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1- Introduction

In recent years, the demand for manufacturing high-quality
components with complex geometries has increased
significantly. Conventional manufacturing methods,
including casting, forming, and subtractive processes, face
limitations in producing intricate geometries. These
methods generate substantial waste, require high energy
consumption, and are not well-suited for customized or
personalized parts. To address these issues, additive
manufacturing (AM), commonly known as three-
dimensional (3D) printing, has been developed. Among
various AM techniques, metal additive manufacturing
(MAM) has enabled the production of complex metallic
components with high density and strength while
minimizing waste. Despite its many advantages, MAM
faces commercial challenges such as ensuring quality and
process repeatability. To overcome these challenges,
accurate mathematical models of MAM processes must be
developed. However, due to rapid dynamics, multiple
physical phenomena, and parametric uncertainties, process
modeling remains a complex task, and traditional models
often fail to uncover hidden patterns within the process. To
address these issues, data-driven methods—particularly
artificial intelligence (Al) and machine learning (ML)—
have gained significant attention. ML allows nonlinear
modeling and the analysis of multidimensional, complex
data, enabling the development of accurate models from
process data without explicit programming. This approach
not only facilitates fast model development but also
provides improved prediction for unseen data, higher
accuracy through data augmentation, and lower
experimental costs and time. Therefore, ML offers a
promising tool for modeling MAM processes.
Nonetheless, limitations such as the need for large volumes
of high-quality data, model selection, parameter tuning,
computational constraints, and issues like overfitting still
cause challenges in applying ML to MAM process
modeling. To address these issues, this paper proposes a

hybrid framework combining data augmentation and
ensemble learning as an improved approach for modeling
MAM processes. The framework is implemented and
evaluated on two key processes: selective laser melting
(SLM) and laser direct metal deposition (LDMD).

2- Proposed Framework

In this study, a hybrid framework combining CTGAN-
based data augmentation and ensemble learning is
employed for modeling MAM processes. The proposed
framework consists of two main components: first, process
data is collected and pre-processed, after which data
augmentation is performed using CTGAN within the
Python environment. In the subsequent stage, the
augmented data are fed into ML models, thereby
enhancing their accuracy and predictive performance.
Compared to conventional physics-based and traditional
approaches, the proposed framework demonstrates
superior capability in modeling the nonlinear and complex
nature of AM processes, while also offering significantly
higher efficiency and speed than computationally
expensive and time-consuming methods such as the finite
element method (FEM) or computational fluid dynamics
(CFD). These advantages make the framework suitable for
industrial applications and real-time applications,
including intelligent dimensional control systems. The
overall structure of the proposed framework is illustrated
in Figure 1.
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Figure 1. The proposed framework for modeling MAM
processes integrates data augmentation and ML.

3- Problem Formulation

In this paper, various ML models were implemented and
evaluated for modeling MAM processes. The models
include Support Vector Machine (SVM), AdaBoost,
Extreme Gradient Boosting (EGB), Decision Tree (DT),
Random Forest (RF), Linear and Polynomial, LASSO, and
Ridge Regression. Additionally, CTGAN-based data
augmentation was employed to expand the dataset and
improve model accuracy. Cross-validation was applied to
assess prediction accuracy, evaluate performance, and
ensure the generalizability of the developed models.

4- Simulation Results

In this section, ML models were implemented and
evaluated on two well-known MAM processes to assess
their predictive performance for process outputs. In the
first case study, corresponding to SLM, models including
EGB, RF, RBF, Polynomial Regression, Ensemble
learning, and AdaBoost were employed to predict the
outputs of density, tensile strength, and hardness of the
fabricated parts. The simulation results indicate that
applying CTGAN-based data augmentation reduced CV-
RMSE by 58% for density, 42% for tensile strength, and
59% for hardness, demonstrating a significant
improvement in model prediction accuracy. In the second
case study, related to LDMD, models such as EGB, RF,
RBF, Polynomial Regression, Ensemble learning, and
Ridge Regression were utilized to predict the width, depth,
and height of the deposited tracks. The application of
CTGAN resulted in reductions in the mean prediction error
of 44% for width, 51% for depth, and 49% for height.
These findings confirm that the integration of ensemble
learning with data augmentation substantially enhances the
accuracy and reliability of the models, enabling fast and
precise process output predictions in industrial
environments. Compared to conventional simulation
approaches such as FEM or CFD, the proposed framework
achieves significantly higher execution speed and
responsiveness without the need for high computational
resources or extended run times. Consequently, this

approach is more suitable for real-time applications,
process control, and industrial production optimization,
while also contributing to reduced costs and experimental
time. Beyond speed, the proposed framework
demonstrates reliable performance under parametric
uncertainties and measurement noise, and it can be
integrated into real-time intelligent dimensional control
systems. Furthermore, it allows the prediction of
dimensional deviations during production and provides
automated alerts or corrective actions in the event of
defects, thereby improving process efficiency. Overall, the
combination of ensemble learning and data augmentation
enables accurate and cost-effective modeling of complex
MAM processes compared to traditional methods.

5- Conclusion

In this paper, several ML methods, including DT, EGB,
RBF, AdaBoost, ensemble learning, Polynomial
Regression, and RF, were implemented to model two
MAM processes: SLM and LDMD. Due to the limited
amount of available data, a hybrid approach combining
CTGAN-based data augmentation with ensemble learning
was adopted, and the models were evaluated using Rz and
CV-RMSE metrics. The simulation results demonstrate
that data augmentation improved the predictive
performance of the models by an average of 53% for the
SLM process and 48% for the LDMD process. The
proposed framework enables real-time prediction of
process outputs in industrial environments. Compared to
finite element simulations, the proposed method is
significantly more efficient in terms of both computation
time and resource requirements, while also serving as a
complementary tool for enhancing existing models. For
future work, potential directions include integrating the
proposed framework with neural networks, extending it to
other metallurgical outputs, developing intelligent
dimensional control systems, and applying nature-inspired
optimization algorithms such as particle swarm
optimization (PSO) to identify optimal operating
conditions and minimize energy consumption.
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Machine Learning-Based Modeling of Metal Additive Manufacturing Processes Using Data
Augmentation and Ensemble Learning

Nima Ayobi Reza Mahboobi Esfanjani Ahmad Akbari Habib Badri Ghavifekr

Abstract Although metal additive manufacturing offers many advantages, it is restricted by the repeatability and quality
assurance of the produced parts. Accurate mathematical modeling of the process is essential to tackle these limitations.
Traditional mathematical modeling approaches are inefficient in describing this complicated system. Machine learning
is a novel data-driven modeling approach to discover hidden patterns in nonlinear systems. However, applying this
scheme in the metal additive manufacturing process is challenging due to the limited data samples. This paper uses
machine learning and data augmentation to tackle the mentioned issues and model two well-known metal additive
manufacturing processes. Simulation results demonstrate the effectiveness of the proposed method in modeling the metal
additive manufacturing processes.

Keywords Metal additive manufacturing, Machine learning, Data augmentation, Ensemble learning, Modeling.
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Input: The distribution of real data
Output: £ = P;(row|D;+); The conditional generator

while 1 do
Step 1
fori =1:1: N, do
Generate mask vectors m; = [mfk)]
k=1,...|D;|
end

Step 2

Step 3

Step 4
k*picked up uniformly following PMF of Step 3

Step 5

Step 6
cond = my@® ...m;-@my,

end
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Set the k*th component of the i* mask to 1, (mg‘*) «1)

with zero elements

Choose a discrete column D; randomly from entire N, discrete columns with uniform distribution

Generate PMF across a range of values of the column picked in Step 2
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Elements Al Si Mg Fe Cu

Mn Zn Ti Ni Pb Sn

W.t% Balance 9.5 0.38 0.18 <0.01

<0.01 <0.01 <0.01 <0.01 <0.01 <0.01
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Sl Seslll s 5 93555 gla bl pslis ¥ s

No Process Parameters Measured Parameters
Lase[r\AF/’iJwer Sc[ar?] ni?se]ed Hatcriu[;i]_;,tance Overlap Rate | Density [g/cm?] Tensi[llte/I lsagr]ength H?L(:\r}(]ess

1 320 600 102.4 0.25 2.6102 455.00 119.0
2 320 600 95.5 0.3 2.6266 450.00 123.2
3 320 600 88.7 0.35 2.6270 443.33 130.8
4 320 750 931 0.25 2.6196 448.33 124.4
5 320 750 86.9 0.3 2.6094 443.33 123.2
6 320 750 80.7 0.35 2.6204 445.00 127.8
7 320 900 81.8 0.25 2.6310 443.33 127.6
8 320 900 76.3 0.3 2.6221 446.67 127.8
9 320 900 70.9 0.35 2.6298 450.00 122.6
10 360 600 111.0 0.25 2.5965 431.67 127.2
11 360 600 103.6 0.3 2.6237 436.67 135.2
12 360 600 96.2 0.35 2.6063 441.67 116.4
13 360 750 98.0 0.25 2.6083 430.00 129.8
14 360 750 914 0.3 2.6308 441.67 123.2
15 360 750 84.9 0.35 2.6087 445.00 128.8
16 360 900 88.9 0.25 2.6092 420.00 119.0
17 360 900 83.0 0.3 2.6260 431.67 127.2
18 360 900 77.1 0.35 2.6252 446.67 122
19 400 600 116.4 0.25 2.5618 420.00 118.6
20 400 600 108.6 0.3 2.6241 445.00 131.0
21 400 600 100.9 0.35 2.6296 438.33 139.2
22 400 750 104.7 0.25 2.6056 430.00 124.8
23 400 750 97.7 0.3 2.6164 431.67 127.4
24 400 750 90.7 0.35 2.5981 446.67 120.8
25 400 900 94.1 0.25 2.6250 416.67 125.4
26 400 900 87.8 0.3 2.5864 443.33 113.2
27 400 900 815 0.35 2.6152 438.33 1184
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No. Process Conditions Measured Geometrical Parameters
P(W) | v(mm/min) | m(g/min) | Width(mm) | Depth(mm) | Height(mm)
1 | 1200 400 4 3.09 0.25 0.98
2 1500 400 4 3.71 0.46 1.08
3 1500 400 6 3.61 0.37 1.46
4 1500 400 8 3.49 0.11 1.98
5 | 1500 400 10 4.3 0.21 2.14
6 | 2000 200 3 5.24 0.70 0.85
7 2000 200 10 5.28 0.74 211
8 | 2000 300 3 5.32 1.81 1.38
9 | 2000 400 8 4.07 0.59 1.75
10 | 2000 500 8 3.94 0.65 1.49
11 | 2000 500 3 4.31 1.22 111
12 | 2500 100 5 10.7 2.83 0.82
13 | 2500 150 5 85 151 1.04
14 | 2500 150 7 8.9 1.52 2.06
15 | 2500 200 5 8.05 15 1.05
16 | 2500 200 7 8.66 1.62 1.89
17 | 2500 250 5 8.32 1.69 0.78
18 | 2500 400 3 5.3 2.13 11
19 | 3000 150 5 8.6 2.42 1.16
20 | 3000 150 7 9.4 2.6 1.53
21 | 3000 200 5 8.05 2.43 0.99
22 | 3000 200 7 8.8 241 1.34
23 | 3000 200 4 8.08 2.39 0.79
24 | 3000 200 6 9.22 1.83 12
25 | 3000 200 3 7.5 2.27 0.67
26 | 3000 200 10 9.3 2.33 1.86
27 | 3000 300 3 7.04 3.23 1.07
28 | 3000 500 3 5.38 2.25 0.96
29 | 3000 600 3 4.67 0.92 0.29
30 | 3000 600 10 55 1.04 1.28
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