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Abstract: This article presents a method that uses a semi-automatic algorithm for the detection and analysis of
microcracks in steel test specimens using binarized image analysis. It obtains the length along the crack path in
contrast to previous methods that have obtained linear length, thereby achieving a closer approximation to its
actual value. Additionally, this method automatically calculates the COD and COA parameters with
measurement deviations in micrometres, thus providing greater precision than previous methods proposed to
date.
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1. Introduction

The continuous evolution of technology demands a shift toward processing automation due to
the higher economic costs and time associated with manual execution. In a previous work [1], a
comparison was made between manual crack detection and image processing methods, highlighting
the advantages of the latter, which provided higher image resolution and reduced system uncertainty
compared to manual methods.

Building upon this approach, in [2,3], the classification of images containing fatigue is proposed
by categorizing them into three groups: (1) fractured surface imaging, (2) damaged surface imaging,
and (3) deformed surface imaging. Each category corresponds to different acquisition and processing
methods. The acquisition methods involve electron microscopy, optical microscopy, or laser
scanning, while the processing methods include directional filtering via Fourier transform with
Haralick’s segmentation process, conventional matrix processing, and shape classification. The
objectives of each category are summarised as follows: (1) determining the overall orientation and
average spacing between striations, (2) measuring surface density while assessing the orientation and
spacing of slip bands (micro-plastic deformations in ductile materials), and (3) extracting high-
frequency deformation information (HFD) and measuring material deformation.

Image processing for crack detection has been extensively studied in both 2D and 3D images,
including computed tomography (CT) as a non-destructive method that can detect and monitor crack
growth under increasing loads [4]. In Ref. [5], tomography is used to determine the 3D volume
correlation, extract crack geometry, obtain displacement discontinuity, model the crack, and estimate
stress intensity factors in cast iron. For carbon fibre-reinforced plastic (CFRP) materials, the fatigue
damage can be quantified through the image analysis of X-ray-computed tomography (CT) scan
images [6].

In recent years, numerous crack detection methods based on image analysis have been
developed. For example, Ref. [7] uses a method to locate crack point configurations that are identified
using thinned images to generate a skeleton integrated into the crack point distance field, which is
then calculated using the Distance Transform. This approach automatically analyses structures after
earthquakes. Similarly, Ref. [8] proposes an automatic crack detection technique that is focused on
concrete surfaces using pattern recognition with artificial neural networks to calculate crack
properties such as width, length, orientation, and pattern. In [9], a method for analysing microcracks
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in rocks employs 2D imaging analysis involving binarization and filtering to detect cracks in the
image and extract their properties. Digital image correlation (DIC) has been extensively applied to
determine the geometric characteristics of fatigue cracks [10], even for glass-reinforced polymer
composites [11]. The measurement of the strain field at the fatigue crack tip based on sub-image
stitching and matching with DIC has been developed with CT specimens [12]. Also, Digital image
correlation (DIC) and convolutional neural networks have been combined to detect fatigue crack
paths [13]. In this review [14] and based on transfer learning-based algorithms for the detection of
fatigue crack initiation sites, several recent works of research can be followed.

The development of such methods has gained significant importance in recent years, leading to
the implementation of algorithms for crack detection in pavements based on multiscale image fusion
[15,16], as seen in [17] with the FOSA algorithm, and is capable of identifying the crack start and end
points; [18,19] introduced an automatic crack detection method named Crack-Tree, which involves
shadow removal, crack probability map construction, and crack identification based on seed cracks
generated by the probability map. Furthermore, crack detection and analysis are crucial not only for
structural purposes but also in fields such as heat transfer [20] to detect the fatigue crack growth rate
in heat-resistant steel, other fields, such as medicine [21], for bone fracture detection even in the
biscuit industry [22].

The choice of analysis method, algorithm, and parameters varies depending on the material
under study, as crack growth in concrete differs from that in steel, for instance. For metallic materials
with cracks, one commonly used criterion is the “Crack-tip-opening angle or displacement
(CTOA/CTOD) fracture criterion”, which is discussed in detail in [23], outlining its advantages,
issues, and limitations.

In this article, a new method is presented for the automatic detection and identification of cracks
and microcracks in steel specimens. One of the main differences in relation to previous publications
is the micrometre’s precision compared to the millimetre one.

This article is organised as follows: Section 2 provides a detailed description of the materials and
the developed method. Section 3 presents the most relevant results obtained from applying our
method, and offers a comprehensive discussion of the experimental results, and finally, Section4
concludes this article with our findings.

2. Materials and Methods
2.1. Materials

The material we worked with is low-carbon steel EN 10025 S 355 J2G3, which is commonly used
in general metal constructions. The test specimens made from this material, where various axial and
torsional loads would be applied, were hollow tubular structures. The geometry of these test
specimens is depicted in Figure 1.
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Figure 1. Geometry of the steel test specimens used in the experiments. Dimensions in mm.

The experiments were conducted using an MTS 809 biaxial testing machine equipped with two
control signals: one for the axial channel and another for the torsional channel. The input variables
for the machine were the strain (¢) for the axial channel and the angular strain (®) for the torsional
channel. Data were collected during the test using a biaxial extensometer with a gauge length of 25
mm alongside measurement ranges for axial and angular deformations of +10% and +2°, respectively.
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Additionally, to ensure proper lighting for valid experiments, two Jansjo lamps and an ACE I
SCHOOTT light source were employed. For image acquisition, a Pike F-505 ALLIED camera with 5
megapixels was utilised, coupled with the QUESTAR QM100 microscope objective, providing a
resolution of 1 pm and a focal distance range of 12-40 cm.

2.2. Methods
2.2.1. Image Acquisition

The images were captured using VIC-Snap software at an acquisition rate of 20 images per
second, saving 100 images every 25 cycles. This enabled us to capture and store the entire crack
development process from its initiation until it reached its maximum growth, which was the plastic
limit at the crack tip. This process can be observed in Figure 2.

Figure 2. Images showing the progression of crack growth.

2.2.2. Images Processing

For image processing, similar to the rest of the program’s implementation, MATLAB software
was used. Once the image was loaded into the program, it underwent a binarization process to detect
the crack. From this point, we worked with the binarized image. After the initial step of detecting
cracks on the right and left, the program located the origin and tip of both cracks, as well as calculated
their length and the COD (Crack Opening Displacement) and COA (Crack Opening Angle)
parameters of the crack. At the crack tip, these parameters were denoted as CTOD (Crack Tip
Opening Displacement) and CTOA (Crack Tip Opening Angle), respectively, with their values
corresponding to zero if the deformation at that point was purely elastic [12]. Figure 3 illustrates the
flowchart of the implemented algorithm.
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Figure 3. Flowchart of the crack detection algorithm.

Binarizing and Pre-Processing

The first step was to convert the image to grayscale. Since the experiments were conducted with
good lighting, the surface of the specimen was represented by light shades of grey, while the cracks
were represented by darker tones. To ensure that this image was optimal in grayscale, the threshold
or adjustment level had to be set correctly. In each test, the images had different lighting and,
therefore, different tonalities. This is why the threshold could not be the same for all images. Hence,
the user needs to participate in this process. The program starts with a base threshold, and the user
should adjust it using the keyboard to increase or decrease the contrast until the desired image is
achieved. Once this image is obtained, a binarization process can be applied.

Since the threshold depends on the lighting, there are cases where the adjustment level may not
be ideal for analysing both cracks. For this reason, it was decided to study the cracks separately. To
conduct this, the user can specify the threshold using the method described earlier and define a
window using two points that frame the right crack. Then, the same process can be performed for the
left crack unless the user decides to use the same threshold for both cracks. In that case, they only
need to define the window where the crack is located.

If the grayscale image has a light tone, it appears white in the binarized image, while if it is dark,
it appears black. In this way, both the right and left cracks can be detected with a higher degree of
accuracy. Figure 4 illustrates the different processes that the image undertakes.
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Figure 4. Image processing (a) Original image; (b) Image with magnification thanks to the Binary image; (c)
Edge image.

Analysis

This stage of the developed algorithm is where the crack is detected. The user must specify which
crack they want to analyse, either the right or left one, and mark a point on it in the image. The closer
the marked point is to the crack’s origin, the better the algorithm detects the crack’s contour. With
this input parameter, the algorithm can locate the origin, the centreline along the entire crack, and
the chosen crack’s tip and calculate its length, including both its linear and actual length. The length
obtained is in pixels; therefore, it is necessary to determine the scale factor of the image with respect
to reality. The algorithm determines this factor using circle detection. Similarly, it calculates the COD
of the selected crack. Figure 5 provides a graphical representation of these parameters, where the
length of the crack is denoted as 2c, and Equation (1) shows how COD can be analytically calculated.

Figure 5. Crack Opening Displacement for a central crack in an infinite elastic shell.

The parameter ‘c’ represented in Figure 6 is what the program refers to as the linear length of
the crack.
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Figure 6. Crack Opening Displacement over the real crack.

Figure 7 presents a comparison between the COD results obtained through the algorithm and
the results obtained manually from a fatigue test. It also offers the option to obtain data for the other
crack by repeating the same previous process, except for determining the scale, as it remains the same
for both cracks.
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Figure 7. COD calculated over the real right crack.

3. Results Discussion

The algorithm’s validity was verified by measuring the lengths of the cracks, both to the right
and left. Five different measurements were taken for each of the tests where the load was applied to
the specimen at different angles: 0°, 15°, 30°, and 45°.
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The lengths of the cracks and the calculated COD values using the algorithm were recorded.
Like [1], these data were compared with measurements obtained manually from the same tests. In
this way, Figure 8 provides a graphical comparison of both methods.

The graphs in Figure 8 show how the measurements taken by both methods followed a similar
linear progression. However, the line of COD values obtained along the crack by this algorithm was
generally higher than that obtained manually, except for some exceptions in one or two points of the
crack. This could be due to several factors.

Firstly, the measurement of COD must be perpendicular to the direction of the crack at the point
where the measurement is taken. Since both methods used the same measurement criterion,
considering the predominant angle of the crack, we could rule this out as the reason behind the
measurement differences. Additionally, image processing during the algorithm’s preprocessing also
contributed to increasing the differences between the measurements obtained by both methods, both
in terms of length and COD. This is because the illumination of this image is essential for both the
human eye and the computer. Thus, a shadow or stain in the image may be considered part of the
crack by the human eye, while the computer considers it noise, and vice versa.

The following tables present the numerical results of the different measurements taken when
analysing the tests. In Table 1, the medians of the measurements obtained using the algorithm for
both cracks in each of the tests available are presented, as well as the conversion factor calculated by
the program. Table 2 shows the manually obtained length for the same cases and the conversion
factors obtained. In the case of this algorithm, the conversion factors were found using ellipse
detection, while in the manual calculation process, a circle was placed over the distorted image of the
hole.

Table 1. Medians of the measurements calculated using the algorithm.

Right crack Left crack
Lineal length Real length Lineal length Real length Cycle Factor
(um) (um) (pm) (um)
Test-0° 346.3178 453.4994 329.8621 453.38 825 0.9533
Test-15° 258.062 404.2203 317.3452 492.2306 875 1.1463
Test-30° 563.0178 812.8901 437.127 612.7134 1400 1.0461
Test-45° 657.1362 869.9099 562.0036 859.2285 1975 1.0774

Table 2. Measurements calculated by hand.

Right crack Left crack
Length (um) Length (um) Factor
(by Hand) (by Hand)

Test-0° 425.5912 438.2894 1.1292
Test-15° 408.8691 565.7139 1.1559
Test-30° 795.8696 559.5837 1.1853
Test-45° 594.5870 599.7877 0.9016
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Figure 8. Graphical comparison of both methods: hand vs. algorithm.

Tables 3 and 4 show the variance and standard deviation of the crack lengths obtained for each
of the tests. As you can see in these tables, the values obtained are sufficiently small to consider the
system quite robust. For example, in the case of the standard deviation, we worked with a deviation
range of [0.56-12.56] pum, where it is worth noting that, in most cases, this occurs on the order of 2
pm. When comparing the results obtained using our method with those developed by (1), we
determined a significant improvement. The standard deviation of the length obtained with (1)’s
method fell in the range of [0.006-0.031] mm, whereas, with ours, it was in the range [0.565-
12.569]-10 mm.

Table 3. Standard deviation of length measurements using the algorithm.

Standard deviation

Right crack Left crack
Lineal length Real length Lineal length Real length
(pm) (pm) (pm) (um)
Test-0° 2.994009675 2.50368766 2.186817385 7.298339817
Test-15° 2.065488871 5.238372848 2226731313 8.001147359
Test-30° 1.392092394 9.684152475 2.961942653 6.554759513
Test-45° 3.235506587 5.826145377 0.565502651 3.667433013

Table 4. Variance of length measurements using the algorithm.

Variance
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Right crack Left crack
Lineal length Real length Lineal length Real length
(um) (pm) (um) (um)
Test-0° 7.171275146 5.014761518 3.825736222 42.61261127
Test-15° 3.412995422 21.95244007 3.966665874 51.21468724
Test-30° 1.550336986 75.02624732 7.018483422 34.37189782
Test-45° 8.374802298 27.15517597 0.255834598 10.76005192

In Table 5, the calculated mean values for each type of test conducted are shown, and Table 6
contains the mean standard deviations. As can be seen, the deviation did not exceed 4 um.

Table 5. Mean of COD measurements using the algorithm.

Mean
Right crack Left crack
COD COD
Test-0° 30.4514 34.1000
Test-15° 20.8312 22.8107
Test-30° 37.4639 39.5683
Test-45° 40.5614 50.7675

Table 6. Standard deviation of COD measurements using the algorithm.

Standard deviation

Right crack Left crack

COD (um) COD (um)
Test-0° 2.3069 2.7625
Test-15° 1.1773 2.0918
Test-30° 2.6022 3.2553
Test-45° 2.3468 1.2570

Figure 9 depicts the graphs of the COD values obtained by the algorithm for the different tests
and their corresponding studies. Once these graphs were examined, it became evident that the
algorithm was not only robust in calculating the length but also in calculating the COD and,
consequently, the crack angles.
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Figure 9. Different COD measurements calculated in each test using the algorithm.

Finally, to demonstrate the validity of our method, as undertaken in [8], the relationship between
the values obtained by both methods, the algorithm and manual, was established using the Relative
Difference (RD), as defined by the following Equation (2):

RD = [WnewXWeonl| 2)
Weon
where wnew is the measured variable (length, angle, COD) calculated using the proposed algorithm,
and weon is the measurement obtained using the optical or manual method.

Thus, in Tables 7 and 8, a comparison of the values obtained using both methods for the lengths
of the right and left cracks, respectively, is shown, along with the resulting RD. We considered
comparing the COD obtained by both methods and their corresponding RD coefficient, but due to
the fact that the manually obtained values were not the same quantity and were not obtained at the
same points as those obtained by the algorithm, these results would not be valid.

Table 7. Comparison between measurements performed by hand and the algorithm for the right crack.

Right crack
Le'(‘flt:;g;m) Length (um) ALG. RD (%)
Test-0° 4255912 453.4994 6.153973167
Test-15° 408.8691 404.2203 1.150067136
Test-30° 795.8696 812.8901 2093828079
Test-45° 594.5870 869.9099 31.64958808

The user’s involvement in preprocessing was conducted to enhance the analysis, as it was
considered necessary to obtain the correct binarization threshold for each crack, which could not be
achieved automatically. Reference [9] supports user interaction to achieve better analysis when using
their algorithm.

Table 8. Comparison between measurements performed by hand and the algorithm for the left crack.
Left crack
Length (um) (Hand) Length (um) ALG. RD (%)
Test-0° 438.2894 453.38 3.443064456
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Test-15° 565.7139 492.2306 12.98948066
Test-30° 559.5837 612.7134 9.494509636
Test-45° 599.7877 859.2285 43.25543855

4. Conclusions

This article presents a method for detecting and analysing microcracks in steel specimens using
grayscale image analysis. Compared to the methods used so far, we believe it has the following
advantages:

1. It calculates the crack’s length along its path, or neutral line, instead of calculating it as a linear
distance from the origin to the tip, as in traditional methods. This provides a better
approximation of its actual length. It also calculates the linear distance as an interesting data
point.

2. It calculates both the total slope of the crack, from origin to tip, and the point-to-point slope
along the centreline. This allows for a better approximation of COD at each point along the crack
by applying it perpendicularly.

3. It allows for separate analysis of cracks, treating them as different images. This enables the
application of different preprocessing and binarization treatments to each one for accurate
analysis. This is primarily due to differences in illumination in different parts of the image.

The resolution of the images and variations in lighting, causing shadows, can lead to
measurement errors in both manual and algorithm-developed analysis methods. Thus, it is common
to observe discrepancies between the measurements made by these methods.
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