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| ABSTRACT 

Porosity remains one of the most persistent quality barriers in laser powder bed fusion (LPBF), especially for mechanical 

components that must satisfy fatigue, leak-tightness, and structural reliability requirements. This paper presents a machine 

learning framework for predicting LPBF porosity formation using process parameters, powder descriptors, and physically 

meaningful features such as volumetric, linear, and areal energy density. The study uses a literature-constrained benchmark 

dataset to demonstrate the workflow when proprietary in-situ and X-ray computed tomography data are not yet available. The 

modeling strategy compares logistic regression, support vector machine, gradient boosting, random forest, and neural-network 

classifiers for high-porosity risk prediction, while a random-forest regressor estimates porosity percentage. The results indicate 

that tree-based ensemble learning provides the strongest balance between accuracy, recall, and interpretability, with volumetric 

energy density, scan speed, oxygen level, and powder morphology emerging as influential predictors. The discussion connects 

these model behaviors to lack-of-fusion, keyhole, spatter, and gas-entrapment mechanisms. Overall, the manuscript argues that 

reliable porosity prediction should not rely on machine settings alone. A more useful approach combines physics-guided feature 

engineering, sensor-informed data streams, cross-validated learning, and explainability tools to support inspection prioritization 

and eventual closed-loop process control. 
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1. Introduction 

Laser powder bed fusion has become a leading metal additive manufacturing route for high-value mechanical components 

because it can create lightweight geometries, integrated features, internal passages, and customized material layouts that are 

difficult to produce using conventional subtractive or forming methods (Frazier, 2014; Herzog et al., 2016; DebRoy et al., 2018). In 

practical production, however, the value of geometric freedom is limited if the internal quality of the component cannot be 

controlled. Porosity is especially important because even a small volume fraction of defects can reduce fatigue life, introduce 

leak paths, and create uncertainty during qualification. The main pore families are usually described as lack-of-fusion pores 

caused by insufficient melting, gas-related pores associated with powder or shielding conditions, and keyhole pores produced 

when excessive energy destabilizes the melt pool. 

The difficulty is that pore formation is controlled by interacting thermal, fluid-flow, metallurgical, and machine-control 

phenomena. Laser power, scan speed, hatch spacing, layer thickness, powder packing, local heat accumulation, oxygen level, and 

scan-path history can all affect the same melt track. High-speed imaging and X-ray studies have shown that vapor-cavity 

instability, melt-pool collapse, powder motion, and rapid solidification can occur within very short time scales, which explains 
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why a parameter set that appears acceptable in one build may behave differently in another (King et al., 2014; Cunningham et al., 

2019; Zhao et al., 2020). A reliable prediction method therefore needs to recognize both the average process window and the 

local process context. 

Machine learning offers a practical route to convert heterogeneous LPBF data into risk predictions, but it should not be used as a 

simple black-box replacement for metallurgical reasoning. The most useful models translate raw machine inputs into 

engineering features, learn nonlinear relationships from inspection-labeled data, and return explanations that can be understood 

by process engineers. Prior studies on layerwise imagery, melt-pool signatures, and physics-informed porosity prediction show 

that this combined approach is more credible than using process parameters alone (Scime & Beuth, 2018; Smoqi et al., 2022). 

The present paper builds on that direction by developing a transparent framework for predicting both high-porosity risk and 

porosity percentage. 

The specific objective is to design and evaluate a prediction workflow that can be adapted to experimental LPBF datasets from 

in-situ sensing and post-build inspection. The study contributes a physically guided feature set, a reproducible calculation 

procedure, a comparative model assessment, and an interpretation strategy for engineering decision support. The framework is 

also positioned within the broader movement toward smart manufacturing, where real-time monitoring, predictive maintenance, 

digital twins, and process quality control are connected rather than handled as separate activities (Hossain et al., 2021, 2024; 

Hossain & Bhuiyan, 2025). 

2. Literature Review 

2.1 Porosity mechanisms in LPBF 

LPBF porosity is usually interpreted through the competing effects of insufficient fusion, stable conduction melting, excessive 

keyhole melting, powder-bed disturbance, and gas entrapment. Lack-of-fusion pores form when the melt pool does not 

penetrate deeply enough or overlap sufficiently with neighboring tracks, leaving irregular voids that can be highly damaging 

under cyclic loading. Keyhole pores, by contrast, are associated with high energy input and vapor-driven depression of the melt 

surface; when the depression becomes unstable and collapses, a void can be trapped below the solidifying surface (Zhang et al., 

2017; Martin et al., 2019). These mechanisms are different, but both can appear in the same build if the local thermal condition 

changes from region to region. 

Melt-pool physics also includes denudation, spatter, recoil pressure, Marangoni flow, and rapid solidification. Denudation and 

vapor micro-jets can redistribute powder near the track, while spatter can remove material from the intended scan path and 

disturb subsequent layers (Matthews et al., 2016; Ly et al., 2017). These phenomena matter because machine learning features 

based only on nominal power and speed may not capture the real material state at the point of melting. When a model includes 

powder descriptors, scan-context variables, or sensor-derived signals, it has a better chance of recognizing the process 

conditions that create these transient defects. 

Materials and component design further influence defect tolerance. Multi-material, functionally graded, lightweight, and fire-

resistant alloy systems may bring advantages for mechanical and thermal applications, but they also introduce thermal-gradient 

mismatch, interfacial instability, and property variation that must be considered during process qualification (Hossain et al., 2023, 

2024, 2026). Residual stress and distortion are also connected to porosity because local overheating, scan strategy, and heat 

accumulation can influence both pore formation and dimensional stability. A prediction framework for mechanical components 

should therefore support not only density improvement but also reliability, manufacturability, and downstream inspection 

planning. 

2.2 In-situ monitoring and defect detection 

In-situ monitoring has advanced from simple machine-log recording to high-speed imaging, thermography, photodiode 

sensing, optical emission spectroscopy, acoustic emission, and X-ray-assisted validation. Review studies emphasize that these 

methods are useful because they capture thermal and optical signatures before final inspection, but the signal alone is not 

enough; it must be aligned with scan position, layer number, build geometry, and ex-situ ground truth (Tapia & Elwany, 2014; 

Everton et al., 2016; Grasso & Colosimo, 2017). This alignment is often the most time-consuming part of building a reliable 

machine-learning dataset. 

The strongest experimental evidence for pore formation comes from synchrotron X-ray imaging and high-speed diagnostics. 

These measurements reveal melt-pool shape, keyhole dynamics, powder motion, and vapor-driven instability in real time, 

providing a physical basis for feature engineering rather than leaving the model to infer everything from raw labels (Cunningham 

et al., 2019; Zhao et al., 2020). Thermography and pyrometry are more practical for industrial machines because they can be 

applied across many layers and many parts, although their signals normally require careful calibration and position-based 

registration. 
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Layerwise image analysis has become a particularly important branch of LPBF monitoring because it can be deployed within 

commercial machine workflows. Computer-vision models can identify recoater streaks, powder-bed irregularities, missing 

material, spatter accumulation, and unusual layer texture before destructive inspection is performed (Gobert et al., 2018; Snow et 

al., 2021). Deep-learning approaches can extend this capability, but they must be validated carefully so that the model does not 

simply memorize one machine, alloy, camera angle, or build layout. 

2.3 Machine learning and physics-guided modeling 

The most reliable LPBF machine-learning studies do not treat the process as a black box. Instead, they embed domain 

knowledge through features such as energy density, melt-pool size proxies, thermal-history indicators, scan-context variables, 

and sensor-derived signatures. This strategy is consistent with physics-informed modeling work in additive manufacturing, where 

the goal is not only to improve numerical accuracy but also to make the prediction understandable enough for engineering use 

(Liu et al., 2021; Guo et al., 2022). 

A range of learning algorithms can be applied to LPBF defect detection, including support vector machines, random forests, 

gradient boosting, convolutional neural networks, recurrent models, and semi-supervised learning. The best choice depends on 

the available data. Tabular process data often favor tree ensembles because they handle nonlinear interactions and mixed 

feature types well; layer images are better suited to convolutional models; and temporal sensor signals benefit from sequence 

models or carefully engineered statistical descriptors (Fu et al., 2022). For the present benchmark, the emphasis is placed on 

interpretable tabular modeling because it is easier to connect predictions to process decisions. 

In manufacturing settings, interpretability is not optional. A model that predicts high porosity but cannot explain whether the 

risk is caused by low energy input, high oxygen level, unstable hatch spacing, or powder condition is difficult to use on the shop 

floor. Feature-importance and SHAP-style explanations help translate predictions into engineering actions, such as increasing 

track overlap, reducing excessive energy input, improving shielding-gas control, or prioritizing X-ray computed tomography for 

high-risk regions (Lundberg & Lee, 2017). The model output should therefore be treated as a decision-support signal, not as a 

replacement for process engineering judgment. 

The digital twin perspective extends prediction into decision-making. A digital twin can connect process parameters, sensing 

streams, predicted defect probability, inspection results, and closed-loop parameter adjustment. In a mature implementation, 

each build would improve the next one by adding new inspection evidence to the training history. This is especially important for 

mechanical components, where qualification is expensive and the cost of a false prediction can be high. The proposed workflow 

is therefore framed as a practical step toward data-driven qualification rather than as a final closed-loop controller. 

Table 1. Literature streams informing the proposed LPBF porosity-prediction framework 

Stream Main contribution to this 

manuscript 

Representative citations 

Porosity physics Lack of fusion, keyhole instability, gas 

pores, spatter, denudation 

King et al. (2014); Zhang et al. (2017); 

Martin et al. (2019); Du et al. (2023) 

X-ray and thermography Real-time evidence of melt-pool 

geometry, pore nucleation, and 

thermal history 

Zhao et al. (2017); Cunningham et al. 

(2019); Hooper (2018); Wang et al. 

(2022) 

Computer vision Powder-bed anomaly and layerwise 

flaw detection 

Scime and Beuth (2018); Gobert et al. 

(2018); Snow et al. (2021) 

Physics-informed ML Energy-density features, melt-pool 

signatures, and prior-guided learning 

Liu et al. (2021); Smoqi et al. (2022); 

Guo et al. (2022); Atwya and 

Panoutsos (2024) 

Smart manufacturing Digital twins, real-time quality control, 

and predictive monitoring 

Hossain et al. (2021, 2024); Hossain 

and Bhuiyan (2025) 

 

3. Methodology 

3.1 Study design 

The manuscript uses a literature-constrained benchmark dataset rather than claiming proprietary experimental measurements. 

The synthetic benchmark was generated within typical LPBF process ranges and was designed to reproduce the expected U-

shaped relationship between porosity and energy input: low energy promotes lack-of-fusion porosity, while excessive energy 

promotes keyhole porosity. This design makes the workflow reproducible and transparent while still reflecting physically 
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plausible process behavior. The purpose is not to replace experimental validation, but to show how a full modeling workflow can 

be structured before a laboratory or industrial dataset is available. 

The target variable was defined in two ways. First, a classification label separated acceptable and high-risk samples using a 

porosity threshold of 0.35%. Second, a regression target estimated porosity percentage. In a real experimental study, these 

targets would be obtained from X-ray computed tomography, polished cross-sections, metallographic image analysis, or 

validated layerwise inspection. In this framework, they are generated from a physics-informed response surface so that the 

manuscript can demonstrate data preparation, feature engineering, model training, evaluation, and interpretation in one 

complete pipeline. 

Table 2. Process and powder variables used in the benchmark modeling framework 

Input variable Range used Engineering rationale 

Laser power, P 150-420 W Controls heat input and keyhole 

tendency 

Scan speed, v 350-1500 mm/s Controls exposure time and track 

continuity 

Hatch spacing, h 0.075-0.140 mm Controls overlap between tracks 

Layer thickness, t 0.030-0.060 mm Controls layer consolidation 

Spot diameter 65-100 um Proxy for energy distribution 

Powder D50 18-50 um Powder packing and flowability 

indicator 

Powder sphericity 0.72-0.97 Powder morphology and packing 

indicator 

Oxygen level 80-1000 ppm Shielding/powder contamination 

indicator 

 

3.2 Feature engineering 

Feature engineering converted raw machine settings into quantities that better represent heat input and melt-pool behavior. The 

primary derived feature was volumetric energy density, calculated as E_v = P / (v h t), where P is laser power, v is scan speed, h is 

hatch spacing, and t is layer thickness. Linear energy density, E_l = P / v, and areal energy density, E_a = P / (v h), were also 

included because each descriptor preserves a different part of the process physics. Volumetric energy density is useful for 

screening, but it can hide different combinations of power, speed, hatch spacing, and layer thickness that produce different melt-

pool geometries (Scipioni Bertoli et al., 2017). 

The feature set also included powder descriptors and environmental indicators. Powder-size distribution, sphericity, and oxygen 

level were retained because pore formation is not only a thermal problem; it is also affected by powder packing, gas entrapment, 

oxide contamination, and shielding stability. These variables make the benchmark more realistic for mechanical components, 

where two builds with the same nominal laser parameters may perform differently because the feedstock condition, chamber 

atmosphere, or local packing density has changed. 

Table 3. Feature groups and modeling roles 

Feature group Features Role in model 

Machine settings P, v, h, t, spot diameter Baseline process control inputs 

Energy descriptors E_v, E_l, E_a Physics-guided heat-input proxies 

Powder descriptors D50 powder size, sphericity Material feedstock quality indicators 

Atmosphere/condition Oxygen concentration Gas/contamination risk indicator 

Target variables Porosity %, high-porosity label Regression and classification outputs 

 

3.3 Machine learning models and validation 

Five classifiers were compared: logistic regression, support vector machine, gradient boosting, random forest, and a feed-

forward neural network. Logistic regression served as an interpretable linear baseline; support vector machine represented 

margin-based nonlinear classification; gradient boosting and random forest represented robust tree-based ensemble learning; 

and the neural network represented a flexible nonlinear learner. This selection allowed the study to compare simple, 

interpretable methods against more flexible models without losing sight of engineering usability. 
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The dataset was split into training and test partitions using stratification so that acceptable and high-risk samples remained 

balanced across both sets. Model performance was evaluated using accuracy, precision, recall, F1-score, and ROC-AUC. Precision 

is important when avoiding unnecessary inspection, but recall is more important when missing a high-porosity component could 

compromise quality. Therefore, the F1-score and ROC-AUC were treated as the most useful overall indicators, while the 

confusion matrix was used to interpret the practical meaning of false positives and false negatives.

 

Figure 1. Proposed LPBF porosity-prediction workflow linking process inputs, sensing, feature engineering, machine learning, and 

decision support. 

4. Calculation 

The calculation begins with the transformation of LPBF settings into energy-density features. For a representative sample with P 

= 280 W, v = 900 mm/s, h = 0.10 mm, and t = 0.04 mm, the volumetric energy density is E_v = 280 / (900 x 0.10 x 0.04) = 77.78 

J/mm3. The same sample has linear energy density E_l = 280 / 900 = 0.311 J/mm and areal energy density E_a = 280 / (900 x 

0.10) = 3.111 J/mm2. These calculations are useful because they translate separate machine settings into comparable heat-input 

descriptors, while still reminding the researcher that energy density alone cannot fully represent melt-pool geometry or transient 

flow behavior. 

Porosity percentage was expressed as phi = (A_void / A_total) x 100 for a two-dimensional cross-section or phi = (V_void / 

V_total) x 100 for three-dimensional X-ray computed tomography. In this manuscript, the benchmark porosity response was 

generated from a physically constrained function that increases when E_v is too low, increases again when E_v is too high, and 

includes powder and oxygen penalties. The response therefore follows the same engineering logic used in LPBF process-window 

development: density improves in the stable melting region but decreases when fusion is incomplete or the keyhole becomes 

unstable. 

Classifier metrics were calculated from the confusion matrix. Accuracy = (TP + TN)/(TP + TN + FP + FN), precision = TP/(TP + FP), 

recall = TP/(TP + FN), and F1 = 2 x precision x recall/(precision + recall). In quality assurance, recall has special importance 

because a false negative represents a high-porosity part predicted as acceptable, which can be more costly than sending a 

borderline part to additional inspection. This is why the model is evaluated not only by overall accuracy but also by the balance 

between detecting risky samples and avoiding excessive false alarms. 

Table 4. Example energy-density calculation for one representative LPBF condition 

Quantity Value Purpose 

P 280 W Laser heat source 

v 900 mm/s Interaction time 

h 0.10 mm Track overlap 

t 0.04 mm Layer consolidation 

E_v = P/(vht) 77.78 J/mm3 Volumetric heat-input proxy 
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Quantity Value Purpose 

E_l = P/v 0.311 J/mm Track-level heat-input proxy 

E_a = P/(vh) 3.111 J/mm2 Layer-area heat-input proxy 

 

5. Results and Discussion 

5.1 Defect-mechanism distribution and process-window behavior 

The benchmark data reproduce a familiar LPBF pattern: porosity risk is highest at both extremes of the process window and 

lower in the intermediate stable-melting range. The pie chart in Figure 2 summarizes representative contributions from lack-of-

fusion conditions, keyhole-prone conditions, melt-track instability, and powder/gas conditions. This distribution is not intended 

to replace experimental defect quantification; rather, it provides a transparent way to represent competing mechanisms and to 

test whether the learning workflow can separate low-energy and high-energy defect regimes. 

 

Figure 2. Representative contribution of porosity-driving conditions in the benchmark LPBF dataset. 

Figure 3 shows the U-shaped porosity response across energy-density bins. Very low volumetric energy density produces higher 

average porosity because insufficient melting increases the probability of lack-of-fusion voids. At the opposite end, excessive 

energy density raises porosity because keyhole instability becomes more likely. The intermediate window has the lowest average 

porosity. This behavior is important for model training because a purely linear model may treat energy input as always beneficial 

or always harmful, while the real process response is conditional and nonlinear. 
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Figure 3. Mean porosity percentage across volumetric energy-density bins. 

5.2 Model performance 

Table 5. Comparative classification performance for high-porosity risk prediction 

Model Accuracy Precision Recall F1-score ROC-AUC 

Random forest 0.945 0.971 0.810 0.883 0.969 

Gradient 

boosting 

0.939 0.944 0.810 0.872 0.972 

Neural network 0.933 1.000 0.738 0.849 0.973 

Support vector 

machine 

0.920 0.914 0.762 0.831 0.984 

Logistic 

regression 

0.920 0.968 0.714 0.822 0.959 

 

The best-performing classifier in the benchmark study was Random forest, which achieved a test ROC-AUC = 0.969 (96.9%) and 

an F1-score of 0.883. The strong performance of ensemble learning is consistent with the nonlinear nature of LPBF porosity 

formation, where the effect of one parameter depends on the state of other parameters. Similar behavior has been reported in 

studies that used melt-pool signatures, layerwise imagery, and thermography-informed learning for defect or porosity prediction 

(Scime & Beuth, 2019; Smoqi et al., 2022; Oster et al., 2024). 
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Figure 4. Accuracy, F1-score, and ROC-AUC comparison across classification models. 

The ROC curve in Figure 5 indicates that the best model separates acceptable and high-risk samples well across decision 

thresholds. In an industrial setting, the threshold would not necessarily be fixed at 0.50; it would be selected according to the 

cost of missed porosity, the availability of inspection capacity, and the risk tolerance of the component application. For fatigue-

critical mechanical parts, a lower threshold may be justified to increase recall, even if that increases the number of parts routed 

to additional inspection. For noncritical prototypes, a higher threshold may be acceptable if the goal is to reduce inspection 

burden. 

 

Figure 5. ROC curve for the best-performing high-porosity risk classifier. 
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Table 6. Confusion matrix for the best-performing classifier 

Class Predicted acceptable Predicted high-risk 

Actual acceptable 120 1 

Actual high-risk 8 34 

 

5.3 Feature importance and engineering interpretation 

Feature importance analysis shows that volumetric energy density, scan speed, oxygen level, powder size, and hatch spacing are 

the most influential predictors in the benchmark model. This result is physically reasonable. Volumetric energy density captures 

the overall heat-input window, scan speed affects interaction time and melt-pool stability, hatch spacing affects track overlap, 

and powder/oxygen variables represent feedstock and environmental quality. The ranking should not be interpreted as universal, 

because feature importance depends on the dataset and model, but it provides a useful engineering check: the model is 

responding to variables that are known to influence melt-pool behavior and defect formation (Khairallah et al., 2016; Matthews 

et al., 2016). 

 

Figure 6. Feature-importance ranking from the random-forest classifier. 

The regression model predicted porosity percentage with a mean absolute error of 0.064 percentage points and an R2 value of 

0.962. The scatter plot in Figure 7 shows that prediction error increases at the highest porosity values, which is expected because 

extreme defect states are relatively rare and may be controlled by transient events not fully represented by static process 

settings. In an experimental workflow, this limitation would justify adding in-situ signals such as photodiode intensity, thermal 

history, layer images, and acoustic features. Multisensor learning studies support this direction, but the added data must be 

synchronized carefully to avoid creating noisy or misleading labels (Tian et al., 2021; Pandiyan et al., 2022). 
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Figure 7. Predicted versus actual porosity percentage for the regression model. 

5.4 Practical implications for LPBF mechanical components 

For mechanical components, porosity prediction should be connected to qualification decisions. A risk model can rank build 

regions for X-ray computed tomography, flag parameter combinations that fall outside the stable process window, and guide 

design-of-experiments planning. The model can also support digital-twin development by connecting build files, machine logs, 

sensor streams, and inspection outcomes in a single learning loop (Hossain & Bhuiyan, 2025). In this role, the model is not 

simply a prediction tool; it becomes a way to organize evidence for process qualification. 

Hybrid manufacturing provides another practical route. When LPBF is combined with CNC machining, inspection, or surface 

finishing, porosity prediction can help decide which near-net-shape regions require additional machining allowance or 

nondestructive evaluation. This aligns with the broader idea that additive manufacturing should be integrated with conventional 

manufacturing rather than treated as a stand-alone process (Hossain et al., 2022). For example, regions predicted to have higher 

porosity risk could be assigned additional finishing, redesigned support strategy, or targeted inspection before final acceptance. 

The results also suggest that sustainability and reliability should be considered together. Reducing porosity can reduce scrap, 

rework, and unnecessary inspection, but excessively conservative parameter settings may increase energy consumption or build 

time. A responsible optimization strategy should therefore balance density, mechanical performance, productivity, and 

environmental impact. In practice, this means the best process window is not always the one with the lowest predicted porosity; 

it is the window that achieves acceptable quality with stable production, reasonable inspection effort, and efficient material use. 

6. Conclusion 

This paper developed a complete machine-learning manuscript framework for predicting porosity formation in LPBF mechanical 

components. The study combined literature-based defect mechanisms, physically meaningful energy-density calculations, 

powder and atmosphere descriptors, supervised classification, regression, and interpretability analysis. The central finding is that 

porosity prediction becomes more useful when machine settings are transformed into physics-guided features and interpreted 

through known LPBF mechanisms rather than treated as abstract variables. 

The benchmark results showed that ensemble models, especially tree-based methods, can capture nonlinear porosity behavior 

across lack-of-fusion and keyhole-prone regimes. Feature importance highlighted volumetric energy density, scan speed, oxygen 

level, powder size, and hatch spacing as dominant variables. These findings support a practical engineering message: porosity 

prediction should be developed around process understanding first, and model complexity should be added only when it 

improves reliability, interpretability, or transferability. 
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Future work should replace the benchmark dataset with experimentally measured LPBF data, including synchronized machine 

logs, layerwise images, thermal signatures, spectral emissions, and X-ray computed tomography labels. The next step is to 

validate transferability across alloys, machines, scan strategies, and component geometries. With sufficient validation, the 

proposed framework can support closed-loop control, digital twins, and more reliable qualification of LPBF mechanical 

components. The most important future improvement is not simply a higher model score, but a stronger link between 

prediction, physical mechanism, and manufacturing decision-making. 
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