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1 Detailed description of experimental methodology

1.1 Digital image correlation

We acquired data using the commercial 3D DIC System GOM Aramis 12M and the software GOM
Aramis Professional 2021. We supported the commercial system with CrackPy to store metadata when
images are captured, to control the experiment, i.e. by on-the-fly crack detection, and to store the
results as human-readable text files that combine metadata and facet results in terms of displacements
and strains. We used a facet size of 20x20 pixels with a 16 pixels facet distance. One facet covered an

area of 0.614x0.614 mm2. An exposure time of 3000 ms was used.

1.2 Robot-assisted high-resolution digital image correlation

We used a KUKA LBR iiwa cobot which carries a Zeiss STEMI 206C light optical microscope
equipped with a Basler a2A5320-23umPRO global shutter CMOS camera to take high resolution
images. The test rig is explained in detail by Paysan et al. in [1]. The chosen field of view was
10.2x5.7 mm2 which was covered by facets with a size of 40x40 pixels and a facet distance of 30
pixels corresponding to a spatial resolution (distance between two facet center points) of 0.05 mm. An

exposure time of 2000 ms was used.

1.3 Crack detection

The detection of crack paths and crack tips can be performed in situ or ex situ using the Crack
Detection module of CrackPy [2] on any number of load steps. Therefore, we used two trained
convolutional neural networks, i.e., the so-called ParallelNets to find the crack tip and the so-called
UNetPath to detect the crack path. Network architectures can be found in CrackPy. For the crack
detection, we use the global 3D DIC displacement fields as input data. The crack angle is
approximated by fitting a line through the detected crack path near the tip. Moreover, the crack tip
detection model is explainable and can be monitored using attention visualizations based on Grad-
CAM [3]. For further details we refer to [4, 5].
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1.4  Experimental procedure

1.41 Material

A commercially available AA2024-T3 aluminium alloy was used for the FCG experiments. This alloy
was chosen because it represents one of the most relevant alloys used in the aircraft industry,
particularly for fuselage structures. The material was tested in L-T orientation, i.e. rolling direction (L,
elongated grains) parallel to the load axis and transverse direction (T) perpendicular to the load axis. A
middle tension (MT) specimen with a thickness of 2.0 mm and a width of 160 mm was cut from a

rolled sheet. The material has a Young’s modulus E = 72.0 GPa and poisson’s ratio i = 0.3.

1.4.2 Fatigue crack growth

We used a standard uniaxial test rig. We applied a cyclic load ranging from Fmin= 4.5 KN t0 Frax= 15
kN, i.e. R = Fmin/Fmax= 0.3 on a MT specimen (width W = 160 mm, thickness t = 2 mm). We measured
the crack length by direct current potential drop (DCPD) following ASTM E-647 [6] to control the
experiment. However, when we analyzed the experiment, we used DCPD for the conventional method
(ASTM) and used the crack tip achieved from the trained neural network (see section 1.3) for the

novel method.

1.4.3 Image acquisition during fatigue crack growth

We acquired reference images for the DIC calculations before the experiment. For the global DIC, this
is simply an image of the unloaded specimen. For the local HRDIC the reference images are acquired
in a checker board pattern with an overlap of 70 % covering the whole specimen surface. The depth of
focus is calibrated for each image and the camera is aligned to the specimen’s surface according to
Paysan et al. [1]. The spatial position of the robot (and consequently of the microscope) are saved as
metadata for each of these reference images. The test was stopped every 0.5 mm of crack extension.
Then, the crack length was used to determine the region of interest around the crack tip and the robot
moved to the corresponding reference images’ positions to acquire new images at the current loading
conditions. Therefore, the region of interest was defined as a square covering the crack tip region of
18 x 9.2 mm2. This was done for Fmax, Fmin, and Fmin + 0.5 (Fmax-Fmin).
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