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Abstract - This paper describes the need of a data acquisition system in the manufacturing facility and use of data analytics 
tool in manufacturing facility (Investment casting foundry), a penalty matrix approach is used to find the reasons. 
Manufacturing Processes have many process inputs. Statistical process control (SPC) techniques help discover special cause 
variation. The data analysis technique presented in the paper helps in reducing the rejection, to find the optimal parameter 
ranges with common cause variation. 
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I. INTRODUCTION 

 

Reducing rejection in a manufacturing facility is very 

important in any industry. For achieving the same we 

require historical data that could be generated 

manually or automatically and need to capture these 

data as many of the data is not captured in the facility. 

This requires a suitable data acquisition system which 

is useful not only for reducing rejection but also for 
evaluating the machine performance and  assessing 

operator performance in any operations like the time 

to complete the task, quality of his work, the skill 

required. This transformation needs data analytics 

tools because it will produce huge amount of data that 

would mean nothing if not analyzed. 

 

Data analysis is quantification of a particular 

parameter for a particular causation. For an 

investment casting process, the data analysis 

parameters chosen slurry temperature, wax bath 
temperature for joining the wax wheel and the riser, 

drying time of a shell, burnout temperature in the 

furnace and operators skill. The process was under 

statistical control with Cpk values exceeding 1.33. 

However, it was decided to investigate whether the 

target values for each of the parameters were at 

optimal setting. Mapping of each and every parameter 

for analysis is required don’t consider the same 

characteristics of two same machine, two same 

measuring instruments or two individuals. These are 

the constraints which are not addressed when data is 

collected manually because there would be some 
error in the instrument that is they are not the same 

also parameters like the grade(Chemistry) of the 

incoming material, the supplier, and hole in the alloy 

bar etc. For knowing the correct parameter for a 

specific cause we need to capture each and every 

aspect from the incoming materials, processes, 

environmental conditions, machine parameters and 

individual person parameters. 

Investment casting foundries produce alloyed 

components that are complex shaped such as turbine 

blades so customer requirements comprises of the 

mechanical properties and the various dimensional 

measurements like the diameter, circularity, 

roundness, parallelism and thickness etc so these are 

the quality parameters other than the rejection of the 
wheels 

Investment casting process has sub-processes [1], 

starting with wax pattern making here wax patterns 

are made in a machine where the tool is used to make 

wax wheels, major parameters while making the wax 

wheels are the molten wax temperature just before 

solidification of wax, time to cool in machine, the 

environmental temperature where the pattern are 

stored as this is crucial for shrinkage of the wax 

wheel and wax material properties like the congealing 

point. 
The second process is the assembly here the wax 

wheels are attached to wax riser using molten wax, so 

the molten wax temperature and the person joining 

the wheel to the riser are crucial like he would drop 

wax on the wheels and if extra wax accumulated 

during assembly this would cause change in the 

velocities in those wheels during casting. 

Third process is shelling [1] where the assembled tree 

is dipped in slurry, covered with sand  and  is rested 

to solidify, there are 7-9 coat for  each type of wheel 

depending on the wheel dimensional tolerances. Each 

coat can have different slurry and different sand so 
the major parameters in shelling are the slurry 

viscosity, slurry temperature, slurry pH, the drying 

time and the grain size of the sand. 

Fourth process is baking [1] where the solidified sand 

mould is first baked at high temperature so that the 

wax is removed from inside the shell, empty cavity of 

the tree that is the wheels and the riser is left 
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Fifth process is the casting process where hot metal is 

poured into the hot empty cavity, the major 
parameters are the mould temperature, the alloy bar 

weight and the alloy chemistry. Sixth process is the 

shell removal there are many sub processes involved 

in shell removal those are Knockout, Shot blast, Sand 

blast, Wheel Cut off, Fettling. 

 

II. LITERATURE SURVEY 

 

Data analyzing techniques are developed to generate 

hypotheses that may be known or new hypotheses 

would be generated [3][4]. Analysis of variation 

(ANOVA) was also used to know the effect of gating 
parameters on the quality [5] on cavity filling and 

casting but the observations are few in comparison 

with the no of input parameters so this analysis is not 

enough for developing hypotheses.Artificial neural 

network model also were used for predicting [6] the 

porosity percent based on the chemical composition 

and the cooling rate. 

The data analysis technique used is p-matrix the 

formulation of the penalty matrix was explained [7] 

from which the penalty matrix formation is done. 

 

III. DESIGN 

 

A. Collection Of Data Set 

This is first step in data analysis is collection of the 

historical data considering all the parameters and 

various rejections in the foundry each of the data set 

is collected for a batch. The data set comprised of 

process parameters and the rejection data. 

 

B. Plotting Scatter Plots for the input and output 

to visualize the data 

The scatter plot for the output data that is rejection 
was plotted to visualize the data captured. Penalty 

matrix approach [2] requires the process output data 

to be categorized as tolerable and non-tolerable. In 

this example, the rejection percentages are to be 

classified as tolerable and not tolerable. For the same 

observation number the scatter plot for the input was 

plotted that is burnout vs observation number.The 

tolerance limits were between 1150 and 850 deg C 

and hence this variation was interpreted as common 

cause variation. 

 
Fig 1. Rejections vs observation no. 

A penalty matrix approach [2] is used to decide 

optimal limits using in-process data analysis. The 
input data was plotted as shown in Fig 2. 

 
Fig 2. Burnout Temperature vs observation no 

 

C. Forming quartiles of the input range 

For penalty matrix approach [2], the input parameters 

each parameter’s range is subdivided into four 

quartile regions the result of the analysis would be 

operate the parameter in any one of the quartile 

 

D. Penalty value formulation 

The tolerable limit for the output are set like the 
tolerable rejection rate is set at 3% and the penalty 

values are formed [7] 

P=0                                             if  x ≤ Tmin                                          

(1) 

P=100                                         if  x ≥ Tmax                                          

(2) 

P=((x-Tmin)/( Tmax -Tmin))*100  if Tmin < x < Tmax                              

(3) 

P - The penalty value assigned to the unwanted result 

Tmin - The minimum tolerable limit for the unwanted 

result 
Tmax - non tolerable limit for unwanted result 

x - Actual unwanted result value 

 

E. Penalty matrix formulation 

 
Table 1. Penalty matrix creation 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
21-24 24-27 27-30 30-33 

0-20 
 

13 12 2 

20-40 
 

25 17 1 

40-60 3 30 37 5 

60-80 
 

11 13 3 

80-100 
 

12 9 1 

 

The penalty matrix formation [2,7] combines 
observation numbers in a given quartile according to 

its penalty values. This helps to visualize number of 

observations with higher and lower penalty values 

within a quartile range. This information helps to 

decide optimal quartile ranges and hence, decide the 

optimal target value. 
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IV. IMPLEMENTATION 

 
The implementation of the project starts with 

capturing the parameters its specification and their 

control limits. The data set was captured for the 

production of turbocharger turbine wheel. There are 

many types of turbine wheel each turbine wheel 

require different molding tool, different assembly 

riser, different slurry recipe, Baking temperature and 

alloy bar weight. 

 

Three months data was collected it consisted of many 

type of wheels and various process parameters 

associated to the wheel with the rejection data as 
well. Data of particular wheel was filtered out and it 

was 195 batches. These were the regular production 

batches and parameters also were filtered for the 

analysis like the slurry viscosity, slurry temp, Drying 

time, operator, shell weight, Burnout temp and carbon 

content in the alloy. Rejection was captured as 

percentage rejection that was the inclusion. Data was 

entered manually in excel sheets, penalty value was 

assigned to the inclusion with equations (1) (2) and 

(3).The rejection rate for inclusion varied between 0-

4 percent, the non-tolerable limit for inclusion 
rejection (Tmax) was set at 3% 

 

P=0                                             if x ≤ 0                               

(4) 

P=100                                         if x ≥ 3                               

(5) 

P= (x/3)*100                             if 0 < x < 3                          

(6) 

 

and the minimum tolerable limit was set at 0%.Where 

x is the rejection ratio. 

 

V. RESULTS 

 

A. Slurry Viscosity vs Inclusion 

 
Table 2. Penalty matrix for slurry viscosity and inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 

21.67-

22.87 

22.87-

24.07 

24.07-

25.27 

28.87-

30.07 

0-20 11 16 
  

20-40 21 21 
 

1 

40-60 26 48 2 
 

60-80 15 12 
  

80-100 5 16 1 
 

 

As seen in Table 2. The penalty matrix for the slurry 

viscosity and inclusion. Q2 is good as the penalty 

values 80 – 100 are relatively low as compared to 

other quartiles and 0-20 penalty values are more. 

 

B. Slurry temperature vs Inclusion 

As seen in Table 3. The penalty matrix for the slurry 
temperature Q2 is good, Q1 can also be included but 

due to lack of data in Q1 is not included. Q2 is the 

best operating region. 

 
Table 3.  Penalty matrix for slurry temperature and inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
21-24 24-27 27-30 30-33 

0-20 
 

13 12 2 

20-40 
 

25 17 1 

40-60 3 30 37 5 

60-80 
 

11 13 3 

80-100 
 

12 9 1 

 

C. Burnout Temp vs Inclusion 

 
Table 4. Penalty matrix for slurry Burnout temperature and 

inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
900-925 926-951 952-977 978-1003 

0-20 
 

16 9 2 

20-40 3 13 22 5 

40-60 3 17 43 13 

60-80 
 

5 17 5 

80-100 1 6 12 3 

 

As seen in Table 4. The penalty matrix for the 

burnout temperature Q2 is good operating region. We 
can also try for Q1 that is the bottom 50% of the 

range. 

 

D. Operator vs Inclusion 

As seen in Table 5. The penalty matrix for operator 

and inclusion, operator no 16 is good this can be 

upgraded in the skill matrix as highly skilled operator 

but this can be a dynamic skill matrix if the data is 

automated. 
 

Table 5. Penalty matrix for operator and inclusion 

 
 

E. Shell weight vs inclusion 

 
Table 6. Penalty matrix for shell weight and inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
0-299 2700-2999 3000-3299 3300-3599 

0-20 
 

1 25 1 

20-40 1 
 

38 4 

40-60 
 

3 67 6 

60-80 
 

1 26 
 

80-100 
 

2 20 
 

 

As seen in Table 6. The penalty matrix for shell 

weight and inclusion Q3, Q4 are the good operating 

region higher shell weight are required to reduce 

inclusion rejection 
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F. Drying time vs inclusion 

 
Table 7. Penalty matrix for drying time and inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
210-320 320-430 870-980 980-1090 

0-20 25 1 1 
 

20-40 40 2 1 
 

40-60 66 7 2 1 

60-80 20 5 
 

2 

80-100 17 4 1 
 

 

As seen in Table 7. The penalty matrix for drying 

time and inclusion. The favorable operating region 

would be Q1 and Q2 Lower the drying time less no of 

inclusion. 

 

G. Carbon content vs Inclusion 

 
Table 8. Penalty matrix for carbon content and inclusion 

 
Q1 Q2 Q3 Q4 

Penalty 

values 
0.13 0.14 0.15 0.16 

0-20 4 18 2 3 

20-40 7 27 5 4 

40-60 18 34 5 19 

60-80 9 10 5 3 

80-100 4 5 5 8 

 

As seen in Table 8. The penalty matrix for carbon 

content and inclusion the parameter was a discrete 
parameter as there were only four sets of reading 

Carbon content of 0.14 was found to be good to 

reduce rejections. 

 

APPLICATION 
 

The data analysis tool can be implemented in any 

manufacturing area like sand casting, forging and any 

manufacturing area. This technique can be used to 

control the dimensional variations the same way how 

rejection data was treated. Dimensional data has to be 
categorized as positive variation and negative 

variation and each of the data set can be analyzed 

separately and common region can be considered as 

optimal operating region. Data analysis in casting are 

less discovered as the changes in any of the operating 

range may cause the process to go haywire. This area 

has created scope for procurement of the data 

acquisition system and automation as continual 
process improvement are in demand. 

 

CONCLUSIONS 
 

From the theories stated in the literature survey we 

know that there have already been numerous methods 

improve the process. The method used for analyzing 

the data is very novel and is supplementary as we do 

not change the operating region. The method 

proposed in this paper has been successfully used for 

process improvement in an investment casting 

foundry with many other parameters and other type of 
rejection as well. 
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