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Abstract 

High pressure die casting (HPDC) is a versatile but complex casting process. It is used extensively 
in the aluminium casting industry. Al-Si, Al-Si-Cu eutectic based alloys are most used in this 
process. Amount of casting scrap generated mainly depends upon design of mold and gating 
system, metallurgical quality of metal and process parameters. It is possible to improve the yield 
significantly by systematically optimizing process parameters. However, there are numerous 
metallurgical, design and process parameters, hence optimizing them becomes quite challenging. 
Finding most suitable operating conditions by trial and error is quite common in the industry. 
However, this method is expensive, not easy to do, error prone and operating parameters may not 
be the best with respect of productivity perspective. This paper presents a case study on 
systematically optimizing operating conditions for minimizing scrap generation and at the same 
time not compromising productivity. Design of experiment technique of Taguchi method and 
machine learning technique of Artificial Neural Network (ANN) was used. ANN is a software 
algorithm patterned after the operation of neurons in the human brain and is used extensively. 
Several HPDC aluminium casting runs were done for the purpose. Methodology was economical, 
efficient and solution found was optimum and robust. Solution was validated under actual casting 
conditions. Same approach can be used in other casting processes of the casthouse and in other 
areas of the smelter. 

Keywords: Aluminium casting, High pressure pie casting, Taguchi methodology, Artificial 
neural networks, Design of experiments, Scrap reduction. 
.

1. Introduction- High Pressure Die Casting  

High pressure die casting (HPDC) involves injecting molten metal into a die at high velocity and 
pressure. HPDC is widely used in the production of Aluminium automotive and many other 
components. HPDC is a versatile and efficient method for producing components requiring low 
surface roughness and high dimensional accuracy. However, improperly controlled operation can 
result in scrap generation. Scrap leads to increase in melting, casting, fettling, manpower, 
financing cost and it slows down the process significantly. And due to the fact that foundry has 
to process additional metal due to gating system and compensate for melt loss this effect gets 
amplified. Though the internal recycling as a percent may be small, on a long-term basis this can 
have significant adverse effect on profitability.  

HPDC is a complex process consisting of over 150 process parameters. Due to this complexity 
and difficulty in properly configuring the operation results in many defects such as short fill, cold 
shut, cracks, blister, damage, bend, porosity and leak during pressure testing. However, the 
porosity is by far the most common defect. Porosity can be classified as gas porosity, shrinkage 
porosity, and flow porosity. First two are the most common in HPDC. It is not always possible to 
eliminate all defects completely as operating conditions have different effects on various types of 
defects. Sometimes, reduction in one type of defect can lead to increase of another type of defect. 
Process yield mainly depends on – 1) Design of mould and gating system, 2) Metallurgical quality 
of metal, and 3) Choice of process  parameters. It is possible to improve the yield and productivity 
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significantly by measuring and controlling metallurgical quality of metal and systematically 
optimizing process parameters. This paper is on optimizing process parameters.  

2. Introduction to Experimentation Using DoE/TM and Machine Learning (ML)  

Finding most suitable operating conditions by trial and error is quite common in the industry. Due 
to large number of HPDC process variables, process engineer is constrained to make educated 
guesses to decide on parameters. These are infrequently truly optimized parameters. One 
parameter/factor at a time experimentation   is simply not practical. One cannot even know if 
one’s “best” results are indeed the overall best that can be achieved, as vast areas of parameter 
space would have been missed. In many cases, productivity is compromised to keep scrap under 
control or vice versa.  

In this study we use design of experiments (DoE), combined with machine-learning (ML) 
analysis, for screening and optimization. Several machine variables can be changed and 
investigated simultaneously as per appropriate statistical framework. This leads to much faster 
screening of experimental parameters and optimization. DoE approach enables sampling a large, 
multidimensional parameter space in a rational manner, which can then be coupled with machine 
learning to map the parameter space.  

DoE is branch of applied statistics that deals with planning, conducting, analyzing, and 
interpreting controlled tests to evaluate the factors that control the value of a parameter or group 
of parameters. DoE is a powerful data collection and analysis tool-can be used many situations. 
It allows for multiple input factors to be manipulated, determining their effect on a desired output 
(response). By manipulating multiple inputs at the same time, DoE can identify important 
interactions that may be missed when experimenting with one factor at a time. Taguchi method 
(TM) is a type of DoE used extensively in engineering and technical applications. Reference [1] 
provides detailed information of TM. TM has been used extensively in manufacturing engineering 
for System design, Tolerance design and parameter design. Parameter design for optimizing 
HPDC operating variables is used in this paper. 

 Machine learning (ML) is a subfield of artificial intelligence, capability of machine to imitate 
human behavior. Machine learning is defined as: “A computer is able to learn by experience 
without explicitly being programmed – and improves performance as it learns”. ML/AI have any 
algorithms - ANN, support vector machine (SPV), random forest (RF). Genetic algorithm (GA) 
is a ML software algorithm and is used extensively in optimization field. By applying machine-
learning methods to the results of DoE, multidimensional maps are rendered. It is possible to see 
without bias, not only the areas or domains of “best” performance but also new areas that have 
not been previously considered. This approach can enable faster and higher fidelity exploration 
and optimization of new systems. This approach has several advantages - 1) less effort, much 
more insights 2) much faster and cheaper 3) can find important factors and their best levels 4) 
able to choose parameter levels keeping productivity in mind 5) findings have Statistical validity. 

In the current work, experimentation is done using TM, predictive modeling and optimization are 
done using ANN and GA. Objective of the present work is to find most optimum operating 
conditions to minimize scrap generation. There are many case studies available in literature where 
models developed using ANN have been found to be consistently superior to ones developed 
using DoE alone. 
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3. Project 

3.1 Overview of Experimentation Using TM

It involves the following steps:  
1. Define the problem and determine the objective.  
2. Choose response variable(s) for doing optimization.  
3. List out all potential factors.  
4. Choose important control factors and their range and number of levels. Also, decide on 

factors not to be varied and the ranges in which they should be held constant.  
5. Decide on experimental design, assign control factors to columns and their interactions. 

The larger the number of control factors and the larger their levels, the larger will be the 
number of experimental runs to be done. Describe each trial condition and decide their 
order and repetition.  

6.  Run trials in actual production environment and collect response variable(s) data.  
7. Analyse the data using specialized software, interpret the results and determine the 

optimum levels of operating variables. 
8. Confirm findings by doing confirmatory runs and implement recommendations. Refer to 

[1][6] for detailed information on TM. 

3.2 Experimentation Details  

Objective of this work was to find the best operating conditions so that process generates 
minimum scrap without compromising productivity. An automotive component called small 
engine cover (Figure 1) having 375 g nominal weight, as per ADC-12 specification, was used for 
doing this optimization project.ADC-12 [9] is a Al-Si-Cu alloy system based die casting alloy. 
Primary Al smelters meet most of Al-Si foundry alloy requirements. A 350-tonne, HPDC press 
was used for this study.  Customer requirements mandated 100 % inspection for visual defects, 
100 % leak test, and sample inspection for dimensional tolerance. Defective pieces had to be 
scrapped. This part had fairly high historical scrap rates.  

Table 1. List of factors and their levels.

Levels 
Melt 

temperature 
Die coolant flow 

rate 
2nd stage plunger 

velocity 
1st stage plunger 

velocity 
Low Low Low Low (Procedure) Low
High High High (Procedure) High High (Procedure)

Figure 1. Part-small engine cover seen from top and bottom. 

Fraction of defective castings from all tests was chosen as the response variable. Control factors 
chosen for experimentation were - melt temperature, 1st stage plunger velocity, 2nd stage plunger 
velocity, and mould coolant flow rate. Each control factor was varied at 2 levels. Levels chosen 
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were at the extremes of operating procedures. Only the most important factors based on prior 
knowledge, Metallurgical considerations were chosen. Other important factors not tested and held 
in a constant range were - mould / runner /overflow design, sleeve size, biscuit length, 1st stage to 
2nd stage transition position, pump pressure, intensification pressure, intensification delay, metal 
source/ metallurgical quality, furnace inputs/treatment, lubrication used, cleanliness of furnace. 
Metal used was a combination of ingots and run around scrap. 

Based on these considerations, experimental plan based on Taguchi’s L8 (27) array was found 
suitable and was used. It has 8 rows (which is also equal to number of experimental runs). It must 
be noted that using this array has reduced the number of experimental runs to 8 from 128 required 
for a full factorial experiment. Details about control variables and their levels appear in Table 1. 
Each experimental combination was run twice. 16 casting runs (8x2=16), each lasting about an 
hour were done in random order. 

Experimental plan, combination of factors and fraction defective appears in Table 2. Number of 
shots produced for each combination was in the range 57-62. In all, total casting time was about 
19 hours. Apart from fixing the operating conditions as per the experimental plan, only other 
change in the process was additional monitoring. All operating conditions were meticulously 
recorded. Each shot was identified after casting, visually inspected, fettled, drilled, tapped and 
100 % leakage tested. Defective castings at all stages of the process were separated and response 
variable namely scrap fraction (= 100 x number of defective castings/total number of castings) 
was computed for each experimental run. 

This data was plugged into specialized software program for data analysis. Software generated 
the following- Main effects mean plot, Signal to Noise ratio (SN ratio) plot and Analysis of 
variance tables (ANOVA), and response tables, etc. The experimentation data is used for 
predictive modelling and optimization as explained in following paragraphs. 

Table 2. Experimental plan, combination of factors, responses.
Exp. Run 

No. 
Melt 

temperature 
Die coolant 

flow rate 
2nd stage 
plunger 
velocity

1st stage 
plunger 
velocity

Avg. Scrap 
fraction 

(%)
1 Low Low Low Low 0.000 

2 Low High Low High 0.000 

3 Low Low High Low 10.226 

4 Low High High High 1.111 

5 High High High Low 0.125 

6 High Low High High 4.303 

7 High High Low Low 1.042 

8 High Low Low High 1.064 

4. Predictive Modeling and Optimization Methods 

4.1 Advantages in Using ANN for Modelling HPDC 

As mentioned in introduction, Artificial Neural networks (ANN) are widely used class of Machine 
learning (ML) algorithms. ANN are algorithms that try to mimic the working of brain. ANN is a 
widely used flexible modeling tool for science and engineering. It is particularly suitable to treat 
phenomena (such as HPDC) that have multiple inputs and have nonlinear and complex 
relationships between the input and output variables. ANN is robust to noise and disturbances 
making it ideal for modeling this application. 
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Neural networks (ANN) have emerged as an attractive tool for non-linear multivariate modeling. 
The power of ANN is that it is generic in structure and possesses the ability to learn from historical 
data. The main advantages of ANN are:  

(i) ANN does not require a prior specification of suitable fitting function and  
(ii) ANN has universal approximation capability, i.e., it can approximate almost all kinds 

of non-linear functions including quadratic functions.  
(iii) ANN possess strong self-learning and the self-adaptive ability for nonlinear analysis  
(iv) Also, ANN can also work well even with relatively less data, if the data is statistically 

well distributed in the input domain, which is the case with DoE. Thus, experimental 
data of DoE should be sufficient to build effective ANN model. 

4.2 Training ANN Models

ANN are modelled on biological neural systems. Similar to the human brain that has neurons 
interconnected to one another, ANN also have neurons that are interconnected to one another in 
various layers of the network. These neurons are known as nodes. ANNs are composed of three 
layers, one input layer, one or more hidden layers and one output layer. It learns from examples 
through iteration, without requiring a priori knowledge of relationships between variables under 
investigation.  

The commonly used feed forward architecture of ANN, also known as multiplayer perceptron 
(MLP) was used to build predictive model in this research, with four HPDC process parameters 
(table 1) as the input, and scrap fraction as the output to the model. In this architecture, data always 
flows in a forward direction, i.e., from input layer to output layer. The nodes (or artificial neurons) 
connect to multiple nodes, which implies that the decision of the previous node can output to 
several nodes. Each node possesses a specific weight and threshold, which is associated with the 
data output of each node. The neurons in the input layer simply introduce the scaled input data to 
the hidden layer via weights. The neurons in the hidden layer perform two tasks: First, they sum 
up the weighted inputs to neurons, including bias. The weighted output is then passed through an 
activation function. The activation function shifts the space in non-linearity of input data. The 
sigmoid function shown in equation (1) is commonly used activation function. 

1
( )

(1 )x
S x

e



(1) 

The neurons in the output layer produce the output using same procedure as that of neurons in the 
hidden layer. An error function based upon this calculated output and actual experimental output 
is calculated. Training is an iterative process where this pre-specified error function is minimized 
by adjusting the weights appropriately. Root-mean-squared-error (RMSE) is the commonly used 
error function, which is defined in equation (2).  
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where: 
N Number is of patterns used in the training 
M: Number output nodes 
I Index of the input pattern (vector) 
��
� , ��̇�

�  Desired (target) and predicted outputs of the nth output node. 
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The model calibrates the weight and threshold of each node during the training step. The RMSE 
is minimized using the error-back-propagation (EBP) algorithm, which uses the gradient-descent 
technique based on the generalized delta rule (GDR).The EBP training algorithm makes use of 
two adjustable parameters namely, the learning rate (ε) (0 < ε ≤ 1), and momentum coefficient (γ) 
(0 < γ ≤ 1). The magnitudes of both these parameters are optimized heuristically along with the 
number of hidden layer neurons. The details on training an optimal ANN model possessing good 
prediction and generalization abilities are described in references [2][4][5][7][8]. 

4.3 Optimization Using Genetic Algorithm (GA)

GA is an artificial intelligence based stochastic non-linear optimization formalism is used to 
optimize the input space of ANN model. The GA mimics the principles of biological evolution 
namely, “survival-of-the-fittest” and “random exchange of data during propagation” followed by 
biologically evolving species. GA has been proved to be an ideal technique to solve diverse 
optimization problems. After developing generalized ANN model, its input space is optimized 
using GA. GA are capable of finding global minima if configured correctly. 

The input vector comprising of input variables of model becomes the decision variable for the 
GA. GA treats an optimization through a simple cycle of four stages which consists of  

1. Initialization of solution populations known as chromosomes,  
2. Fitness computation based on objective function,  
3. Selection of best chromosomes,  
4. Genetic propagation of selected parent chromosomes using genetic operators like 

crossover and mutation to create the new population of chromosomes. The whole process 
continues until a suitable result is achieved. The best string that evolves after repeating 
the above-described loop till convergence forms the solution to the optimization problem. 
ANN-GA is used to find the values of factors leading to least amount of scrap. More 
details in [3][8]. 

5. Results and Discussion

5.1 Predictive Modeling with ANN

ANN-based process model was developed using the feed-forward ANN architecture namely, 
multi-layer perceptron (MLP) with logistic sigmoidal function. The MLP network has four input 
nodes representing HPDC process parameters listed in table 1 and one output node representing 
the scrap fraction (%).  

The data partitioning as training set and test had been done to avoid over-training and 
overparameterization. The training cycles were performed by varying numbers of neurons in the 
hidden layer and ANN-specific parameters (hyperparameters)--learning rate and random 
initialization. The generalization capacity of the model was ensured by selecting the weights 
resulting in the least RMSE. Cross validation was utilized for creating validation sets to tune the 
model on the training data. For test dataset, neural network with one hidden layer with 48 neurons 
(Figure 2) resulted in the least value of RMSE (= 5.53). RMSE for training set was 6.14. The 
values of correlation coefficient (CC) between the model predicted and experimental scrap 
fraction of the training set was 0.947, while for the test set it was 0.957. Figure 3 shows test MLP 
predicted values vs actual scrap fraction - a good fit is seen. The high and comparable values of 
CC, for both the training and test set outputs suggest that the MLP-based model possesses good 
approximation and generalization characteristics. Specialized statistical/ML software was used in 
this work. 
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Figure 2. Test Artificial Neural Network.  

Figure 3. Line chart showing predicted vs actual value.

5.2 Data Analysis and Visualization of ANN Output

Based on developed predicted model, chart (Figure 4) of variables of importance was drawn. 

Figure 4. Variables of importance chart.
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2nd stage plunger velocity, die coolant flow rate, melt temperature, 1st stage plunger velocity 
influence scrap fraction in the order of decreasing importance. Die coolant flow rate, 1st stage 
plunger velocity have +ve influence on scrap generation, while other 2 have adverse effect. 

Series of contour plots were drawn between two factors and predicted scrap fraction keeping other 
two factors at midpoint of their experimental range. A contour line of function of two variables is 
a curve along which scrap fraction has constant value, so that the curve joins points of equal value. 
The purpose of this approach is to find combinations of x and y that produce minimum scrap 
fraction. For example, as seen in Figure 5a, contour plots of predicted scrap fraction are drawn 
between melt temperature (x-axis) and die coolant flow rate (y-axis) keeping 2nd stage plunger 
velocity and 1st stage plunger velocity at mid point of their range. This way, all combinations of 
four factors were drawn as seen in Figures 5a-5f. Combinations of factors likely to lead to near 
zero scrap fraction can be determined by studying these charts. However, these may not be global 
minima. 

Figure 5. Contour plot of scrap fraction at various combination of factors. a) melt 
temperature-die coolant flow rate, b) melt temperature-2nd stage plunger velocity, c) melt 
temperature-1st stage plunger velocity, d) die coolant flow rate-2nd stage plunger flow rate, 

e) die coolant flow rate -1st stage plunger velocity, f)2nd stage plunger velocity-1st stage 
plunger velocity. 

5.3 Optimization Using GA

Conventionally used gradient-based optimization methods, which require the objective function 
to be continuous, differentiable and more importantly smooth, cannot be used for optimizing the 
input space of an ANN model. Hence, the GA-based technique was used to optimize the input 
space of ANN model with objective of finding global minima of scrap fraction. References [3] 
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[8] describe the concept in detail. The major values of GA-specific parameters used in the 
optimization simulations were:  population size = 1000, max generations = 50, crossover 
probability = 0.9, mutation probability = 0.05, Convergence Tolerance = 0.01. Objective function 
can be written as in equation (3):  

Min� = �(�,�); ��
�  ≤ �� ≤ ��

� � = 1. . � (3) 

where: 
f Objective function (ANN model) 
x Input vector 
W Corresponding weight vectors 
y Response (scrap fraction) 
x Input vector denotes factors used in experimentation 
J Number of input variables 
��
�:  Lower bound on �� .
��
�:  Upper bound on �� .

5.4 Global Optima Found by ANN-GA 

It was also observed that for most of the varied initial conditions, GA converged to similar 
solution, suggesting it to be the global solution. The optimum solution was found heuristically. 
The ANN predicted yield of scrap fraction at GA optimized condition was found to be  
2.22 x 10-09, which is essentially zero. And this is the basic objective of this project. The optimum 
values of factors is shown in Table 3. 

Table 3. Optimum levels of factors found by ANN-GA. 
Melt temperature Coolant flow rate 2nd stage plunger 

velocity 
1st stage plunger 

velocity 

643.83 85.68 2.62 0.45 

6. Verifying Findings of ANN-GA 

This result was verified by carrying out the casting at GA-specified optimum conditions shown 
in table 3. Production was done for a day. Inspection was done, and overall scrap fraction 
percentage was computed. Fraction defective was found to be consistently lower (<0.5 %), as 
compared to long term production average (6.3 %). In fact, at current settings, in some batches 
scrap levels were as high as 9 %. 

7. Conclusion  

Trial and error is the common method for fixing process parameters in HPDC foundries. The 
methodology used in this project uses DoE for experimentation, and ANN-GA combination for 
predictive modelling and optimization. With limited number of experiments, this methodology 
gives superior accuracy and generalization capability, and is economical. Solution found is robust. 
This methodology consistently performed better than conventional trial-error or DoE methods in 
all the aspects. Hence, it can be concluded that using this artificial intelligence-based methods, 
the scrap generated can be consistently reduced to near zero level. ANN-GA methodology can be 
used for optimization in other foundry processes such as LPDC (e.g., alloy wheels) and cast-house 
and smelter areas of primary aluminum smelter. 
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