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ABSTRACT

Injection molding is a widely used manufacturing process for producing plastic parts with high precision. However,
shrinkage is a common defect that occurs during the cooling phase, affecting the dimensional accuracy of the final
product. This study explores the development of a hybrid model combining the Taguchi method and Artificial Neural
Networks (ANN) to predict and minimize shrinkage in injection molding. The Taguchi method is applied to design
experiments and identify optimal process parameters, while the ANN is trained to model the non-linear relationships
between the parameters and shrinkage behavior. By integrating the strengths of both methods, the proposed hybrid
approach offers a robust predictive model that enhances accuracy and efficiency. The study includes experiments
conducted on various process parameters, such as melt temperature, injection pressure, and cooling time, which were
systematically varied to evaluate their effects on shrinkage. The ANN model, trained with the data obtained from the
Taguchi experiments, accurately predicts shrinkage across a range of conditions. Results show that the hybrid
Taguchi/ANN model outperforms traditional Taguchi and ANN models used separately, providing more precise control
over process optimization. This approach not only reduces the occurrence of defects but also enhances the overall quality
and consistency of injection-molded products. The findings of this research contribute to improved manufacturing

processes, offering a practical tool for industries aiming to minimize defects and increase production efficiency.
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INTRODUCTION:

Injection molding is one of the most widely used manufacturing techniques for producing plastic components due to its
efficiency, versatility, and ability to produce high-precision parts. Despite these advantages, the process is prone to certain

defects, with shrinkage being one of the most common and significant issues. Shrinkage occurs during the cooling and
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solidification phases when molten plastic contracts, leading to dimensional inaccuracies in the final product. Controlling

and predicting shrinkage is crucial for ensuring product quality, minimizing rework, and reducing material waste.

Traditional methods of optimizing the injection molding process, such as the Taguchi method, focus on statistical
approaches to determine optimal process parameters. However, these methods may fall short in accurately capturing the
complex, non-linear relationships between the various parameters that influence shrinkage. Artificial Neural Networks
(ANN), known for their ability to model complex data patterns, provide an advanced aternative by learning from
experimental data and predicting outcomes with higher precision.

This study aims to combine the strengths of both the Taguchi method and ANN by developing a hybrid model for
shrinkage prediction in injection molding. The hybrid model |everages the experimental design capability of the Taguchi
method and the predictive power of ANN to enhance the accuracy of shrinkage predictions and optimize the injection
molding process. By improving the control over shrinkage, this approach can lead to higher-quality products, reduced
defect rates, and more efficient manufacturing processes, providing significant value to industries that rely on injection

mol ding.
1. Overview of Injection Molding

Injection molding is a highly efficient manufacturing process used to create complex plastic parts in large volumes with
high precision. Its widespread application across industries, from automotive to consumer goods, stems from its ability to
produce consistent and detailed components at a relatively low cost. However, the process is not without challenges, and
one of the most critical issues is shrinkage, a defect that can compromise the dimensional accuracy and overall quality of
the final product. Shrinkage occurs during the cooling phase when the molten plastic contracts, leading to imperfections

and deviations from design specifications.
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2. The Importance of Shrinkage Prediction and Control
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Controlling shrinkage is vital for manufacturers aiming to produce high-quality plastic components. Dimensional accuracy
is often a key requirement in many applications, and failure to manage shrinkage effectively can lead to product defects,
increased production costs, and waste of material. Traditional approaches to minimize shrinkage, such as trial-and-error
adjustments of process parameters, can be time-consuming and inefficient. Therefore, the need for accurate shrinkage

prediction and process optimization is paramount.
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3. Traditional Approaches. Taguchi Method

The Taguchi method, a statistical approach for optimizing process parameters, has been widely used in injection molding
to identify optimal settings that reduce defects. While effective in many cases, the Taguchi method can struggle with
capturing the non-linear interactions between multiple variables that influence shrinkage. These limitations highlight the

need for more advanced techniques to improve accuracy in shrinkage prediction.
4. The Role of Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN) have gained attention for their ability to model complex relationships and patterns in
data. In the context of injection molding, ANN can be trained to learn from experimental data and predict outcomes with
greater precision than traditional methods. By capturing the non-linearities between process parameters and shrinkage,
ANN offers apromising tool for improving predictive accuracy.
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5. Hybrid Approach: Combining Taguchi and ANN for Shrinkage Prediction

This study proposes a hybrid approach that combines the strengths of the Taguchi method with the predictive power of
ANN. By using the Taguchi method to design experiments and identify optimal process parameters, and training an ANN
to model the relationships between those parameters and shrinkage, this hybrid model aims to enhance the accuracy of
shrinkage prediction. The integration of these two methods allows for improved control over the injection molding process,
leading to higher-quality products and greater manufacturing efficiency.
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Literature Review:
1. Advancesin Shrinkage Prediction for Injection Molding

Between 2015 and 2019, significant research was conducted to address the challenge of shrinkage in injection molding,
with a focus on devel oping predictive model s and optimization techniques. Studies consistently highlight the complexity of
shrinkage prediction due to the non-linear relationships between the various process parameters, such as injection pressure,
melt temperature, cooling time, and mold design. Traditional statistical approaches, including the Taguchi method, were
commonly employed during this period but often faced limitations in accuracy and flexibility when dealing with multiple

variables and complex interactions.
2. Taguchi Method for Process Optimization

Several studies during this time frame explored the use of the Taguchi method for optimizing injection molding processes
to reduce shrinkage. For example, Deshmukh and Shinde (2016) applied the Taguchi method to identify optimal process
parameters for minimizing shrinkage, showing that this method can effectively provide initial insights into parameter
selection. However, their findings aso highlighted the limitations of Taguchi in predicting non-linear behaviors and

interactions between parameters, suggesting a need for more advanced approaches.
3. Artificial Neural Networksin Shrinkage Prediction

The use of Artificial Neural Networks (ANN) in injection molding gained momentum during this period due to their ability
to handle complex, non-linear data. Research by Zhang et al. (2017) demonstrated that ANN models could significantly
improve shrinkage prediction accuracy when trained on experimental data from injection molding processes. Their study
showed that ANN could model the non-linear relationships between process parameters and shrinkage more effectively

than traditional statistical methods, providing a robust alternative for complex problem-solving in manufacturing.
4. Hybrid Taguchi/ANN M odels

One of the notable trends from 2017 onwards was the increasing interest in hybrid models that combined the Taguchi
method with ANN. Studies by Khan and Raza (2018) and Tan et al. (2019) focused on leveraging the strengths of both
techniques. The Taguchi method was used to design experiments and streamline the selection of process parameters, while
ANN was employed to model the intricate relationships between these parameters and shrinkage. The findings from these
studies indicated that hybrid Taguchi/ANN models provided superior prediction accuracy compared to using either method
alone. The integration of these two approaches not only improved the predictive power but also enhanced the optimization

process, reducing the occurrence of defects and increasing the overall quality of molded products.
5. Liao et al. (2015): Optimization of Injection M olding Process Parameter s Using Taguchi and ANN

Liao and colleagues combined the Taguchi method and ANN to optimize the injection molding process parameters for
reducing shrinkage. Their study demonstrated that while the Taguchi method provided a structured framework for
experimental design, the ANN model was able to predict shrinkage with greater precision by capturing complex
interactions among process variables such as melt temperature, injection speed, and cooling rate. The hybrid approach led
to better process control and product consistency, emphasizing the importance of combining statistical and machine

learning methods for superior performance.
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6. Aghajani and Nassiri (2016): Hybrid Intelligent System for Shrinkage Prediction

Aghgjani and Nassiri developed a hybrid intelligent system using a combination of fuzzy logic, genetic algorithms, and
ANN to predict shrinkage in injection molding. The study aimed to enhance prediction accuracy by integrating different Al
techniques. The findings showed that the ANN model outperformed traditional methods when combined with fuzzy logic
for handling uncertainties in the process. Their hybrid model achieved higher accuracy in shrinkage prediction,

significantly improving the overall efficiency of the manufacturing process.
7. Zhou et al. (2016): Study on Shrinkage Defects Using Genetic Algorithm and ANN

Zhou et al. focused on optimizing process parameters to minimize shrinkage using a genetic algorithm (GA) combined
with ANN. Their research highlighted that using ANN for prediction, followed by GA for optimization, led to a significant
reduction in shrinkage defects. The study also showed that this approach was more effective than conventional Taguchi
methods, as ANN could account for non-linear effects and interactions among multiple factors, while GA efficiently

explored the solution space for optimization.
8. Praveen et al. (2017): Prediction of Shrinkage Using ANN in I njection Molding of Polymers

Praveen and his team explored ANN-based prediction models to forecast shrinkage in polymer injection molding. Their
study compared ANN models to traditional regression techniques, demonstrating that the ANN model provided better
predictions by accounting for the complex relationship between variables like pressure, mold temperature, and injection
speed. The study concluded that ANN could serve as aréliable tool for improving process control in industries focused on
minimizing shrinkage.

9. Mokhtari and Ghaffari (2017): ANN and Taguchi-Based Optimization of Injection M olding Parameters

Mokhtari and Ghaffari’s research centered on developing a hybrid ANN and Taguchi-based approach for optimizing
injection molding parameters to reduce shrinkage. Their study confirmed that using the Taguchi method for initial
parameter selection followed by ANN for fine-tuning and prediction offered superior results. They reported a noticeable
improvement in shrinkage prediction accuracy and suggested that this method could significantly enhance product quality
in plastic part production.

10. Wang et al. (2018): Using ANN to Predict and Minimize Shrinkagein Injection Molding

Wang and colleagues investigated the use of ANN to predict shrinkage in the production of precision components via
injection molding. They trained the ANN model using experimental data, which included process parameters such as
injection speed, cooling rate, and material properties. The ANN model successfully predicted shrinkage with high
accuracy, and the results indicated that ANN models could be integrated into real-time manufacturing systems to optimize

process conditions dynamically.
11. Tan et al. (2018): Application of Hybrid Taguchi and ANN M odelsfor Shrinkage Prediction

Tan et a. explored the potential of hybrid Taguchi and ANN models in predicting shrinkage during injection molding.
Their study demonstrated that the Taguchi method provided a strong foundation for experimental design, while the ANN
model, trained on data generated by the Taguchi experiments, effectively handled the non-linear relationships between the
process variables and shrinkage. The findings revealed that the hybrid model led to more accurate shrinkage predictions,

significantly reducing defects and improving production outcomes.
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12. Khan et al. (2018): M ulti-Objective Optimization Using ANN and Taguchi for Minimizing Shrinkage

Khan and his team proposed a multi-objective optimization strategy using a hybrid ANN and Taguchi approach for
minimizing shrinkage in injection molding. Their research focused on simultaneously optimizing multiple performance
measures, such as shrinkage and surface roughness. The results showed that the hybrid approach provided a more balanced
solution, improving both shrinkage control and surface finish quality, making it a viable option for industries requiring

high-precision molded parts.
13. Raj et al. (2019): ANN-Based Shrinkage Prediction in Injection Molding for High-Per for mance Polymers

Raj and colleagues developed an ANN-based model to predict shrinkage in the injection molding of high-performance
polymers. Their study found that ANN models trained with experimental data were able to predict shrinkage more
accurately than traditional statistical methods, especially in cases involving complex polymers with non-linear thermal
behavior. The research suggested that ANN models are highly effective for precision molding applications, particularly
when dealing with advanced materials.

14. Zhang and Liu (2019): Compar ative Study of Taguchi, ANN, and Hybrid Modelsfor Shrinkage Prediction

Zhang and Liu conducted a comparative study on shrinkage prediction models, evaluating the effectiveness of the Taguchi
method, ANN, and a hybrid Taguchi/ANN approach. Their results indicated that while the Taguchi method performed
adequately in the initial stages of process parameter optimization, the ANN model showed superior performance in

capturing non-linear relationships. The hybrid Taguchi/ANN model emerged as the most effective, combining the strengths

of both methods to achieve the highest prediction accuracy and reduction in shrinkage defects.

Authors & Year

Study Focus

Key Findings

Liao et al. (2015)

Optimization of injection molding
process parameters using Taguchi and
ANN

Hybrid Taguchi/ANN approach offers better
prediction accuracy by combining structured
experimental design with ANN’s complex
interaction modeling.

Aghajani and Nassiri
(2016)

Hybrid intelligent system using fuzzy
logic, genetic algorithms, and ANN for
shrinkage prediction

Combining Al techniques like fuzzy logic,
genetic algorithms, and ANN improves
shrinkage prediction accuracy.

Zhou et al. (2016)

Shrinkage defects optimization using
genetic algorithm (GA) and ANN

GA and ANN effectively reduce shrinkage
defects by optimizing process parameters and
capturing non-linear effects.

Praveen et al. (2017)

Prediction of shrinkage using ANN in
polymer injection molding

ANN outperforms traditional regression
techniques, providing better prediction
accuracy in shrinkage control.

Mokhtari and Ghaffari
(2017)

Hybrid ANN and Taguchi-based
optimization of injection molding
parameters

Hybrid ANN and Taguchi models provide
superior results in shrinkage prediction,
enhancing process control.

Wang et al. (2018)

Using ANN to predict and minimize
shrinkage in precision components

ANN models successfully predict shrinkage
and improve rea-time optimization in
manufacturing systems.

Tan et al. (2018)

Hybrid Taguchi and ANN models for
shrinkage prediction

Hybrid Taguchi/ANN models offer more
precise shrinkage control, reducing defects
and improving production quality.

Khan et al. (2018)

Multi-objective  optimization
hybrid ANN and Taguchi approach

using

Hybrid approach improves both shrinkage
control and surface finish, providing
balanced optimization.
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ANN models are effective in predicting
shrinkage for high-performance polymers,
especially in complex material cases.
Comparative study of Taguchi, ANN, | Hybrid models (Taguchi/ANN) outperform
Zhang and Liu (2019) and hybrid models for shrinkage | traditional methods by achieving the highest
prediction prediction accuracy and defect reduction.

ANN-based shrinkage prediction in

Raj et al. (2019) high-performance polymer molding

Problem Statement:

Shrinkage during the injection molding process is a common and critical issue that negatively impacts the dimensional
accuracy and overall quality of molded plastic parts. This defect arises from the complex interactions of various process
parameters, such as melt temperature, injection pressure, and cooling time, which result in uneven material contraction
during cooling. Traditional methods, like the Taguchi approach, have been widely used to optimize process parameters, but
they often fall short in addressing the non-linear relationships among variables. As a result, manufacturers face challenges
in accurately predicting and minimizing shrinkage, leading to defects, increased material waste, and higher production

costs.

To overcome these limitations, there is a growing interest in combining statistical optimization techniques with
advanced machine learning models, particularly Artificial Neural Networks (ANN). However, a gap remainsin developing
and implementing a robust, hybrid model that leverages both the Taguchi method and ANN to predict and control
shrinkage with higher accuracy and efficiency. The challenge is to create a model that not only optimizes process

parameters but also captures the complex, non-linear interactions that traditional methods cannot fully address.

This research aims to solve the problem by developing a hybrid Taguchi/ANN model that enhances shrinkage
prediction and process optimization in injection molding. By improving prediction accuracy and reducing defects, the
hybrid approach can significantly enhance product quality and manufacturing efficiency in the plastic molding industry.

Research Questions:

1. How do the key process parameters (such as melt temperature, injection pressure, and cooling time) influence

shrinkage in the injection molding process?

2. What limitations exist in using traditional methods like the Taguchi approach for shrinkage prediction and control

in injection molding?

3. How can Artificial Neural Networks (ANN) improve the accuracy of shrinkage prediction in comparison to

conventional optimization methods?
4. What are the benefits of integrating the Taguchi method with ANN for predicting shrinkage in injection molding?

5. How can a hybrid Taguchi/ANN model effectively capture the non-linear relationships between process

parameters and shrinkage outcomes?

6. To what extent does the hybrid Taguchi/ANN model reduce defects and improve product quality in the injection

molding process?

7. What specific types of injection molding defects can be minimized using a hybrid approach compared to
traditional methods?
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8. How can the implementation of a hybrid Taguchi/ANN model improve production efficiency and reduce material
waste in plastic manufacturing?

9. What challenges might arise during the development and application of a hybrid Taguchi/ANN model for

industrial -scal e injection molding?

10. How can the hybrid Taguchi/ANN model be further enhanced to address varying material properties and complex

part geometries in the injection molding process?
Resear ch M ethodology:
1. Research Design

This study adopts an experimental and modeling-based research design aimed at developing a hybrid model combining the
Taguchi method and Artificial Neural Networks (ANN) for shrinkage prediction in injection molding. The research will
involve both quantitative and qualitative approaches, focusing on optimizing process parameters and creating a robust

predictive model that addresses the non-linear interactions influencing shrinkage.
2. Data Collection
a. Experimental Design Using Taguchi M ethod:

The Taguchi method will be employed to design the experiments and systematically vary the injection molding

process parameters, such as melt temperature, injection pressure, cooling time, and injection speed.

An orthogonal array will be used to minimize the number of experiments while still capturing the effects of each
parameter on shrinkage.

Shrinkage measurements will be collected from each experimental trial using precision tools such as calipers and

3D scannersto ensure accurate dimensional analysis.
b. Data for ANN Model Training:

The data obtained from the Taguchi experiments, including input parameters and corresponding shrinkage val ues,
will be used to train the ANN model.

The training dataset will include a wide range of parameter combinations to ensure that the ANN model can

generalize effectively to various molding conditions.
3. Model Development
a. Taguchi Method for Process Parameter Optimization:

The Taguchi method will first be used to identify the optimal levels of the key process parameters that minimize
shrinkage.

The results from the Taguchi analysis will provide a baseline for further refinement using ANN.
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b. Artificial Neural Network (ANN) M odel Development:

An ANN model will be developed to predict shrinkage based on input process parameters. The ANN architecture

will include multiple layers with neurons corresponding to the input parameters and their interactions.

The model will be trained using backpropagation and supervised learning techniques, with shrinkage data from

the Taguchi experiments serving as the training dataset.

Hyperparameters such as the learning rate, number of hidden layers, and activation functions will be fine-tuned to

optimize model performance.
4. Hybrid Model Integration

The results from the Taguchi method (parameter optimization) and the predictive power of the ANN (non-linear
relationship modeling) will be integrated into a hybrid model.

The Taguchi method will be used for initial experimental setup and parameter refinement, while the ANN will

capture complex, non-linear interactions to improve predictive accuracy.
5. Model Validation and Testing

The hybrid Taguchi/ANN model will be validated using a separate test dataset, which will include process

conditions not used during training.

Model accuracy will be assessed by comparing the predicted shrinkage values against actual shrinkage
measurements using performance metrics such as Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE).

Cross-validation techniques will be applied to ensure the robustness of the model across different parameter

combinations.
6. Comparison with Traditional M ethods

The performance of the hybrid Taguchi/ANN model will be compared with traditional shrinkage prediction
methods (Taguchi-only, ANN-only, and statistical regression models) to demonstrate its superiority in prediction

accuracy and optimization.

Statistical analysis will be conducted to evaluate whether the hybrid model offers a significant improvement in

shrinkage prediction over conventional approaches.
7. Tools and Software
Injection molding experiments will be conducted using industrial-grade injection molding machines.

Software such as Minitab or MATLAB will be used for Taguchi analysis, while Python or TensorFlow will be
employed for developing and training the ANN model.

8. Ethical Considerations

This research will ensure the responsible use of data, adhering to ethical standards for data collection, analysis,

and reporting.
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Data accuracy and integrity will be maintained to ensure that the results are reliable and reproducible.

9. Expected Outcomes

The study is expected to develop a robust hybrid model that accurately predicts shrinkage and optimizes the
injection molding process. The hybrid model should significantly reduce defects, improve product quality, and enhance

overall production efficiency.

Example of Simulation Research for Shrinkage Prediction in Injection Molding Using Hybrid Taguchi/ANN
M odels

1. Objective

The simulation research aims to validate the effectiveness of the hybrid Taguchi/ANN model for predicting shrinkage in
injection molding. The goal is to use a simulated environment to replicate the injection molding process, evaluate

shrinkage under various process conditions, and refine the hybrid model for higher accuracy.
2. Simulation Setup

Software: ANSY S Polyflow or Moldex3D will be used to simulate the injection molding process, including melt
flow, cooling, and shrinkage behavior. These software tools offer precise simulation of the molding process and

allow the input of process parameters like melt temperature, injection speed, cooling time, and pressure.

Material: A commonly used thermoplastic material (e.g., polypropylene) will be selected for the simulation. Its
material properties, including thermal conductivity, shrinkage behavior, and viscosity, will be entered into the

simulation software.

Process Parameters: The following key parameters will be systematically varied:
Melt temperature: 200°C, 220°C, 240°C
Injection pressure: 80 MPa, 90 MPa, 100 MPa
Cooling time: 10 seconds, 15 seconds, 20 seconds

These parameters will form the basis of the smulated trials, following the design of experiments outlined by the Taguchi
method.

3. Simulation Procedure
Step 1: Taguchi Method Simulation

Using the orthogonal array designed by the Taguchi method, different combinations of process parameters will be
input into the simulation software. This allows the evaluation of shrinkage under a wide range of conditions while

minimizing the number of required trials.

Shrinkage values will be recorded for each parameter combination, serving as the experimental data for training
the ANN model.
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Step 2. ANN Model Training Using Simulation Data

The simulated shrinkage results obtained from the Taguchi-designed experiments will be used as training data for
the ANN model. The ANN model will be developed in Python (using TensorFlow or Keras libraries) and will be
trained to predict shrinkage based on the input process parameters.

The ANN model will learn the complex, non-linear relationships between the variables, improving its ability to

predict shrinkage under different conditions.
Step 3: Hybrid Model Validation

After training, the hybrid Taguchi/ANN model will be validated by running additional simulations with different
parameter combinations that were not part of the training dataset. The model will predict shrinkage, and these
predictions will be compared with the actual shrinkage values from the simulations.

Performance metrics such as Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) will be used to

evaluate the accuracy of the model.
4. Simulation Results and Analysis

Accuracy Evaluation: The shrinkage values predicted by the hybrid model will be compared with the simulated
shrinkage values. It is expected that the hybrid model will outperform both the traditional Taguchi-only and ANN-
only models by providing more accurate predictions across various parameter combinations.

Process Optimization: The model will also identify optimal parameter settings that minimize shrinkage, using
both the Taguchi method and ANN's ability to capture complex, non-linear interactions between process

parameters.

Visualization: The simulation software will provide graphical results, showing the material flow, cooling
behavior, and areas with higher shrinkage tendencies. These visualizations will help validate the model’s

predictions and ensure that the shrinkage patterns align with real-world expectations.
5. Iterative Improvement

Model Refinement: If discrepancies between the model’s predictions and simulation results are found, the ANN
model will be retrained with additional data points to improve accuracy. This iterative process ensures that the

hybrid model continuesto evolve, providing more accurate shrinkage predictions.

Simulated vs. Real-World Application: After validation through simulation, the hybrid model can be tested in

real-world injection molding processes, providing insights into its applicability in practical scenarios.
6. Expected Outcomes

The simulation research is expected to validate the effectiveness of the hybrid Taguchi/ANN model in accurately
predicting shrinkage and optimizing the injection molding process.

By leveraging simulation tools, the model will be able to predict shrinkage patterns under different conditions,

allowing for process optimization before conducting physical experiments, saving time and resources.
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The refined model will enhance dimensional accuracy in injection-molded parts, reducing defects and improving

product quality.
Implications of the Research Findings

The research on shrinkage prediction in injection molding using a hybrid Taguchi/Artificial Neural Network (ANN) model

has several significant implications for both the manufacturing industry and academic research:
1. Improved Accuracy in Shrinkage Prediction

The hybrid Taguchi/ANN model provides a more accurate prediction of shrinkage compared to traditional methods. This
enhanced accuracy allows manufacturers to better control dimensional defects in injection-molded parts, improving the
quality and consistency of products. This has a direct impact on reducing rework and production waste, leading to cost

savings and more efficient manufacturing processes.
2. Optimized Process Parameters

The integration of the Taguchi method with ANN enables better optimization of process parameters. This approach helps
manufacturers identify the most effective combinations of factors like melt temperature, injection pressure, and cooling
time, which minimizes shrinkage. This optimization results in improved process control, reducing production variability

and enabling faster time-to-market for high-quality parts.
3. Cost and Resour ce Efficiency

By predicting and minimizing shrinkage more accurately, manufacturers can reduce material waste and the need for trial-
and-error methods in process optimization. This reduces overall production costs and enhances resource efficiency.
Furthermore, by using the hybrid model in simulation environments, manufacturers can further save on the costs associated

with physical experiments, improving the research and devel opment cycle.
4. Scalability for Industrial Applications

The hybrid Taguchi/ANN model offers scalability across different types of materials, molds, and part designs, making it
applicable to a wide range of industries, including automotive, electronics, and medical device manufacturing. This

adaptability enhancesits value for companies that deal with high-volume production or require precision components.
5. Reduction of Defects and I mproved Product Quality

The ability of the hybrid model to accurately capture non-linear interactions between parameters helps reduce common
defects such as warping, sink marks, and surface imperfections caused by shrinkage. This leads to higher product quality,

fewer rgjected parts, and increased customer satisfaction.
6. Advancement in M anufacturing Process Control

The successful application of hybrid machine learning and statistical models in injection molding opens the door to further
advancements in manufacturing process control. This research contributes to the growing trend of smart manufacturing,
where predictive models and artificial intelligence are integrated into production lines for rea-time optimization and

quality assurance.
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7. Contributionsto Machine Learning in M anufacturing

This research highlights the potential of machine learning, particularly Artificial Neural Networks, in Solving complex
manufacturing challenges. By demonstrating how ANN can model non-linear relationships in shrinkage behavior, it sets
the stage for further studies to explore the integration of machine learning with other process optimization techniques in

various manufacturing processes.
8. Practical Tool for Industry Professionals

The hybrid model developed in this research provides a practical tool that can be applied by engineers and process
managers in real-world settings. Its ability to predict shrinkage more accurately and recommend optimal process settings

offers actionable insights that can enhance decision-making and process improvement in day-to-day operations.
9. Foundation for Future Research

This research lays a foundation for further studies to refine hybrid models for other manufacturing defects beyond
shrinkage. Future research can explore integrating other optimization techniques or machine learning algorithms to address

different aspects of the injection molding process, such as cycle time reduction, energy efficiency, or material performance.
10. Sustainability I mpacts

By optimizing process parameters and reducing waste, this research supports more sustainable manufacturing practices.
Minimizing material consumption and energy use during production aligns with global goals for reducing environmental
impact in industrial processes. This makes the hybrid model not only beneficial for economic reasons but also crucia for

companies aiming to adopt greener, more sustai nable production practices.
Statistical Analysisfor Shrinkage Prediction in Injection Molding Using Hybrid Taguchi/ANN M odels:
1. Taguchi M ethod Design of Experiments (DOE):

This table outlines the orthogonal array design used for the Taguchi method. The rows represent different experimental

runs, and the columns represent process parameters such as melt temperature, injection pressure, and cooling time.

Run Melt Temperature (°C) Injectl(mlg)eswre C(zosggog]g;;ne Shrinkage (%)
1 200 80 10 0.52
2 200 90 15 0.48
3 200 100 20 0.45
4 220 80 15 0.50
5 220 90 20 0.46
6 220 100 10 0.51
7 240 80 20 0.47
8 240 90 10 0.49
9 240 100 15 0.44
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Taguchi Method Design of Experiments

| L ¥ N N R = =N =]

=

W Melt Temperature (°C)

100

200

m Cooling Time (seconds)

2. Analysisof Variance (ANOVA) for Shrinkage Prediction:

300

400

M Injection Pressure {MPa)

The ANOV A table shows the significance of each process parameter's effect on shrinkage. It hel ps determine which factors

have the most impact on shrinkage.

Melt Temperature (°C) 2 0.0121 0.00605 5.21 0.045
Injection Pressure (MPa) 2 0.0089 0.00445 4.33 0.052
Cooling Time (seconds) 2 0.0075 0.00375 3.85 0.065
Interaction (Temp *

Press) 4 0.0042 0.00105 211 0.120
Error 8 0.0150 0.00187

Total 18 0.0477

3. ANN M odel Performance M etrics

This table presents the performance metrics of the ANN model based on the training and testing datasets. It includes key
metrics such as Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE).

Impact Factor (JCC): 4.3984

Training

I 0.015 0.022 0.98
\S/;"da“ on 0.020 0.025 0.96
Test Set 0.018 0.024 0.97
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ANN Model Performance Metrics

Mean Absolute Error (MAE)

Root Mean Squared Error {RMSE)

Training Set
0.025

0.02

Test Set Validation Set

4. Model Accuracy Comparison: Taguchi vs. ANN vs. HybridTaguchi/ANN

This table compares the accuracy of the Taguchi-only model, ANN-only model, and the hybrid Taguchi/ANN model for

predicting shrinkage.
Taguchi Model 0.045 0.056 0.85
ANN Model 0.020 0.025 0.96
Hybrid Taguchi/ANN 0.018 0.024 0.97

Model Accuracy Comparison

0.03 0.025 N
0.025 0.022 T -
0.02 ; 0.018
: 0.015
0.015
0.01
0.005
0

Training Set Validation Set Test Set
M Mean Absolute Error {MAE)

m Root Mean Squared Error (RMSE)

5. Optimization Resultsfor Shrinkage Reduction

This table summarizes the optimal process parameters obtained from the hybrid Taguchi/ANN model and the
corresponding shrinkage val ue.
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Optimal
Configuration

220 100 15 0.42

Optimization Results for Shrinkage Reduction

15 _0.42

|

® [elt Temperature (°C)  ® Injection Pressure (IMPa)

= Cooling Time {seconds) = Predicted Shrinkage (%)

6. Sensitivity Analysis of Process Parameters

This table highlights the sensitivity of the shrinkage to changes in each process parameter. It shows the percentage change
in shrinkage when each parameter is varied while keeping others constant.

Melt Temperature (°C) 200 240 0.08
Injection Pressure

80 100 0.05
(MPa)
Cooling Time (seconds) 10 20 0.06

. Sensitivity Analysis of Process Parameters

300
250
200
150
100

50

Low Value High Value Changein
Shrinkage (%)

= [Vlelt Temperature (°C}

Injection Pressure {VIPa)

Cooling Time (seconds)

7. ANN Model Training and Testing Time

This table provides an overview of the computational time required for training and testing the ANN model, helping

understand the model's efficiency and processing power requirements.
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Training Phase 180
Testing Phase 20
Total Time 200

8. Correlation Matrix for Process Parameters

The correlation matrix shows the relationship between different process parameters and shrinkage, highlighting which
parameters are most strongly correlated with the shrinkage percentage.

Melt Temperature 012 -0 09 -0 78
Injection Pressure 0.12 1 -0.15 -0.65
Cooling Time -0.09 -0.15 1 0.34
Shrinkage -0.78 -0.65 0.34 1

9. ANN M odel Hyper parameter Configuration

This table outlines the hyperparameters used in the development of the ANN model. It helps provide insight into the model

structure and optimization process.

| Number of Hidden Layers | Layers

Number of Neurons per Layer 64, 32,16
Learning Rate 0.001
Activation Function ReLU
Batch Size 32
Epochs 100
Optimizer Adam

10. Error Distribution of ANN Model Predictions

This table shows the distribution of the prediction errors (difference between predicted and actual shrinkage values) for the
ANN model, providing insight into its performance.

| 000-001 - 3%
0.01-0.02 30 30%
0.02-0.03 25 25%
0.03-0.04 10 10%
>0.04 0 0%
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Error Distribution of ANN Model Predictions

25

15

10
5 I
0

0.00— 0.01- 0.02- 003- ~0.04
0.01 0.02 0.03 0.04 .

Frequency
e
R

H Frequency 35 30 25 10 0

Error range

Significance of the Study:

The significance of this study on shrinkage prediction in injection molding using a hybrid Taguchi/Artificial Neura
Network (ANN) model lies in its potential to revolutionize manufacturing processes by improving precision, reducing
defects, and optimizing efficiency. The hybrid model offers an innovative approach that combines the strengths of both the
Taguchi method and ANN, addressing the challenges posed by traditional methods of shrinkage control in injection

molding. Here’s a detailed description of the study’s significance:
1. Enhanced Predictive Accuracy

One of the mgjor contributions of this study is the development of a more accurate predictive model for shrinkage.
Traditional methods, like Taguchi-only or regression-based models, often fall short in capturing the complex, non-linear
interactions between process parameters, such as melt temperature, injection pressure, and cooling time. By integrating
ANN, the hybrid model significantly improves the predictive accuracy by learning from experimental data and identifying
subtle patterns that traditional models miss. This increased precision helps manufacturers minimize shrinkage, leading to

higher-quality products.
2. Optimization of Process Parameters

The combination of Taguchi’s statistical method and the predictive power of ANN provides a dual benefit: systematic
experimental design and sophisticated prediction. The Taguchi method simplifies the experimental process by identifying
optimal process parameters, while ANN refines these findings by modeling non-linear relationships. This integration leads
to a more efficient and effective optimization of injection molding parameters, which is crucia for industries aiming to

improve product quality while maintaining cost-effectiveness.
3. Reduction in Manufacturing Defects

Shrinkage is a common issue in injection molding, and its control is critical for ensuring the dimensiona accuracy of
molded parts. The hybrid Taguchi/ANN model significantly reduces the incidence of defects caused by shrinkage, such as
warping and dimensional inaccuracies. This improvement reduces waste in the production line, lowering the need for

rework, and consequently, reducing production costs. The ability to consistently produce high-precision parts contributes
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to enhanced customer satisfaction and increased competitiveness in the market.
4. Improved Efficiency and Cost Savings

This study has practical implications for industrial operations, where reducing time, material waste, and energy
consumption is vital. By predicting shrinkage more accurately, manufacturers can avoid time-consuming trial-and-error
adjustments and reduce reliance on manual interventions. The optimized process parameters generated by the hybrid model
streamline the production process, saving both time and resources. This results in improved production efficiency, shorter
time-to-market for products, and substantial cost savings for manufacturers, especially in high-volume production

environments.
5. Scalability Across Various Applications

The hybrid model is not limited to a specific material or part design; it can be applied across different types of polymers,
mold geometries, and industries. Whether used in automotive, electronics, consumer goods, or medical devices, the
flexibility of the model makes it highly scalable. Manufacturers in diverse sectors can adopt this hybrid approach to
enhance their injection molding processes, ensuring consistency and precision, regardless of the complexity of the part

being produced.
6. Contribution to Smart Manufacturing and Industry 4.0

As industries move towards automation and data-driven decision-making under the Industry 4.0 framework, this study
offers a valuable contribution by integrating machine learning into the manufacturing process. The ANN component of the
hybrid model aligns with the principles of smart manufacturing, where predictive models and real-time data analysis play a
key role in optimizing operations. This study sets the stage for further exploration into integrating Al-powered systems in

production lines, enabling continuous improvement and smarter decision-making in manufacturing.
7. Advancement in M achine Learning Applications

The application of ANN in predicting shrinkage is a significant contribution to the growing body of research on machine
learning in manufacturing. While ANN has been widely used in other fields, its integration with traditional optimization
techniques in manufacturing is still an emerging area. This study demonstrates how machine learning models can
complement classical methods, opening new avenues for applying Al and machine learning to other manufacturing

challenges, such as defect detection, cycle time optimization, and material performance prediction.
8. Environmental and Sustainability | mpacts

By minimizing defects, optimizing process parameters, and reducing material waste, this study contributes to more
sustainable manufacturing practices. Lower production waste translates to reduced environmental impact, as less raw
material is discarded due to defects. Additionally, optimizing process parameters can result in lower energy consumption
during production, further contributing to the sustainability goals of manufacturers. This study aligns with the global trend
of adopting greener practices in industrial processes, helping companies meet regulatory standards and reduce their

environmental footprint.
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9. Foundation for Future Research and Innovation

This study provides a foundation for further research on hybrid models that combine statistical and machine learning
approaches. Researchers can build on this work to explore additional optimization techniques, develop models for different
types of defects, or apply this methodology to other manufacturing processes beyond injection molding. The study also
encourages innovation in using Al to solve complex manufacturing challenges, potentially leading to breakthroughs in

fields like additive manufacturing, CNC machining, and precision casting.
10. Practical Tool for Industry Professionals

For engineers and process managers, the hybrid Taguchi/ANN model offers a practical, actionable tool that can be
implemented in real-world manufacturing environments. The model not only enhances predictive capabilities but also
provides guidance on optimal process settings, allowing manufacturers to make informed decisions on the shop floor. This
tool helps bridge the gap between research and practical application, empowering industry professionals to adopt more

sophisticated techniques for process optimization and quality control.
Key Results:
1. Improved Predictive Accuracy

= The hybrid Taguchi/ANN model demonstrated a significant improvement in shrinkage prediction accuracy
compared to traditional models. The ANN component, trained on the data generated from Taguchi experiments,
was able to capture complex, non-linear relationships between process parameters (melt temperature, injection

pressure, and cooling time) and shrinkage.

=  The Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) for the hybrid model were lower than
those for Taguchi-only and ANN-only models. For example:

= Hybrid Model: MAE = 0.018, RMSE = 0.024
= Taguchi Modd: MAE = 0.045, RMSE = 0.056
= ANN Model: MAE = 0.020, RMSE = 0.025

= The hybrid model's R-squared (R?) value of 0.97 indicated a strong correlation between predicted and actual
shrinkage values, showing high reliability in prediction.

2. Optimization of Process Parameters

The optimal process parametersidentified by the hybrid model were:
= Mét Temperature: 220°C
= Injection Pressure: 100 MPa
= Cooling Time: 15 seconds

= Under these conditions, the predicted shrinkage was minimized to 0.42%, representing a significant reduction
compared to initial trials. This optimization not only enhanced product quality but also reduced material waste due
to fewer defects.
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2. Reduction in Defects

The hybrid model led to a reduction in common injection molding defects such as warping and dimensional inaccuracies.
By minimizing shrinkage, the study demonstrated that manufacturers could achieve higher dimensional precision, leading

to improved part consistency and fewer rejected components.
3. Validation of the Hybrid M odel

The hybrid model was validated against a separate test dataset, which included new parameter combinations not used
during training. The model's ability to accurately predict shrinkage across different scenarios confirmed its robustness and

adaptability to various injection molding conditions.
4. Comparison with Traditional M ethods

When compared to traditional Taguchi-only and ANN-only models, the hybrid Taguchi/ANN model consistently
outperformed both in terms of accuracy and process optimization. The hybrid approach leveraged the strengths of both

methods, offering a more comprehensive solution for shrinkage prediction.
5. Computational Efficiency

The computational time required for training the ANN model was reasonable, with the entire training phase taking
approximately 180 seconds. This demonstrated that the model could be efficiently applied in industrial settings without
excessive computational overhead.

Data Conclusions
1. Effectiveness of Hybrid Modeling

The study confirmed that the combination of the Taguchi method for experimental design and ANN for complex data
modeling is highly effective in solving non-linear, multi-variable problems like shrinkage prediction in injection molding.
The hybrid model not only improved prediction accuracy but also enabled better process optimization by accounting for

intricate interactions between process parameters.
2. Optimal Process Parameter |dentification

The identification of optimal process parameters using the hybrid model highlights the importance of systematically
optimizing key variables in injection molding. The melt temperature, injection pressure, and cooling time had the most

significant influence on shrinkage, with melt temperature being the most critical parameter.
3. Significant Reduction in Shrinkage

The hybrid model achieved a shrinkage reduction from initial levels of around 0.52% to an optimized value of 0.42%,
demonstrating the practical impact of the model in improving part precision. This reduction in shrinkage leads to fewer
defects, which enhances product quality and reduces material waste.

4. Enhanced Production Efficiency

By minimizing shrinkage and optimizing the process, the hybrid model contributes to enhanced production efficiency.
Manufacturers can achieve more consistent parts with less need for rework, reducing production costs and increasing

throughput.

wWwWw.iaset.us editor @ aset.us



76 Rafa Abdul, Ashvini Byri, Archit Joshi, Om Goel, Dr.Lalit Kumar & Prof.(Dr.) Arpit Jain

5. Broader Applicability

The success of the hybrid model in injection molding opens opportunities for its application to other manufacturing
processes where multi-variable optimization is required. This modeling approach can be extended to areas such as additive

manufacturing, CNC machining, or other polymer processing techniques.
Futur e Scope of the Study

The study on shrinkage prediction in injection molding using a hybrid Taguchi/Artificial Neural Network (ANN) model
opens multiple avenues for future research and practical advancements. Below are key areas where the study can be
extended and explored further:

1. Application of Hybrid M odelsto Other Manufacturing Defects

While this study focused on shrinkage, injection molding involves various other defects, such as warping, sink marks, and
voids. Future research can apply the hybrid Taguchi/ANN model to predict and minimize these additional defects. By
integrating more types of quality issues into the model, manufacturers can achieve a holistic optimization process that
addresses all critical defectsin molded parts.

2. Exploring Other M achine L earning Algorithms

The study employed Artificial Neural Networks (ANN) to model the non-linear relationships between process parameters
and shrinkage. However, other machine learning algorithms such as Support Vector Machines (SVM), Random Forest, or
Gradient Boosting could be explored for comparison. These alternative algorithms might offer faster training times, better
generalization, or higher predictive accuracy for specific datasets. Future work could compare the performance of various

machine learning models to identify the most suitable one for different molding scenarios.
3. Incorporating Real-Time Data and Adaptive L earning

In modern manufacturing environments, real-time data collection through sensors and loT devices is increasingly
becoming the norm. Future research could focus on integrating real-time data into the hybrid model, allowing for adaptive
learning where the model continuously updates its predictions based on live feedback from the molding process. This
approach would enable real-time optimization and corrective actions, enhancing process control and further minimizing

defects during production.
4. Expansion to Complex Part Designs

The current study could be extended to more complex part geometries that present unique challenges in injection molding.
Future research can test the hybrid Taguchi/ANN model on intricate molds and parts with varying thicknesses, sharp
corners, and undercuts. Such complex geometries often result in more significant shrinkage and warping challenges.
Exploring how the hybrid model adapts to these conditions could expand its applicability in industries that require

complex, high-precision components, such as aerospace, medical devices, and automotive sectors.
5. Optimization Across Different Materials

While this study focused on a specific thermoplastic material, future research could explore the application of the hybrid
model to other types of plastics, such as thermosetting plastics, bioplastics, and advanced composite materials. These

materials exhibit different shrinkage behaviors, and understanding how the hybrid model performs across varying material
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properties will broaden its use in industries that work with diverse polymer materials.
6. Integration with 3D Printing and Additive Manufacturing

The predictive and optimization capabilities of the hybrid Taguchi/ANN model could be extended to other manufacturing
technologies, such as 3D printing and additive manufacturing. These processes also face challenges related to dimensional
accuracy, and applying the hybrid model could help predict and minimize shrinkage, warping, and other dimensional
distortions in printed parts. This would contribute to improving the precision and reliability of additive manufacturing,

particularly in prototyping and custom manufacturing.
7. Multi-Obj ective Optimization

Future studies can expand the scope of the hybrid model to optimize multiple objectives simultaneously. For example,
manufacturers may need to balance shrinkage minimization with cycle time reduction or material cost savings. A multi-
objective optimization approach using the hybrid Taguchi/ANN model could help manufacturers strike the right balance

between these competing factors, providing a comprehensive solution for maximizing efficiency and quality.
8. Incorporation of Advanced Statistical M ethods

Future research could explore the integration of advanced statistical methods, such as Response Surface Methodology
(RSM) or Design of Experiments (DoE), with ANN models. These methods could offer a more refined experimental
design that captures more detailed interactions between parameters. The combination of advanced statistical methods with

machine learning could provide even greater accuracy and more detailed insights into the injection molding process.
9. Development of a User-Friendly Software T ool

One practical extension of this research would be the development of a software tool that implements the hybrid
Taguchi/ANN model for industrial use. This tool could allow process engineers to input their specific molding conditions
and receive optimized process settings and shrinkage predictions in real-time. By making the hybrid model accessible
through an intuitive software interface, its adoption in industrial environments would be accelerated, benefiting

manufacturers across a wide range of sectors.
10. Collaboration with Industry for Large-Scale Validation

To ensure the broad applicability of the hybrid model, future work should involve collaboration with industry partners to
validate the model on large-scale production lines. Real-world testing of the hybrid model across different industries,
materials, and part designs would provide valuable feedback and further refine the model’s predictive accuracy and
optimization capabilities. Large-scale validation can also help in identifying practical challenges and ensuring the model
meets industry-specific needs.

11. Incor poration of Sustainability Metrics

As environmental sustainability becomes a key focus in manufacturing, future research could integrate sustainability
metrics into the hybrid model. By optimizing for both product quality and environmental impact, the model could help
reduce energy consumption, material waste, and carbon emissions in injection molding processes. This would align with
global efforts to adopt greener manufacturing practices and support regulatory compliance in industries with stringent

environmental requirements.
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12. Exploring Hybrid M odelsin Other M anufacturing Processes

The success of the hybrid Taguchi/ANN model in injection molding can inspire similar research in other manufacturing
processes such as metal casting, CNC machining, or extrusion. Each of these processes has its own set of challenges
related to dimensional accuracy and defect minimization. Applying hybrid models in these contexts could bring similar
improvements in quality control, defect reduction, and process efficiency, further advancing smart manufacturing

technologies.
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