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Abstract
Image analysis is used in thiswork to quantify cracks in concrete thin sections via
modern image processing. Thin sections were impregnated with a yellow epoxy
resin, to increase the contrast between voids and other phases of the concrete.
By the means of different steps of pre-processing, machine learning and python
scripts, cracks can be quantified in an area of up to 40 cm2. As a result, the crack
area, lengths and widths were estimated automatically within a single workflow.
Crack patterns caused by freeze-thawdamageswere investigated. To compare the
inner degradation of the investigated thin sections, the crack density was used.
Cracks in the thin sections were measured manually in two different ways for
validation of the automatic determined results. On the one hand, the presented
work shows that the width of cracks can be determined pixelwise, thus providing
the plot of a width distribution. On the other hand, the automatically measured
crack length differs in comparison to the manually measured ones.
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1 INTRODUCTION

Concrete petrography is a proven method for assessing the
condition of concrete components and determining the
causes of various damage mechanisms.1–3 Primarily, the
microstructure is evaluated regarding condition, potential
reactivity of the aggregate, and defects. Defects are rated
qualitatively during the assessment. Often, a qualitative
statement is sufficient, but not representative regarding
the entire concrete or specimen. Manual crack mapping
using thin sections is an integral part of damage assess-
ments. As shown in Refs. (4) and (5), manual crack map-
pingwas used in order to investigatemicrocracks caused by
shrinkage.
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In recent years, digital image processing has become
increasingly important in materials science and espe-
cially crack quantification. Reasons for this include grow-
ing computing capacities as well as easier accessibil-
ity and applicability of image processing methods. This
creates new possibilities for quantifying damaged con-
crete microstructures, which leads to many different
semi-automatic methods for microscopic andmacroscopic
scale.6–11 The variety of different methods show that not
only one final solution will be suitable for crack quantifi-
cation rather than many different methods depending on
scale and sample type.12
The aim of the presented work is to quantify cracks

in the concrete microstructure representatively within a
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single streamlined workflow and to validate the auto-
matic determined results by measuring crack features
manually. For this purpose, a partially automated method
was developed for speeding up the crack quantifica-
tion of microscopic images of concrete thin sections.
In addition, the method should work less suscepti-
ble to subjective assessments by the processor. This
should enable quantified and representative results for
appraisals and support the investigation for the cause of
cracks.

2 METHOD

The procedure is described in the following section. It’s a
continued development of the method in Ref. (13).
The first step is preparing thin sections out of concrete

specimen. Thin sections are about 25 μm thick and are
impregnated with a yellow epoxy resin during prepara-
tion. This stabilises the matrix to avoid changes in the
microstructure during the preparation process and it high-
lights voids in the microstructure in yellow. The related
thin sections were obtained from frost-damaged concrete
specimens. In the first of two measurement series, three
specimens were subjected to an identical regime of freeze-
thaw cycles using the CDF-test. To realise a triple deter-
mination of the crack features, one thin section was pre-
pared from each specimen. The thin section layer was
centred longitudinally to the y-axis in each specimen
(±2 mm, see Figure 2A). For the second series of measure-
ments, a thin sectionwas prepared from the verticalmiddle
layer of a concrete cylinder.
Each thin section of up to 40 cm2 was recorded in

unpolarised transmitted light under 25× total magnifica-
tion resulting in an approximately 87.000 px by 58.000 px
large RGB image. The BX43 transmitted-light microscope
from Olympus was used, with the SC50 CMOS camera
from the same manufacturer mounted on it. The micro-
scope is equipped with an object stage fromMaerzhaeuser
that is motorised in the x-y direction. The control of the
stage, the acquisition of the single images as well as parts
of the image analysiswere carried out by using the software
OLYMPUS Stream from Olympus-SIS.14

Image processing and analysis was applied to 8-bit
images exported in BTF format (BigTIFF). The BTF format
is a type of TIFF format, which was specially developed
for the loss-free storage of images with a data volume of
more than four gigabytes. The scaling factor of the images
is 883.64 nm/px.
After the thin section had been digitised, the yel-

low areas respectively the voids impregnated with yellow
epoxy resin were segmented. Trainable Weka Segmenta-
tion (TWS) was used for segmentation,15 which is available
as a plugin in the image processing package Fiji.16 TWS
is a trainable machine learning approach that let the pro-
cessor create a classifier which can be used for segmenta-
tion by labelling different phases in images. It’s based on
the Fast Random Forest classification and regression pro-
cedure, which is an ensemble classifier with well docu-
mented levels of accuracy and processing speed.17,18 The
following features were used to train the classifier: Gaus-
sian Blur, Sobel Filter, Median Filter, Bilateral Filter. All
20 features available in the TWS were evaluated individu-
ally and selected for fast and accurate segmentation. Train-
ing with too many features can lead to overfitting of the
model.19 Training was done on detail images of the thin
section, which are about 1.000 px × 1.000 px in size. The
phases were labelled manually per image as a so-called
ground truth and separated into two phases: epoxy resin
and all remaining phases (aggregate, cement). This step is
also known as annotation. After training the classifier on
10–20 single images, it can be applied to thewhole thin sec-
tion image to segment the voids filled with yellow epoxy
resin. Due to the training, there is no need of choosing a
threshold. Once trained and validated the results made by
the classifier are highly accurate and reproducible. Due to
the size of the entire thin section images (12–16 GB), the
images are automatically cropped intomany single images,
segmented separately and then combined again at the end.
This makes segmentation feasible even on regular desk-
top PCs. In contrast, the segmentation time of an entire
thin section took about 16–36 h, depending on the com-
plexity of the trained classifier. Pores as well as cracks were
segmented, and their area were determined. A classifica-
tion of the objects according to their roundness was carried
out in OLYMPUS Stream to differentiate these voids. The

F IGURE 1 Workflow of the presented
method shown on a detail image from a 40 cm2

large thin section. (1) Input Image, (2) TWS in
ImageJ via trained classifier, (3) classified objects
depending on roundness (red indicates objects
with a roundness smaller than 0.10), (4) pore and
artefacts were deleted, (5 and 6) preprocessing
with Gaussian filter, (7) skeletonised image with
crack contour and computing of crack length,
(8) distance map of step 4 and pixelwise
computing of the crack width
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F IGURE 2 First series of measurements. (A) Location of prepared thin section in the test specimen. (B and C) Comparison of
automatically and manually determined crack densities and mean crack widths (threefold measured), A = 40 cm2. Error bar indicates the
standard deviation. (D) Crack width distribution that can be determined from the automatic measurement. Between 900 k and 1.1 m width
measurements were made per thin section

roundness is calculated approximately from the squared
quotient of the width and length of an object. The degree
of separation between the two classes lies at a round-
ness of 0.10. In some cases, the processor had to inter-
vene after this step, because of compaction pores, which
can be of elongated shape as well, were incorrectly clas-
sified as cracks. Objects classified as pores were removed
from the image and the crackmapwas exported as a binary
image.
A Python script was written to import the crack map

to determine the crack lengths and widths. The script
is available at GitHub.20 The procedure of the script is
described in the following. The binary image generated
from the segmentation serves as input (Figure 1(4)). The
crack length was determined by using a skeletonisation,
where cracks are reduced to their centre line. The num-
ber of pixels associated with the skeleton is assumed as
the crack length, following Refs. (6) and (5). A measure-
ment of the crack widths was realised by means of a dis-
tance function. After skeletonisation, the distance between
the determined skeleton and the contour of the crack was
determined and then doubled. The skeletonisation is pre-
ceded by a Gaussian filter (with σ= 7), which considerably
reduces the occurrence of skeletal branches due to the very
heterogeneous morphology of the cracks. Such skeletal
branches lead to an overvaluation of the crack length and

an undervaluation of the crack width. Finally, a pixelwise
crack width measurement was possible. The crack density
is determined in m/m2, which describes the crack length
vs. the examined area in order to compare differently
sized examination areas. The procedure of the method
is illustrated on a detail image from a thin section in
Figure 1.
For reference purposes, the crack length andwidth were

determined manually and compared with the automati-
cally determined results. The manual measurements were
done similar to the procedure described in Ref. (5). A
thin section was digitised using a high-resolution flatbed
scanner (Microtek, Scanmaker 4800). Afterwards a ref-
erence crack map with a defined pen width was drawn
in the image using the CorelDRAW software. The res-
olution of the image made with the flatbed scanner is
much lower than that of the microscopy images. Due to
the lower resolution, some cracks were not detectable,
thus the manual crack mapping was carried out in the
image while the thin section was viewed under the trans-
mitted light microscope. Subsequently the crack lengths
were determined by dividing the segmented area of the
cracks by the pen width used. The crack widths, on the
other hand, were measured in the microscopy images of
the complete thin sections using the OLYMPUS Stream
software.
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F IGURE 3 Second series of measurements. Comparison of
automatically and manually determined crack density in a ROI, A =

7.9 cm2

3 RESULTS AND CONCLUSIONS

Two series of measurements are presented in this paper.
The standard deviation of the triple determined crack fea-
tures by the manual and automated method was com-
pared in the first series. The comparison of those crack
features is shown in Figure 2B and C. Obviously, the
automatically recorded crack density and the associated
crack lengths are far below the manually determined val-
ues (Δ = 170 m/m2). Secondly, the standard deviation
of the manual measurements is considerably larger com-
pared to the automated measurements. In each thin sec-
tion between 50 and 133, crackwidthsweremeasuredman-
ually. In opposite, around one million crack widths were
measured per thin section using the automatic method.
Themanually recordedmean crack width is 2.91 μmbelow
the automatically recorded mean crack width. The main
reason for this is the smaller number of measurement
points. Crack widths are measured pixel by pixel by the
means of the automatedmethod, so that themaximumand
minimum crack widths are measured with a higher preci-
sion. Furthermore a crack width distribution is available
through these measurements, shown in Figure 2D. The
width distributions of the three thin sections examined are
very similar.
The crack length measurement within a region of inter-

est (ROI) in the high-resolution microscopy scan was car-
ried out both manually and automatically in order to find
the cause of the differences between the crack lengths of
the two methods. Thus, there were no differences in the
image resolution, as in the first series of measurements.
About one third of the area of a thin sectionwas selected as
ROI. The difference between the crack densities is clearly
smaller compared to the first series of measurements, as
can be seen in Figure 3.
Subsequently, the input image of the thin section, aswell

as the segmented, classified crack image, and the skele-
tonised crack image were superimposed to investigate rea-
sons for any deviations. A selection of details is shown
in Figure 4. Cracks of different morphology are shown

(Figure 4A and E). The cracks in Figure 4A and C were
well determined. In contrast, Figure 4D and E clearly dis-
plays disconnected crack paths. The reason for this is that
the thin section only covers one layer of the specimen and
thus the information in the z-direction ismissing. Incorrect
detection is possible due to filled objects, which can occur
during preparation, for example, due to voids that were not
filled with epoxy resin before grinding (see Figure 4I). This
leads to incorrect quantification in individual areas and
must be checked and corrected manually in each case.
After considering the results and details from the

above-mentioned series of measurements, the deviations
between the values of the two methods are due to the fol-
lowing reasons:

∙ A few skeleton branches remain after the skeletonisa-
tion of the blurred image, especially in case of strong
changes in the crack width and/or orientation.

∙ Geogenic cracks in aggregate grains are automatically
completely recorded and manually not or only partially
recorded (Figure 4F and G).

∙ Partially or not segmented objects and inaccurately clas-
sified objects as shown in Figure 4H.

∙ Manually partially or not detected cracks.
∙ Limited number of crack width measurements during
manual measurements.

∙ Inaccuracieswhen drawingmanually the cracks into the
flatbed scanner’s overview image.

∙ Interrupted paths of the cracks are drawn in as continu-
ous line manually (overvaluation) but as separate lines
by the automatic image analysis (undervaluation).

4 DISCUSSION

A pixelwise and reproducible quantification of different
crack features is possible by the means of the method pre-
sented here. These include crack width, their distribution,
crack length and crack density. The comparison of the
manual and automated method shows further need for
clarification for the differences between the determined
values. Nevertheless, numerous parameters and their
influence on the crack features could be identified for both
methods. The overvaluation and undervaluation of values
are influenced depending on the parameter considered.
Especially in the automated crack length determination,
a validation is necessary to obtain a final statement regard-
ing its accuracy and representativity.
One advantage of themethod presented here is the large

area that can be captured and quantified automatically.
Furthermore, a crack width distribution can be recorded,
with cracks wider than 25 μm being crucial for the perme-
ability in concrete and thus also for durability.21 The clearly
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F IGURE 4 Detail images. Red marked are the automatically segmented and classified crack areas. White lines are the skeletonised
cracks. (A–C) Well determined cracks with different morphology, (D and E) disconnected crack path, (F and G) geogenic cracks, (H)
incorrectly classified object and (I) pore filled with cement or small grains during preparation

lower standard deviation compared to manual crack map-
ping is also a major advantage.
Autonomous quantification has not been implemented.

Manual intervention by the processor is still necessary,
for example, in the case of pores cut by cracks, elongated
compaction pores, artefacts introduced during thin section
preparation (Figure 4I) or new phase formations due to an
alkali-silica reaction or delayed ettringite formation.

5 FURTHER RESEARCH

In the future, a comparison of the two-dimensional mea-
surements with measurements from a three-dimensional
method is planned. A combination of two- and three-
dimensional methods should also lead in gaining fur-
ther information and help to overcome the scaling-related
limitations of both methods. A possible extrapolation of
the two-dimensional data to three-dimensional data using
tools from stereology is intended.
Regarding the classification of cracks according to their

location in the specimen, the manual method is typically
applied.4 The automated method records cement paste
cracks, cracks at phase boundaries as well as cracks in
the rock grain independently of each other. Especially
with the latter class, the distinction is not negligible. For
example, it makes a decisive difference whether these are

geogenic cracks or induced cracks from the alkali-silica
reaction. The automatic classification of cracks into aggre-
gate cracks, hardened cement paste cracks and contact
cracks is thus certainly desirable for finding the cause of
the cracks.
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