4.94 92.19 4.95 93.25 

PURULIA 5.54 80.50 5.55 80.70 

MEDINIPUR WEST 4.21 70.66 4.21 71.56 

*Horticultural Statistics at a Glance 2018 
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 Product to be stored 

 Temperature and moisture conditions to be maintained\ 

 Volume of the product 

 Period of Storage 

HEAT LOAD CALCULATIONS 

Cold storage capacity for 10000 kg (10 ton) tomatoes requires a storage volume of approximately 1200 ft3, because nearly 50-70 
% of the total volume is utilized for storage purposes. For this purpose one storage of size, 20 ft x 10ft x 6ft (1200 ft3) is consi-
dered. If the height of the cold storage is 6ft then the base of the cold storage will be 20ft x 10 ft. 

TRANSMISSION LOAD 

This is the thermal energy transferred through the roof, walls, and floor into the cold room. Consider the ambient air is 30°C at 
50% RH, and the internal air is 5°C at 90% RH. The walls, roof, and floor are all insulated with polyurethane with a U value of 
0.028W/ft2-°C. 

To calculate the transmission load, following formula will be used: 

𝑄 = 𝑈𝐴  
𝑇𝑜 − 𝑇𝑖

1000
 𝑥24 

Where, Q = kW-hr/day heat load, U = U value of overall heat transfer coefficient (W/ft2-°C), A = surface area of walls roof and 
floor (ft2), Ti = The air temperature inside the room in (°C), To = The ambient external air temperature in (°C), 24 = Hours in a 
day. 

To calculate “Area” is fairly easy, it is just the size of each internal wall, so drop the numbers in to find the area of each wall, roof, 
and floor. Side 1 = 20ft x 6ft = 120ft2; Side 2 = 20ft x 6ft= 120ft2; Side 3 = 10ft x 6ft = 60ft2; Side 4 = 10ft x 6ft = 60ft2, Roof = 
20ft x 10ft = 200ft2; Floor = 20ft x 10ft = 200ft2. 

Then, it can run these numbers in the formula to calculate the floor separately from the walls and roof as the temperature differ-
ence is different under the floor so the heat transfer will therefore be different. 

WALLS AND ROOF   

 

𝑄 = 𝑈𝐴  
𝑇𝑜 − 𝑇𝑖

1000
 𝑥24 

Q = 0.028𝑥560(
30 − 5

1000
)𝑥24 

𝑄 = 10 approx.  kW − hr/day 

 
FLOOR 

Q = UA(
To− Ti

1000
)𝑥24 

Consider ground temperature:
   To = 15℃  

𝑄 = 1.4 kW − hr/day 

If the bottom isn’t isolated, then it is needed to use a different formula grounded on empirical data. Total daily transmission heat 
gains = 11.4 kWh/day, if the cold room is in the direct sun then it is needed to regard for the sun's energy also. 

PRODUCT LOAD – PRODUCT EXCHANGE 

Next, should be calculated the cooling load from the product exchange that being the heat brought into the cold room from new 
products which are at an advanced temperature.  
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For this example here will be storing tomatoes, so it can look up the specific heat capacity of the tomatoes but do remember if it 
is required for freezing products then the products will have a different specific heat when cooling, freezing, and subcooling so 
it’ll be needed to account and calculate this separately, but in this example, here it is just cooling.  

There is 400kg of new tomatoes arriving each day at a temperature of 25°C and a specific heat capacity of 3.60 kJ/kg-°C; The 
following formula can be used: 

Q = m 𝑥 Cp  Ti − Tsh

3600
  

Where, CP = Specific Heat Capacity of tomatoes (kJ/kg-°C), and m = the mass of new tomatoes each day in (kg). Thus, 

𝑸 = 𝟖 𝐤𝐖 − 𝐡𝐫/𝐝𝐚𝐲 
 
PRODUCT LOAD – PRODUCT RESPIRATION 

Next, to calculate the product respiration, this is the heat generated by living products similar to fruit and vegetables. These will 
induce heat as they're still alive, that’s why it is required to cool them to decelerate their deterioration and save them for longer.  
For this illustration, here it has taken 1.91 kJ/kg/day as an average, but this rate changes over time and with temperature. In this 
illustration, here are using rules of thumb value just to simplify the computation since this cooling load isn't considered critical. If 
it were to calculate for a critical load they should use lesser perfection. In this illustration, the store maintains a hold of 10000 kg 
of tomatoes. To calculate this, the equation is given by: 

𝑸 = (
𝒎 𝒙 𝐑𝐞𝐬𝐩

𝟑𝟔𝟎𝟎
) 

 
Where, m = mass of tomatoes in storage (kg), and Resp = the respiration heat of the perishable product (1.91kJ/kg). 

𝑸 = 𝟓. 𝟑 𝐤𝐖 − 𝐡𝐫/𝐝𝐚𝐲 

For the product section, it’ll sum together the product exchange of 8 kWh/day and respiration load of 5.3kWh/day to get a total 
product load of 13.3kWh/day. 

TOTAL COOLING LOAD 

To calculate the total cooling load here are all the values calculated; Transmission load: 11.4kWh/day; Product load:           
13.3kWh/day; so, total = 24.7 kW-hr/day. 

SAFETY FACTOR 

It's typical to add 10 to 30 percent onto the computation to cover the safety factor, in this case, it is considered as 20 percent for 
illustration so well just multiply the cooling load by a safety factor of 1.2 to give a total cooling load of 29.64 kWh/day. 

COOLING CAPACITY  SIZING OF REFRIGERATION 

It's projected that the unit to run about 15 hours per day which is fairly typical for this size and type of store. So the total cooling 
burden of 29.64 kWh per day, divided by 15 hours means the refrigeration unit conditions to have a capacity of about 2kW to 
sufficiently meet this cooling load [8].  

PRINCIPLES OF REFRIGERATION 

Removing heat from a place or a thing is the process of refrigeration, which is often accomplished by artificially reducing the 
temperature. A cold storage house system uses the vapour absorption refrigeration system, much like any other refrigeration sys-
tem of comparable size. A variation on the vapour compression refrigeration systems is the vapour absorption refrigeration sys-
tem. The input to absorption systems, as opposed to vapour compression refrigeration systems, is heat. Hence these systems are 
also called heat-activated or thermal energy-driven systems. Since conventional absorption systems use liquids for the absorption 
of the refrigerant system, these are also sometimes called wet absorption systems. Parallel to vapour compression refrigeration 
structures, vapour absorption refrigeration structures have additionally been commercialized and are extensively utilized in diverse 
refrigeration and air conditioning applications. Since those structures run on low-grade thermal power, they're desired while low-
grade power including waste warmness or solar power is available. Since conventional absorption structures typically use usual 
refrigerants including water or ammonia they're surroundings friendly. 
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SOLAR REFRIGERATION 

A refrigerator that runs on electricity supplied by Solar Energy is known as solar refrigeration. Solar-powered refrigerators may be 
most generally used in the coming generation.  

NEED FOR SOLAR REFRIGERATION: 

 Need refrigeration in areas not connected to a power grid  

 Need to minimize environmental impact and energy cost  

 Estimate the eventuality of solar energy to meet these requirements  

 Estimate the effectiveness of different types of solar refrigeration  

DIFFERENT TYPES OF SOLAR REFRIGERATION 

 Photovoltaic Operated Refrigeration Cycle  

 Solar Power Mechanical Refrigeration  

 Solar Vapour Absorption Refrigeration  

PHOTOVOLTAIC OPERATED REFRIGERATION CYCLE 

Vapor compression cycle system with a power input from Photovoltaic cells. DC electric power output system from PV runs the 
compressor of a conventional cycle (Fig. 6).  

CONSIDERATIONS 

Should match voltage imposed on PV array to the motor characteristics and power requirements of the refrigeration cycle. For a 
given operating condition (solar radiation and module temperature), a single voltage provides maximum power output. Must find 
compressor motor nearly matched to the electric characteristics of the PV module [9]. 

 

Fig. 6. Photovoltaic Operated Refrigeration Cycle [10]. 

 
SOLAR POWER MECHANICAL REFRIGERATION 

Vapor compression cycle with a power input from solar Rankine cycle. 

CONSIDERATIONS 

Efficiency optimization based on delivery temperature, the efficiency of the Rankine cycle increases with increased heat exchang-
er temperature, the efficiency of solar collectors decreases with an increase in temperature. 

CONCLUSION 

A good deal of experience is required to make a perfect calculation of a cold store's refrigeration requirement and this should 
therefore only be done by a well-qualified and experienced person. Although the above computation is not comprehensive, it will 
still be useful for two things. It enables the reader to perform a similar sort of calculation for various perishable product types and 
storage capacities to determine an approximation of the required number of refrigerated storehouses. Additionally, it aids the 
reader in understanding the multitude of variables that must be taken into account when calculating the heat load and provides 
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some insight into the relative weight of the design process that can be utilised to scale up the capacity. The economic study for 
producing a solar refrigeration system for a small cold storage facility for perishable goods like tomatoes, fruits, other vegetables, 
etc. is helped by this project. 
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Abstract - The engineers have been utilising artificial neural networks (ANNs), one of  the most effective and adaptable tools 
offered by artificial intelligence, for many years in a variety of  applications. A simple mathematical model of  brain functions is 
provided by ANNs, which are computational tools. They can be used for tasks like modelling, categorisation, and prediction 
when combined with raw data and a learning system. They have recently experienced a sharp increase in popularity and are 
currently among the most important study topics in the disciplines of  artificial intelligence and machine learning. Large groups 
of  basic classifiers known as neurons make up an ANN. Chemical engineers use them to automate process controls, model 
complex linkages, and forecast reactor performance. Large data sets can benefit from ANNs' capacity for learning, but these 
systems can also overfit or become stuck in local minima and are challenging to reverse engineer. The function of  artificial 
neural networks (ANNs) in chemical engineering is explored in this article. For creating chemical engineering processes, the 
ANN is quite helpful. The process is very quick and trustworthy. We also gathered several journal publications and current 
research articles, summarising the use of  ANN in various chemical engineering fields and its processes. 
 
Keywords - ANN, mathematical modelling, process systems engineering, surface methodology, statistical theory. 
 

INTRODUCTION 

A mathematical model or computer model that is inspired by the structure and/or functional characteristics of  biological 
neural networks is known as an artificial neural network (ANN), sometimes known as a neural network (NN) [1]. A neural 
network uses a connectionist method of  computation to process information and is made up of  a network of  artificial 
neurons that are connected to one another. In the majority of  cases, an ANN is an adaptive system that modifies its structure 
in response to input coming from the outside or inside the network during the learning period. Tools for non-linear statistical 
data modelling include modern neural networks. They are typically applied to identify patterns in data or to model intricate 
relationships between inputs and outputs. 
The study of  central nervous systems and their neurons, axons, dendrites, and synapses—which make up the processing com-
ponents of  biological neural networks under investigation by neuroscience—provided the initial inspiration for the term Ar-
tificial Neural Network. The term "artificial neural network" refers to a network of  nodes that mimics the biological neural 
networks. Simple artificial nodes, also known as "neurons", "neurodes", "processing elements" (PEs), or "units," are connected 
together to create an artificial neural network. The biological network and this share some similarities. Currently, neural net-
work models used in statistics, cognitive psychology, and artificial intelligence are most often referred to as artificial neural 
networks (ANNs). Theoretical and computational neuroscience are concerned with neural network models created with simu-
lation of  the central nervous system (CNS) in mind. 
There has been a good amount of  literature produced on neural networks since the development of  parallel distributed 
processing [2]. It is particularly challenging to comprehend the abundance of  available information because neural networks 
are applied to such a diverse range of  topics. To understand where the evolution of  neural networks began, a concise history 
of  neural networks has been provided. To prove the necessity of  the suggested work in this study, papers on numerous themes 
relevant to it are described in depth. 
In order to deal with the nonlinear, uncertain, complicated, and multivariate nature of  biodiesel/bio-lubricant systems, data-
driven machine learning (ML) technology provides a possible alternative to standard modelling methodologies [3]. Artificial 
neural network (ANN) technology is the most popular ML methodology currently being employed in biodiesel/bio-lubricant 
research [3–7]. A strong modelling method, ANN can model without making assumptions about the nature of  phenomeno-

logical mechanisms, understand the mathematical underpinnings of  the process, and 
learn both linear and nonlinear correlations between variables directly from a series of  
examples [8]. As a result, the next section provides a quick overview and description 
of  the ANN technique. 
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An artificial neural network (ANN) is a computational model made up of  thousands of  single units that are inspired by bio-
logical neurons and coupled by coefficients (weights) to construct the neural network [9]. Because of  how they process infor-
mation, these neurons are sometimes referred to as processing elements (PE). To calculate the neuron's level of  activity, the 
weights of  the inputs are added and the threshold removed [10]. The ability of  neural networks to learn the link between input 
and output through training is another crucial feature [9]. When compared to statistical methods, ANN analysis is more flexi-
ble in terms of  the quantity and nature of  the training (experimental) data, allowing for the use of  less formal experimental 
designs [10]. Before the construction of  a network, a neural network does not require any modelling or screening. Neural net-
works can be used on data that has been designed or on data that hasn't been statistically designed. To create a neural network, 
sufficient data with all potential input variable operational circumstances are required. Next, a network model is built using the 
system's behaviour [11]. Within the given operating circumstances, the created model may be applied to predictions and other 
tasks. Less significant components are excluded from the model since the regression analysis depends on specified statistically 
significant levels. The model is more accurate since ANN makes use of  all the data. Tasks that linear programming is unable to 
complete can be carried out using a neural network. Due to its parallel architecture, the neural network can still complete the 
task even if  one of  its components fails, necessitating no reprogramming [5]. The primary drawback of  ANN is that it needs 
training to operate. Because a neural network's architecture differs from that of  a 
microprocessor, where a large network requires a lot of  processing time, a neural 
network must be imitated [12]. The use of  various architectures in ANN may also 
necessitate the use of  various algorithms [6]. The non-linear structure of  the con-
nections in the biochemical network makes it particularly difficult to create realistic 
models for biological reactions on chemical and physical basis. The use of  ad-
vanced non-linear data analysis techniques such as ANN has been applied in vari-
ous areas such as food science [13], biotechnology [14], chemical processes [8], 
equipment development [10], and biochemical engineering [15]. Comparative stu-
dies of  ANN and RSM for fermentation processes employing wild strains have 
been reported [16]. Quite an increasing number of  researchers around the globe 
have started to employ RSM and ANN as tools to predict and optimise biodiesel as 
well as bio-lubricant synthesis processes, as found in the following examples of  
work: bio-lubricant production using Novozym 435 and castor oil substrate [6], 
performance and exhaust emissions of  a SI two-stroke engine with bio-lubricants 
[7], biodiesel production from castor oil [17], microwave mediated production of  FAME from waste cooking oil [18], sustain-
able green lubricants by advance transesterification process [19], and optimisation of  sustainable production of  cotton bio-
lubricant [5]. The data and outcomes from the use of  RSM and ANN are better in terms of  their sensitivity analysis. Figure 1 
depicts a schematic representation of  the comparison between a biological neuron and an artificial neuron [3,20]. 

HISTORY OF NEURAL NETWORKS 

The effort to model the neuron can be linked to the development of  neural networks. Physiologists McCulloch and Pitts 
created the first model of  a neuron in 1943 [21]. They produced a model with two inputs and one output. McCulloch and Pitts 
observed that if  only one of  the inputs was active, a neuron would not activate. Each input had equal weights, and the output 
was binary. The output would be zero up until the sum of  the inputs reached a prede-
termined level. Modern terminology refers to the McCulloch and Pitts' neuron as a 
logic circuit. 
Figure 2 illustrates the perceptron, which was created as the following model of  the 
neuron by Rosenblatt (1958) [22]. In order to create "learning", physiologist Rosen-
blatt randomly connected the perceptrons and changed the weights through trial and 
error. Ironically, the perceptron is a considerably worse model than the McCulloch 
and Pitts' neuron for the electrochemical activity that takes place inside the neron. 
A neuron's electrochemical mechanism functions similarly to a voltage-to-frequency 
converter [23]. The inputs to the neuron trigger a chemical reaction, and the neuron 
discharges when the chemical reaction reaches a specific threshold. The magnitude of  the neuron's output remains constant 
even if  the neuron fires more frequently in response to increased input levels (Figure 3). The perceptron is a relatively 
straightforward mathematical model of  the neuron. 
The weight space concept was introduced to the perceptron by Selfridge in 1959 [24]. Rosenblatt experimented with several 
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weight adjustments [22]. Selfridge changed the weights by selecting a direction vector 
at random. The weights were reset to their initial levels and a new random direction 
vector was selected if  the performance did not improve. This procedure was referred 
to as "climbing the 7 mountain" by Selfridge. 
The weights can be adjusted using a mathematical technique created by Widrow and 
Hoff  in 1960 [25]. A gradient search strategy was used, which was predicated on mi-
nimising the error squared, assuming that the desired response existed. LMS, or least 
mean squares, is the name given to this method in the future. LMS and its variants 
have been widely employed in a range of  applications, particularly in recent years. This gradient search strategy gave mathema-
ticians a way to find an answer with the least amount of  error. There was no trial-and-error component to the learning 
process. Selfridge's work reduced the computational time, but the LMS method further cut the computational time, making the 
usage of  perceptrons possible. 
The research was abruptly stopped by one book, Perceptrons (Minsky and Papert, 1969) [26]. The book makes the claim that 
perceptrons could only resolve problems with linear separability. One node represents a perceptron. According to perceptrons, 
n-1 nodes are required to solve an n-separable issue. Only 2-separable or linearly separable problems could thus be solved by a 
perceptron. After the publication of  Perceptrons, funding for neural network research stopped, and it would continue to do so 
until a solution to n-separable problems was found. The back propagation algorithm was created for the first time by Werbos 
in 1974 [27]. Then, concurrently, Parker (1985) and Rumelhart and McClelland (1986) independently rediscovered it [28,29]. 
An outstanding source of  the work completed before to 1986 is A foundation of  Research (Anderson and Rosenfeld, 1987) 
[23]. It is a compilation of  publications that provides a fascinating summary of  what happened in the field of  neural networks 
prior to 1986. Despite the fact that the golden age of  neural network research came to an end 25 years ago, the discovery of  
back propagation has revived this field of  study. 

PROPERTIES OF ANNS 

• Learning from examples: labelled or unlabelled 
• Adaptively: changing the connection strengths to learn things 
• Non-linearity: the non-linear activation functions are essential  
• Fault tolerance: if  one of  the neurons or connections is damaged, the whole network still works quite well 

They might be better alternatives than classical solutions for problems characterised by:  
• Nonlinearities 
• High dimensionality 
• Noisy, complex, imprecise, imperfect and/or error prone sensor data 
• A lack of  a clearly stated mathematical solution or algorithm 

RESEARCH AND APPLICATION OF ANN IN THE FIELD OF CHEMICAL ENGINEERING 

Main applications of  ANN in the field of  chemical engineering are 
• fault detection 
• prediction of  quality 
• data rectification 
• modelling and control 

For the application of  ANN in the field of  chemical engineering, various studies have been conducted. These are listed below: 
Without incorporating any explicit representations of  the rules, artificial neural network models, according to Himmelblau et 
al. in 1988, demonstrate the rule-following behaviour of  knowledge-based expert systems [30]. The neural network model re-
lies on a number of  extremely basic neuron-like processing components that interact locally through a series of  unidirectional 
weighted connections in place of  explicit rules. Internally, knowledge is represented by the weights' values and the connec-
tions' topologies. The connection weights are modified as a result of  learning. Complex engineering systems, which are chal-
lenging to model using either conventional model-based engineering or knowledge-based expert systems, can be represented 
by networks that can learn from and adapt to inputs from the actual processes. The properties of  neural networks deemed 
suitable for knowledge representation in chemical engineering processes are described in this paper. It offers a neural network 
design and simulation environment that may be used for experimentation and discusses the properties of  neural networks with 
a focus on the nodes, the connections, and their capacity for learning. They use a straightforward chemical engineering proce-
dure to show how an artificial neural network may successfully learn and differentiate between errors in order to teach the 
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principles. The outcomes of  a hybrid neural model (HNM) technique applied to modelling supercritical fluid extraction 
(SCFE) curves derived from two Brazilian vegetable matrices (pepper and Brazilian rosemary oil) are presented by Fonseca et 
al. in 1999 [31]. A neural network is used by the serial HNM in use to estimate phenomenological model parameters. For each 
vegetable, they produced a tiny set of  SCFE data. Then they cross-checked the results with other widely used results. The 
HNM displays strong agreement with the experimental data, and it is demonstrated that the predictions made using this me-
thod may have promise for SCFE applications. 
The diagnosis of  chemical kinetics in chemical plants can be seen as a process of  classification, according to Iordache et al. 
(1993) [32]. Recorded data can be connected to several kinetic model types, and the kinetic model type can be identified 
through comparison with previously recorded data. It is suggested that a new neural network (NN) frame be used to perform 
the categorisation. This study looks into the possibility of  this adaptive, hierarchised frame set up as a "polystochastic" model. 
This method is based on comparing the separations between two observed kinetic data pathways. A set of  potential kinetic 
models yields a matrix of  distances, and algorithms for categorising models are created using this matrix. Between two dis-
tance matrices, a different kind of  distance—an informational type—is proposed in order to compare one classification to 
another or to a reference classification. It is suggested and put to the test how to train the internet using informational criteria. 
The limited number of  resulting weights are modified through a quick adaptive process to take reference cases into account. 
The kinetic modelling of  a fermentation process serves as an example of  the net's usefulness. Another conventional net is also 
compared with this one. 
Chemical engineering neural network modellers often concentrate on selecting and applying a single, presumably ideal, neural 
network model [32]. Using a single optimal model implicitly presupposes that all the information in a given data set can be 
extracted by a single neural network model and that the other potential models are redundant. In general, there is no guarantee 
that any one model has taken all of  the pertinent data out of  the data set. Wolpert (1992) recently advanced the concept of  
stacking generalisation to bring together various models [33]. By fusing many neural networks into a structure known as 
stacked neural networks, Sridhar et al. (1999) created the stacking generalisation for neural network models (SNNs) [34]. 
SNNs, which combine candidate neural networks, have been demonstrated to provide better chemical process modelling. But 
in Sridhar's research, SNNs could only combine linear artificial neural networks. 
According to Stich et al. (2000) [35], heat was used throughout the induction hardening procedure [35]. In order to surface-
harden the metal, heat was produced by directing high frequency induced electrical currents across the chosen area. This study 
has demonstrated the potential for enhancing product quality and strengthening process control during induction hardening. 
The tools utilised in a closed-looped system for automated control of  the process were a prediction neural network and a 
feedback neural network. 32 sets of  the original process data were used to evaluate the prediction neural network. Each data 
set included two inputs: the motor speed (RPM) and the part temperature (°F). The prediction neural network then returned 
the output hardness value for each data set. The procedure was significantly improved by utilising the technique proposed in 
this study. In validations 1 and 2, the capability index of  the process centre (CPK) more than doubled and improved by more 
than 80%. 
In this study, a chaotic system with quantifiable state variables was found by Hwi et al. (2001) [36]. The state variable has fewer 
degrees of  freedom than the tile. They coupled dynamic training with the Artificial Neural Network (ANN) approach. Em-
bedded trajectories are used to validate the discovered models rather than the more traditional Sum of  Square Errors method 
(SSE). When there is no exogenous input, they compared the maximum Lyapunov exponent and the correlation dimension, 
and when there is, they compared the bifurcation diagram. The largest Lyapunov exponent and correlation dimension for the 
original system were 0.004 and 1.53, respectively, and 0.019 and 1.07 for the ANN system with h=5. By using bifurcation anal-
ysis, they forecast the qualitative shifts in the original system's nonlinear behaviour when the control input is changed (exogen-
ous input). No isothermal, irreversible, first-order series reaction in a CSTR is demonstrated using this technique. 
The development of  artificial neural network (ANN) models for three steady state chemical engineering systems—a crude oil 
distillation column for real-time optimisation, the physical characteristics of  palm oil constituents, and pore size determination 
for membrane characterisation—is presented in this paper [36]. Diverse ANN applications to represent steady state systems 
have been on the rise.  
The breakdown of  organic matter in starch wastewater treated in an inverse fluidised bed reactor was successfully predicted in 
this work using radial basis network function [37]. The suggested method, which makes use of  the radial basis function, may 
predict the behaviour of  the system with a small number of  trial data. Without prior knowledge of  the correlations of  the 
process variables under consideration, a straightforward well-trained neural network can be used to solve the reactor modelling 
issues. To anticipate the performance of  the Inverse Fluidized Bed Bioreactor (IFBBR), the starting substrate concentration 
(2250 mg COD/L, 4475 mg COD/L, 6730 mg COD/L, and 8910 mg COD/L) and hydraulic retention duration were varied 
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continuously in different stages (40, 32, 24, 16 and 8 h). Several experimental runs were carried out to gather data on the beha-
viour of  the process and to train the network. Absolute standard deviation (ABSD) was 25.56 for substrate concentration, 
2250 mg COD/L, and HRT 40 h, while root mean square error (RMSE) was 5.32 %. Absolute standard deviation (ABSD) was 
219 for substrate concentration, 8910 mg COD/L, and HRT 8 h, and root mean square error (RMSE) was 4.81 %. 
The fundamental goal of  this study, according to Chetouani (2007) [38], is to construct a trustworthy model for both the 
steady-state and unsteady-state regimes of  a nonlinear process. The application of  this model should mirror the process' actual 
behaviour under typical operating settings and enable the distinction between a normal mode and an abnormal mode. In this 
study, the neural black-box identification using a NARMAX model has been adopted to produce this trustworthy model for 
the process dynamics. The modelling research demonstrates the neural network's selection and functionality during the train-
ing and testing phases. Additionally, a study is done on how the hidden neurons, time delay, and input choices affect how the 
neural estimator behaves. A mixture to be separated (toluene-methylcyclohexane) with a mass composition of  23 % methyl-
cyclohexane is present in the feed tank. The experimental findings are validated using three statistical criteria. A Multi-Layer 
Perceptron Artificial Neural Network (MLP-ANN) is trained with input-output experimental data to implement the model. 
LABVIEW is a graphical programming language with origins in automation control and data capture, according to Canete et 
al. (2008) [39]. In this study, they had made use of  this platform to offer a potent toolkit for the process identification and 
management of  nonlinear systems based on ANNs (ANN). The monitoring and management of  a DELTALAB DC-SP la-
boratory-scale distillation column had been done using this technology. The suggested control strategy gives zero stationary 
error for dual composition control and high speed of  response for set point adjustments.  
In this study, Dabhade et al. (2008) [40] discuss the application of  the actinomycete N. hydrocarbonoxydans (NCIM 2386) for 
the degradation of  phenol. In order to ensure that microorganisms and the substrate came into contact effectively, N. hydro-
carbonoxydans was immobilised on GAC and employed in a spouted bed contactor. By adjusting the contactor's flow rates, 
influent concentrations, and solids loading, the performance of  the contactor was examined. An artificial neural network was 
used in a modelling research to examine the impact of  these variables on phenol degradation (ANN). The model was devel-
oped using a feed forward neural network with back propagation. The face centred cube design (FCCD) was used to plan the 
trials, and the results from four further experimental runs were utilised to evaluate and validate the model. Based on the mean 
square error, the network's number of  neurons was optimised. The effluent concentration for the specified operating parame-
ters in the spouted bed contactor was found to be accurately predicted by the ANN model with three layers, three input neu-
rons, eight neurons in hidden layers, and one output neuron. For this ANN model, the mean square error was found to be 
9.3181012. Additionally, using multiple regression (MR) and experimental data, a second order nonlinear empirical model was 
developed. The results were compared to ANN using the correlation coefficient (R2), average absolute error (AAE), and root 
mean square error (RMSE). Results indicate that the MR model's R2, AAE, and RMSE values were 0.93, 2.08, and 2.33 % re-
spectively, whereas the ANN model's values were 0.99, 0.59, and 1.26 %. This demonstrates that ANN model prediction is 
superior to that of  multiple regression model. 
Ghanta et. al (2008) [41] outline a reliable hybrid artificial neural network (ANN) methodology in this paper that can provide 
superior performance for significant process engineering challenges. For effective tuning of  ANN Meta parameters, the me-
thod uses a hybrid artificial neural network and differential evolution technique (ANN-DE). For the purpose of  predicting the 
pressure drop of  a solid-liquid slurry flow, the algorithm has been used. They conducted a comparison with a few chosen rela-
tionships. It demonstrated that throughout a wide range of  operating conditions, physical characteristics, and pipe diameters, 
the established ANN correlation significantly enhanced the prediction of  pressure declines. 
Due to their excellent efficiency and longevity, diesel engines are growing in popularity. Unfortunately, the diesel engine pro-
duces a lot of  nitrogen oxides (NOx) [42]. In order to meet ever-stricter emissions rules while achieving ever-increasing effi-
ciency increases, close control of  combustion in the engine will be necessary. In this study, artificial neural networks (ANNs) 
were trained on experimental data and utilised to forecast nitrogen oxide (NOx) emissions under different operating condi-
tions. The tests were conducted using a stationary, light-duty Nissan diesel engine test rig that was built and configured to ena-
ble testing of  the engine in a lab setting. The operating parameters and exhaust emissions of  the engine were measured using 
industry-standard laboratory techniques. Nitrogen oxide (NOx) emissions under different operating conditions were predicted 
using artificial neural networks (ANNs) trained on experimental data. In the sensitivity analysis, the fraction of  variance (R2) 
and mean absolute percentage error (ξ) were compared. The best outcomes were obtained using the 11-neuron Levenberg-
Marquardt (LM) algorithm. The best averaged accuracy was achieved with a set of  0.05, 0.05, and 0.3 for learning rate, mo-
mentum, and weight, respectively, among the many architectures of  back propagation (BP) designs that were investigated. Us-
ing the LM technique, ξ were determined to be between 0.68 and 3.34 % for pre-specified engine speeds and loads. 
The experimental determination of  the various features of  diesel-biodiesel blends takes a long time [43]. Any technology that 
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makes it possible to estimate these properties without conducting experiments is extremely useful. Other instruments for de-
termining the characteristics of  diesel-biodiesel mixtures were employed in this investigation. The density and viscosity of  di-
esel and biodiesel mixtures were estimated using the usual statistical method of  linear regression (principle of  least squares). 
To select the best Artificial Neural Network (ANN) to predict the aforementioned attributes of  diesel-biodiesel mixtures, a set 
of  seven distinct neural network topologies, three training procedures, and 10 different combinations of  weights and biases 
were studied. By employing methanol and a basic catalyst during the trans-esterification process with soybean oil, biodiesel was 
created. The effectiveness of  both the conventional linear regression and the ANN approaches was then contrasted to deter-
mine whether they could accurately predict the characteristics of  different blends of  diesel and biodiesel. The blend of  biodie-
sel (25%) and diesel (75%) produced the following results: viscosity (cSt) 7.29, flash point (°C) 56.5, fire point (°C) 66.3, and 
density (g/mL) 0.85. 
By creating inverse and forward model-based neural networks, Biyanto et al. (2011) [44] studied A Neural Network Internal 
Model Control (NN-IMC) technique (NN). The simulations of  the two different NN-based inverse models were correct (i.e. 
with and without disturbance input). They discover that neural networks have a good root mean square error and can quickly 
create forward and inverse models from a small set of  input-output open loop data of  a single distillation column (RMSE). 
Artificial neural network (ANN) is used in this study by Wang et al. (2010) [45] to analyse the hydro desulfurisation (HDS) 
process using light-cycle oil as feedstock and NiMo/Al2O3 as the catalyst. ANN models usually function as a "black box," 
making the model imperceptible to users and necessitating a large amount of  training data. This work suggests a brand-new 
ANN. Incorporating the Langmuir-Hinshelwood kinetic mechanism forces the suggested ANN model to adhere to the speci-
fied reaction processes. Both the benefits of  ANN's capacity for self-learning and the knowledge base of  HDS were taken into 
consideration. Minimising the lengthy training procedure On the sulphur removal rate, the effects of  operating temperature, 
pressure, and LHSV are investigated. Investigations into nitrogen compound inhibition are also conducted. It has been dem-
onstrated that nitrogen can greatly slow down the conversion of  sulphur components, especially hard sulfurs like 4,6-DMDBT. 
Applications of  ANNs in the field of  textile engineering have primarily gained popularity after 1990 [46]. Over time, it became 
clear that they are capable of  solving challenging engineering issues. When faced with a multiparameter, non-linear problem 
that lacked an obvious or simple analytical solution, several researchers have resorted to ANNs. In an effort to cover this de-
veloping topic up to the most recent technological and research advancements, an extensive review of  the application of  ar-
tificial neural network approaches for the solution of  textile problems is offered. It is evident that the research community is 
producing more and more corresponding publications on the subject. 
Artificial neural networks were used in a fault detection system by Rahman (2010) [47]. This study uses a batch reactor to pro-
duce ethyl acetate from the reaction of  acetic acid and ethanol (batch esterification process). The data gathered from the expe-
riment is used to run the neural network with normal and defective events. The architecture of  the training network captures 
the relationship between normal-faulty events. 
In this study, Qiao et al. (2011) [48] model the water quality parameters (i.e. Chemical Oxygen Demand, Biological Oxygen 
Demand, Suspended Solid,Ammonia Nitrogen etc.). A recurrent high-order neural network is utilised for the wastewater 
treatment process, and the neural network is trained by a filtering algorithm, due to the multi-variable, nonlinear, substantial 
time delay, and strong coupling aspects of  the wastewater treatment process. A wastewater treatment plant's operational data is 
used to demonstrate the effectiveness of  the suggested modelling approach. To determine the modelling accuracy of  the re-
current high-order neural network, the findings are also compared with feed-forward neural networks and conventional recur-
rent neural networks. 
To estimate the mass transfer characteristics of  papaya's osmotic dehydration, this study compared artificial neural networks 
(ANN) with response surface methodology (RSM) [49]. A three-level, three-factor Box-Behnken experimental design was used 
to examine the impact of  process variables such as temperature, osmotic solution concentration, and agitation speed on water 
loss, weight loss, and solid gain during osmotic dehydration. 
A back-propagation neural network model has been created in this study's research to forecast how various biolubricants will 
affect a 200 cc two-stroke engine's performance and exhaust emissions [7]. Engine speed, lambda, and lubricant type are the 
model's inputs. 
As an alternative, using bioremediation methods that harness the power of  microorganisms might be a successful way to re-
move Cr from the environment (VI) [50]. In this study, we reported a newly isolated bacterium from agricultural soil in Malay-
sia, named Acinetobacter radioresistens sp. NS-MIE. Utilising RSM and ANN approaches, the chromate reduction potential 
of  strain NS-MIE was improved. In order to forecast the water absorption, compressive strength, flexural strength, split ten-
sile strength, and slump for steel fibre reinforced concrete, the study compares Response Surface Methodology (RSM) with 
hybridised Genetic Algorithm of  Artificial Neural Network (GA-ANN) [51]. Using the central composite design of  response 
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surface approach, the effects of  process factors such as aspect ratio, water-cement ratio, and cement content were examined. 
This study was unique from others since the effectiveness of  the various artificial neural network (ANN) models was assessed 
in order to determine the best ANN design for predicting the H2 production rate [52]. The produced nanocatalyst had a large 
specific surface area (885 m2/g) and evenly dispersed Ni-Co bimetallic alloys, which increased the electrochemically active sur-
face area for hydrolysis of  NaBH4. The results demonstrated the improved catalytic activity of  Ni-Co@3DG toward NaBH4 
hydrolysis (starting concentration of  0.5 M), with a hydrogen production rate of  82.65 mmol/min at 25 °C, and catalyst load-
ing of  0.05 g. 
In physics, chemistry, and material science, artificial neural networks (ANNs) are a machine learning (ML) technique that is 
now widely employed [53]. With the use of  data, ANN can recognise nonlinear trends and make precise forecasts. Although 
ML techniques, and ANNs in particular, have already shown useful in resolving a number of  chemical engineering issues, py-
rolysis, thermal analysis, and particularly thermokinetic research applications are still in the early stages of  development. The 
current article provides a critical overview and summary of  the literature that has been published on the use of  ANNs in the 
fields of  thermodynamic studies, thermal analysis, and pyrolysis. 

CONCLUSION 

Artificial neural networks are used as mathematical models in computer science, artificial intelligence, and neurology. They 
categorise data, develop models, and make forecasts. ANNs have been around since the middle of the 20th century, but they 
really took off in the 1980s when back propagation was introduced, and again in the 2000s when deep learning was developed. 
In recent years, the latter has dominated the field of machine learning and artificial intelligence. We may infer from the entire 
study that a very large amount of Artificial Neural Network (ANN) application is made in chemical process engineering. ANN 
calculates and generates process calculation data very correctly. In the future, we might strive to improve or develop an ANN 
model that can be used for calculations, control, or processes in chemical engineering.  
ANNs are boundless in chemical engineering [54–56]; we use them in all fields, including polymerisation, oil production, bat-
tery heating, modelling, industrial plant control, and catalysis. The vast majority of this study uses for-profit software pro-
grammes like the MATLAB Deep Learning Toolbox. A third of the studies analysed synthetic data, which limits the ability of 
the learnt model to generalise and is present in many datasets with merely tens or hundreds of data points. It implies that hybr-
id models, which combine a mechanical understanding of processes with the data-driven models provided by ANNs, are espe-
cially promising. 
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Abstract - The objective of  this work is to optimize the response Cutting parameters (Tool wear and Material Removal Rate) 
of  AISI 1018 Low carbon mild steel by Taguchi Method in straight turningprocess. We have taken speed, feed, depth of  cut 
and types of  cutting fluids as machining parameters with their three level values. In our study a commercial semi-synthetic 
cutting fluid (SSCF) and two vegetable based cutting fluids are used and values of  response variables are analyzed to see if  the 
performance of  response machining parameters is increased by using Vegetable based cutting fluids for sustainable 
machining.For individual optimization,Taguchi‟s L9(34) orthogonal array and Analysis of  Variance(ANOVA) are used. The 
optimum results are verified with the help of  confirmation test. 
 
Keywords - ANOVA, MRR, Tool wear,Taguchi method,Turing, green cutting fluid. 
 

INTRODUCTION 

Turning is a process of  removing metal from outer surface of  a rotating cylindrical workpiece. The turning process requires a 
Lathe, fixture, workpiece (preferably cylindrical) and cutting tool. In turning process, job or the workpiece is held to the rotat-
ing chuck and a typically single-point cutting tool (harder than workpiece) is used to reduce the diameter of  cylindrical job. In 
competition market, each and every manufacturing and production industry wants to manufacture at low cost and high quality 
product within required time to meet customer demand and satisfaction. Thus, optimization of  cutting parameters is required 
to utilize the maximum use of  raw material and earn profit. AISI 1018 Mild steel is used in forged motor shafts, pump shafts, 
hydraulic shafts and different machinery parts. Machining of  AISI 1018 is difficult as it has high strength and hardness. 
Chances of  generating poor surface finish, high force and tool wear are very much. So cutting fluid is generally used to elimi-
nate detrimental effects during machining. Cutting fluids not only carries away the generated heat but also provide lubrication 
between the chip-tool interfaces and flushes away the chips. Today a wide variety of  synthetic and semi-synthetic cutting fluids 
are available in the market. But considering to environmental effects and health of  workers, green cutting fluids from various 
vegetable oils may be used on different machining process as cutting fluids. 
Verma [1] studied the experiments using Taguchi L9orthogonal array design with speed, feed, and depth of  cut as input para-
meters and surface roughness and MRR as output variables at dry machining condition of  16MnCr5 material. Das et al. [2] 
considered optimization process of  the cutting parameters (speed, feed and depth of  cut) in dry turning of  AISI D2 steel to 
attainlow work-piecesurface temperature and minimum tool wear. The experimental design was based on the Taguchi‟s L9 (34) 
Orthogonal array procedure and analysis of  variance (ANOVA) was performed to find the outcome of  the cutting parameters 
on the response variables. The minimum tool wear was obtained at cutting speed of  150 m/min, feed of  0.25 mm/revand 
depth of  cut of  0.5 mm. Likewise low work-piece surface temperature was found at cutting speed of  150 m/min, feed of  0.25 
mm/revand depth of  cut of  0.5 mm. Finally, multipleregression analysis was performed to find the relationship between cut-
ting parameters and the performance measures. Chandrasheker et al. [3] presents an effectiveapproach for the optimization of  
turning parameter usingthis machining parameters namely Cutting Speed, Depth of  Cut, Feed Rate and cutting fluids are op-
timized withmultiple performance characteristics, such as minimum surface finish and maximummaterial removal rate [4]. The-
response table and response chart for each level of  machiningparameters are from the Taguchi Method and theoptimum levels 
of  machining parameters are chosen.Kumar, et al. [5] provided us the optimized value of  cutting parameters for turning AISI 
316 stainless steel to achieve the better surface finish or roughness using Taguchi‟s Total 9 experiments using L9 (34) Ortho-
gonal Array by using four control factors i.e. cutting speed, depth of  cut, feed rate and three different cutting fluids (straight 

cutting oil, sherol B, sherol ENF) and work piece material (AISI 316 stainless steel) 
and the turning operations are done on Banka 1000 lathe machine. According to 
their experiment, cutting speed followed by cutting fluid has the significant role. The 
test results using “smaller-the-better” criteria for Signal-to-Noise ratio has been used 
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in order to optimize the process. Yang et al. [6] used the Taguchi method [7] to findbest cutting parameters in turning opera-
tions to study the cutting properties of  S45C steel bars bycutting tools made of  tungsten carbide. During this study, the op-
timal cutting parameters for turning operations and main cutting parameters affecting the machining performance in turning 
operations can be obtained. An experiment was performed to validate the effectiveness of  this method. Nayak et al. [9] has 
studied to identify the influence of  cutting parameters such as cutting speed(S),depth of  cut(D)and feed (F) on different pa-
rameters (material removal rate, cutting force and surface roughness) measuredthrough dry turning of  AISI 304 (austenitic 
stainless steel). Orthogonal array (L27) design of  experiments was performed with machining parameters‟= 25, 35, 45 
m/min.,D=1, 1.25, 1.5 mmand F=0.1, 0.15, 0.2 mm/rev. Further, grey relational analysis [8] was performed to simultaneously 
optimize the output machining parameters. The optimum value of  input parameters wereS= 45m/min, D=1.25mm and 
F=0.1mm/rev. There was improvement of  88.78% in grey relational grade (GRG) in Confirmatory test.Sridhar et al. [10], stu-
died optimization of  cutting parameters of  cutting speed, depth of  cutand feedin turning of  EN8 steel on lathe using Tagu-
chiL9 orthogonal array and Grey Relational to minimize cutting forces and surface roughness. Analysis of  variance (ANOVA) 
shows that the most significant factor affecting the cutting force and surface roughness is depth of  cut, followed by a feed, 
speed and cutting fluid. 

MATERIALS AND METHOD 

Workpiece 
Work piece material used in this project was three pieces of  AISI 1018 mild/low carbon steel of  length 150 mm. (approx.) and 
diameter of  35 mm. (approx.). 
Cutting Tool 
HSS (High speed Steel) of  Type T-1 is used as tool which is mounted on the lathe machine. The basic composition of  the 
High speed Steel is 18% W (Tungsten), 4% Chromium,1% vanadium,0.7% Carbon and rest is Fe.This type of  HSS tool can 
machine (turn) mild steel jobs at a speed of  20-30 m/min under dry cut and upto 45 m/min with fluid cutting. 
Lathe Machine 
The cutting experiments were performed on a high-speed precision& semi-automatic center Lathe (HMT, Model No-NH22). 

EXPERIMENTAL PROCEDURE 

Tool wear Measurement 

Tool flank wear was measured using Digital Vernier, least cost .01 mm. 

MRR measurement 

Material Removal rate was determined from the difference of  the volume of  workpiece before machining and after machining 
by applying the following formula: 

MRR=
Volume  Removed

Cutting  time
=

π∗L∗(𝐝𝟏𝟐−𝐝𝟐𝟐)
4L

fN

 mm3/sec 

Where, d1 and d2 denote the diameters before machining and after machining respectively, L implies the length of  machining 
zone of  the workpiece and N denotes the spindle speed. 

Taguchi Method 

The objective of  the Taguchi method is to evaluate an optimal combination of  parameters that bears the smallest deviation in 
performance. The signal-to-noise ratio (S/N ratio, η) is a significant way to determine the influencing parameters by calculating 
minimum variance. A higher S/N ratio signifies better performance for combinatorial parameters- 

S/N ratio = −10 log10  
1

𝑛  × 𝑦𝑖
2 
        (1) 

S/N ratio = −10 log10
 𝑦𝑖

2 

𝑛
        (2)  

Equation (1) is used for the „larger-the-better‟ responses and Equation (2) is used for the „smaller-the-better‟ responses. Beside-
sadopting the S/N ratio approach, some authors like Lin and Lin 2002, Fung 2003, applied the mean of  the simulation results 
of  all the replications for optimization. Therefore, the present research also successfully optimized the mean value for compar-
ison. The layout of  the Experiment, using an L9 orthogonal array (Up to 4 factors) is shown in the following Table 1. 
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Table 1. Experiment lay out. 

Experiment no. 

Parameters with levels 

A B C D 

1 1 1 1 1 

2 1 2 2 2 

3 1 3 3 3 

4 2 1 2 3 

5 2 2 3 1 

6 2 3 1 2 

7 3 1 3 2 

8 3 2 1 3 

9 3 3 2 1 

 

RESULTS AND ANALYSIS 

Here, MINITAB software is used for analyzing the experimental work. The Minitab software deals with the experimental data 
and compiles it, and then it evaluates the equations of  surface roughness for a work piece material. After analyzing the set of  
data, for the surface roughness related on the several factors cutting speed, feed rate, depth of  cut, cutting fluid for a work 
piece material i.e., AISI 1018 Mild  steel is given in following Table No. 2. 
    

                                                 Table 2. Surface roughness factors. 

 
Taguchi Analysis 

Tool wear (TW) versus speed, feed, DOC, CF response Table for signal to noise ratios and ANOVA Table for tool wear (TW) 
are shown in Table 3, 4 respectively, Plot for main effects of  the S/N Ratio on tool wear is shown in Fig 1. 

Table 3. Tool wear details.  

Level Speed Feed DOC CF 

1 18.30 15.08 13.31 14.23 

2 12.78 13.94 12.75 14.28 

3 11.42 13.48 16.44 13.99 

Delta=max-min 6.88 1.60 3.69 .30 

Rank 1 3 2 4 

 
 

Run no V F D Cutting Fluid TOOL WEAR(mm) 
MRR 

(mm3/sec) 

1 250 0.08 0.5 SSCF 0.12 2198.15977 

2 250 0.16 1.0 Soya bean oil 0.15 3795.496 

3 250 0.20 1.5 Mustard oil 0.10 7520.9728 

4 420 0.08 1.0 Mustard oil 0.24 3489.9595 

5 420 0.16 1.5 SSCF 0.18 9333.885 

6 420 0.20 0.5 Soya bean oil 0.28 6280.793 

7 550 0.08 1.5 Soya bean oil 0.19 6569.5135 

8 550 0.16 0.5 Mustard oil 0.30 7222.816 

9 550 0.20 1.0 SSCF 0.34 9989.3428 
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Fig. 1. Effects of  the S/N Ratio on Tool wear. 

Optimum Combination for Tool Wear 

SPEED = 250 rpm, FEED = 0.08mm/rev, DOC = 1.5 mm, CF = Mustard oil (MO). 

Table 4. Optimum Combination for Tool Wear 

Control Factors Degrees of  freedom Sum of  Squares Mean squares % of  contribution 

Speed 2 0.0374889 0.0187444 67.07 

Feed 2 0.0048222 0.0024111 8.62 

DOC 2 0.0134889 0.0067444 24.13 

Cutting Fluid 2 0.0000889 0.0000444 0.16 

Error 0 - -  

Total 8 0.0558889  100 

Taguchi Analysis 

Material Removal Rate (MRR) versus Speed, Feed, DOC, CF 

Response Table for signal to noise ratios and ANOVA Table for material removal rate (MRR) are shown in Table 5, 6 respec-
tively, main effects plot for S/N Ratio on Material Removal Rate (MRR) is shown in Fig 2. 

Table 5. Material removal rate (MRR). 

Level Speed Feed DOC CF 

1 71.98 71.35 75.33 75.41 

2 75.41 76.05 74.14 75.19 

3 77.84 77.83 77.76 74.63 

Delta=max-min 5.85 6.48 4.43 0.78 

Rank 2 1 3 4 
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Fig. 2. Effects of  the S/N Ratio on MRR. 

Optimum Combination for MRR 

SPEED = 550 rpm, FEED = 0.20 mm/rev, DOC = 1.5 mm, CF = SSCF 

Table 6. ANOVA Table for material removal rate (MRR). 

 
 
 
 
 
 
 
 
 
 
 

CONFIRMATORY EXPERIMENT 

Conducting an experiment for further verification is a crucial factor of  the robust design methodology. The predicted result 
should be conformed to the verification test with the optimum set of  conditions, 

Confirmatory Experiment for Tool Wear 

In the final step the optimum cutting conditions for Tool Wear of  cutting speed at 250rpm (A1), Feed at 0.08mm/rev (B1), 
DOC 1.5mm (C3) and cutting fluid is Mustard oil (D3). 

ηpredicted = [A1+B1+C3+D2]-3η=(18.30+15.08+16.44+14.28)-(3*14.16667) = 64.1-42.5 = 21.6 

η = average of  all S/N ratios = (18.30+15.08+13.31+14.23+12.78+13.94+12.75+14.28+11.42+13.48+16.44+13.99)/12   
=170/12=14.16667 

Corresponding predicted TW= 0.085 mm 
Predicted and confirmation test for Tool Wear are shown in table 7. 

Table 7. Predicted and confirmation test for Tool Wear. 

 
 
 
 
 
Confirmatory Experiment for MRR 
In the final step the optimum cutting conditions for Tool Wear of  cutting speed at 550rpm,Feed at 0.20 mm/rev, DOC 1.5 
mm and cutting fluid is semisynthetic cutting fluid i.e. Veedol Solucut Super.  
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Data Means

Signal-to-noise: Larger is better

Control Factors Degrees of  freedom Sum of  Squares Mean squares % of  contribution 

Speed 2 17615005 8807502 31.33 

Feed 2 23374350 11687175 41.58 

DOC 2 11103362 5551681 19.75 

Cutting Fluid 2 4122386 2061193 7.33 

Error 0 - -  

Total 8 56215103  100 

TWpredicted 0.085 mm 

TWconfirmation test 0.12 mm 

% variation 29.16% 
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ηpredicted = [A3+B3+C3+D3]-3η=(77.84+77.83+77.76+75.41)-(3*75.243) =308.84-225.729=83.111 

η = average of  all S/N ratios = (71.98+75.41+77.84+71.35+76.05+77.83+75.33+74.14+77.76+75.41+75.19+74.63)/12 
=902.92/12=75.24 

Corresponding predicted MRR = 15153mm3/sec 
Predicted and confirmation test for MRR are shown in table 8. 

Table 8. Predicted and confirmation test for MRR. 

MRRpredicted 15153mm3/sec 

MRRconfirmationtest 15962.6022 mm3/sec 

% variation 5.1% 

 

CONCLUSION 

This study extends an application of  the Taguchi Method for determining the influence of  Turning Parameters and cutting 
fluid types on Tool Wear and MRR of  AISI 1018 Low carbon Mild steel. In the turning experiments, different, Feed rate, cut-
ting Speed, Depth of  cut and Cutting Fluid were utilized. Taguchi S/N ratio and Orthogonal Analysis and ANOVA were per-
formed to decide which factor has most and less influence on the response parameters. Based on the study, the following con-
clusions can be made: 
1. The experimental results revealed that the Taguchi parameter design is an effective way for evaluating the optimal cutting 
parameters for gaining low Tool Wear and high MRR. 
2. The percentage contributions of  Cutting Speed (67.07%) and Depth of  cut (24.13%) in affecting& enhancing the variation 
of  Tool Wear are significantly larger compared to Feed Rate (8.62%) and Cutting Fluid (0.16%). 
3. The significant parameters for MRR were Feed Rate and Cutting Speed with weightages of  41.58% and 31.33% respectively. 
Although not statistically dominant, Depth of  cut and Cutting Fluid have physical influences explaining 19.75% and 7.33% of  
the total variation respectively. 
4. The best parameter combinations for optimal tool wear are: Speed (A) at Level-1 (250rpm), feed (B) at level 1 (0.08 
mm/rev), Depth of  cut (C) at level 3 (1.5 mm) and Cutting Fluid at level 2 (mustard oil) 
5. Best parameter combinations for optimum material removal rate are: Speed (A) at level 3 (550 rpm), feed (B) at level 3 (0.20 
mm/rev), Depth of  cut (C) at level 3 (1.5 mm) and cutting fluid (D) at level 1 SSCF (semi-synthetic water emulsified cutting 
fluid, Veedolsolucut Super). 
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