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This article explores the application of Generative Adversarial Networks 

(GANs) for creating synthetic data representing mechanical properties of 3D printed 

specimens. With the exponential growth of additive manufacturing in industrial 

production, understanding and optimizing process parameters that influence 

mechanical properties has become crucial. However, obtaining sufficient 

experimental data through physical testing is costly and time-consuming. This 

research demonstrates how conditional GANs can effectively generate synthetic data 

that maintains the statistical properties and relationships found in real experimental 

data. By expanding limited datasets, this approach enables better prediction models 

while reducing the need for extensive laboratory testing.  

Keywords: Generative Adversarial Networks, synthetic data generation, additive 

manufacturing, mechanical properties, 3D printing, conditional GAN 

1. Introduction 

Additive Manufacturing (AM), commonly known as 3D printing, has 

experienced exponential growth in recent years across industrial production, 

educational applications, and hobby use. This technology offers the flexibility to 

produce parts and prototypes at reduced costs compared to traditional subtractive 

manufacturing methods. From aerospace and automotive components to 
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architectural designs [1] and complex medical models [2], 3D printing has 

transformed innovation and production processes. 

The major advantages of this technology are substantial. Additive 

manufacturing enables the creation of complex geometric shapes that would be 

difficult or impossible to achieve through traditional methods. It significantly 

reduces product development time while offering the possibility of customizing 

each product without substantial additional costs [3]. Furthermore, it minimizes 

material waste since material is only added where necessary, in contrast to 

subtractive methods that remove material from a larger block. 

Despite these advantages, a significant challenge remains in predicting and 

ensuring the mechanical properties of printed parts. Numerous factors influence 

these properties: material type, print settings (temperature, speed, infill density, 

path geometry), and post-processing conditions [4,5]. For polymeric materials, the 

internal structure and infill density significantly impact the elastic modulus, tensile 

strength, and yield strength. Industry standards require testing on standard 

specimens following ASTM or ISO guidelines [6]. However, obtaining sufficient 

experimental data to build robust prediction models is expensive and time-

consuming. Each combination of material, printing parameters, and testing 

conditions requires producing multiple samples and conducting mechanical tests. 

1.1. The Problem of Limited Experimental Data  

In mechanical engineering and additive manufacturing, obtaining large 

volumes of experimental data presents significant challenges. Researchers face high 

costs associated with direct material expenses, equipment usage, and specialized 

personnel. The time-intensive nature of manufacturing specimens and conducting 

tests further compounds these difficulties. Moreover, inherent variations in 

manufacturing and testing processes necessitate multiple specimens to achieve 

statistically relevant results, adding another layer of complexity to data collection 

efforts. From a machine learning perspective, this limitation can be addressed 

through synthetic data generation techniques. A fundamental principle is that 

prediction model performance increases with more training data. Although 

obtaining large real datasets in engineering fields is often difficult due to laboratory 

procedure complexity and high equipment costs, synthetic data generation 

techniques can supplement the real sample. 

1.2. Generative Adversarial Networks as a Solution 

Generative Adversarial Networks (GANs) represent an innovative approach 

to synthetic data generation. By training two neural networks simultaneously – a 

Generator and a Discriminator – new data is created that closely resembles real data. 

The Generator learns to produce "fake" but realistic samples, while the 

Discriminator attempts to distinguish between real and fake data. The competition 

between these networks leads to continuous improvement in the quality of 
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generated data. Compared to classical data augmentation methods, GANs excel at 

capturing complex relationships between variables. For 3D printed parts, this means 

the generated data respects both physical constraints and parameter correlations. 

While physical tests remain necessary, synthetic data can reduce the number of 

experiments, help explore more parameter combinations and improve prediction 

models. 

2. Related Work 

Building upon the motivation for synthetic data described in section 1.1, 

researchers have developed increasingly sophisticated methods to address data 

limitations in engineering fields. Early approaches focused primarily on statistical 

methods such as bootstrapping, perturbation techniques, and simplified 

mathematical models to expand limited datasets. As computational capabilities 

advanced, physics-based simulation methods gained prominence, allowing 

researchers to model complex engineering phenomena based on first principles and 

generate synthetic data that complied with known physical laws. 

The most recent paradigm shift has been toward machine learning-based 

generative models. Lin et al. highlighted the value of synthetic data generation for 

"sharing networked time series data" while addressing privacy considerations and 

practical constraints in data collection [7]. This transition marks an important 

evolution from rule-based generation to data-driven approaches that can capture 

complex, non-linear relationships in engineering data without requiring explicit 

formulation of all physical constraints. 

2.1. GANs in Materials Science and Manufacturing 

Since their introduction, GANs have been applied to numerous engineering 

domains beyond the general synthetic data generation approach described in section 

1.2. In materials science, GANs have demonstrated success in microstructure 

modeling. Iyer et al. explored conditional GANs for capturing complex, multiphase 

microstructure images with applications to materials design [8]. Extending this 

concept to three dimensions, Hsu et al. implemented a GAN framework to learn 

and generate 3D microstructures of solid oxide fuel cell electrodes that were 

visually, statistically, and topologically realistic [9]. 

For manufacturing process-property relationships, which are central to our 

research, several notable applications have emerged. Xie et al. developed a 

"mechanistic data-driven framework integrating wavelet transforms and 

convolutional neural networks to predict location-dependent mechanical properties 

over fabricated parts based on process-induced temperature sequences" in metal 

additive manufacturing [10]. Their approach demonstrated how advanced machine 

learning techniques could create predictive models from sparse experimental data 
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but focused primarily on metals rather than polymers and on prediction rather than 

synthetic data generation. 

2.2. Specialized GAN Architectures for Structured Data 

While standard GAN architecture works well for unstructured data like 

images, engineering applications often involve structured data with specific formats. 

For tabular data containing both categorical and continuous variables—like our 

dataset with categorical printing parameters and continuous mechanical 

properties—Xu et al. introduced CTGAN (Conditional Tabular GAN) [11]. Their 

architecture addresses the unique challenges of mixed-type data through mode-

specific normalization for continuous features and conditional generation based on 

discrete variables. 

For the time series data, which captures process dynamics in manufacturing, 

specialized GAN variants have been developed. TimeGAN by Yoon et al. [12] 

combines unsupervised adversarial training with supervised learning to better 

capture temporal dynamics. Zhang et al. [13] demonstrated another approach for 

time series synthesis in smart grid applications, using a modified GAN architecture 

to generate realistic load profiles while preserving temporal correlations. These 

specialized architectures demonstrate the versatility of the GAN framework and its 

adaptability to various data structures relevant to engineering applications. 

2.3. Validation Approaches for Synthetic Engineering Data 

A critical aspect of synthetic data generation – particularly for engineering 

applications where data will inform real-world designs – is rigorous validation. 

Beyond the statistical comparisons that will be presented in our results section, the 

literature describes several complementary approaches. Statistical validation 

methods typically compare distributions using metrics such as Kolmogorov-

Smirnov tests, Jensen-Shannon divergence, and quantile-quantile plots to verify 

that synthetic data maintains the distributional characteristics of the original dataset. 

Functional validation approaches go beyond statistical similarity to evaluate 

how synthetic data performs in downstream applications. This includes comparing 

the predictive accuracy of models trained on synthetic versus real data or assessing 

how design decisions made using synthetic data would compare to those made with 

real data. These validation approaches are essential for building confidence in 

synthetic data, especially in engineering contexts where physical safety and 

performance are at stake. 

2.4. Research Gap and Contribution 

Recent advancements have also explored the application of GANs for 

computationally efficient design in additive manufacturing. Hertlein et al. (2021) 

developed a conditional GAN framework that addresses the computational burden 

of repeated topology optimization during early-stage design for AM. Their 

approach learns latent similarities across different parameter combinations, 
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including build orientations and loading conditions, enabling rapid generation of 

near-optimal designs that respect manufacturing constraints like overhangs. Their 

research demonstrated that the cGAN could not only predict viable designs 

efficiently but, interestingly, in approximately 9% of test cases, even generated 

structures with better compliance than traditional topology optimizations, 

sometimes improving performance by as much as 50%. This demonstrates that 

GANs not only serve as tools for synthetic data generation but can actively 

contribute to design innovation through their ability to explore the parameter space 

in ways that traditional methods might overlook [14]. The potential of such 

approaches for exploring design alternatives further underscores the importance of 

our research into synthetic data generation for improving mechanical property 

prediction in AM applications.  

Despite the advances in GAN-based synthetic data generation, significant 

gaps remain in their application to additive manufacturing of polymers. Most 

existing research has focused on metal-based processes, with their distinct material 

behaviors and process-property relationships. The few studies addressing polymers 

have typically focused on single properties rather than capturing multiple 

mechanical responses simultaneously. 

Additionally, while conditional GANs have shown promise for tabular data 

in general, their application to 3D printing parameter-property relationships has 

been limited. The specific challenge of generating synthetic mechanical property 

data that respects both the statistical distributions of individual properties and the 

complex relationships between printing parameters and multiple mechanical 

outcomes remain underexplored. 

Our research addresses these gaps by implementing a conditional GAN 

specifically designed for polymer-based 3D printed components, capturing the 

complex relationships between printing parameters (infill pattern, density, and 

speed) and multiple mechanical properties (elastic modulus, tensile strength, and 

yield strength) simultaneously. By generating high-quality synthetic data that 

maintains both statistical and physical validity, this work provides a valuable 

methodology for expanding limited experimental datasets in additive 

manufacturing while preserving the essential characteristics needed for reliable 

prediction models. 

3. Overview of Generative Adversarial Networks 

Generative Adversarial Networks (GANs) represent one of the most 

significant innovations in artificial intelligence and machine learning in recent years. 

Introduced by Ian Goodfellow and collaborators in 2014 and described as a 

minimax two-player game [15], GANs revolutionized the generation of synthetic 

samples that mimic real data distributions.  
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3.1. Basic Principles: Generator vs. Discriminator 

GANs consist of two competing neural networks: a Generator (G) that 

creates synthetic samples from random noise vectors, and a Discriminator (D) that 

classifies samples as real or synthetic. In conditional GANs, the Generator also 

incorporates categorical variables (e.g., infill density, printing speed) to produce 

targeted outputs like mechanical properties. The Discriminator evaluates both 

continuous and categorical inputs, outputting a probability indicating authenticity. 

During training, these networks engage in adversarial optimization - the Generator 

improves its synthetic samples based on the Discriminator's feedback, while the 

Discriminator continuously refines its classification criteria. This iterative process 

converges when the Generator produces high-fidelity samples indistinguishable 

from real data, effectively modeling the underlying data distribution. 

3.2. Types of GANs Relevant to Engineering Applications 

Several GAN variants have been developed since Goodfellow's original 

architecture, each offering specific advantages for different applications and data 

types. Below are presented some of the most relevant variants for engineering 

applications: 

1) Conditional GAN (cGAN): incorporates conditional variables into both 

Generator and Discriminator inputs, enabling controlled generation of specific 

sample types. This approach excels with mixed tabular data and has been used to 

augment fatigue testing data for ferrous materials, improving ML model prediction 

accuracy (R²) by 0.3-0.6 [16]. 

2) Wasserstein GAN (WGAN): employs Wasserstein distance to enhance 

training stability and prevent mode collapse. It has been successfully applied to 

model manufacturing form defects in cylindrical surfaces during turning processes 

[17]. 

3) Deep Convolutional GAN (DCGAN): leverages convolutional layers 

primarily for visual data generation and has achieved 98.43% accuracy in detecting 

water wall defects in thermal power plants using seam carving algorithms [18]. 

For our research, we selected a conditional GAN approach given the mixed 

nature of our data (categorical printing parameters and continuous mechanical 

properties) and the need to maintain relationships between these variables. 
 

3.3. Advantages and Limitations in Engineering Applications 

GANs offer key advantages in engineering applications such as 

supplementing limited experimental datasets [19,20], exploring untested parameter 

combinations, and reducing expensive physical testing costs. However, significant 

limitations exist. Training stability remains challenging, requiring careful 

hyperparameter tuning. We tested latent vector sizes (50-200), learning rates (10⁻⁴-

10⁻³), Adam betas, and hidden layer configurations before achieving stable 

convergence with three hidden layers, batch normalization, dropout, gradient 
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clipping, and learning rate schedulers. Generated data quality depends entirely on 

the real dataset's representativeness, propagating any existing flaws or biases. 

Moreover, synthetic data cannot replace experimental validation in safety-critical 

applications where physical testing remains essential. 

4. Experimental Data and Methodology 

4.1. Description of the Initial Dataset 

The initial dataset consisted of 45 3D printed specimens using FDM 

technology with PLA material. The specimens were systematically designed to 

investigate the influence of process parameters on mechanical properties. Three 

main factors were varied: infill density (100%, 80%, and 60%), infill pattern 

(diagonal or hexagonal), and printing speed (40, 60, 80, and 100 mm/s). For each 

parameter combination, two specimens were printed according to a full factorial 

experimental plan. The resulting samples were tested under standard tensile loading 

using a universal testing machine (Instron 8872), in order to determine the elastic 

modulus, yield strength, and ultimate tensile strength. 

Our base dataset (Table 1) contained several continuous properties that 

characterized the mechanical performance of each specimen. The longitudinal 

elastic modulus (measured in MPa) indicated material stiffness and resistance to 

deformation. Yield strength (MPa) represented the stress at which plastic 

deformation begins, while tensile strength (MPa) measured the maximum stress the 

material could withstand before failure.  

Accompanying these mechanical properties, we took into consideration 

printing parameters that defined how each specimen was manufactured (infill 

density, infill pattern and printing speed). 
 

Table 1 

Sample of the initial dataset (5 specimens from the CSV file) 

Code Infill  

Density  

(%) 

Infill  

Pattern 

Printing  

Speed  

(mm/s) 

Elastic  

Modulus  

(MPa) 

Yield  

Strength  

(MPa) 

Tensile  

Strength  

(MPa) 

100G40_1 100 diagonal 40 2031.37 25.47 27.11 

100G60_1 100 diagonal 60 2123.45 27.28 28.71 

100G80_1 100 diagonal 80 2094.00 27.06 28.60 

80G40_1 80 diagonal 40 1987.95 23.84 25.32 

80G60_1 80 diagonal 60 2054.67 24.83 26.12 

 

The dataset contained 45 specimens, each representing a unique 

combination of these parameters. This limited sample size presented challenges for 

developing robust prediction models, which typically require hundreds of examples 

for effective training. 
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 4.2. Exploratory Data Analysis 

 Before implementing the GAN, we conducted comprehensive exploratory 

data analysis to understand the characteristics of our dataset. Our statistical analysis 

revealed several important characteristics of the dataset. Descriptive statistics 

indicated that the elastic modulus averaged approximately 1661.67 MPa with a 

standard deviation of 534.84 MPa, while yield strength averaged 20.33 MPa (SD = 

6.02) and tensile strength averaged 21.69 MPa (SD = 6.12). Distribution analysis 

through histograms showed slightly right-skewed distributions for the elastic 

modulus, and boxplots confirmed there were no significant outliers in the 

mechanical properties. 

The correlation analysis exposed interesting relationships between 

mechanical properties. We observed strong positive correlations between yield 

strength and tensile strength (r > 0.9), suggesting that these properties increase 

proportionally. Moderate correlations also existed between elastic modulus and 

both strength measures, indicating partial interdependence between stiffness and 

strength characteristics. 

When examining relationships with categorical variables, we found that 

higher infill densities consistently corresponded with increased mechanical 

properties across all measures. The influence of infill pattern varies depending on 

infill percentage, with more pronounced effects at lower densities. Printing speed 

demonstrated complex relationships with mechanical properties, sometimes 

showing inverse relationships at certain infill densities while having minimal 

impact on others. This analysis provided critical insights for GAN configuration 

and later helped validate the quality of synthetic data by ensuring these relationships 

were preserved. 

4.3. GAN Architecture and Implementation 

Our research employed conditional GAN architecture (Fig. 1) implemented 

in PyTorch, comprising several specialized components designed to handle both 

categorical and continuous variables in the context of additive manufacturing. 

The implementation began with several preprocessing steps to prepare the 

data for the GAN. We applied one-hot encoding to transform categorical variables 

(infill pattern, density, and printing speed) into numerical format suitable for neural 

network processing. Continuous variables were normalized to mean 0 and standard 

deviation 1 to facilitate training convergence. These processed features were then 

combined into a single tensor dataset with appropriate batch sizing for efficient 

training.  

For the Generator architecture, we designed a network that accepts a 

concatenated input of a random noise vector (dimension 10) and the one-hot 

encoded categorical variables. This combined input passes through three fully 

connected hidden layers with ReLU activations, with dimensions strategically 

decreasing through the network. The output layer produces three continuous 
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variables corresponding to the normalized mechanical properties we aim to 

generate. The Discriminator architecture mirrors this approach but with different 

inputs. It accepts the concatenated continuous variables and one-hot encoded 

categorical variables, processing them through three fully connected hidden layers 

with ReLU activations. The final output is a single sigmoid-activated value 

representing the probability that the input data is real rather than generated. 
 

 

Fig. 1. Visualizing the GAN architecture for generating synthetic data for mechanical properties 
 

Our training configuration was carefully designed to address the challenges 

of a small dataset. We selected Binary Cross Entropy (BCELoss) as the loss 

function due to its effectiveness for binary classification problems. We employed 

Adam optimizers with a learning rate of 0.001 for both networks. The batch size 

was set to 5, constrained by our limited dataset size, and we ran the training for 

6000 epochs to ensure proper convergence despite the small amount of training data. 

The training process followed the standard adversarial approach with 

alternating updates to each network. In each iteration, we first trained the 

Discriminator on a batch of real data with the target of labeling these samples as 

real. We then generated fake data using the current state of the Generator and 

trained the Discriminator to label these samples as fake. Following this, we trained 
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the Generator with the objective of producing data that the Discriminator would 

label as real. This adversarial process continued for the full 6000 epoch, with the 

two networks essentially competing against each other and improving throughout 

the training period. 

After completing the training process, we proceeded to generate 400 

synthetic specimens using our trained model. This generation phase involved 

randomly selecting categorical parameter combinations that represented various 

printing configurations, then generating appropriate noise vectors which were 

passed through the trained Generator network. The continuous output produced by 

the Generator was subsequently denormalized to restore them to their original scale 

and meaningful physical units. Finally, we assembled complete synthetic specimens 

by combining these denormalized mechanical properties with their corresponding 

categorical parameters, ensuring the resulting dataset matched the format and 

structure of the original experimental data for seamless integration and analysis. 

5. Results and Evaluation 

We conducted a thorough statistical evaluation (Table 2) comparing the real 

dataset (45 specimens) with the synthetic dataset (400 specimens): 
 

Table 2 

Descriptive statistics comparison 

Property Real Mean Synthetic Mean Real SD Synthetic SD 

Elastic Modulus (MPa) 1661.67 1554.51 534.84 394.70 

Yield Strength (MPa) 20.33 19.00 6.02 5.02 

Tensile Strength (MPa) 21.69 20.49 6.12 5.14 
 

Range comparison: Elastic Modulus: Real [1166-2984 MPa], Synthetic 

[912-2911 MPa]; Yield Strength: Real [14.64-33.12 MPa], Synthetic [14.28-33.31 

MPa]; Tensile Strength: Real [15.58-34.92 MPa], Synthetic [15.45-34.91 MPa]. 

These results indicate that the synthetic data closely matched the central 

tendencies of the real data, with slightly reduced standard deviations suggesting 

more conservative variation in the generated samples. 

5.1. Distribution Analysis 

The Kolmogorov-Smirnov (KS) test, measuring maximum distance 

between empirical cumulative distribution functions, formally evaluated 

distribution similarity. Results showed Elastic Modulus (KS-statistic = 0.0986, p-

value = 0.7874), Yield Strength (KS-statistic = 0.1694, p-value = 0.1734), and 

Tensile Strength (KS-statistic = 0.1225, p-value = 0.5355). All p-values exceeded 

0.05, confirming no statistically significant differences between real and synthetic 

distributions and providing quantitative evidence of successful GAN modeling. 
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5.2. Visual Assessment 

Visual comparison through histograms and boxplots confirmed the 

statistical findings. Histogram comparisons (Fig. 2) revealed strong similarities 

between the real and synthetic distributions.  
 

 

Fig. 2. Histogram comparisons between real and synthetic data 
 

Both datasets exhibited comparable distribution shapes across all three 

mechanical properties, with the synthetic data successfully maintaining the slight 

right skew observed in the elastic modulus of the real specimens. The peak 

distributions aligned particularly well for the strength properties, demonstrating the 

GAN's ability to capture the central tendencies of the data. 

 When examining boxplot comparisons, we found that median values were 

closely aligned between real and synthetic data, indicating successful modeling of 

the central tendency. The interquartile ranges, representing the middle 50% of data, 
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showed similar spreads in both datasets, though the synthetic data exhibited slightly 

tighter distributions. An interesting observation was that the synthetic data 

contained fewer extreme values or outliers, suggesting the GAN tended toward 

more conservative estimates within the established patterns. Despite this 

conservative tendency, the whisker ranges representing non-outlier extremes 

remained comparable between the two datasets. These visual confirmations support 

the conclusion that the synthetic data preserved the essential distributional 

characteristics of the original dataset. 

5.3. Relationship Preservation 

Beyond univariate distributions, the synthetic data preserved inter-variable 

relationships. The strong correlation between yield and tensile strength (r > 0.9) and 

moderate correlations between elastic modulus and strength properties remained 

consistent across both datasets. Categorical relationships were also maintained: 

higher mechanical properties with increased infill density, differential effects of 

infill patterns across density levels, and printing speed influences were all 

accurately reproduced. 

This multi-dimensional validation is particularly important for engineering 

applications, as it ensures the synthetic data captures not just individual property 

distributions but also the complex interactions between printing parameters and 

mechanical outcomes. 

6. Discussion 

The GAN-generated synthetic data demonstrated high fidelity to the original 

experimental data across multiple evaluation metrics. The close alignment of means, 

standard deviations, and distributions indicates that the Generator successfully 

learned the underlying patterns in the real data. 

The slightly narrower distributions observed in the synthetic data (smaller 

standard deviations) suggest a conservative bias in the Generator. This is a common 

phenomenon in GANs, particularly with small training datasets, and represents a 

trade-off between generating diverse samples and maintaining physical plausibility. 

In engineering applications, this conservative tendency may be beneficial, as it 

reduces the risk of generating physically impossible or unsafe values. 

The preservation of relationships between variables is particularly 

noteworthy, as it indicates the GAN captured not just surface-level statistics but 

deeper structural patterns in the data. This is crucial for engineering applications 

where the interactions between parameters determine real-world performance. 

6.1. Practical Applications 

The validated synthetic dataset enables several practical applications in the 

field of additive manufacturing. The expansion from 45 to 400 specimens enabled 

the training and validation of predictive machine learning models. In particular, the 



Generating synthetic data for mechanical properties of 3D printed specimens using Generative… 347 

 

augmented dataset was successfully used to develop (i) a regression model for 

predicting the elastic modulus, which achieved an accuracy of ~99%, and (ii) a 

classification model for printing speed, which reached ~98% accuracy. These 

results demonstrate that the generated data can effectively support ML training and 

yield high-performing models. Nevertheless, further studies with experimental data 

are needed to confirm the robustness and generalizability of these findings. 

In terms of design space exploration, engineers can leverage synthetic data 

to investigate parameter combinations that were not tested experimentally. This 

capability allows optimization algorithms to identify promising parameter regions 

for targeted experimental validation, reducing the need for exhaustive physical 

testing. Engineers can more comprehensively assess the impact of parameter 

variations on mechanical outcomes, enabling more informed design decisions 

without the costs associated with extensive physical testing. Nevertheless, it should 

be noted that unseen parameter combinations may also lead to unforeseen 

consequences in certain domains and applications, as further discussed in the 

limitations section below. Perhaps most significantly, this approach offers 

substantial cost and time savings in the development process. By reducing the 

number of required physical tests, organizations can realize significant resource 

savings in materials, equipment time, and specialized labor. Preliminary designs 

can be rapidly evaluated using synthetic data before committing to physical 

prototyping, accelerating the iteration process. Additionally, testing resources can 

be strategically focused on validating only the most critical conditions identified 

through synthetic data analysis, optimizing the use of laboratory resources. 

6.2. Limitations and Considerations 

While the synthetic data demonstrated high quality, several limitations 

should be acknowledged. Regarding generalization boundaries, it's important to 

recognize that the synthetic data can only represent patterns present in the original 

experimental data. Extrapolation beyond the bounds of the training data should be 

approached with caution, as novel material behaviors or extreme conditions may 

not be accurately captured by the model.  

Validation requirements remain an important consideration when working 

with synthetic data. These generated datasets should not completely replace 

experimental testing, especially for safety-critical applications where physical 

performance must be rigorously verified. A validation strategy using targeted 

physical tests remains necessary to confirm that real-world performance aligns with 

predictions. Synthetic data should be viewed as a valuable supplement too, rather 

than a replacement for real-world testing. 

GAN-specific limitations also warrant consideration. Training stability 

continues to be challenging with small datasets like the one used in this study, 

requiring careful monitoring and parameter tuning. More advanced GAN 

architectures might yield further improvements in data quality and diversity, 
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suggesting potential for future refinement. Domain expertise remains essential 

throughout the process, both for properly configuring the GAN and for validating 

the physical plausibility of the results generated. This underscores that these 

methods augment rather than replace engineering judgment. 

7. Conclusions 

This research demonstrated that conditional GANs can successfully 

generate synthetic mechanical property data for 3D printed specimens that are 

statistically indistinguishable from experimental data. The comprehensive analysis 

of both real and generated datasets revealed several significant findings: 

1. The cGAN effectively integrated categorical printing parameters (infill pattern, 

layer height, print orientation) with continuous mechanical properties (elastic 

modulus, tensile strength, elongation at break), enabling controlled output 

generation based on manufacturing conditions. 

2. The synthetic dataset (400 virtual specimens) preserved the real dataset's (45 

physical specimens) statistical characteristics—means, standard deviations, 

correlations, and higher-order moments—achieving 9-fold data amplification 

without additional material consumption or testing. 

3. Complex non-linear relationships and multi-parameter interactions affecting 

mechanical performance were accurately captured, surpassing traditional 

statistical modeling capabilities. 

4. Kolmogorov-Smirnov tests confirmed no significant distributional differences 

between real and synthetic data (p > 0.05), with Q-Q plots and distribution 

overlays providing additional validation of sample fidelity. 

These results validate using GANs to augment limited experimental datasets 

in additive manufacturing and other engineering domains where data collection is 

resource-intensive, time-consuming, and materially expensive. 

The methodology demonstrated offers several practical benefits for 

researchers, engineers, and manufacturers working in additive manufacturing: 

● Resource efficiency: Reduces physical testing requirements, conserving 

materials, energy, and equipment usage which is particularly valuable for 

expensive materials or limited testing facilities. 

● Accelerated development: Enables faster design iteration through virtual 

testing, potentially reducing development cycles from months to weeks. 

● Enhanced modeling: Provides sufficient data for robust machine learning 

models that predict properties with higher accuracy and better generalization 

to novel conditions. 

● Parameter exploration: Facilitates investigation of untested or 

experimentally challenging parameter combinations, identifying optimal 

processing conditions and configurations. 
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● Uncertainty quantification: Enables comprehensive assessment of property 

variability, supporting design decisions that account for statistical variations 

rather than mean values alone. 

These benefits directly address the persistent challenges faced in additive 

manufacturing, where material and process optimization remain critical for 

expanding industrial applications and meeting stringent performance requirements 

across aerospace, automotive, medical, and consumer product sectors. 

Building on this work, several promising research directions emerge. 

Advanced GAN architectures like Wasserstein GAN with gradient penalty could 

enhance training stability with limited data sets, while variants optimized for tabular 

data or ensemble approaches might generate more diverse synthetic data. Parameter 

space expansion presents another opportunity, incorporating additional printing 

variables (nozzle temperature, layer height, extrusion width) and material 

composition factors for wider applicability. Validation methodologies need 

refinement through systematic approaches comparing synthetic data to physical 

tests and establishing optimal synthetic-to-real data ratios for industrial 

implementation. Finally, this approach could extend to multi-property optimization, 

developing Pareto frontiers to visualize trade-offs between competing mechanical 

properties and integrating with process simulation for comprehensive digital twins. 

These advancements would address broader challenges in engineering domains 

where experimental data is limited or costly. 
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