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Abstract 

The foam injection molding process for expanded polypropylene (EPP) offers advantages 

in energy efficiency, material savings, and mechanical performance, making it suitable for 

automotive and packaging applications. However, its nonlinear and multivariable nature 

makes accurate prediction and process optimization difficult using traditional methods. 

This study presents an AutoML-based surrogate modelling framework for predicting and 

optimizing two key process outcomes: cycle time and warpage. Experimental data were 

obtained from 81 production trials conducted on a Teubert injection molding machine 

using five process parameters. The PyCaret library was used to automate model selection, 

hyperparameter tuning, and performance evaluation, and 18 regression algorithms were 

compared. The results showed that tree-based ensemble models clearly outperformed tra-

ditional linear models. Gradient Boosting Regressor achieved an R2 of 0.9671 for cycle 

time, while Extra Trees Regressor reached an R2 of 0.9874 for warpage. Beyond prediction, 

the finalized surrogate models were used for Monte Carlo-based design space exploration 

with 1000 synthetic parameter combinations. Non-dominated solutions were identified to 

construct the Pareto front, and the top-ranked settings were compared with experimental 

results. The findings show that AutoML-based surrogate modelling can support both ac-

curate prediction and process window identification in EPP foam injection molding. 
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1. Introduction 

The foam injection process involves introducing a physical blowing agent (such as 

CO2 or N2) into molten thermoplastic resin to create a microcellular structure. This tech-

nique is widely used in the production of automotive interior trim parts, packaging, white 

goods, and electronic components. It offers notable advantages, including 10–35% savings 

in raw material usage, a 25–50% reduction in pressing pressure, and a significant decrease 

in environmental impact [1–4]. Effective control of the cell structure enhances thermal and 

acoustic insulation while preserving critical levels of impact and tensile strength. It also 

reduces energy consumption by up to 40% through shortened processing times [2,4]. Life 

cycle assessment studies indicate approximately a 15% reduction in environmental im-

pact for plant fiber-reinforced polypropylene composites, while CO2-based physical 

foaming significantly lowers the carbon footprint [1,4,5]. However, if key process param-

eters such as gas pressure, mold temperature, and cooling time are not properly managed 

in critical or low-pressure gas injection, defects such as poor surface quality, cell hetero-

geneity, and inconsistent mechanical properties may arise. Consequently, data-driven 
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modelling and prediction approaches supported by design of experiments (DOE), numer-

ical simulations, and machine learning are essential for improving process behaviour [6,7]. 

Positioning AutoML relative to classical Design of Experiments (DOE), combined 

with machine learning (ML) hybrid approaches, highlights distinct advantages and limi-

tations for each methodology. AutoML automates model selection, hyperparameter opti-

misation, and, in many cases, feature engineering, thereby offering substantial gains in 

efficiency and ease of use, particularly in applications that require rapid deployment with 

minimal human intervention [8]. This advantage is especially pronounced in complex 

multi-target prediction tasks, where AutoML frameworks can standardise and streamline 

the modelling workflow across diverse problem settings [8]. By contrast, DOE–ML hybrid 

approaches rely on the systematic experimental design principles of DOE to generate 

structured, informative datasets that are subsequently used to train ML models. This strat-

egy is particularly effective when domain knowledge can be explicitly incorporated into 

the experimental design and modelling process, thereby improving both predictive per-

formance and interpretability [9]. 

Expanded polypropylene (EPP) is a key material in various industries, including au-

tomotive, packaging, and consumer products. Due to its properties, such as high impact 

strength, energy absorption, and dimensional stability in foam injection processes. Its cel-

lular structure enables the production of lightweight components without compromising 

mechanical performance, despite its low density. EPP is particularly favoured in the au-

tomotive sector for applications such as side impact protectors, bumper fillers, and inte-

rior trim components. It is also widely used in reusable packaging thanks to its multi-

impact resistance [10,11]. Moreover, its high thermal insulation capacity and chemical re-

sistance make it suitable for energy-efficient manufacturing techniques, including steam-

chest molding [3]. EPP samples with a density of 60 kg/m3 demonstrate 245% higher com-

pressive strength and absorb 187% more energy than those with a density of 20 kg/m3 [12]. 

EPP emerges as a strategic material for enhancing sustainability, impact safety, and pro-

duction efficiency in foam injection technologies. Expanded polypropylene in its granular 

form is presented in Figure 1. 

In the literature, research on the foam injection process of EPP primarily focuses on 

evaluating the material’s dynamic impact and compression behaviour using split-Hop-

kinson pressure bar (SHPB) tests [13,14]. Studies addressing process parameter effects are 

predominantly based on traditional experimental and data-driven modelling approaches, 

such as experimental design of experiments [15,16], the Taguchi method [17], and regres-

sion analyses [18]. Although numerous optimization studies have been conducted on 

plastic injection processes, research specifically targeting the EPP process remains limited. 

While a few studies have addressed the properties of EPP beads, material strength, and 

recyclability, there is a notable lack of research focusing on systematic and automated 

predictive modelling frameworks. In study [17], key process parameters for EPP were 

identified using the Taguchi method, followed by predictive modelling using various ar-

tificial neural network approaches. However, the inherent complexity of the production 

process and the numerous influencing variables highlight the need for more comprehen-

sive and systematic research in this area. 
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Figure 1. EPP material. 

In recent years, artificial intelligence-based approaches have offered significant ad-

vantages in the modelling and performance assessment of production processes. While 

classical machine learning methods have been widely applied to analyse complex, multi-

variable systems in the manufacturing sector, their effectiveness often relies heavily on 

expert intervention and trial and error [19]. Uncertainties, particularly in hyperparameter 

tuning and algorithm selection, render the model development process both time-con-

suming and costly [20]. As a result, AutoML methods have gained prominence in produc-

tion domains where reliable and reproducible predictive models are critical, such as foam 

injection processes. AutoML approaches enhance the accuracy and robustness of models 

by autonomously managing hyperparameter tuning and model selection, thereby sup-

porting process improvement through more accurate prediction and reduced experi-

mental effort [21,22]. In this context, this study aims to address the limitations of tradi-

tional methods by employing AutoML techniques to develop accurate surrogate models 

for predicting key process outcomes in foam injection, thereby providing a systematic and 

comprehensive evaluation within this application domain. The flowchart of the study is 

presented in Figure 2. 

The remainder of this paper is organised as follows: Section 2 presents a comprehen-

sive review of the related literature. Section 3 describes the materials and methods used 

in the experimental setup and provides detailed information on the AutoML framework 

adopted in the study. Section 4 discusses the results and key findings, while Section 5 

concludes the paper with final remarks and future research directions. 
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Figure 2. Flow diagram of the study. 

2. Literature Review 

EPP is a lightweight and versatile thermoplastic foam commonly used in packaging, 

automotive, and consumer goods due to its energy absorption and low density. The ap-

plication of machine learning techniques to the injection molding process of EPP foams 

presents significant opportunities to enhance production efficiency, improve quality pre-

diction, and minimise material waste. 

Recent studies illustrate the broad adoption of advanced machine-learning para-

digms across different application domains. For example, Ashraf et al. proposed an atten-

tion-based framework to improve micro-expression recognition, demonstrating the effec-

tiveness of attention mechanisms for enhancing feature discrimination and robustness 

[23]. Similarly, Khubaib et al. introduced a data-efficient shifted window transformer for 

wheat disease detection, highlighting the importance of architectures that maintain strong 

performance under limited data [24]. From the perspective of transparency and trust, Ke-

hkashan et al. developed an explainable phishing website detection approach, emphasiz-

ing the growing role of explainability in practical machine-learning systems [25]. In the 

medical imaging domain, Azeem et al. demonstrated the effectiveness of SSD- and YOLO-

based detectors for detecting diabetic foot ulcers, further confirming the impact of deep 

learning and ensemble learning strategies in safety-critical applications [26]. Although 

these studies address different problems, they collectively underline key trends such as 

automation, data efficiency, robustness, and explainability. In this context, the present 

work extends these methodological advances to the injection molding domain through an 

AutoML-driven, ensemble-based modelling framework. 

The application of machine learning in the injection molding industry has become 

increasingly critical, particularly in quality control, process monitoring and prediction, 

and process optimization. Numerous studies have shown that machine learning algo-

rithms can effectively predict common defects such as warpage, short shots, and sink 

marks, which frequently occur during the injection molding process [27–29]. Ke et al. de-

veloped an advanced machine learning model incorporating an autoencoder for quality 

prediction, demonstrating high predictive accuracy, reduced scrap rates, and enhanced 
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production sustainability [30]. These findings are consistent with prior research highlight-

ing the importance of real-time monitoring and predictive analytics in maintaining pro-

cess integrity and operational efficiency [31]. 

Recent advancements in rapid molding technologies have significantly reduced pro-

duction times in the injection molding industry. Studies have shown that injection molds 

fabricated with aluminium-filled epoxy resins can notably shorten cycle times compared 

to conventional steel-based molds, thereby enhancing overall production efficiency 

[32,33]. These technological improvements contribute to sustainable development goals 

by increasing operational efficiency while reducing energy consumption and material 

waste [34]. Moreover, the integration of rapid manufacturing processes with artificial in-

telligence is fostering the development of innovative methodologies to achieve fast, cost-

effective, and high-quality production outputs [35,36], where data-driven prediction mod-

els play a central role in supporting informed decision-making. 

The integration of simulation tools with artificial intelligence significantly enhances 

the analysis and prediction of process behaviour in injection molding. By combining ma-

chine learning algorithms with molding simulations, manufacturers can accelerate the 

validation of mold designs through the implementation of digital twin technologies [36]. 

This integrated approach enables better management of temperature and pressure fluctu-

ations during production, which are critical factors influencing the mechanical properties 

of the final product [37]. Data-driven models further support precise tuning of process 

conditions to ensure consistent performance within defined tolerances [38]. 

Pacella et al. investigate the use of regression models to cluster energy consumption 

patterns in injection molding, demonstrating that predictive analytics can substantially 

improve energy efficiency. Transitioning from traditional energy-intensive methods to 

data-centric approaches enables more informed decisions regarding resource allocation 

and consumption [39,40]. These improvements contribute to both economic and environ-

mental sustainability, which are essential priorities in modern manufacturing. 

Selvaraj et al. argue that although the initial implementation costs of artificial intelli-

gence and machine learning systems in injection molding may be substantial, the long-

term productivity benefits are particularly evident in high-volume production settings. 

The efficiency gains offered by these technologies justify the initial investment, as they can 

result in significant reductions in labour and material costs over time [28]. Within this 

context, the application of machine learning enhances production agility and precision, 

attributes that are especially critical in industries requiring rapid turnaround without 

compromising quality, with predictive modelling serving as a key enabler of such im-

provements. 

Despite these advancements, a review of the literature reveals a notable gap in the 

application of machine learning algorithms specifically to EPP foam injection molding 

processes. Integrating machine learning into EPP foam injection molding processes has 

the potential to improve manufacturing efficiency, enhance quality assurance, and sup-

port sustainable practices, particularly through the development of robust AutoML-based 

prediction models. The studies reviewed emphasize the transformative role of AI in ad-

vancing operational excellence. As the field progresses, it is essential for researchers and 

industry professionals to remain engaged with these developments and pursue innova-

tive, data-driven solutions to meet evolving production demands and sustainability goals. 

3. Materials and Methods 

3.1. Overview of the EPP Foam Injection Sequence 

The molding process begins by pneumatically feeding pre-expanded EPP beads, 

which possess a constant density of 21 g/L, into the closed mold cavity. The molding phase 

then proceeds sequentially: First, cross-steaming is applied from the fixed side to the mov-
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ing side (P1), and then in reverse (P2), to ensure the internal fusion and bonding of the 

beads. This is followed by an autoclave step (P3), where steam is injected simultaneously 

from both sides without exhaust to improve structural homogeneity and surface quality. 

Next, water is sprayed into the cooling channels of both mold halves (P4) to solidify the 

product and provide the dimensional stability required for demolding. Finally, a pressure 

stabilization period (P5) allows the internal foam pressure to drop to a safe level, relieving 

internal stresses before the mold opens and the final part is ejected. A schematic represen-

tation of a typical EPP mold is given in Figure 3. 

 

Figure 3. Schematic representation of a typical EPP mold structure. 

3.2. Data Collection 

The experimental data used in this study were obtained from applications conducted 

using a Teubert injection molding machine. The data were sourced from studies presented 

in [17]. A total of 81 samples were collected under controlled process conditions and rec-

orded for analysis. Five key process parameters influencing the machine’s production per-

formance were examined, with cycle time and warpage measurements used as system 

outputs. The recorded cycle time represents the complete automated machine cycle rather 

than a simple mathematical sum of the static parameter inputs. It specifically incorporates 

the dynamic in-mold cooling and pressure equalization phases. Because the required du-

ration for pressure stabilization depends strictly on the initial thermal inputs and the cool-

ing efficiency required to relieve internal stresses, it is not a fixed machine setup value. 

Therefore, the total cycle time is inherently linked to the foaming quality and is evaluated 

as a dynamic output variable in this study. Descriptions and identification numbers of 

these parameters are provided in Table 1. The selection of these five specific parameters 

(P1–P5) was based on a comprehensive preliminary screening. Initially, 11 potential pro-

cess parameters adjusted by operators during production (including automatic clamp 

pressures for moving/fixed sides, filling pressures, etc.) were evaluated. Based on a 

Taguchi orthogonal array and Analysis of Variance (ANOVA), parameters such as clamp 

and filling pressures were found to have no statistically significant effect on warpage or 

cycle time (p > 0.05). Consequently, they were kept constant within standard machine lim-

its, and the modelling framework was built exclusively on P1–P5, which had the strongest 

influence on the process outcomes. The primary objective of this study is to develop and 

evaluate data-driven predictive models that can accurately estimate critical quality and 

performance indicators. In this context, the dataset is used to construct an AutoML-based 

modelling framework that supports informed decision-making and reduces the need for 
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extensive trial-and-error experiments in production planning. EPP was used as the raw 

material in the production process, with a density of 21 g/L. 

Table 1. Model parameters and descriptions. 

No Parameter Explanation 

P1 Fixed Side Cross Steam Time (s) 

The mold’s stationary portion, known as the “fixed side,” is usu-

ally stronger and more stable. Steam is injected from the fixed side 

of the mold and moves toward the movable side during cross 

steaming. The movable side exhausts the condensate. Internal fus-

ing within the portion is encouraged by this process. 

P2 Moving Side Cross Steam Time (s) 

The side of the mold that opens and closes while the injection pro-

cess is underway is referred to as the movable side. Steam is di-

rected from the movable side of the mold toward the fixed side 

when cross steaming is taking place on the movable side. The 

fixed side exhausts the condensate. Internal fusing within the por-

tion is facilitated by this process. 

P3 Autoclave Time (s) 

During the autoclave stage, steam is applied simultaneously from 

both the fixed and movable sides of the mold, with no steam ex-

haust occurring during the process. This step enhances the surface 

quality of the part, ensures uniformity, and improves its overall 

strength. 

P4 Moving/Fixed Side Cooling Time (s) 

This parameter defines the cooling duration applied to both the 

fixed and moving sides of the mold, ensuring the product reaches 

the appropriate temperature for smooth and defect-free demold-

ing. Inadequate cooling time increases the risk of deformation, 

while excessive cooling results in unnecessary downtime and re-

duced production efficiency. 

P5 Foam Pressure Cooling Time (s) 

This step allows the part to stabilize by relieving internal stress. 

No water or steam is injected into the mold, and the condensate 

outputs stay open. At this point, the internal foam pressure can 

drop to the desired level. 

- Cycle Time (Output Variable) 
It is the time required to complete a production process from be-

ginning to end. 

- Warpage (Output Variable) 

After the molding process, the plastic part undergoes uneven or 

undesirable deformation due to internal stresses in different areas 

during the cooling process. 

Figure 4 presents representative images from the warpage measurement performed 

as part of the quality assessment of the EPP component. To ensure measurement stand-

ardization and repeatability, the manufactured parts underwent an 8 h oven-curing pro-

cess, an industrially applied stabilization procedure for the EPP cellular expansion and 

shrinkage dynamics to fully stabilize. Warpage was subsequently measured using a tri-

angular ruler on an 11-point checking fixture specifically designed for the part geometry. 

The measurement from the most critical deformation point relative to the reference sur-

face was selected as the target variable for model training. 
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Figure 4. Warpage measurement images for quality assessment of the EPP component. 

3.3. Data Preparation 

The 81-sample dataset was systematically generated using a Taguchi L27 fractional 

factorial design, which evaluates the 5 selected parameters at 3 levels each [17]. This de-

sign was repeated three times to ensure statistical reliability. Therefore, the clustered dis-

tribution observed in the histograms is a direct mathematical consequence of this discrete 

experimental design rather than arbitrary sampling. Statistical analysis of the dataset con-

firms that the input parameters (P1–P5) and the output variables (Cycle Time and Warp-

age) are well distributed within the ranges defined in Table 2. Notably, parameters P4 and 

P5 exhibit the highest variability (std = 8.21), suggesting they may exert a more significant 

influence on process performance compared to other inputs. The observed ranges in the 

system outputs—167.8 to 208.3 s for Cycle Time and 10.1 to 15.9 mm for Warpage—indi-

cate that the experimental design provides a sufficient range of process conditions to cap-

ture the impact of parameter variations on the final product quality. 

Table 2. Basic statistical information of the database. 

 P1 P2 P3 P4 P5 Cycle Time Warpage 

Levels 4, 5.5, 7 4, 5.5, 7 9, 10, 11 65, 75, 85 30, 40, 50 - - 

mean 5.50 5.50 10 75 40 187.31 14.08 

std 1.23 1.23 0.82 8.21 8.21 11.06 1.66 

min 4 4 9 65 30 167.8 10.10 

max 7 7 11 85 50 208.3 15.90 

To assess experimental reliability, noise levels were calculated using repeated obser-

vations for identical parameter combinations. The results show low average noise levels 

for both Cycle Time (0.0795) and Warpage (0.0607), with limited dispersion, confirming 

high repeatability and consistency of the experimental setup. The presence of zero noise 

values in some cases indicates consistent repeated measurements rather than data quality 

issues. These low noise levels indicate a high signal-to-noise ratio, which is generally ad-

vantageous for machine learning applications, as it facilitates the learning of underlying 

process relationships rather than stochastic variations [41]. 

Figure 5 illustrates the distribution of the five input parameters (P1–P5) used in the 

experimental study. Because the dataset was systematically generated using a Taguchi 

L27 fractional factorial design, each parameter was tested at exactly three predetermined 

levels. Consequently, the histograms show that the data points are strictly clustered at 
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these specific intervals. This plot is provided to visually confirm the discrete, factorial-

based structure of the experimental design and to contrast it with continuous random 

sampling. This approach enables a more controlled and consistent analysis of parameter 

effects. Moreover, it eliminates the need for resampling or data balancing during pre-pro-

cessing, allowing the analysis to proceed directly within the experimental design. 

 

Figure 5. Distribution of inputs. 

Figure 6 displays the distributions of Cycle Time and Warpage, two key performance 

indicators of the production process. Analysis of the histograms and density curves re-

veals that Cycle Time exhibits a broad and irregular distribution ranging from 170 to 210 

s, indicating a deviation from normality. This suggests that the influence of process pa-

rameters on Cycle Time is heterogeneous, resulting in varying responses across different 

parameter combinations. In contrast, the distribution of Warpage is more asymmetrical, 

with data clustered around 15 mm and higher frequencies observed in this range. This 

pattern indicates that the system is more susceptible to warpage under certain conditions, 

with potential quality risks concentrated in this region. 

 

Figure 6. Distribution of outputs. 

Figure 7 presents the results of a multivariate outlier analysis based on the variables 

Cycle Time and Warpage. Using the Mahalanobis distance, the analysis showed that the 

majority of the samples conformed to the dataset’s overall structure, with no statistical 

outliers detected. The absence of red-marked points in the graph indicates that none of 

the samples were identified as outliers according to the Mahalanobis distance criteria. This 
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confirms the dataset’s homogeneity and supports its suitability for subsequent modelling 

and analytical procedures. 

 

Figure 7. Multivariate outlier analysis. 

The correlation matrix presented in Figure 8 illustrates the relationships among the 

variables used in the modelling process. Parameters P4 and P5 exhibit positive correla-

tions with both Cycle Time (r = 0.66 and r = 0.70, respectively) and Warpage (r = 0.51 and 

r = 0.13, respectively), suggesting that these two inputs play a significant role in influenc-

ing process performance. Moreover, the lack of strong correlations among the input vari-

ables indicates minimal multicollinearity, which is favourable for model stability and in-

terpretability, particularly in regression-based approaches. Overall, the analysis confirms 

that the dataset possesses both high explanatory capacity and input independence, mak-

ing it suited for application in machine learning algorithms. 

 

Figure 8. Correlation matrix. 

3.4. AutoML 

In this study, model tuning was performed using 5-fold cross-validation to ensure 

reliable performance evaluation [42]. The hyperparameters of each model were adjusted 

within this validation framework, and performance was assessed using various metrics. 

To ensure consistency and reproducibility, a fixed random seed was used throughout the 

process. This methodology enabled a fair comparison and ranking of the algorithms based 
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on their performance metric results, providing reliable insights into their effectiveness 

[43]. 

With advances in computational power, machine learning aims to enable systems to 

learn from data and make inferences in a manner like human reasoning. The primary goal 

is to train models on experimental datasets, generate predictions, and systematically eval-

uate their generalization performance. Machine learning algorithms are designed to iden-

tify patterns and relationships within input data to support decision-making processes 

[44,45]. 

Recent innovations in low-code platforms and AutoML have significantly simplified 

and accelerated the development of machine learning models [46,47]. Low-code platforms 

allow users with minimal programming experience to participate in application develop-

ment, while AutoML automates key stages of the machine learning pipeline, including 

data preprocessing, model selection, and hyperparameter tuning. These technologies pri-

marily facilitate rapid model development and objective model comparison, making ma-

chine learning more accessible to a broader range of users. 

This study employs the Python version 3.10.20-based PyCaret version 3.3.2 library, a 

user-friendly AutoML that streamlines the machine learning workflow. PyCaret facilitates 

comparison of multiple algorithms, provides detailed performance metrics, and helps 

identify the most accurate regression model for a given dataset [48]. The library supports 

a wide array of regression algorithms, including Gradient Boosting Regressor, Random 

Forest Regressor, Extra Trees Regressor, Huber Regressor, Linear Regression, Least Angle 

Regression, Lasso Regression, Lasso Least Angle Regression, Decision Tree Regressor, 

CatBoost Regressor, Ridge Regression, Passive Aggressive Regressor, Bayesian Ridge, Or-

thogonal Matching Pursuit, Elastic Net, K Neighbors Regressor, Light Gradient Boosting 

Machine, Dummy Regressor, and AdaBoost Regressor. This diverse set of models enables 

a comprehensive evaluation of algorithmic performance within the context of foam injec-

tion process optimization. 

3.5. Performance Metrics 

In this study, the following performance metrics are employed to evaluate the pre-

dictions of cycle time and warpage. These metrics are important for assessing the effi-

ciency and reliability of the developed models. Deviations between the actual and pre-

dicted values are calculated and interpreted for each selected performance indicator. 

• Mean Absolute Error (MAE) 

The MAE is calculated by averaging the absolute differences between the predicted 

and actual values. As a straightforward and unambiguous measure of error magnitude, 

MAE directly reflects the size of the prediction errors without requiring further interpre-

tation. Due to its sensitivity to scale, it is widely used in evaluations involving dimensional 

data and is commonly preferred for comparing the average performance of different mod-

els [49]. The MAE formula is given in Equation (1). 

MAE = n−1 ∑|xi − yǐ|

n

i=1

 (1) 

n denotes the total number of observations, xi is the actual (observed) value for ob-

servation i, yǐ is the predicted value for observation i, and |xi − yǐ| calculates the abso-

lute difference between these actual and predicted values. 

• Mean Square Error (MSE) 

The squaring operation used in calculating MSE gives more weight to outliers and 

large error values. Therefore, MSE can be preferred in determining outliers in the dataset 

and evaluating the effect of these points on prediction performance. MSE is a measure that 
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especially emphasises the effect of large errors [50]. The MSE formula is given in Equation 

(2). 

MSE = n−1 ∑(xi − yǐ)
2

n

i=1

 (2) 

• Root Mean Square Error (RMSE) 

The fundamental assumption when using RMSE is that prediction errors are unbi-

ased and normally distributed. Because of this property, RMSE provides comprehensive 

information about the overall nature of the error distribution and plays a crucial role in 

evaluating model performance by assigning greater weight to large errors. Consequently, 

a low RMSE value indicates higher model reliability and directly reflects prediction qual-

ity [51]. The RMSE formula is given in Equation (3). 

RMSE =  √n−1 ∑(xi − yǐ)
2

n

i=1

 (3) 

• Coefficient of determination (R2) 

R2 is a key performance metric that indicates the proportion of total variability in the 

dependent variable explained by the independent variables. Ranging between 0 and 1, the 

R2 value reflects the explanatory power of the model; the closer it is to 1, the greater the 

model’s ability to account for variability in the data. In this context, R2 plays a critical role 

in assessing the reliability and predictive accuracy of the model, particularly in regression 

analyses, by demonstrating how well the model captures the behaviour of the dependent 

variable [52]. The R2 formula is given in Equation (4). 

R2 = 1 −
∑ (xi − y

ǐ
)

2
n
i=1  

∑ (y̅ − y
ǐ
)

2
n
i=1

 (4) 

xi represents the actual value of each observation, yǐ denotes the value predicted by 

the model, and y̅ indicates the mean of all predicted observations. 

• Root Mean Square Logarithmic Error (RMSLE) 

The RMSLE is a performance metric used to assess a model’s sensitivity to large er-

rors and outliers. Specifically designed to emphasize substantial differences between pre-

dicted and actual values, RMSLE applies a logarithmic transformation that reduces the 

impact of small errors while amplifying the effect of larger ones. This characteristic allows 

for a clearer evaluation of the model’s performance in the presence of significant devia-

tions. As a result, RMSLE is particularly useful for assessing model accuracy on datasets 

with positive and widely varying values [53]. The RMSLE formula is given in Equation 

(5). 

RMSLE = √
1

n
∑(log(1 + yǐ) − log(1 + xi))2

n

i=1

 (5) 

• Mean Absolute Percentage Error (MAPE) 

The MAPE is a key performance metric that expresses prediction error as a percent-

age of the actual values. Its scale-independent nature enables meaningful comparisons 

across datasets, making it particularly useful for evaluating and benchmarking model per-

formance. The MAPE formula is given in Equation (6). 
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MAPE =
100

n
∑ |

xi − yǐ

xi

|

n

i=1

 (6) 

• Task Time (TT (s)) 

Task Time is a metric that measures how long the model operates, expressed in sec-

onds. This measure is particularly important for evaluating the system’s efficiency and 

speed. A lower Task Time (TT) value indicates faster model execution and improved over-

all performance. 

4. Results and Discussion 

All analyses were conducted in Python 3.10.20 using the PyCaret 3.3.2 framework, 

with standard preprocessing tools (Pandas 3.0.1 [54], NumPy 2.4.0 [55], Seaborn v0.13 

[56]). Prior to model training, feature scaling was applied using a standardization proce-

dure (StandardScaler), which transforms each feature independently such that the result-

ing distribution has a mean (𝜇) of 0 and a standard deviation (𝜎) of 1. This process is com-

monly referred to as Z-score normalization. The models were conducted on a 64-bit Win-

dows operating system running on an Intel® Core™ i7-8565U CPU @ 1.80 GHz with 8.00 

GB of RAM, which provided adequate computational resources for the analysis. The da-

taset was randomly split using an 80/20 hold-out strategy with a fixed random seed of 42, 

and a 5-fold cross-validation was applied within the training set for model selection and 

hyperparameter tuning, ensuring an unbiased evaluation on unseen data. 

4.1. AutoML Results for Cycle Time Prediction 

For cycle time prediction, Table 3 shows that tree-based ensemble models outper-

formed linear and baseline approaches. In particular, Gradient Boosting and Extra Trees 

ranked among the best-performing models, indicating their suitability for capturing the 

non-linear behaviour of the process. Nevertheless, considering the limited dataset size of 

81 observations, the results should be interpreted with caution, since high-capacity en-

semble models may over-adapt to small datasets if not properly validated [57,58]. There-

fore, these findings should be regarded as evidence of modelling potential rather than 

definitive proof of generalization. 

Table 3. Performance metrics for Cycle Time. 

Model MAE MSE RMSE R2 RMSLE MAPE TT (s) 

Gradient Boosting Regressor 0.786 2.3626 1.4877 0.9671 0.0081 0.0042 0.028 

Extra Trees Regressor 1.0894 5.2288 2.1982 0.9306 0.0119 0.0059 0.044 

Bayesian Ridge 1.6972 6.9593 2.5415 0.9238 0.0140 0.0092 0.012 

Ridge Regression 1.6500 7.0005 2.5457 0.9226 0.0141 0.0090 0.014 

Linear Regression 1.6471 7.0130 2.5480 0.9224 0.0141 0.0090 2.130 

Least Angle Regression 1.6471 7.0130 2.5480 0.9224 0.0141 0.0090 0.016 

Elastic Net 1.9240 7.5117 2.6541 0.9211 0.0145 0.0104 0.016 

Lasso Least Angle Regression 2.0441 8.0248 2.7426 0.9159 0.0149 0.0111 0.012 

Lasso Regression 2.0441 8.0248 2.7426 0.9159 0.0149 0.0111 0.810 

K Neighbors Regressor 2.2720 8.2455 2.8465 0.9157 0.0153 0.0122 0.014 

Huber Regressor 1.2467 7.3735 2.4348 0.9084 0.0139 0.0069 0.018 

AdaBoost Regressor 2.1786 9.3231 2.9997 0.9074 0.0160 0.0117 0.032 

Random Forest Regressor 1.8681 7.8160 2.7697 0.9056 0.0149 0.0101 0.056 

Decision Tree Regressor 1.1411 6.5939 2.3277 0.8973 0.0126 0.0061 0.012 

Orthogonal Matching Pursuit 7.0546 67.1484 8.1264 0.3443 0.0429 0.0375 0.014 

Passive Aggressive Regressor 7.3506 79.9193 8.6448 0.2168 0.0467 0.0395 0.012 
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Light Gradient Boosting Machine 9.0982 128.4463 11.0161 −0.103 0.0583 0.0483 0.622 

Dummy Regressor 9.3314 136.6438 11.5358 −0.313 0.0612 0.0498 0.014 

To assess model reliability and potential overfitting under the limited sample size (N 

= 81), residual analyses were performed within a 5-fold cross-validation framework (Fig-

ure 9). The linear models (Figure 9c,d) exhibit large residual dispersion (up to ±6), whereas 

the ensemble methods (Figure 9a,b) show tightly centered and pattern-free residuals 

around zero. In particular, the Extra Trees Regressor (Figure 9b) demonstrates superior 

stability, with errors confined to approximately ±0.2. The negligible gap between training 

and testing performance (R2
train = 1.00 and R2

test = 1.00) further indicates that overfit-

ting is not evident. Moreover, the similar residual distributions for training and testing 

sets support that the high accuracy arises from capturing the underlying process behavior 

rather than memorizing noise, confirming the robustness of the Extra Trees model. 

Figure 10 shows the prediction error plots for the regression models. The ensemble 

methods exhibit the closest agreement with the identity line, with Gradient Boosting (Fig-

ure 10a) achieving R2 = 0.998 and Extra Trees (Figure 10b) approaching perfect corre-

spondence (R2 = 1.00). In contrast, the linear models (Figure 10c,d) show noticeably larger 

scatter and lower determination coefficients (R2 = 0.890 and 0.888, respectively), indicating 

their limited ability to capture the underlying nonlinear relationships. These trends are 

consistent with the quantitative metrics and confirm the suitability of ensemble-based 

models for accurate cycle time prediction under the studied conditions. 

 

(a) 

 

(b) 

 

(c) 
 

(d) 

Figure 9. Residual plots of the regression models used for cycle time prediction, including (a) Gra-

dient Boosting Regressor; (b) Extra Trees Regressor; (c) Bayesian Ridge; and (d) Ridge Regression. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 10. Prediction error plots comparing measured and predicted values for the regression mod-

els: (a) Gradient Boosting Regressor; (b) Extra Trees Regressor; (c) Bayesian Ridge; (d) Ridge Re-

gression. 

Figure 11 summarizes the feature importance results for cycle time prediction. The 

ensemble models (Gradient Boosting and Extra Trees; Figure 11a,b) concentrate im-

portance on a small subset of variables, with Foam Pressure Cooling Time (P5) and Mov-

ing/Fixed Side Cooling Time (P4) emerging as the dominant contributors, indicating that 

cycle time is primarily governed by a few key parameters. In contrast, the linear models 

(Bayesian Ridge and Ridge Regression; (Figure 11c,d) distribute importance more evenly 

across predictors, reflecting their inherent assumptions about correlated features. Despite 

these differences, all models consistently identify P4 and P5 as the most influential varia-

bles, supporting the physical relevance and robustness of these features under the inves-

tigated conditions. 

To ensure that the feature importance analysis is not distorted by coupling interac-

tions or multicollinearity among the input parameters, a Variance Inflation Factor (VIF) 

analysis was conducted prior to model training. Because the dataset was generated using 

an orthogonal Taguchi L27 array, the input parameters are mathematically independent 

by design. The VIF values for all process parameters (P1–P5) are exactly 1.0. A VIF of 1.0 

indicates the complete absence of multicollinearity, ensuring that the tree-based models 

interpret each parameter’s importance objectively, without interference from parameter 

coupling. 
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(b) 
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(d) 

Figure 11. Feature importance analysis for cycle time prediction, including (a) Gradient Boosting 

Regressor; (b) Extra Trees Regressor; (c) Bayesian Ridge; (d) Ridge Regression. 

4.2. AutoML Results for Warpage Prediction 

Table 4 compares the performance of the AutoML-based regression models for warp-

age prediction. The Extra Trees Regressor achieves the best overall performance, with the 

lowest errors (MAE = 0.0995, RMSE = 0.1426) and the highest R2 (0.9874), indicating a 

strong ability to capture nonlinear behaviour. The Decision Tree and Gradient Boosting 

models also perform well (R2 > 0.98), whereas linear methods (e.g., Lasso, Bayesian Ridge, 

Ridge) show poor accuracy with near-zero or negative R2 and RMSE values above 1.4. The 

Passive Aggressive and Light Gradient Boosting models rank among the weakest. Over-

all, these results confirm the clear advantage of tree-based ensemble methods for warpage 

prediction. In addition, most high-performing models train in under 0.05 s, demonstrating 

their practical computational efficiency. 

Table 4. Performance metrics for the Warpage. 

Model MAE MSE RMSE R2 RMSLE MAPE TT (s) 

Extra Trees Regressor 0.0995 0.0251 0.1426 0.9874 0.0101 0.0074 0.048 

Decision Tree Regressor 0.1081 0.0276 0.1551 0.9843 0.0113 0.0082 0.010 

Gradient Boosting Regressor 0.1182 0.0294 0.1611 0.9807 0.0113 0.0087 0.026 

Random Forest Regressor 0.1439 0.0409 0.1927 0.9796 0.0139 0.0109 0.076 

AdaBoost Regressor 0.2112 0.0751 0.2721 0.9593 0.0191 0.0156 0.038 

Orthogonal Matching Pursuit 1.2199 2.1284 1.4279 0.0097 0.1009 0.0925 0.012 

K Neighbors Regressor 1.0530 2.0106 1.3900 0.0046 0.0992 0.0805 0.012 

Lasso Regression 1.2679 2.2931 1.4820 −0.037 0.1045 0.0963 0.010 

Lasso Least Angle Regression 1.2679 2.2931 1.4820 −0.037 0.1045 0.0963 0.008 

Bayesian Ridge 1.2813 2.3645 1.5009 −0.054 0.1058 0.0974 0.010 

Elastic Net 1.2828 2.3358 1.4944 −0.054 0.1054 0.0973 0.008 

Ridge Regression 1.2770 2.3188 1.5039 −0.114 0.1051 0.0965 0.008 
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Linear Regression 1.2760 2.3203 1.5046 −0.115 0.1051 0.0964 0.010 

Least Angle Regression 1.2760 2.3203 1.5046 −0.115 0.1051 0.0964 0.008 

Dummy Regressor 1.3162 2.5413 1.5571 −0.126 0.1093 0.1002 0.014 

Huber Regressor 1.0184 2.7161 1.6151 −0.238 0.1124 0.0828 0.016 

Light Gradient Boosting Machine 1.3636 2.6703 1.6117 −0.289 0.1130 0.1034 0.356 

Passive Aggressive Regressor 1.9699 5.6667 2.3149 −1.950 0.1606 0.1357 0.010 

Figure 12 shows the residual distributions of the four regression models used for 

warpage prediction. The Extra Trees Regressor Figure 12a exhibits tightly centered, pat-

tern-free residuals around zero (within approximately ±0.1), together with nearly identical 

training and testing performance (R2 ≈ 0.999 and 0.998), indicating excellent generaliza-

tion. The Decision Tree model (Figure 12b) shows similar but less stable behaviour, with 

mild clustering at higher predicted values, consistent with localized overfitting in single-

tree structures. The Gradient Boosting model (Figure 12c) displays a broader residual 

spread, suggesting higher sensitivity to sample size and noise accumulation, while the 

Random Forest model (Figure 12d) yields intermediate performance with larger scatter 

than Extra Trees. Overall, these results confirm the superior robustness of the Extra Trees 

approach for reliable warpage estimation under limited data conditions. 

 

(a) 
 

(b) 

 

(c) 

 

(d) 

Figure 12. Residual plots of the regression models used for warpage prediction, including (a) Extra 

Trees Regressor; (b) Decision Tree Regressor; (c) Gradient Boosting Regressor; (d) Random Forest 

Regressor. 

As shown in Figure 13, the Extra Trees Regressor (Figure 13a) exhibits the closest 

agreement between predicted and measured values, with points tightly clustered along 

the identity line (R2 ≈ 0.998) and no evidence of systematic bias. The Decision Tree model 

(Figure 13b) also shows strong correlation but with slightly increased dispersion, reflect-

ing the sensitivity of single-tree structures to local data partitioning. The Gradient Boost-
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ing model (Figure 13c) maintains high accuracy with a modest widening of scatter, sug-

gesting minor cumulative errors due to its sequential learning scheme. The Random For-

est model (Figure 13d) achieves comparable performance (R2 ≈ 0.997) but with somewhat 

larger dispersion, indicating reduced precision in capturing fine-scale variations. Overall, 

these prediction error plots corroborate the residual analysis and confirm that Extra Trees 

provides the most accurate and robust warpage predictions among the evaluated models. 

 

(a) 
 

(b) 

 

(c) 

 

(d) 

Figure 13. Prediction error plots comparing measured and predicted values for the regression mod-

els: (a) Extra Trees Regressor; (b) Decision Tree Regressor; (c) Gradient Boosting Regressor; (d) Ran-

dom Forest Regressor. 

Figure 14 illustrates the relative importance of features across the four regression 

models used for warpage prediction. A clear trend emerges in the Decision Tree, Gradient 

Boosting, and Random Forest models, where Autoclave Time (P3) and Moving/Fixed Side 

Cooling Time (P4) are identified as the most significant predictors. In these three cases, 

Autoclave Time (P3) consistently holds the highest weight, suggesting it is the primary 

driver of cycle time variability. The high importance assigned to Moving/Fixed Side Cool-

ing Time (P4) across all four algorithms further reinforces its role as a critical parameter. 

Interestingly, the Extra Trees regressor (Figure 14a) presents a slight deviation from this 

trend, ranking P1 as the most influential feature, whereas Fixed Side Cross Steam Time 

(P1) shows significantly less impact in the Decision Tree model. Despite these minor algo-

rithmic variations, there is a consensus regarding the least influential variable: Foam Pres-

sure Cooling Time (P5) consistently ranks at the bottom across all models. This suggests 
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that Foam Pressure Cooling Time (P5) has a negligible impact on the target output and 

could potentially be excluded in future model iterations to reduce dimensionality and 

computational complexity. Overall, the strong agreement between the Gradient Boosting 

and Random Forest results provides confidence in identifying Autoclave Time (P3) and 

Moving/Fixed Side Cooling Time (P4) as the core determinants of process warpage. 

 

(a) 
 

(b) 

 

(c) 

 

(d) 

Figure 14. Feature importance analysis for warpage prediction using (a) Extra Trees Regressor; (b) 

Decision Tree Regressor; (c) Gradient Boosting Regressor; (d) Random Forest Regressor. 

4.3. Model Robustness Assessment 

To evaluate the robustness of the models and address potential concerns regarding 

model instability due to the relatively small sample size (n = 81), a Repeated 5-Fold Cross-

Validation strategy (with 10 repeats) was applied. This approach evaluates each model 

across 50 distinct training and testing iterations. The performance metrics and their corre-

sponding standard deviations for the top-performing models are presented in Table 5. (for 

Cycle Time) and Table 6 (for Warpage). The consistently low standard deviations across 

key metrics confirm that the predictive performance of the selected models is stable and 

reliable, rather than the result of a specific random data split. 

Table 5. RepeatedKFold for cycle time. 

Model MAE MSE RMSE R2 RMSLE MAPE 

GradientBoosting 0.7860 ± 0.5088 2.3626 ± 3.0922 1.4877 ± 0.9084 0.9671 ± 0.0331 0.0081 ± 0.0050 0.0042 ± 0.0028 

ExtraTrees 1.0894 ± 0.5488 5.2288 ± 4.1171 2.1982 ± 1.0540 0.9306 ± 0.0435 0.0119 ± 0.0058 0.0059 ± 0.0030 

Bayesian Ridge 1.6972 ± 0.5704 6.9593 ± 4.2899 2.5415 ± 0.8735 0.9238 ± 0.0628 0.0140 ± 0.0048 0.0092 ± 0.0031 

Ridge  1.6500 ± 0.7613 7.0005 ± 7.3705 2.5457 ± 1.4042 0.9226 ± 0.1002 0.0141 ± 0.0076 0.0090 ± 0.0042 
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Table 6. RepeatedKFold for warpage. 

Model MAE MSE RMSE R2 RMSLE MAPE 

ExtraTrees 0.0995 ± 0.0456 0.0251 ± 0.0291 0.1426 ± 0.0679 0.9874 ± 0.0106 0.0101 ± 0.0051 0.0074 ± 0.0037 

DecisionTree 0.1081 ± 0.0452 0.0276 ± 0.0271 0.1551 ± 0.0713 0.9843 ± 0.0121 0.0113 ± 0.0048 0.0082 ± 0.0034 

GradientBoosting 0.1182 ± 0.0469 0.0294 ± 0.0303 0.1611 ± 0.0728 0.9807 ± 0.0146 0.0113 ± 0.0052 0.0087 ± 0.0037 

Random Forest 0.1439 ± 0.0358 0.0409 ± 0.0218 0.1927 ± 0.0426 0.9796 ± 0.0192 0.0139 ± 0.0031 0.0109 ± 0.0029 

In addition to variability arising from data partitioning, the stability of the AutoML-

based model selection process itself was further investigated. For this purpose, the entire 

AutoML pipeline was re-executed using 10 different randomly generated seed values 

(1091, 688, 1225, 1282, 414, 609, 1038, 905, 994, 744). This procedure introduces controlled 

stochastic variation in model initialization and data splitting, enabling the assessment of 

run-to-run consistency. The aggregated performance metrics obtained from these re-

peated AutoML runs are reported in Table 7 (for cycle time) and Table 8 (for warpage). 

The relatively low variation observed across these runs indicates that the AutoML frame-

work consistently identifies high-performing models and produces stable predictive out-

comes, thereby confirming the robustness of the automated model selection process. 

Figure 15 illustrates that the performance advantage of the proposed approach is pri-

marily driven by model class. Linear models (Linear Regression, Ridge, Lasso) consist-

ently underperform relative to tree-based ensembles. For cycle time, Gradient Boosting 

substantially outperforms Linear Regression, corresponding to an ≈42% reduction in 

RMSE. This gap is even more pronounced for warpage, where linear models yield nega-

tive R2 values, indicating an inability to capture the underlying process behaviour. Given 

the inherently nonlinear and interaction-driven nature of the EPP molding process, en-

semble methods (Gradient Boosting, Extra Trees) more effectively model these depend-

encies without explicit feature engineering. Consequently, the advantage of the AutoML 

framework stems not only from model selection but also from identifying model classes 

aligned with the process physics. 

 

Figure 15. Comparative performance of classical linear models versus proposed ensemble-based 

models. 
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Table 7. Performance stability of selected models under repeated AutoML runs (Cycle Time). 

Model MAE MSE RMSE R2 RMSLE MAPE 

GradientBoosting 0.9396 ± 0.2114 4.0640 ± 1.9455 1.6978 ± 0.3552 0.9590 ± 0.0183 0.0092 ± 0.0018 0.0051 ± 0.0011 

ExtraTrees 0.9475 ± 0.2504 4.7249 ± 1.4873 1.8622 ± 0.4405 0.9526 ± 0.0146 0.0102 ± 0.0025 0.0052 ± 0.0014 

Bayesian Ridge 2.0698 ± 0.2151 9.1087 ± 1.4862 2.9196 ± 0.2406 0.9111 ± 0.0194 0.0160 ± 0.0013 0.0113 ± 0.0012 

Ridge 2.0654 ± 0.2205 9.3143 ± 1.6315 2.9459 ± 0.2585 0.9090 ± 0.0207 0.0162 ± 0.0014 0.0112 ± 0.0012 

Table 8. Performance stability of selected models under repeated AutoML runs (Warpage). 

Model MAE MSE RMSE R2 RMSLE MAPE 

ExtraTrees 0.1116 ± 0.0228 0.0577 ± 0.0805 0.1701 ± 0.0595 0.9743 ± 0.0248 0.0122 ± 0.0044 0.0084 ± 0.0017 

DecisionTree 0.1218 ± 0.0157 0.0701 ± 0.1112 0.1881 ± 0.0571 0.9699 ± 0.0287 0.0133 ± 0.0044 0.0090 ± 0.0011 

GradientBoosting 0.1230 ± 0.0213 0.0654 ± 0.0985 0.1856 ± 0.0654 0.9735 ± 0.0327 0.0132 ± 0.0048 0.0091 ± 0.0014 

Random Forest 0.1651 ± 0.0242 0.0950 ± 0.0925 0.2408 ± 0.0620 0.9571 ± 0.0325 0.0169 ± 0.0048 0.0122 ± 0.0020 

4.4. Surrogate Model-Based Process Optimization 

To bridge the gap between predictive modelling and industrial process optimization, 

the finalized surrogate models were employed to explore the global design space of the 

process. For this purpose, a Monte Carlo-based search was conducted by generating 1000 

synthetic experimental trials within the operational boundaries of the five input parame-

ters (P1–P5). Each generated parameter combination was evaluated using the trained sur-

rogate models, and the corresponding cycle time and warpage values were predicted. 

Since both cycle time and warpage are desired to be minimized, the non-dominated solu-

tions were identified to construct the Pareto front. As shown in Figure 16, the Monte Carlo 

trials provide a global representation of the feasible prediction space, while the Pareto 

front indicates the trade-off boundary between productivity and part quality. In the fig-

ure, the red star markers represent the selected operating conditions, and the green circles 

highlight the strictly Pareto-optimal (non-dominated) solutions (settings #1 and #3) that 

lie directly on the Pareto front. Although setting #2 is among the top three recommended 

configurations based on the combined normalized objective score, it is technically domi-

nated by setting #1 and therefore does not lie on the Pareto front (hence, it is not enclosed 

in a green circle). To obtain a practical ranked recommendation for industrial use, the pre-

dicted cycle time and warpage values were first normalized using min–max normaliza-

tion and then combined into a single equal-weight objective score. The objective score was 

calculated by assigning equal importance to cycle efficiency and dimensional quality. 

Lower objective scores therefore indicate more favourable operating conditions. Based on 

this criterion, the top three process parameter combinations were selected from the com-

plete Monte Carlo search space and are presented in Table 9. To further assess the practical 

validity of the optimization results, the top three recommended parameter configurations 

were tested on the injection molding machine. The experimentally obtained cycle time 

and warpage values showed good agreement with the model predictions, supporting the 

applicability of the proposed surrogate modelling framework under real process condi-

tions. These findings indicate that the AutoML-based surrogate modelling approach can 

be used not only for predictive purposes, but also for process window identification. By 

narrowing the feasible design space to a limited number of promising operating condi-

tions, the proposed framework provides actionable process intelligence and helps opera-

tors balance cycle time reduction with warpage minimization while reducing the need for 

extensive additional experimental trials. 
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Table 9. Top 3 optimal parameter combinations. 

Rank P1 P2 P3 P4 P5 
Pred. 

Cycle Time 

Exp. Cycle 

Time 

Pred. 

Warpage 

Exp. 

Warpage 

Obj. 

Score 

1 5.303 5.251 10.939 67.594 33.181 167.671 167.9 10.972 10.81 0.019 

2 5.021 6.618 10.852 66.474 31.506 169.441 165.6 11.678 11.05 0.118 

3 4.371 5.692 10.859 65.259 31.423 166.051 170.3 12.062 12.08 0.121 

 

Figure 16. Monte Carlo-Based design space exploration and Pareto Front. 

4.5. Extended Benchmarking with Advanced Regression Models 

To provide a comprehensive assessment of the predictive framework, the model se-

lection process was extended by incorporating a broader range of regression models. For 

Cycle Time prediction, the benchmark pool included Gradient Boosting, Extra Trees, 

Bayesian Ridge, and Ridge Regression, while for Warpage prediction, Extra Trees, Deci-

sion Tree, Gradient Boosting, and Random Forest served as the primary candidates. These 

models were compared against MLP-based neural networks and Gaussian Process Re-

gression (GPR) variants (RBF, Matérn 3/2, Matérn 5/2, Rational Quadratic, and Composite 

kernels). All models were evaluated using a repeated 5-fold cross-validation strategy with 

10 repeats. For Cycle Time prediction, the GPR-Rational Quadratic model achieved an 

average RMSE of 0.4196 ± 0.6423, MAE of 0.2372 ± 0.3042, and R2 of 0.9946 ± 0.0182. The 

Gradient Boosting model, representing the tree-based benchmark, recorded an RMSE of 

0.8139. For Warpage prediction, the Extra Trees model recorded an average RMSE of 

0.1022 ± 0.0333, MAE of 0.0813 ± 0.0229, and R2 of 0.9947 ± 0.0044. The most accurate GPR 

variant, GPR-Matérn 3/2, achieved an RMSE of 0.1058 for the same target variable. These 

results indicate that GPR variants achieve lower prediction errors for temporal process 

metrics such as Cycle Time, while tree-based ensemble methods yield higher accuracy for 

dimensional stability modelling. The inclusion of deep learning architectures and diverse 

GPR kernels establishes a comprehensive algorithmic benchmark, clarifying the predic-

tive performance of different model families for quality-related outcomes in expanded 

polypropylene (EPP) injection molding. 
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4.6. Discussion 

The experimental database used in this study was generated using a Taguchi design 

of experiments, which provides a structured and efficient exploration of the process pa-

rameter space. The main motivation for employing AutoML on this dataset is not merely 

to achieve high predictive accuracy, but also to reduce the need for repeated, time-con-

suming, and costly physical trials. By enabling reliable surrogate models, the proposed 

framework supports virtual experimentation, preliminary screening of process condi-

tions, and simulation-based identification of process windows before actual production 

trials. This approach contributes to shorter development cycles, lower experimental costs, 

and indirectly to reduced material and energy waste. 

In addition to predictive modelling, the finalized surrogate models were further used 

for multi-objective process optimization through Monte Carlo-based design space explo-

ration. Since both cycle time and warpage are desired to be minimized, non-dominated 

solutions were identified and represented by the Pareto front. The selected parameter 

combinations provide practical operating conditions that balance productivity and di-

mensional quality. Therefore, the proposed framework should not be considered only as 

a predictive modelling tool, but also as a decision-support approach for process parameter 

optimization in EPP foam injection molding. 

Although the present optimization analysis focuses specifically on cycle time and 

warpage, broader objectives such as energy consumption, scrap rate, defect rate, and 

closed-loop process stability were not directly measured in this study. These aspects re-

main important extensions for future research, particularly through the integration of 

online sensor data, real-time production monitoring, and adaptive model updating. 

Tree-based ensemble methods have demonstrated a statistically significant ad-

vantage over classical linear models in predicting complex nonlinear outputs, such as cy-

cle time and warpage, in manufacturing processes. For instance, ensemble models like 

Random Forest and Gradient Boosting Trees have shown substantial improvements in 

performance metrics when applied to chemical mechanical polishing using a stacking ap-

proach, outperforming single regression models [59]. Likewise, in estimating Overall 

Equipment Effectiveness (OEE) in an automotive cable production line, Random Forest 

outperformed both conventional and optimized Support Vector Machine models in terms 

of accuracy and robustness, contributing to enhanced production efficiency [60]. The ef-

fectiveness of these methods stems from their capacity to model multidimensional inter-

actions through flexible tree structures and to reduce prediction variance through ensem-

ble averaging [61,62]. In this regard, tree-based ensemble models offer notable advantages 

over linear models in terms of generalization performance and estimation stability, par-

ticularly under production conditions characterized by multivariate, noisy, and skewed 

data. 

The predictive performance of the proposed AutoML framework (R2 values of 0.967 

and 0.987 for cycle time and warpage, respectively) is highly consistent with the founda-

tional results reported in [17]. In that study, a manually optimized Artificial Neural Net-

work (ANN) achieved peak accuracies of 0.998 and 0.997 on the same dataset. While the 

specialized ANN in [17] demonstrates the dataset’s maximum mathematical precision po-

tential, it inherently functions as a “black box.” This study offers critical methodological 

advancement by shifting from purely predictive deep learning to an automated, interpret-

able machine learning approach. The AutoML framework ensures near-optimal predic-

tive power while maintaining absolute model transparency through Feature Importance 

analysis, a crucial requirement for manufacturing engineering. Furthermore, through rig-

orous overfitting evaluations (i.e., repeated 5-fold cross-validation), we confirmed that the 

selected models remain structurally robust and capable of true generalization. Conse-

quently, our findings validate that the high accuracy levels established in the literature 
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can be successfully replicated, objectively verified, and physically explained through au-

tomated frameworks, bridging the gap between theoretical mathematical performance 

and practical, interpretable industrial applications. 

5. Conclusions 

This study proposes an AutoML-based approach to develop and evaluate data-

driven predictive models for the foam injection molding process of EPP, a material widely 

used in the automotive and packaging industries due to its lightweight structure, impact 

resistance, and energy absorption capacity. By integrating advanced AutoML techniques 

with experimental data collected under controlled conditions, this study aimed to over-

come the limitations of manual and trial-and-error modelling practices and to support 

accurate prediction of key quality and performance indicators. 

The results indicate that tree-based ensemble models, particularly the Gradient 

Boosting Regressor, significantly outperform classical regression models in predicting 

complex output parameters such as cycle time and warpage. These models effectively 

captured nonlinear relationships within the process, achieving high coefficients of deter-

mination (R2 ≥ 0.96 for cycle time and R2 ≥ 0.98 for warpage) and low error rates. Addi-

tionally, their short task times make them suitable for offline or near-real-time decision-

support applications, rather than direct closed-loop control. 

By automating model selection, hyperparameter tuning, and performance evalua-

tion, the study facilitated a reliable and reproducible comparison of 18 machine learning 

algorithms. The use of the PyCaret library not only streamlined these processes but also 

enabled a systematic and objective evaluation of alternative models, allowing users with 

limited programming experience to implement high-performance predictive models effi-

ciently. 

The feature-importance analysis demonstrated that the predictive models captured 

the underlying physical mechanisms of the EPP molding process, rather than merely iden-

tifying statistical correlations. The findings established a clear physical division among 

the process parameters. Steaming parameters (P1, P2, and P3) govern thermal energy 

transfer and bead fusion, thereby directly dictating structural consolidation and cycle 

time. Conversely, cooling and stabilization parameters (P4 and P5) were found to domi-

nate dimensional stability. Because EPP foam has low thermal conductivity, insufficient 

cooling, and premature demolding trap internal residual stresses. The models correctly 

identified that these trapped stresses and the resulting differential shrinkage are the pri-

mary physical drivers of part warpage. 

The computational overhead of the proposed framework is assessed by clearly sepa-

rating the development and deployment stages. The AutoML search is performed as a 

one-time, offline procedure to determine the most suitable model architecture, and there-

fore, it does not introduce any additional burden on the production environment. Once 

the model is finalized, only the inference phase is executed during operation. In the con-

text of the molding process examined in this study, where the average cycle time is ap-

proximately 187.8 s, the inference latency of the selected model, on the order of millisec-

onds, is effectively negligible. This enables timely parameter adjustments within the prac-

tical constraints of the process, without introducing any latency-related limitations. Con-

sequently, the proposed framework is suitable for offline and near-real-time industrial 

decision-support applications, including potential deployment in edge computing envi-

ronments. 

One limitation of this study is that the industrial mold used for the experiments was 

not equipped with internal temperature sensors, which prevented the dynamic tracking 

of mold and coolant temperatures during the process. Therefore, although the proposed 

models successfully captured the relationships between the selected process parameters 
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and the output responses, future studies may benefit from integrating additional sensor-

based thermal data to improve the physical resolution and adaptability of the modelling 

framework. 

Beyond prediction, this study also demonstrated the practical use of the finalized 

surrogate models for process window identification through Monte Carlo-based design 

space exploration and Pareto-front analysis. The selected operating conditions showed 

that the proposed framework can support industrial decision-making by balancing cycle 

time reduction and warpage minimization. Future research should therefore focus on ex-

tending this framework with online production monitoring, real-time data acquisition, 

sensor-integrated model updating, and validation across different product geometries, 

material densities, and mold configurations. 

In conclusion, the integration of AutoML frameworks into EPP foam injection mold-

ing provides notable advantages in prediction accuracy, model development efficiency, 

and process decision support. The results indicate that AutoML-based surrogate model-

ling can serve not only as a predictive tool but also as a practical basis for identifying 

favorable operating windows in industrial foam molding applications. 
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