ITM Web of Conferences 65, 01001 (2024) https://doi.org/10.1051/itmconf/20246501001
ICMAETM-24

Determination of Porosity-A Casting Defect Occurrence in
Green-Sand Casting of Al-Si5-Cu3 by the Taguchi Method

Chirag Jadav'*, Shailesh Patel?

Ph.D. Scholar, Faculty of Engineering & Technology, Sankalchand Patel University, Visnagar, Gujarat, India®
Assistant Professor, Basic Engineering and Applied Sciences Department, College of Agricultural Engineering & Technology,
Anand Agricultural University, Godhra, Gujarat, India?

chiragvjadav@gmail.com*, skpatel.sspc@spu.ac.in

Abstract: Porosity is a significant concern in Al-Sis-Cus, aluminum alloy casting, tending to considerably more scrap outcomes
and limiting parts use in critical applications due to porosity. This defect is directly relevant to the manufacturing process thus
its occurrence is closely tied to green sand-casting process parameters. Here implementing of Taguchi method offers substantial
porosity reduction mapping during casting with different input parameters. A combined experiment has been carried out using
Taguchi’s L27 orthogonal array (OA) to study the main effect and interaction effect of all five parameters. In a thick-walled
sample casting, pouring temperature and pouring time significantly affect porosity reduction. Pouring temperature having F-
Value of 8.47 and a low P-Value of 0.003, and F-Value of 5.76 and a corresponding P-Value of 0.013 of the pouring time,
indicating its influential role in explaining the variation in both Average Porosity and S/N Ratio Degassing time and mould
temperatures have marginal effects, while crucible volume hold minimally influences porosity. The interaction between
pouring temperature, pouring time, and crucible volume in green sand casting significantly impacts the output, indicating
significance influential factors for porosity occurrence, as their p-values are below 0.05 or very close to it. Assessing the
anticipated enhancements in quality and the potential for cost savings based on optimal parameters forecasts a decrease in
porosity and minimized losses prior to conducting experimental trials.
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I. INTRODUCTION

Since the late 1950s, Dr. Genichi Taguchi has pioneered numerous innovative statistical tools and quality improvement
concepts rooted in the principles of experimental design [3,8,9]. His methodology revolves around enhancing product and
process quality by: (a) crafting designs resilient to environmental variations, (b) developing robust systems capable of
withstanding component discrepancies, and (¢) minimizing deviations from desired target values.

Dr. Taguchi's philosophy delineates three pivotal stages in process development [12]: (a) System Design: where engineers
utilize scientific and engineering tenets to establish the fundamental configuration, (b) Parameter Design: involving the
determination of specific parameter values, and (c) Tolerance Design: focusing on specifying optimal tolerances for these
parameters [3,9,12,16].

Numerous documented instances across the foundry industry underscore the efficacy of Taguchi's methods in mitigating the
adverse effects of uncontrollable process variables on casting quality [18]. Green-sand casting, a prevalent manufacturing
technique for producing intricate parts, presents a multitude of parameters influencing casting quality [22]. While some
parameters are within control, others act as noise factors. Hence, green-sand casting sector emerges as an ideal arena for
implementing Taguchi's test methodologies to foster continuous and swift quality enhancements.

Implementation of the Taguchi technique in the green sand-casting process can yield significant reductions in porosity
formation. Despite extensive research, design, and development efforts, the persistent challenge of porosity in pressure green
sand castings remains. The escalating complexity of castings demanded by industry renders complete elimination of porosity
virtually impossible. However, optimization techniques for casting parameters can effectively confine porosity to non-critical
areas.

Porosity formation in aluminum alloys is particularly problematic, as it not only compromises the mechanical properties of
castings but also adversely affects their machinability and surface properties. Two primary sources contribute to porosity:
solidification shrinkage and the release of dissolved gases. Shrinkage porosity correlates with thermal and solidification
parameters, while gas porosity is directly influenced by pouring time and method, moisture evaporation from the cavity or
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mould, and the release of hydrocarbons from burning off oil-based lubricants.

In green sand castings, it is widely recognized that neither gas solubility nor shrinkage significantly contribute to porosity.
Instead, the most significant source stems from entrapped air within the molten metal during pouring into the mould cavity
[22,23].

The objective of this paper is to explore the influence of process parameters on porosity formation in green-sand casting, with
the aim of enhancing casting quality. The following steps outline the approach taken to achieve this goal:

1. Define casting porosity as the quality characteristic to be improved. In the context of green-sand casting, the objective is
to minimize casting porosity, considering it as "the smaller, the better," while mitigating the impact of uncontrollable
parameters.

2. Identify the most influential green-sand casting parameters contributing to porosity variation.

3. Conduct the green-sand casting process according to the experimental conditions prescribed by the selected orthogonal
array (OA) and parameter levels and collect relevant data.

4. Perform data analysis, including the generation of an analysis of variance (ANOVA) table to ascertain the statistical
significance of the parameters. Response graphs are generated to identify the optimal levels for each parameter.

5. Determine the optimal settings for the control parameters based on the analysis.
6. Forecast the expected porosity formation resulting from the optimal parameter levels.
7. Estimate the potential cost savings achievable with the implementation of the optimal parameter settings.

I1. PARAMETER DESIGN

In the green sand-casting process, molten metal is poured into rigid mould cavities, with three key factors predominantly
influencing its efficacy: pouring velocity (whether it's fast or slow), pouring rate, and pouring time. Preheating the mould to a
specific temperature is imperative to prevent shrinkage or gas porosity defects. Additionally, the success of green-sand casting
hinges on various parameters such as the volume held in the crucible, the degassing of both the molten metal and the mould, and
the chosen solidification method.
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Figure:1 Fishbone diagram for the casting parameters

Porosity formation in green sand-casting stems from a multitude of factors. A Fishbone diagram (Fig. 1) was devised to pinpoint
the casting process parameters that could potentially influence casting porosity. Pouring temperature (factor A), pouring time
(factor B), volume held in the crucible (factor C), degassing time (factor D), and mould temperature (factor E) emerged as the
most critical factors in the experimental design. Throughout the experimentation, other parameters remained constant.

The pouring temperature ranged from 710 to 740°C, degassing time varied between 10 and 15 minutes, the volume held in the
crucible ranged from 100 to 400 kg, pouring time was maintained between 1.4 and 3.8 m/s, and mould temperature spanned from
180 to 270°C. Table I outlines the selected casting process parameters alongside their respective ranges.

Experience demonstrates that the intricate nature of casting process parameters becomes evident only when explored across
multiple levels. Thus, each parameter was meticulously scrutinized across three levels. Existing literature underscores the
significance of analysing the holding furnace temperature in tandem with the temperature applied (A X B), as well as in conjunction
with the volume held in the crucible (A X C), and the pouring time in combination with the volume held in the crucible (B X C),
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in influencing porosity formation during casting. Consequently, the interplay among these parameters was deemed essential for
thorough investigation.

Table |
CASING PARAMETERS AND THEIR RANGES
Parameter Process Parameter Process Parameter | | evel1 | Level2 | Level3
designation Range
A Pouring temperature (°C) 710-740 710 725 740
B Pouring time (min) 1.4-3.8 1.4 2.6 3.8
C Volume hold in crucible (kg) 100-400 100 250 400
D Degassing time (s) 10-15 10 12 15
E Mould temperature (°C) 180-270 180 225 270
A. TAGUCHI DESING
Design Summary Interactions
Taguchi Array L27(375) AB
Factors: 5 AC
Runs: 27 BC
Table 1T
L>7 OA ASSIGNED PROCESS PARAMETER AND INTERACTION.

Run | A B |AXB| AXB? C |AXC | AXC? | BXC D E B X C?
1 1 1 1 1 1 1 1 1 1 1 1
2 1 1 1 1 2 2 2 2 2 2 2
3 1 1 1 1 3 3 3 3 3 3 3
4 1 2 2 2 1 1 1 2 2 2 3
5 1 2 2 2 2 2 2 3 3 3 1
6 1 2 2 2 3 3 3 1 1 1 2
7 1 3 3 3 1 1 1 3 3 3 2
8 1 3 3 3 2 2 2 1 1 1 3
9 1 3 3 3 3 3 3 2 2 2 1
10 2 1 2 3 1 2 3 1 2 3 1
11 2 1 2 3 2 3 1 2 3 1 2
12 2 1 2 3 3 1 2 3 1 2 3
13 2 2 3 1 1 2 3 2 3 1 3
14 | 2 2 3 1 2 3 1 3 1 2 1
15 2 2 3 1 3 1 2 1 2 3 2
16 2 3 1 2 1 2 3 3 1 2 2
17 2 3 1 2 2 3 1 1 2 3 3
18 2 3 1 2 3 1 2 2 3 1 1
19 3 1 3 2 1 3 2 1 3 2 1
20 3 1 3 2 2 1 3 2 1 3 2
21 3 1 3 2 3 2 1 3 2 1 3
22 3 2 1 3 1 3 2 2 1 3 3
23 3 2 1 3 2 1 3 3 2 1 1
24 | 3 2 1 3 3 2 1 1 3 2 2
25 3 3 2 1 1 3 2 3 2 1 2
26 3 3 2 1 2 1 3 1 3 2 3
27 3 3 2 1 3 2 1 2 1 3 1

The total degree of freedom (DOF) required for five factors, each spanning three levels along with three interactions, amounts
to 22. In this study, a three-level orthogonal array (OA) comprising 27 experimental runs (resulting in DOF = 27-1 = 26) has
been chosen. Given that each interaction encompasses four DOF, a total of six columns (two columns per interaction) are
necessary to represent these interactions accurately. Utilizing a triangular table for the three-level OA facilitates the identification
of interacting columns within the L; OA, allowing parameters to be systematically assigned to columns [16,23]. Table II
provides a comprehensive breakdown of the assignment of casting process parameters (denoted as A to E) and parameter
interactions (such as A x B, A x B, Ax C, A x C? B x C, and B x C?) across columns.
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111. EXPERIMENT
The use of high-performance and high-accuracy equipment that would be able to secure the correct measurement of green-sand
casting parameter values and react in time for the necessary corrective actions was required in the experimental procedure. Hence,
a skilled labor of sand casting, fully equipped with an appropriate instrumentation and data acquisition and control system, was
employed. The test sample was a rectangular plate of Al-Sis-Cuz aluminum alloy with dimensions 75x75x20 mm?3, shown in
Fig.2. The experimentation procedure and setup were conducted at Sharp Technocast Industries, located in Kathwada GIDC,
Ahmedabad.

Table IV
CASTING POROSITY VALUES AND S/N RATIO FOR DIFFERENT TRIALS
Exp. No. Trial 1 Trial 2 Trial 3 Average S/N Ratio
1 0.65 0.70 0.71 0.69 3.24
2 0.59 0.59 0.59 0.59 4.62
3 0.52 0.55 0.56 0.54 5.34
4 0.57 0.54 0.53 0.54 5.31
5 0.53 0.54 0.55 0.54 5.35
6 0.61 0.59 0.58 0.59 4.58
7 0.55 0.57 0.58 0.56 4.97
8 0.63 0.59 0.58 0.60 4.43
9 0.60 0.60 0.60 0.60 4.42
10 0.66 0.66 0.66 0.66 3.62
11 0.59 0.62 0.63 0.61 4.30
12 0.51 0.56 0.58 0.55 5.16
13 0.46 0.44 0.43 0.44 7.06
14 0.42 0.44 0.44 0.43 7.30
15 0.51 0.47 0.46 0.48 6.42
16 0.46 0.48 0.49 0.48 6.45
17 0.56 0.53 0.52 0.53 5.44
18 0.47 0.51 0.52 0.50 5.99
19 0.53 0.51 0.51 0.52 5.73
20 0.47 0.47 0.47 0.47 6.58
21 0.56 0.54 0.54 0.55 5.21
22 0.54 0.55 0.55 0.55 5.25
23 0.48 0.53 0.55 0.52 5.64
24 0.46 0.43 0.42 0.43 7.24
25 0.45 0.44 0.44 0.45 7.00
26 0.50 0.51 0.52 0.51 5.81
27 0.50 0.48 0.48 0.49 6.22

The system measures by means of sensors the values of the considered green-sand casting process parameters (thermocouples,
velocity sensors, pressure sensors). Chromel/alumel thermocouples were used for temperature measurements.

e Table 111
@Pm CHEMICAL COMPOSITION % OF GRADE AlSisCus
Fe max 0.6 Ti max 0.25 Zn max 0.2
Si 45-6 Cu 2.6-3.6 Sn max 0.05
é“ each 0.05;
|L ,\63 Mn | max0.55 | Pb | maxO0.1 Others total 0.15
[ | Ni | max0.1 | Mg | max 0.05 | Remain Al
75mm
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Fig. 2 Schematic diagram of the
rectangular plate cast for experiment

Two thermocouples have been placed in each moulding box half at 50mm intervals along the casting centerline. For each trial
condition, three castings were made using a randomization technique. The casting density was measured using the immersion
technique. Castings were weighted first in air and then were immersed in thoroughly degassed distilled water. All weightings
were conducted on a Mettler balance accurate to 0.0001 g. Porosity was calculated from the relationship below. where ps is the
measured casting density and p0 is the density of a fully dense casting having no porosity (2.75 kg/m?).

Porosity(%) = (1 - Z—) x 100
0

In traditional experimental analysis, data primarily focuses on examining the mean response. However, the Taguchi method places
emphasis on investigating both the mean response and response variation, employing the signal-to-noise (S/N) ratio. This
approach aims to minimize variations in quality characteristics attributed to uncontrollable parameters [16,18,22]. Porosity, being
a quality characteristic of the 'the smaller the better' type, is particularly pertinent in this context.

IV. RESULT AND DISCUSSION

Average values of porosity and the direct effects of various process parameters on porosity shown on table V. Each row represents
a different combination of process parameters or their interactions, and the columns show the average values of porosity for each
combination as well as the direct effects of the parameters. Table V explains process parameters which are denoted by letters A,
B, C, D, and E. Average values of each parameter or interaction have three values corresponding to levels L1, Lo, and Ls. Main
effects values indicate the direct effect of changing the process parameter from one level to another. For example, "L-L1" shows
the effect of changing the parameter from level 1 to level 2, and similarly for other comparisons.

Process Parameters Average Values Main Effects

L1 L. L3 Lo-L1 Ls-L2 Ls-L1

A 0.584 0.520 0.498 -0.063 -0.022 -0.086

B 0.574 0.503 0.525 -0.071 0.022 -0.050
AXB 0.537 0.549 0.517 0.012 -0.032 -0.020
A X B? 0.513 0.524 0.565 0.011 0.041 0.052
C 0.542 0.534 0.526 -0.009 -0.008 -0.017
AXC 0.536 0.531 0.535 -0.006 0.004 -0.001
AXC? 0.538 0.530 0.535 -0.008 0.005 -0.003
BXC 0.557 0.532 0.513 -0.025 -0.019 -0.043
D 0.538 0.546 0.518 0.009 -0.028 -0.020

E 0.550 0.517 0.535 -0.033 0.019 -0.014

B X C? 0.550 0.517 0.535 -0.033 0.018 -0.014

For instance, taking parameter A, at level L1, the average porosity is 0.584, at level L, the average porosity decreases to 0.520,
resulting in a direct effect of -0.063. At level L3, the average porosity further decreases to 0.498, resulting in a direct effect of -
0.086. Similarly, for parameter B, changing from level 1 to level 2 results in a decrease in porosity by 0.071 units, from level 2 to
level 3 results in an increase in porosity by 0.022 units and changing from level 1 to level 3 results in a decrease in porosity by
0.050 units. The interactions between parameters, denoted by combinations like A X B, represent how the joint influence of two
parameters affects porosity. For instance, the interaction A X B? shows that when both A and B are at their second levels, the
average porosity increases to 0.565, with a direct effect of 0.052 compared to when only one of them is at level 2.

S\N Ratio (dB) = —10log (1/n Y.\ Di?)

The signal-to-noise ratio (S/N ratio) was employed to evaluate that specific type of response. It's calculated using the response
value (Di) observed across a series of n repeated trials.

Next, S/N ratios were calculated for each of the 27 trial conditions. Table 1V displays the resulting values, alongside the average
of each parameter across different levels and the corresponding S/N ratios for each trial. The average casting porosity values for
each parameter across levels 1 to 3 are tabulated in Table V and visualized in Figures 3 and 4. Additionally, Table V presents the
main effects of the parameters as they transition from lower to higher levels.

If we look at table V1 it explains at level L, the average S/N ratio is 4.696, at level L, the average S/N ratio increases to 5.749,
resulting in a direct effect of 1.054. At level L3, the average S/N ratio further increases to 6.076, resulting in a direct effect of
1.381. Similarly, for parameter B changing from level 1 to level 2 results in an increase in the S/N ratio by 1.149 units, from level
2 to level 3 results in a decrease in the S/N ratio by 0.376 units and changing from level 1 to level 3 results in an increase in the
S/N ratio by 0.773 units. The interactions between parameters, denoted by combinations like A X B, represent how the joint
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influence of two parameters affects the S/N ratio. For instance, the interaction A X B? shows that when both A and B are at their
second levels, the average S/N ratio decreases to 5.005, with a direct effect of -0.885 compared to when only one of them is at
level 2.

The average S/N ratios of process parameters on casting porosity at the different levels are given in Table VI and plotted in Fig.
5 & 6. Based on the analysis presented in Figures 3 and 4, it is evident that parameter E exhibits a higher degree of prominence
compared to the other parameters under consideration.

Table VI
AVERAGE VALUES OF S\N RATIO AND DIRECT EFFECT OF PROCESS PARAMETER
Process Average Values Main Effects
Parameters

L1 Lo L3 Lo-L1 Ls-L> L3-L1
A 4.696 5.749 6.076 1.054 0.327 1.381
B 4.867 6.015 5.639 1.149 -0.376 0.773
AXB 5.469 5.261 5.791 -0.208 0.530 0.322
A X B? 5.890 5.626 5.005 -0.264 -0.621 -0.885
C 5.405 5.498 5.619 0.093 0.122 0.214
AXC 5.458 5.578 5.485 0.121 -0.093 0.028
AXC? 5.471 5.550 5.500 0.079 -0.050 0.029
BXC 5.169 5.528 5.825 0.359 0.297 0.656
D 5.468 5.299 5.755 -0.169 0.456 0.287
E 5.274 5.783 5.465 0.509 -0.318 0.191
B X C? 5.279 5.796 5.446 0.517 -0.350 0.167

Specifically, in Figure 3, the observed casting porosity reaches its minimum value when parameter A, B, C, and E are set at the
third level, and parameter D is set at the first level. Moreover, the S/N ratio analysis (Fig. 4) suggests that the parameter levels
A3, B3, C3, D1 and E3 are the best levels for reducing the green-sand casting porosity process variability of Al-Sis-Cus aluminum
alloy. It must be noted that the above combination of factorial levels (3, 3, 3, 1, 3) was not one of the 27 combinations tested in
the experimentation. This was expected because of the high fractionality in the employed experimental design (27 from 3° = 243
possible combinations).

A. Taguchi Analysis: Average, S/N Ratio Versus A, B, C, D, E

Taguchi analysis is a statistical method used for improving the quality of manufactured goods and processes. It involves designing
experiments to optimize the performance characteristics of a product or process. One of the key components of Taguchi analysis
is the Signal-to-Noise (S/N) ratio, which is used to assess the quality of a product or process. In Taguchi analysis, the goal is often
to maximize the S/N ratio, as it represents the ratio of the signal (desired output) to the noise (undesired variation). Table VII and
Table VIII represent response tables for Signal-to-Noise ratios (Table VII) and porosities (Table VIII). In Taguchi analysis,
smaller values are generally preferred for both the S/N ratio (indicating less noise) and porosity (indicating better quality). Each
table shows the average values of the response variable at different levels of the factors A, B, C, D, and E. Factor A has the highest
impact on the S/N ratio, with a delta of 2.23, indicating significant variation across its levels. Factor B has the second-highest
impact, followed by factors E, D, and C. Factor A again has the highest impact on porosity, with a delta of 0.648. Factor B has
the second-highest impact, followed by factors E, D, and C.

Table VII Table VIII
RESPONSE TABLE FOR SIGNAL TO NOISE RATIOS RESPONSE TABLE FOR POROSITIES
(SMALLER IS BETTER) SMALLER IS BETTER)

Level A B C D E Level A B C D E

1 |-1041]-10.62 | -11.44 | -11.57 | -11.26 1 2.640 | 2.721 | 2.974 | 3.003 | 2.912

2 | -12.03|-12.50 | -11.72 | -11.38 | -12.15 2 3.135 | 3.259 | 3.016 | 2.923 | 3.150

3 |-12.64 | -11.96 | -11.92 | -12.13 | -11.67 3 | 3.287 | 3.082 | 3.073 | 3.136 | 3.000
Rank | 1 2 5 4 3 Rank | 1 2 > 4 3
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These tables provide valuable insights into which factors have the most significant impact on the quality characteristics being
studied and can guide optimization efforts in Taguchi analysis. It is demonstrated in figure3,4,5, and figure6.

Table IX
PREDICTED VALUES
S/N Ratio Mean StDev In(StDev) |A | B |C|D | E
-13.2653 3.48223 | 4.25481 1.44943 3 3 31313

Predicted values for the Signal-to-Noise (S/N) ratio, which is calculated based on the levels of factors A, B, C, D, and E. It also
represents the mean value of the predicted S/N ratio indicates the central tendency of the predicted values and standard deviation
of the predicted S/N ratio measures the dispersion or spread of the predicted values around the mean. A higher standard deviation
indicates greater variability in the predicted S/N ratio. The last one is giving the value of the natural logarithm of the standard
deviation. Taking the natural logarithm of the standard deviation can sometimes be useful for statistical analysis, as it helps to
stabilize variance when the data have a wide range of values. The other values in the last row (A=3, B=3, C=3, D=3, E=3) indicate
that the predicted values are calculated based on setting all factors A, B, C, D, and E at level 3. So, according to these predictions,
predicted S/N ratio is -13.2653, mean of the predicted S/N ratio is 3.48223, standard deviation of the predicted S/N ratio is 4.25481
and natural logarithm of the standard deviation is approximately 1.44943.

B. Data Analysis
Regression Equation: -

Average = 17.80 -0.0237 A -0.771B -0.02817C +0.0717 D-0.000184 E +0.001037 (AXB) + 0.000037 (AXC)
+0.000105 (BXC)

C. Co-Efficients And Anova Of Coefficients
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Table XI
Table X ANOVA OF COEFFICIENTS WITH REGRESSION
To C%EZCIENTSSEA’E?)eCfONSTfTS Vi Source |DF| AdjSS | Adj MS [ F-Value | P-Value
Value Regression | 8 0.079183[0.009898] 529 | 0.002
Comam | 1780 30 | 242 A 1 [0.010026[0.010026] 536 | 0.033
B 1 [0.003848/0.003848| 2.06 | 0.169
A 20.0237 | 0.0102 | 2.32 | 227.03 C 1 [0.017754]0.017754] 9.50 | 0.006
B 0771 | 0537 | -1.43 | 17606.51 D 1 [0.024405[0.024405] 13.05 | 0.002
C -0.02817 | 0.00914 | -3.08 | 18101.23 E 1 [0.001230[0.001230] 0.66 | 0.428
D 0.0717 | 0.0199 | 3.61 5.47 A*B 1 {0.003588/0.003588| 1.92 0.183
L - 0.000226 | -0.81 | 1.00 A*C 1 10.017376/0.017376] 929 | 0.007
= 8-38‘1)(1)2‘7‘ T35 1513650 B*C 1 [0.007621]0.007621] 4.08 | 0.059
A*C__| 0.000037 | 0.000012 | 3.05 | 16933.93 Totjmr 1286 (())'_(1)312222 0.001870
B*C | 0.000105 | 0.000052 | 2.02 | 101.13

The regression equation is a mathematical model that relates the average response variable to the levels of the independent
variables A, B, C, D, and E, as well as their interactions. Equation explains the average response variable is proportional or equals
to 17.80 (when all the independent variables A, B, C, D, E are set to zero). In addition of -0.0237 A, -0.771 B, -0.02817 C, 0.0717
D, -0.000184 E (coefficients associated with the individual independent variables). They represent the change in the average
response variable for a one-unit change in each independent variable, holding all other variables constant. For example, for every
one-unit increase in variable B, the average response is expected to decrease by 0.771 units, assuming all other variables remain
constant. And also, addition of 0.001037 (AxB), 0.000037 (AxC), 0.000105 (BxC) (coefficients associated with the interaction
terms between the independent variables). They represent how the interaction between two variables affects the average response
variable. For example, the coefficient 0.001037 for (AxB) suggests that when both variables A and B are present, there is an
additional increase of 0.001037 units in the average response variable, beyond what would be expected from the individual effects
of A and B. Overall, this regression equation helps you understand how changes in the independent variables (A, B, C, D, E) and
their interactions influence the average response variable. By analysing the coefficients, you can determine which variables have
the most significant impact and how their effects combine to influence the average response.

From table X it can be understand that when all independent variables are zero, the estimated value of the dependent variable is
17.80. The T-Value of 2.44 suggests that the intercept is statistically significant at a certain level of confidence. For every unit
increase in A, the dependent variable decreases by 0.0237 units, holding other variables constant. The negative coefficient
indicates a negative relationship between A and the dependent variable. The T-Value of -2.32 suggests that this relationship is
statistically significant at a certain level of confidence. The high VIF value indicates a potential issue with multicollinearity
between A and other independent variables. For every unit increase in B, the dependent variable decreases by 0.771 units, holding
other variables constant. The negative coefficient indicates a negative relationship between B and the dependent variable. The T-
Value of -1.43 suggests that this relationship is not statistically significant at a certain level of confidence. The extremely high
VIF value indicates a severe issue with multicollinearity between B and other independent variables.

D. Analysis of Variance for Average Porosity And S/N Ratio

Analysis of variance (ANOVA) for both average porosity and S/N ration has been carried out for the outcome of the study of
Taguchi method of optimization. Now, we can interpret the outcomes for each source. The F-Value of 1.12 with a P-Value of
0.351 suggests that the parameter C is not statistically significant in explaining the variation in both Average Porosity and S/N
Ratio.
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Table XII
ANOVA FOR AVERAGE POROSITY AND S/N RATIO
Average Porosity S/N Ratio
Source DoF Adj SS Adj MS | F-Value | P-Value | Adj SS Adj MS | F-Value | P-Value
C 2 0.004693 | 0.002346 1.12 0.351 1.2847 0.6423 1.19 0.330
B 2 0.024179 | 0.012089 5.76 0.013 6.1759 3.0879 5.72 0.013
A 2 0.035550 | 0.017775 8.47 0.003 9.3691 4.6846 8.67 0.003
D 2 0.013618 | 0.006809 3.25 0.066 3.7192 1.8596 3.44 0.057
E 2 0.001230 | 0.000615 0.29 0.750 0.2079 0.1040 0.19 0.827
Average Porosity
Error 16 0.033569 | 0.002098 16 8.6422 0.5401
Total 26 0.112838 26 29.3989

For the value of B we can summaries that F-Value of 5.76 with a P-Value of 0.013 indicates that the parameter B is statistically
significant in explaining the variation in both Average Porosity and S/N Ratio. Similarly for the process parameter A the F-Value
of 8.47 with a P-Value of 0.003 suggests that the variable A is statistically significant in explaining the variation in both Average
Porosity and S/N Ratio. For D it elaborates F-Value of 3.25 with a P-Value of 0.066 suggests that the variable D is marginally
statistically significant (borderline) in explaining the variation in both Average Porosity and S/N Ratio. While E has the F-Value
of 0.29 with a P-Value of 0.750 indicates that the variable E is not statistically significant in explaining the variation in both
Average Porosity and S/N Ratio.

Table XIII Table XIV
MODELS SUMMARY MODEL SUMMARY
S R-sq | R-sq(adj) | R-sq(pred) S R-sq R-sq(adj) R-sq(pred)
Average 0.0458044|70.25%| 51.66% 15.28% 0.0432405| 70.17% 56.92% 28.25%
Porosity Best Fitted Observations
S/N Ratio | 0.734940 |70.60%| 52.23% | 16.29% Obs Average Fit Resid | Std Resid
1 0.6879 0.6130 0.0749 2.21

The Error term represents the unexplained variation in the data. The Total row shows the total variation in the data. These values
are important for assessing the overall fit of the model. In summary, variables B and A appear to be statistically significant in
explaining the variation in both Average Porosity and S/N Ratio, while variables C, D, and E, are either not significant or
marginally significant. Finally, from the model summary (table XI1I), we can interpret that model explains 70.25% of the variance
in average porosity, after adjusting for the number of predictors, the adjusted R-squared is 51.66%. The model's predictive
capability for new data, as indicated by the R-squared for Prediction, is 15.28%. The model explains 70.60% of the variance in
S/N Ratio. After adjusting for the number of predictors, the adjusted R-squared is 52.23%. The model's predictive capability for
new data, as indicated by the R-squared for Prediction, is 16.29%. The model appears to have moderate explanatory power (as
indicated by R-squared and adjusted R-squared), with some ability to predict new data. Observation 1 has a higher-than-expected
S/N Ratio compared to the model's prediction, suggesting it may be an outlier or an unusual observation.
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E. Regression Equations
Average porosity = 0.53407 +0.0024 C_100 +0.0148 C 250 -0.0172 C 400 +0.0404 B 10 -0.0311 B_12-0.0093 B_15
+0.0497 A_710 -0.0138 A_725 -0.0359 A 740 -0.0213D 1.4 -0.0098D 2.6 +0.0311D 3.8 +0.0084E 180
- 0.0002 E_225-0.0082 E 270
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S/N ratio = 5.507 -0.038 C 100 -0.246 C 250 +0.284 C_400 -0.641 B_10 +0.508 B_12
+0.132 B_15-0.811 A_710+0.242 A 725+ 0.569 A_ 740+ 0.383 D_1.4+0.119D _2.6-0.502 D 3.8-0.102 E 180- 0.010 E _
225+ 0.112 E_270 (Equation treats random terms as though they are fixed).

The regression equation for Average Porosity and the S/N Ratio is formulated, establishing a relationship between the interce pt
and the independent variables A, B, C, D, and E, along with their respective levels. This equation is graphically represented in
Figure 7, illustrating the fitted curve for the response variables.

V. CONCLUSIONS

The porosity determination by the Taguchi method has been carried out in this study. As a part of the analysis of variance
(ANOVA) conducted for both Average Porosity and S/N Ratio within the framework of the Taguchi method of optimization
yields insightful conclusions for different parameters are (1) Volume hold in crucible C: The F-Value of 1.12, coupled with a P-
Value of 0.351, indicates that parameter C is not statistically significant in explaining the variation in either Average Porosity or
S/N Ratio. (2) Pouring time B: A significant finding emerges with an F-Value of 5.76 and a corresponding P-Value of 0.013,
suggesting that parameter B significantly influences both Average Porosity and S/N Ratio. (3) Pouring temperature, A: Similarly,
parameter A demonstrates statistical significance, as evidenced by an F-Value of 8.47 and a low P-Value of 0.003, indicating its
influential role in explaining the variation in both Average Porosity and S/N Ratio. (4) Degassing time D: While parameter D
exhibits a moderate F-Value of 3.25, its associated P-Value of 0.066 suggests marginal statistical significance, implying that it
may play a borderline role in explaining the variation in both response variables. (5) Mould temperature E: In contrast, parameter
E shows neither statistical significance nor influence on the variation in either Average Porosity or S/N Ratio, as evidenced by an
F-Value of 0.29 and a high P-Value of 0.750.(6). The factors A X B, A X C, and B X C exert a considerable influence on the output,
given their p-values are either less than 0.05 or close to it. The pouring temperature, pouring time, and volume in the crucible
emerge as the most influential factors in green sand casting for porosity occurrence, as indicated by their p-values being less than
0.05 or approaching it.

The Error term signifies the unexplained variation in the data, while the Total row represents the entirety of variation present,
both crucial for assessing the overall fit of the model. In summary, variables B and A emerge as statistically significant
contributors to the variation in both response variables, while variables C, D, and E either lack significance or demonstrate
marginal importance.
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