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Multimodal Deep Learning for Porosity Detection in Laser Powder Bed Fusion: Investigating Transferability across Diverse Geometries

Research Summary
Work has included the development of a multimodal defect detection workflow, conducted in partnership with the U.S. Air Force and Addiguru, to identify and localize porosity in parts produced via Laser Powder Bed Fusion (LPBF). The initial phase focused on a cylindrical geometry, wherein Computed Tomography (CT) scans were collected and processed to highlight regions of porosity. In parallel, in-process monitoring data was gathered using Near Infrared (NIR) imaging, and a mapping procedure was established to correlate these defect indications in the CT scans to their corresponding thermal signatures in the NIR dataset. This alignment process forms the basis of our training data for machine learning efforts.
The promising results of the cylinder trials and existing literature prompted planning for a new series of builds to validate and broaden the approach and investigate generalizing machine learning models to multiple geometries. Three distinct builds are proposed: a standalone cylinder, a rectangular prism, and a combined geometry incorporating both shapes. These parts will be printed under comparable LPBF process parameters and submitted for CT scanning. The resulting scans will again be registered with in-process NIR images to create a comprehensive database capturing geometric variance.
A baseline Convolutional Neural Network (CNN) architecture has been selected as the starting point for porosity classification, using data from the cylinder prints. This CNN will be subsequently refined and tested on the rectangular prism and combined geometry datasets to assess model generalizability across boundary shapes. Future iterations may include more advanced deep learning techniques if initial results indicate areas for performance improvement.
Ultimately, the goal is to establish a robust, geometry-agnostic framework capable of detecting and localizing porosity in LPBF components. By integrating CT characterization and NIR-based in-situ monitoring data, we seek to drive down inspection costs while boosting confidence in additively manufactured parts through early detection and mitigation of defects.

High-Level Thesis / Dissertation Outline
Introduction:
 Laser Powder Bed Fusion (L-PBF) stands as one of the most widely adopted metal additive manufacturing (AM) methods, distinguished by its capacity to fabricate high-fidelity components with intricate geometries. As the aerospace, defense, and automotive industries increasingly rely on L-PBF for critical parts, ensuring dimensional accuracy and structural integrity become increasingly important. Porosity formed during the build process poses a significant risk to component performance, potentially reducing fatigue life and overall mechanical strength.
In response, the U.S. Air Force and other stakeholders have turned to advanced monitoring strategies to mitigate these defects before they lead to costly failures. Real-time, in-situ sensing via thermal or optical modalities is gaining traction for its ability to capture minute variations in powder bed and melt pool behavior. Coupled with robust data analytics, particularly machine learning (ML) and deep learning (DL) techniques, these signals can be leveraged to predict and prevent defect formation as well as better understand the correlations between process parameters and defects like porosity. Additive Manufacturing techniques, including Laser Powder Bed Fusion (L-PBF) are undergoing substantial investment and development in hopes of supplanting America’s diminished capability of manufacturing via casting and forging. One of the principal hurdles then is to ensure parts made with these processes meet or exceed the microstructural properties of their traditionally manufactured cousins. 
History of L-PBF & Current State of Development:
L-PBF has its roots in laser sintering technologies that emerged in the 1980s and 1990s. Early systems faced challenges such as inconsistent powder spreading and limited build volumes, but ongoing innovations in laser control, recoater mechanisms, and atmospheric regulation have helped mature the process considerably. Today, L-PBF systems can reliably produce dense, high-performance parts in a variety of alloys, including steels, nickel superalloys, and aluminum.
The push for in-situ monitoring in L-PBF arose as industry recognized the difficulty of relying on post-build inspection alone. Computed Tomography (CT) scans, while exhaustive, are expensive and time-consuming, rendering them impractical for large-scale production. By integrating sensors like Near Infrared (NIR) and Infrared (IR) cameras, manufacturers can observe the melt pool and powder bed during the build. Current research focuses on converting these rich data streams into actionable insights, revealing fault signatures correlated with defects such as porosity, keyholing, or lack-of-fusion voids.
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Remaining Research & Defense Tasks (w/target completion dates)
Thesis draft submission (Feb. 21, 2025)*
Mapping IR and Optical Datasets to CT Datasets (Feb. 28, 2025)
Hyper-parameter Tune CNN and RNN for Sample Datasets (Mar. 14, 2025)
Print New Experiement / Analyze results (Mar. 21, 2025)
Analyze CT Dataset for parts (Mar. 28, 2025)
Apply Deep Learning Models to all 3 Part Datasets (Apr. 4)
Analyze Results (Apr. 11) 
Thesis draft to Dr. Jared (Apr. 24, 2025)*
Thesis draft to committee (May 1, 2025)*
Final defense (May 15, 2025)*
Thesis submission (May 20, 2025)*

