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Motivation

In modern manufacturing, Product Manufacturing Infor-
mation (PMI) plays a critical role in conveying geometric
dimensions,  tolerances,  surface  finishes,  and  other
specifications necessary for the correct fabrication and
inspection of parts. While PMI was traditionally added to
2D engineering drawings, the industry is shifting toward
model-based definition (MBD), where PMI is embedded
directly in 3D CAD models to support automation and
reduce interpretation errors. 

However, interpreting PMI from drawings remains chal-
lenging and often requires human expertise. For exam-
ple, an arrow may be visually interrupted by a centerline,
making automated association  to the intended feature
difficult, or a textual PMI may refer to multiple holes de-
spite its leader pointing to only one.

The objective of this project is to automatically associate
PMI annotations with the corresponding geometric fea-
tures in engineering drawings, enabling downstream ap-
plications such as correct transfer of PMI into CAD rep-
resentations.  This requires not  only grouping low-level
primitives  (e.g.,  lines,  arcs)  into  meaningful  features
(e.g., holes, slots) but also linking each PMI annotation
to the feature(s) it describes.

 

Task

The primary goal of this Master’s thesis is to design, implement, and evaluate an AI pipeline that takes engi -
neering drawings (raster) as input and produces a structured representation (e.g., in a domain-specific lan-
guage (DSL) such as JSON) linking PMI annotations to their corresponding geometric features, along with a
confidence score for each association.

 Conduct a literature review on PMI annotation standards, including relevant ISO and ASME specifica-

tions, to understand how PMI is structured and interpreted in practice.

 Conduct a theoretical analysis of the capabilities of vision language models (VLMs) in context of “visual

intent extraction”. Compile a set of hypotheses regarding task-relevant VLM capabilities. Define limita-

tions. 

 Review state-of-the-art deep learning and generative AI methodologies for diagram understanding, in 

particular PMI and feature interpretation

Figure 1: Example manifacturing drawings
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 Develop a generative AI-based processing pipeline that:

o Detects and extracts primitive elements from drawings.

o Groups primitives into features (e.g., 4 arcs + centerlines → hole feature).

o Links PMI annotations to the appropriate features.

o Outputs results in a clearly defined DSL with associated confidence scores.

 Evaluate the performance of multiple VLMs and alternative approaches on the PMI feature-linking task

Prerequisites
 Necessary: Experience using Python for Machine Learning applications
 Familiarity with vision-based Neural Networks is an advantage
 Familiarity with CAD data formats is a plus.

Examiner
Prof. Dr.-Ing. André Borrmann
Chair of Computing in Civil and Building Engineering
Director, TUM Georg Nemetschek Institute – AI for the Built World
Member, Leonhard Obermeyer Center
Technische Universität München (TUM)

Application Details
Please submit the following documents:
 A current CV

 Official academic transcripts

 A short paragraph explaining why you are a strong candidate for this position and how your 
background aligns with the thesis topic

Please send your application via email and include all supervisors in CC:

 Nayun Kim – nayun.kim@tum.de

 Panagiotis Petropoulakis – panagiotis.petropoulakis@tum.de

 Fabian Braun – fabian.braun@hexagon.com

Application deadline: 20 March 2026
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