l;’[ Leibniz
i 0; Z ] Universitit

Institut fiir Stahlbau too'4 | Hannover

Institut fiir Photogrammetrie
und Geolnformation

Masterarbeit
Prifer: Prof. Dr. sc. ETH Elyas Ghafoori Ausgabe der Arbeit: XX.XX.XXXX
Prof. Dr.-Ing. habil. Christian Heipke Abgabe der Arbeit:  XX.XX.XXXX
Betreuer: Michael Ryan, MSc. Bearbeitungsdauer: 6 Monate

Externer Betreuer: Dr.-Ing. Max Mehltretter

Data-Driven Neural Network Approach to Corrosion Pit Identification and Classification

Datengetriebener neuronaler Netzwerkansatz zur Identifizierung und Klassifizierung von Korrosionsnarben

Wind energy, and other sustainable, renewable sources are pivotal to the future development of modern soci-
ety, and thus, their continued and extended lifetimes are crucial. Offshore Wind Turbines (OWTs) pose a
unique problem; due to their remoteness and proximity to water, they are highly susceptible to corrosion, as
well as being difficult to inspect and maintain. With NetZero 2050 targets looming, this problem is only more
ever-present. Corrosion, particularly localized pitting corrosion is critical for fatigue life as notches lead to
stress concentrations [6—9]. By identifying pits and classifying their geometric properties, it is possible to de-
termine stress concentration factors, and subsequently estimate the remaining fatigue life based on realistic
condition of the components. From which, the necessity and location of maintenance work can be properly
and promptly attributed. This project deals with the first step of this process: the identification and classifica-
tion of corroded surfaces and the algorithmic determination of their geometric parameters, such as radius and
depth of pits. Due to time constraint concerns and remoteness, this becomes an ideal candidate for data-

driven surrogate approaches with fast inference times, in particular a deep neural network [2, 3, 10].

Given a 3D digital scan of the structure to be inspected as a 3D point cloud, in this master thesis, a neural net-
work-based method is to be developed to detect pits and series of pits and to estimate the parameters de-
scribing their geometry. The creation of a heightmap from the point cloud data is a commonly applied inter-
mediate processing step, that can optionally be incorporated here, too. Thus, this project aims to utilize com-
puter vision and data-driven deep learning approaches in the field of fatigue corrosion and their proper cou-
pling, in which the expected final output is a trained neural network capable of outputting the geometric prop-
erties of an identified pit or series of pits from previously unseen 3D digital scans. This is a collaborative effort

between the Institute of Steel Construction and the Institute of Photogrammetry and Geolnformation.
The task can be divided into the following points:
e Literature review of computer vision, pit corrosion, and deep learning.

e Aggregation/Creation of a sufficiently large labeled dataset using processes and tools that already ex-

ist at the Institute for Steel Construction.

e  Utilize data augmentation techniques to handle limited data sets.




e Development of a neural network architecture and a suitable training procedure in Python and JAX

[1].

e Comprehensive evaluation of the results obtained with the developed method.
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