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Abstract: Destruction pattern analysis of building materials subjected to fire provide the basis for
strengthening, restoring the bearing capacity, and optimizing the function of the building structure.
The surface cracking and fractal characteristics of calcium carbonate whisker-reinforced cement
pastes subjected to high temperatures were studied herein. The test results showed that at 400 ◦C,
the surface crack area, length, and fractal dimension of cement pastes specimen increases from 0 to
35 mm2, 100 mm, and 1.0, respectively, due to the increase of vapor pressure. When the temperature
is above 900 ◦C, the calcium carbonate whisker (CW) and other hydration products in the specimen
begin to decompose, causing the surface crack area, length, and fractal dimension of the cement
paste specimen to increase from 0 to 120 mm2, 310 mm, and 1.2, respectively. Compared with the
length and width of cracks, the area, and fractal dimension of cracks are less affected by the size
and shape of specimen. This paper uses image processing methods to analyze the cracking patterns
and fractal characteristics of specimens after high-temperature treatment. The aim is to elucidate
the quantitative relationship between concrete material, temperature, and cracking characteristics,
providing theoretical basis for structural evaluation after exposure to high temperature.

Keywords: cracking characteristics; high temperatures; image processing; fractal dimension

1. Introduction

Fires are frequent disasters that seriously threaten people’s lives and property. After a
fire, performance analysis and evaluation of the burned building’s structure are the basis
for strengthening and restoring the bearing capacity and utilizing function of the building.
It is undoubtedly important to evaluate the performance of common structural materials
after exposure to high temperature. Concrete undergoes severe and complex physical and
chemical changes under high temperature, which leads to performance deterioration and
even complete loss of load-bearing capacity. The physical changes to concrete exposed
to high temperatures include weight loss, color change, porosity increase, cracking, and
bursting [1–3]. Physical characteristics such as mass loss, ultrasonic velocity, rebound,
and compressive strength are usually measured to evaluate the degree of damage to the
concrete after a fire [4,5]. However, the current research on the apparent cracks in concrete
exposed to high temperature does not go beyond qualitative analysis.

With the widespread use of concrete in structural engineering, the issue of cracking
has gradually become more relevant. Concrete cracking is one of the most notable risks to
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the durability and safety of structures [6]. Therefore, it is necessary to study the cracking
characteristics of concrete. Tiberti et al. [7] provided an overview of the cracking behavior
of steel fiber-reinforced concrete after bending. They investigated the effects of concrete
matrix strength, fiber dosage, fiber aspect ratio, tensile strength, and fiber orientation on
cracking properties, respectively. All of these parameters have a significant effect on the
cracking characteristics of concrete. Yin et al. [8] investigated the post-cracking performance
of recycled polypropylene fibers in concrete. Crack mouth opening displacement (CMOD)
and round determinant panel test (RDPT) were used to evaluate the post-cracking behavior
of fiber-reinforced concrete. Shen et al. [9] analyzed the effect of fiber length on the early
cracking of high-performance concrete. The increase of fiber length could reduce the
tensile creep and cracking resistance of high-strength concrete. Thus, various types of
high-performance concrete were utilized and extensively studied [10]. Low-cracking, high-
performance concrete has been the material of choice for engineering construction. Darwin
et al. [11] conducted a long-term follow-up study on this topic. The results showed that high-
strength concrete with high collapse is more prone to cracking than high-strength concrete
with low collapse. In addition, for medium-strength concrete, concrete temperature control
and early maintenance could reduce the negative effects of placing concrete under high-
temperature conditions. Wang et al. [12] studied the amount of fly ash on the shrinkage,
cracking, and fractal properties of panel concrete. The pore structure has a large effect on
the concrete properties. Peng et al. [13] performed fractal analysis and hydration modeling
of the pore structure of magnesium phosphate cement (MPC) slurry. They modeled the
hydration reaction of MPC slurry and found that the fractal dimension was proportional
to the porosity. However, most of these concrete cracking studies did not directly analyze
surface cracks.

Analysis of the development of surface cracks yields valuable insight; therefore, the
accurate detection of cracks is important. At present, concrete crack detection methods
can be divided into fiber grating network detection [14,15], ultrasonic detection [16,17],
acoustic emission detection [18,19] and image detection [20–24]. Fiber grating network
detection, ultrasonic detection, and acoustic emission detection are all forms of contact
measurement, which requires one to install several sensors in advance in order to determine
the parameters of cracks. These three types of methods are not suitable for large-scale
structural crack detection. The image detection method is a form of non-contact measure-
ment, which is more convenient and cost-effective, and has accordingly received wide
attention. Traditional image detection methods generally include two steps: pre-processing
and detection. In the pre-processing stage, many kinds of filters are used to remove ir-
relevant features in the image; in the detection stage, support vector machines or other
algorithms are used to identify cracks. This kind of method is greatly affected by the
image’s quality, requires many intermediate steps, and cannot achieve end-to-end detection.
Deep learning has achieved remarkable results in the field of image processing. Deep
convolutional neural networks are used to automatically extract deep features of images,
and complete image classification, object detection, semantic segmentation, and other
tasks with high precision. Therefore, deep learning technology has gradually earned the
attention of various industries, such as driverless cars [25–27], traffic management [28–30],
construction safety [31,32], etc. In the field of civil engineering, there is also a large volume
of image data. Many researchers combine deep learning with detection images to identify
and locate damage. For example, Cha et al. [33] used a convolutional neural network and
the sliding window technique to identify and locate cracks on the concrete surface. Li
et al. [34] converted the vibration acceleration data of stay cables into images and used an
image classification algorithm to detect abnormalities. Zhang et al. [35,36] used the deep
convolutional neural network to monitor the bolt loosening damage, which includes both
small and large degrees of bolt loosening damage. A shortcoming of deep learning is that
it requires a large volume of data samples. Data quality also greatly affects the recognition
capabilities of deep learning algorithms. In addition, the semantic segmentation algorithm
requires artificially labeled cracks. Therefore, considering the crack characteristics of the
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specimens after high-temperature treatment, the labeling results can be directly used for
analysis in this study.

Analysis of building material damage characteristics provides a basis for strengthening
and restoring the bearing capacity and utilizing function of the building structure after a
fire. The quantitative crack characteristics of fire-damaged cementitious composites have
received little attention in research due to the difficulty of identifying cracks accurately
with conventional measurement techniques. To bridge this gap, image annotation was
used to extract the surface crack of cement paste from a high-temperature environment and
analyze its developmental characteristics. The developmental process of surface cracks in
cube and prism specimens after high-temperature testing was analyzed.

2. High-Temperature Testing
2.1. Specimen Preparation

Firstly, cement pastes with different contents (0%, 10%, 20%, 30%) of calcium carbonate
whisker (CW) were prepared. The reason for using the 4 different contents of CW of
10%, 20%, 30% and 40% is that these four dosages of CW can effectively improve the
compressive, flexural, and impact resistances of cement at room temperature [6]. The
chemical compositions of composite Portland cement and CW are shown in Table 1. In
order to reduce bubbling during the mixing process, tributyl phosphate was added into the
mixture. In addition, a superplasticizer (SP) with a water reduction rate of 24.1% was used
to ensure that the workability and fluidity of the freshly mixed cement paste were similar.
The ratios of raw materials are shown in Table 2. In this experiment, two sizes of test
specimens were made: a cube (70.7 × 70.7 × 70.7 mm3) and a prism (40 × 40 × 160 mm3),
which were cured in a standard curing box for 24 h. After demolding, they were cured for
28 d in a 20 ◦C water tank.

Table 1. The Chemical Composition of Composite Portland Cement and CW.

Component CaO SiO2 Al2O3 Fe2O3 CO2 MgO SO3 K2O TiO2

CW 54.93 0.29 0.11 0.07 42.07 2.14 0.31 0 0
Cement 52.61 28.45 6.95 2.44 0 4.30 3.45 1.06 0.36

Table 2. The Ratios of Raw Materials.

Series W/B Cement (kg/m3) CW (kg/m3) Water (kg/m3) SP (wt. %)

W0 0.30 1500 0 450 0.17
W10 0.30 1350 150 450 0.67
W20 0.30 1200 300 450 1.00
W30 0.30 1050 450 450 1.20

In order to avoid bursting of the test specimen under high temperature, the test
specimen was taken out of the water tank and put in the drying oven at 60 ◦C for 24 h.
After that, the specimens were heated to 200 ◦C, 300 ◦C, 400 ◦C, 500 ◦C, 600 ◦C, 700 ◦C,
800 ◦C, 900 ◦C, 1000 ◦C, and 1100 ◦C, respectively, at a rate of 3 ◦C/min in an electric
high-temperature furnace. After reaching the target temperature, the temperature was kept
for 2 h. Then, the electric furnace was shut down until the temperature approached the
ambient temperature, and the test specimens were taken out.

2.2. Data Preprocessing

After high-temperature treatment, cracks appeared on the surface of concrete spec-
imens. In this paper, a camera was used to collect images of concrete surface cracks.
However, during the image collection process, it was not possible to ensure that the lens
and the specimen remained completely vertical. In order to facilitate the quantitative
identification of cracks, the perspective transformation was used to correct the concrete
specimen in images, as shown in Figure 1.
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Figure 1. Tilt correction of specimen.

This perspective transformation was used to complete the tilt correction of images.
Perspective transformation can project the image to a new viewing plane, and its transfor-
mation formula is: u′

v′
w′

 =

a11 a12 a13
a21 a22 a23
a31 a32 1

x
y
z

 (1)

The core of the transmission transformation is a mapping matrix (3 × 3), where
[a11, a12; a21 a22] is used for the linear transformation, [a13; a23] is used for the perspective
transformation, and [a31, a32] is used for the translation transformation. (x, y) are the
pixel coordinates of the original image, z is 1, and (u, v) are the pixel coordinates of the
transformed image. {

u = u′
w′ =

a11x+a21y+a31
a13x+a23y+1

v = v′
w′ =

a12x+a22y+a32
a13x+a23y+1

(2)

Assuming that the pixel coordinates of the four points in the original image and the
transformed image are known, the eight unknown parameters in Formula 3 could be
obtained. Therefore, four control points were selected from the original image, and the
width (w) and height (h) of the new rectangle could be obtained through the coordinates of
control points. According to the height and width of the new rectangle and the coordinates
of the four points in the original image, the new pixel coordinates of the four points in the
transformed image can be obtained.w =

√
(x1 − x2)

2 + (y1 − y2)
2

h =
√
(x1 − x3)

2 + (y1 − y3)
2

(3)


(u1, v1)
(u2, v2)
(u3, v3)
(u4, v4)

 =


(x1, y1)

(x1+w, y1)
(x1, y1 + h)

(x1+w, y1 + h)

 (4)

According to four pairs of pixel coordinates and Formula (3), eight parameters in the
perspective transformation matrix could be calculated, and then the tilt correction of the
entire image could be completed. In order to unify the sizes of images in the data set, all
corrected images were cropped to 900 × 900 pixels. Finally, LabelMe (version: 3.16.5) was
used to label the cropped images.

3. Crack Parameter Extraction

After high-temperature treatment, cracks appeared on the surface of test specimens.
The surfaces of these specimens were photographed using image acquisition equipment
to construct a surface crack dataset. In this study, the cracks in the images were labeled
using LabelMe. According to the labeling results, the pixel area of crack and test specimen
could be calculated. The actual area of the specimen was known, and the pixel area of
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the crack was easily converted to the actual area of the crack. After the labeled cracks
were skeletonized, the total length and average width of the cracks could be obtained.
In order to express the shape of crack, the fractal dimension of the labeled crack image
was calculated. Since the surface cracks of the test specimen are relatively broken after
high-temperature treatment, it is not meaningful to count the number of cracks. Therefore,
this paper analyzed the cracking characteristics of cement paste at high temperature from
the crack area, total length, average width, and fractal dimension.

In this experiment, an open-source labeling software (LabelMe) was used to process
cracks in images. This labeling software can obtain pixel-level labeling results of cracks
in images by manual labeling, as shown in Figure 2. The annotation results can be used
to construct a semantic segmentation dataset of cracks. It can be seen from the figure
that many small cracks appeared on the surface of the test block after high-temperature
treatment. After manual marking, the cracks on the surface of the specimen are clearly
visible and the background elements are all masked. In general, semantic segmentation
datasets can be used for training semantic segmentation algorithms in deep learning. The
trained deep learning model can directly extract the cracks in the image at pixel level.
However, only 164 images were collected for this crack dataset. The cracks on the surface of
the specimens after high-temperature treatment are very small and thin, so the cracks may
appear at any position of the specimens. It was not possible to highlight the crack locations
with local cropping. Therefore, the extraction of these cracks is very difficult for deep
learning. To test this method, these data are fed into the deep learning model to complete
the model training. To prevent overfitting, these images are processed with various data
augmentation methods. U-Net architecture was adopted, and the coding structure was
Resnet-50. Some important hyperparameters are as follows: learning rate is 1e−4, batch
size is 2, momentum is 0.9, and epoch is 100. However, this method is less effective in
identifying surface cracks in the specimen after high-temperature treatment. This is mainly
because the number of cracks in the dataset and the number of pixels occupied are very
small, i.e., the difference between the number of positive and negative samples is very
large. Therefore, in this study, the surface cracks of the specimen after high-temperature
treatment could not be identified with high accuracy using deep learning. To generate a
more accurate assessment of the cracking performance of the test blocks, the crack labeling
results were used directly.
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As can be seen in the figure, two types of targets were labeled. Among them, red
represents the specimen and white represents the crack. The crack area could be quickly
obtained by counting the number of white pixels. The labeling result could be changed
from cracks to single-pixel lines after skeleton extraction. The pixel area occupied by the
line is the crack length. The box-counting dimension method was used to calculate the
fractal dimension of the cracks in each image [37]. The extracted cracks were placed on
a uniformly divided grid, counting the minimum number of grids needed to cover the
cracks. The side length of the grid is λ, and the whole image is divided into N grids. The
fractal dimension (FD) of cracks can be defined as:

FD = lim
λ→0

log N(λ)

log(1/λ)
(5)

The sum of the number of red and white pixels gives the cross-sectional area of the
specimen. The extraction results of these four types of parameters are shown in Table 3. The
true area of the specimen cross-section is known. Therefore, these four types of parameters
can be easily converted to real values. In addition, the average width of the crack is the
crack area divided by the crack length.

Table 3. Extraction Results of Parameters.

Count Specimen Area Crack Area Crack Length Fractal Dimension

a 87,325 75 53 0.5814
b 85,473 285 234 0.8595
c 83,825 1281 1007 1.2059
d 86,496 1789 1350 1.1908

4. Cracking Characteristics Analysis

In the production process of the cement paste specimens, calcium carbonate whiskers
with contents of 0%, 10%, 20%, or 30% were added to the cube and prism specimens,
respectively. These specimens were then treated at 20 ◦C, 200 ◦C, 300 ◦C, 400 ◦C, 500 ◦C,
600 ◦C, 700 ◦C, 800 ◦C, 900 ◦C, 1000 ◦C, and 1100 ◦C. Since the goal of this study was
to accurately identify and analyze the shape and size of the cracks, in order to avoid the
specimen bursting at high temperature, the heating rate of the electric furnace was set at
3 ◦C/min. When the temperature of the electric furnace reached the target temperature, it
was maintained for 2 h and then cooled to room temperature. A camera was used to take
pictures of these concrete specimens after high-temperature treatment.

The LabelMe software is used to label the surface cracks of a concrete specimen in an
image. Using the annotation result, the pixel area of the specimen and the crack can be
calculated. The actual area of the specimen is known, the pixel area of the crack is easily
converted to the actual area of the crack. After the annotation cracks are skeletonized,
the total length and average width of the cracks can be obtained. Fractal geometry is a
mathematical theory used for describing irregular, disorderly phenomena and behaviors
in nature. Its main concept is fractal dimensionality, which can quantitatively describe
the complexity and space-filling capacity of geometric shapes. Concrete exhibits a series
of fractal characteristics, both in its structure and working process. In order to illustrate
the complexity of concrete crack morphology under high temperatures, the box-counting
dimension method was used to calculate the fractal dimension of the crack morphology.
Therefore, the actual area, total length, average width, and fractal dimension of cracks were
determined for each image. Then, the cracking characteristics of cement paste with various
CW contents and at various high temperatures were analyzed.
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4.1. Cube Specimens

The annotation results of a few cube specimens are shown in Figure 3. On the left side
are the original pictures, and on the right side are the annotation results. In the annotation
results, the red part is the cement paste specimen, and the white part is the crack.
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Using the annotation results, the pixel area of the specimen and the crack can be
calculated. The actual area of the cube specimen is 4998.49 mm2. With the relationship
between the actual area and the pixel area, the actual area of the crack can be easily obtained.
Surface crack parameters (area, total length, average width, and fractal dimension) curve
of the cube specimen are shown in Figure 4.

It can be seen from Figure 4a that the surface crack area of the specimen increases from
0 to about 10–30 mm2 at 400 ◦C. The reason for this phenomenon is that the vapor pressure
in the cement paste reaches its peak value at 400–500 ◦C [38]. Under the high-temperature
treatment system in this experiment, the electric furnace will maintain the peak temperature
for 2 h after reaching the target temperature. Long-term high vapor pressure will cause
the specimen to crack, which is essentially in accordance with the temperature at which
high-strength concrete bursts described in the literature [39]. The crack areas of W20 and
W30 are larger than those of W0 and W10. The primary reason is that the main component
of CWs will be converted from aragonite to calcite, which is accompanied by about 1.2%
quality damage. The carbon dioxide released during this phase change may also increase
the air pressure in the specimen, which leads to an increase in the surface crack area of
the specimen [40–42]. When the temperature reaches 900 ◦C or higher, the crack area of
the specimen increases from 0 to about 30–120 mm2, mainly due to the decomposition of
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calcium carbonate and the other hydration products in the cement paste. At this time, the
crack areas of W20 and W30 are significantly larger than those of W0 and W10, e.g., the
crack area of W20 can reach more than 4 times that of W0. The main reason is that when
the temperature is higher than 900 ◦C, CWs begin to decompose into calcium oxide and
release carbon dioxide, which leads to the intensified cracking of the specimen [40,42].
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The variation trend of the total crack length in the cube specimen is generally con-
sistent with that of the crack area, as shown in Figure 4b. Specifically, the crack length
increases from 0 to 30–100 mm at 400 ◦C and 20–310 mm above 900 ◦C. It can be seen
from Figure 4c that when the temperature is below 900 ◦C, the average width of the cracks
fluctuates around 0.24–0.3 mm. However, when the temperature reaches 900–1000 ◦C, the
crack width of the specimen increases significantly, which is due to the decomposition
of calcium carbonate and other hydration products [27,29]. An interesting phenomenon
is that, compared with 1000 ◦C, the crack width of all specimens is reduced at 1100 ◦C.
The reason is the CaO, produced by the decomposition of CaCO3 and hydration products,
reacts with the silica in the cement–mineral admixture to form calcium silicate. Meanwhile,
the Ca(OH)2 produced by the hydration of CaO during the cooling process also helps to fill
the cracks in the specimen, thereby reducing the crack width [29]. As shown in Figure 4d,
the fractal dimension of cracks increases significantly at the two temperature ranges of
400–500 ◦C and 900–1100 ◦C. Specifically, the fractal dimension of cracks increases from
0 to 0.6–1.0 at 400 ◦C and 0.6–1.2 above 900 ◦C. The fractal dimension of W0 is smaller
than W20 and W30, indicating that the high content of CW also increases the complexity of
high-temperature cracks.
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4.2. Prism Specimens

The annotation results of various prism specimens are shown in Figure 5. On the
left side are the original pictures, and on the right side are the annotation results. In
the annotation results, the red part is the cement paste specimen, and the white part is
the crack.
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Figure 5. Crack annotation results of prism specimens with different treatment temperatures and raw
material ratios; the treatment temperature and raw material ratio of (a–f) are 200 ◦C-W0, 400 ◦C-W10,
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annotation result.

The actual area of the prism specimen is 6400 mm2. The calculation method of the
crack parameters of the prism specimen is the same as for the cube specimen. Surface crack
parameters (area, total length, average width, and fractal dimension) of prism specimens
are shown in Figure 6. It can be seen from Figure 6a,b that the crack area and crack length
of the prism specimen are generally close to the changing trend of the cube specimen. The
crack area and length increase when the temperature is 400 ◦C, and the crack area and
length increase more significantly when the temperature is above 900 ◦C. Specifically, the
crack area reaches 35 mm2 at 400 ◦C and 100 mm2 above 900 ◦C. The crack length reaches
60 mm at 400 ◦C and 160 mm above 900 ◦C. However, the crack area and length of W0 and
W10 are larger than that of W20 and W30 at about 400 ◦C, which is completely opposite
to the result of the cube specimen. The short side length of the prism specimen is 40 mm,
which is smaller than the side length (70.7 mm) of the cube specimen. At high temperatures,
it takes less time for the smaller specimen to reach thermal equilibrium and the internal
gas is easier to release. At this time, the conversion of calcium carbonate whiskers from
aragonite to calcite has fewer side effects on the cement paste, and the CWs control the
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development of micro-cracks to a certain extent. Therefore, the CW can reduce the area
and width of the apparent cracks of prism specimens.
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It can be seen from Figure 6c that the crack width of the prism specimen is close to
the changing trend of the cube specimen. The crack width changes little up to 900 ◦C
but increases to 1.3mm when the temperature reaches 1000 ◦C. Similarly, it can be seen
from Figure 6d that the fractal dimension of the prism specimen is close to the changing
trend of the cube specimen. The fractal dimension of cracks increases notably in the two
temperature ranges of 300–600 ◦C and 900–1100 ◦C. Specifically, the fractal dimension of
cracks reaches 1.0 at 400 ◦C and 1.1 above 900 ◦C. However, the difference is that when the
temperature is 300–600 ◦C, the fractal dimension of W0 is larger than that of W10, W20,
and W30. In terms of absolute values, the total crack length of the cube specimen is visibly
larger than that of the prism specimen, while the average crack width of the cube specimen
is visibly smaller than that of the prism specimen. The crack area and fractal dimension of
the cube specimen are close to that of the prism specimen.

It is necessary to consider the influence of the shape and size of each member, as
the dimensions of concrete members vary greatly in actual engineering. According to the
results of this paper, the crack area and fractal dimension are less affected by the shape and
size of the cementitious composite member. Hence, they are more reliable for evaluating
the degree of damage to concrete caused by fire.

5. Conclusions

Destruction pattern analysis of burned structures provides the basis for strengthening,
restoring the bearing capacity, and optimizing the function of the building. Concrete will
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crack in a high temperature environment, and it is of great significance to quantitatively
evaluate the degree of surface cracking. This study analyzed the cracking pattern of calcium
carbonate whisker-reinforced cement pastes after high-temperature testing. The surface
cracks of CW-modified cement paste treated at different temperatures are studied. The
main conclusions are as follows: (a) these crack parameters can reflect the physical and
chemical change process of the CW-reinforced cement paste at high temperature. At 400 ◦C,
the surface crack area, length, and fractal dimension of cement pastes specimen reaches
35 mm2, 100 mm, and 1.0, respectively, due to the increase of vapor pressure. When the
temperature is above 900 ◦C, the CW and other hydration products in the specimen will
decompose, which cause the surface crack area, length, and fractal dimension of the cement
paste specimen reach 120 mm2, 310 mm, and 1.2, respectively. (b) The cracking degree of
the cement paste specimen after high temperature is determined by the size and shape
of the specimen. Compared with the total length and average width of the crack, the
crack area and fractal dimension are slightly less affected by the size and shape of the
specimen. These two parameters can more reliably evaluate the cracking degree of concrete
elements with different sizes after high temperature. (c) The crack parameter extraction
method adopted in this paper can be used for cracking assessment of concrete materials
and elements exposed to fire. However, the surface cracks of concrete cannot fully reflect
the degree of damage to the concrete. In the future, deep learning could be combined with
non-destructive testing technology such as ultrasonic wave propagation, which can reflect
the internal state of concrete to evaluate the extent of fire damage more holistically.
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