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Abstract: Crack detection is significant to building repair and maintenance; however, conventional
inspection is a labor-intensive and time-consuming process for field engineers. This paper proposes a
three-step computer vision-based framework to quickly recognize concrete cracks and automatically
identify their length, maximum width, and area in damage images. In step one, a region-based
convolutional neural network (YOLOv8) is applied to train the crack localizing model. In step
two, Gaussian filtering, Canny, and FindContours are integrated to extract the reference contour
(a pre-designed seal) to obtain the conversion scale between pixels and millimeter-wise sizes. In
step three, the recognized crack bounding box is cropped, and the ApproxPolyDP function and
Hough transform are performed to quantify crack dimensions based on the conversion ratio. The
developed framework was validated on a dataset of 4630 crack images, and the model training
took 150 epochs. Results show that the average crack detection accuracy reaches 95.7%, and the
precision of quantified dimensions is over 90%, while the error increases as the crack size grows
smaller (increasing to 8% when the crack width is within 1 mm). The proposed method can help
engineers to efficiently achieve crack information at building inspection sites, while the reference
frame must be pre-marked near the crack, which may limit the scope of application scenarios. In
addition, the robustness and accuracy of the developed image processing techniques-based crack
quantification algorithm need to be further improved to meet the requirements in real cases when the
crack is located within a complex background.

Keywords: computer vision; crack detection; deep learning; image processing techniques;
dimensional quantification

1. Introduction

Concrete has been widely used in civil infrastructures such as buildings, bridges, and
pavements due to its wide range of sources, simplicity of workmanship, and durability.
Under prolonged exposure to loads and natural degradation, cracks may occur on the
surface of the concrete structure, which in turn affects its reliability and safety [1]. Detecting
and monitoring concrete cracks can provide effective information for structural repair and
maintenance since cracks are one of the important indicators that characterize the load-
bearing capacity. In most cases, crack detection still requires lots of manual involvement.
However, these conventional inspection methods are time-consuming, inefficient, and
costly, and they are also affected by the specialization and engineering experience of the
inspectors [2].

Recently, computer vision and artificial intelligence have been recognized as key com-
ponents in improving inspection methods in the field of structural health monitoring [3–5].
Vision-based algorithms combined with image or video capture devices offer new ap-
proaches for fast, accurate, and automatic detection of structural damages. Early image
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processing techniques used various statistical features, such as the original shape or edges
of the damage image, to extract information for crack identification, classification, and
regression. The techniques include edge detection [6], thresholding, filtering [7], etc.; how-
ever, they are sensitive to light variations and other noises in real environments. To enhance
the detection robustness and optimize the performance, many studies have introduced
machine learning methods, for example, support vector machines, directional gradient his-
tograms, and local binary patterns [8,9], which still required tens of thousands of iterative
steps and time-consuming pre- or post-processing operations [10].

Deep learning techniques have many advantages compared with traditional machine
learning methods, especially in terms of accuracy and recognition speed, and are therefore
increasingly being deployed in crack detection [11]. When training on damage images, an
end-to-end convolutional neural network (CNN) is usually used to learn and generate crack
recognition models [12]. The complex relationship between data can be fitted by parametric
nonlinear functions, and the greater the number of nodes and hidden layers of a CNN,
the easier it is to achieve parametric approximation [13]. Dang et al. [14] applied CNNs
to image blocks to automatically detect bridge surface damage captured by a remotely
operated unmanned aerial vehicle (UAV). Kim et al. [15] combined CNN and binarization
operations to identify cracks in concrete components and locate the pixel regions of the
cracks. In addition, researchers have proposed some crack detection approaches based on
AlexNet [16], VGG [17], and ResNet [18]. In order to improve the recognition efficiency and
accuracy further, the regional convolutional neural network (R-CNN) has been proposed,
which divides the detection task into feature pre-training, classification prediction, and
bounding box regression [19]. However, these methods are incapable of segmenting
the specific shape of cracks since they can only identify the bounding box of the region
of interest.

In building inspections, quantifying the damage degree is a critical step that can
help engineers evaluate the remaining life of structures. To achieve more feature infor-
mation, some studies have applied vision-assisted techniques to measure the damage
dimensions [20–22], such as semantic segmentation of cracks at different scales using fully
convolutional neural networks [23]. Attard et al. [24] proposed a method based on Mask
R-CNN [25] to locate cracks on concrete surfaces and obtain corresponding masks to help
segment shapes. Liu et al. [26] developed a model based on U-Net to depict the shape and
direction of cracks automatically. YOLO (You Only Look Once) is a deep neural network-
based target detection algorithm that has been widely used in computer vision due to its
high speed and accuracy [27]. Therefore, several studies have developed algorithms to
identify cracks based on YOLO, such as the improved YOLOv3 [28,29], YOLO-tiny [30],
etc. Although the dimensions like the length and width of the cracks can be derived from
these methods, the measuring results are pixel-wise rather than real millimeters. In order to
capture the real dimensions of the damage, researchers have proposed reference-based im-
age analysis methods, including transformation between pixel coordinates and real-world
coordinates through chevron plane-plate calibration [31] or using a binocular camera to
acquire the true depth of the damage through stereo vision approaches [32]. Nevertheless,
the above methods are relatively complex to operate reliably on additional equipment
and are also susceptible to surrounding environments that may result in compromised
detection accuracy.

With the aim of improving the robustness of crack recognition and realizing fast, accu-
rate, and convenient quantification of real-world millimeter-wise dimensions in housing
quality inspections, this paper proposes a three-step computer vision-based framework
based on deep learning and fused image processing algorithms. The proposed framework
first identifies the bounding box of each crack from images using the YOLOv8 target detec-
tion network. Secondly, the FindContours algorithm is applied for contour extraction of the
reference frame, and scale conversion is performed to achieve the ratio between pixels and
millimeter-wise sizes. Then, the target box is cropped, and the pixel-wise contour of the
crack is extracted. Finally, its length and area are calculated based on the conversion ratio,
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as well as the maximum width obtained by the maximum internal tangent circle (CircleFit)
algorithm. The general flowchart of the proposed framework is demonstrated in Figure 1.
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2. Methodologies
2.1. Deep Learning-Based Crack Recognition (Step One)

The series of YOLO target detection algorithms have received widespread attention
for their efficient and accurate performance. Currently, the most advanced version is
YOLOv8, which has been optimized and improved from its predecessor to make the model
more flexible in predicting target locations [33]. In this research, the bounding box of
each concrete crack in damage images is identified through the YOLOv8 deep learning
algorithm. The core layer applies Darknet-53 [34] to extract feature maps, including five
stages (convolution and residual block) and doubled channels after each pooling operation.
The number of convolutional and residual layers, channels, kernel size, and output size of
Darknet-53 are listed in Figure 2. The global average pooling is used to perform predictions,
and a batch normalization layer acts as a regularizer to stabilize the model training as well
as accelerate convergence.

Residual connections are extensively employed in the core layer so that the architecture
can be designed deeply to alleviate the problem of vanishing gradients during the training
process. In addition, downsampling is implemented by using a convolutional layer with a
stride of two instead of a pooling layer. The convolutional module consists of convolution,
batchnorm, and the SiLU activation function [35]. As shown in Figure 3, the input damage
image undergoes a Feature Pyramid Network (FPN) that conveys the semantic features of
the higher layers from up to down and then passes P3, P4, and P5 to the next operating and
connecting layers to perform the crack recognition task. Since the process only enhances the
semantic information without conveying the localization information, a bottom–top Path
Aggregation Network (PAN) pyramid is added after the FPN as a complement to aggregate
the shallow and deep feature maps, which delivers the localization feature information
upwards along specific paths to further enhance the representation of multi-scale features.
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The operating layer is the final layer of the algorithm, and the decoupled structure is
used to separate classification and bounding box regression. The classifier is measured by
the cross-entropy Varifocal Loss (VFL), which is formulated as follows:

Lcls = VFL(p, q) =
{
−q(q(log(p) + (1 − q) log(1 − p)), q > 0

−αpγ log(1 − p), q = 0
(1)

where q denotes the Intersection over Union (IoU) of the bounding (predicted) box and
ground truth box; IoU is the intersection of the predicted and ground truth box divided by
the concatenation of the two boxes; p refers to the score, i.e., probability.

The bounding box loss is divided into two loss functions: the Distribution Focal Loss
(DFL) [36] and the CIoU Loss. DFL models the position of the box as a general distribution
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and optimizes the probability distribution of the left and right positions of the label y
using a cross-entropy function, allowing the output distribution of the network to be more
centrally focused around the label values:

DFL(Si, Si+1) = −((yi+1 − y) log(Si) + (y − yi) log(Si+1)) (2)

The CIoU Loss takes the aspect ratio of the bounding box into account, and its value is
calculated as follows:

LCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αυ (3)

where b and bgt denote the centroids of the bounding box and the ground truth box,
respectively; ρ denotes the Euclidean distance between the two boxes; c refers to the
diagonal distance between the closed regions of the two boxes; α means the weighting
coefficients; v refers to the similarity of the aspect ratio (w/h) and is defined as:

v =
4

π2 (arctan
wgt

hgt − arctan
w
h
)

2

(4)

2.2. Fused IPTs-Based Reference Frame Contour Detection (Step Two)

In order to capture the millimeter-wise length, area, and maximum width of cracks a
reference is required for scale conversion between image pixels and the millimeter-wise
dimensions. The proposed method designs a seal as the reference frame, and its size
is previously known to be 25 × 50 mm. In this research, the main application scenario
considered is the housing quality inspection, and since most of the houses are buildings
with flat facades, the seal was designed as a reference. The seal contains a QR code and the
inspector’s contact information, with a blank section to add the inspector’s name. With the
seal, crack dimensions can be detected directly by scanning the QR code during an on-site
inspection, allowing even non-professional inspectors, such as ordinary residents, to access
the information.

The reference contour detection is completed by following procedures: (i) Marking the
seal adjacent to the crack to be detected; (ii) Greyscaling the input damage image that con-
tains the complete reference frame to change it from RGB three-channel to single-channel;
(iii) Using Gaussian filtering and Canny gradient algorithms to detect the strong and weak
edges of the image; (iv) Applying FindContours to extract the reference frame contour,
and using the ApproxPolyDP polygonal fitting function to approximate the contour by
removing nearby redundant points; (v) Obtaining the pixel-level perimeter and area of the
approximated contours, and computing the conversion ratio based on the millimeter-wise
dimensions of the seal.

2.2.1. Image Greyscaling and Filtering

The input crack image is first resized to 600 × 600 pixels and then greyscaled to
simplify the subsequent data processing and reduce the amount of calculation. There are
four common methods for image greyscale processing: component method, maximum
value method, average method, and weighted average method. In this study, the weighted
average method is applied to convert the point pixels with coordinates (x, y) in the original
damage image to grey pixels by averaging the weights of the R, G, B:

gray(x, y) = 0.299 ∗ red(x, y) + 0.587 ∗ green(x, y) + 0.114 ∗ blue(x, y) (5)

After converting the damage image to a greyscale image, Gaussian filtering [37]
is conducted before crack dimensional quantification, as the background may lead to
additional noise. The Gaussian filter is a linear filter that is widely used for image noise
cancellation, and the larger the value of its standard deviation, the smoother the filtering
performance. The developed method uses a (3, 3) Gaussian kernel as a template to scan
each pixel in the damage image, and a weighted average is then applied to the whole image.
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Subsequently, the strong and weak edges of the image are detected by the Canny non-
differential edge detection algorithm, and the damage image is scanned by non-maximal
suppression to remove the points that do not belong to the edges. If the point belongs
to the edge, it is labeled as white; if it does not belong to the edge, it is labeled as black.
In the process of generating the binary image boundary, a fuzzy threshold [38] is used to
determine whether the point is connected to the real boundary or not, and in this research,
the minimum and maximum thresholds are set to 50 and 210, respectively. The peripheral
contour of the seal (reference frame) is extracted after the above procedures.

2.2.2. Reference Frame Contour Extraction and Scale Conversion

The FindContours algorithm [39] adopted in this study only targets greyscale binary
images. Row 0, row 599, column 0, and column 799 pixels form the borders of the damage
image, where pixels with greyscale values of 0 and 1 are called 0 and 1 pixels, respectively.
The four-connected domains of each pixel point are the top, bottom, left, and right adjacent
positions of the corresponding pixel point (Figure 4a), and the eight-connected domains are
the top, bottom, left, right, top-left, top-right, bottom-left, bottom-right adjacent positions
and diagonal neighborhoods of the corresponding pixel point (Figure 4b). When there are
all 0-pixel points in the connectivity domain, it is called a 0-connectivity domain; when
there are all 1-pixel points in the connectivity domain, it is called a 1-connectivity domain.
In a four-connected scene, if a 1-pixel eight-connected domain has 0 pixels, the point is
judged to be a boundary point, and the boundary is composed of multiple boundary points.
The interpretation of each boundary is shown in Table 1.
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Table 1. Interpretation of boundaries in the FindContours algorithm.

Boundaries Interpretation

External boundary
Let S1 be a 1-connected domain and S2 be a 0-connected domain,

the boundary between S2 and S1 is the external boundary when S2
directly surrounds S1.

Hole Boundary
Let S1 be a 1-connected domain and S2 be a 0-connected domain,

the boundary between S1 and S2 is a hole boundary when S1
directly surrounds S2.

Parental Boundary

Let S1 and S3 be 1-connected domains and S2 be a 0-connected
domain; let the boundary between S1 and S2 be B1 and the

boundary between S2 and S3 be B2 when S2 is directly around S1
and S3 is directly around S2, then B2 is the parental boundary of B1.

Assuming that the pixel points in row i and column j of the image are (i, j), fij denotes
the grey value of the pixel point, and the crack image can be represented as F = {fij}. The
tracking algorithm obtains the boundary from the starting point and assigns a unique
number Bk to each newly found boundary. Considering the border of the damage image as
the first boundary B1, the image is scanned from left to right and from top to bottom. When
the grey value of a pixel point is scanned, the following (a)–(e) procedures are performed:
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(a) If fij = 0 and fi, j+1 = 1, point (i, j) is the external boundary start point; if fij ≥ 1 and
fi,j+1 = 0, point (i, j) is the hole boundary start point and the number of the currently
tracked boundary is updated to Bk+1.

(b) According to the type of the previous boundary Bk and the current new boundary
Bk+1, the parental boundary of Bk+1 can be obtained from Table 1.

(c) With (i, j) as the center and (i, j + 1) as the start point, find whether there exists a
1-pixel point in the connected domain of (i, j) in a clockwise direction. If it exists, let
(p1, q1) be the first 1-pixel point in a clockwise direction; otherwise, continue scanning
from point (i, j + 1) until the end of the bottom-right vertex of the image.

(d) With (i, j) as the center and (p1, q1) as the start point, search counter-clockwise for the
existence of a 1-pixel point in the connected domain of (i, j). If it exists, let (i, j) be Bk;
if it is a pixel point that has already been checked, the scanning continues from the
point (i, j + 1) until it ends at the bottom right vertex of the image.

(e) Save the boundary topology sequence achieved from the above procedures as the
extracted contours, then calculate and sort the areas of all the contours and take the
largest one as the contour of the reference frame.

After extracting the contour points of the reference frame, the ApproxPolyDP [40]
function was applied to fit polygons. The function is based on the Douglas–Peucker
algorithm, which approximates the curve as a series of points. A straight line is first
connected between the beginning and end points of the curve, then the largest distance
between the point on the curve and the line is calculated. The distance is compared with a
pre-given threshold. If the distance is smaller than the threshold, the straight-line segment
will be used as an approximation of the curve; if the distance is larger than the threshold, the
curve will be divided into two segments by the point, and then repeat the above operations
for the two segments respectively. When all curves are processed, the fold lines formed by
each segmentation point are connected sequentially.

The scale conversion between image pixels and the real-world millimeter-wise dimen-
sions is realized by calculating the perimeter and area of the reference frame. In this study,
the perimeter of a closed contour is calculated by the ArcLength function, which is able to
count the length of the contour and return the value in pixels. The counted length is the
distance of the line connecting two neighboring pixel points of the contour or the sum of
all the line segments if the contour is closed. The area of the contour is calculated through
the ContourArea function, which is based on Green’s formula. Assuming that the area D is
enclosed by a segmented smooth curve L. The functions P(x, y) and Q(x, y) have first-order
successive partial derivatives on D:

x

D

(
∂Q
∂x

− ∂P
∂y

)dxdy =
∮

L
Pdx + Qdy (6)

Knowing that the reference frame has a perimeter of 150 mm and an area of 1250 mm2,
the outline pixel-level perimeter is Rp and the pixel-level area is Ap, the real-world length
and area conversion scales Pr, Pa of individual pixels are given as follows:

Pr =
150
Rp

, Pa =
1250
Ap

(7)

2.3. Millimeter-Wise Crack Dimensions Quantification (Step Three)
2.3.1. Target Bounding Box Cropping

In the previous section, the developed deep learning-based crack recognition algo-
rithm uses a bounding box to localize the target. Therefore, the bounding box is firstly
automatically cropped before extracting the contour of the concrete crack. The target infor-
mation is saved to a file with a txt suffix after the crack recognition is completed, including
the horizontal coordinate value xcentre of the target centroid, the vertical coordinate value
ycentre of the target centroid, the width W of the target, and the height H of the target. As
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shown in Figure 5, it is necessary to obtain the coordinates of the four vertices, i.e., (x1, y1),
(x1, y2), (x2, y1), and (x2, y2) to carry out the target bounding box cropping. Since target
information stored in the txt file has been normalized, the original values of x1, y1, x2, and
y2 must be multiplied by the width or height of the whole picture, which is calculated as
Equation (8). Then, the box is cropped according to the four original values of x1, y1, x2,
and y2 in the horizontal and vertical directions of the crack image, respectively.{

x1 = xcentre − 1
2 W, y1 = ycentre − 1

2 H
x2 = xcentre +

1
2 W, y2 = ycentre +

1
2 H

(8)
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2.3.2. Crack Contour Extraction and Dimensions Quantification

After cropping the bounding box of the target, the FindContours algorithm is repeated
to extract the complete contour of the crack. The ApproxPolyDP function to fit polygons to
the contour points is also repeated. Then the pixel-wise perimeter and area of the crack are
respectively calculated. Since the perimeter of the extracted contour is approximately twice
that of the length, the pixel length is derived by dividing the perimeter by two in the actual
calculation. According to the conversion scale obtained from the previous operation, the
real-world length of the crack can be computed as follows:

L = PrRcrack (9)

where L refers to the crack length in mm, Rcrack is the crack length in pixels, and Pr refers to
the length conversion scale of individual pixels in mm/pixel.

The real-world damaged area of the crack can be computed as follows:

S = Pa Acrack (10)

where S is the damaged area of the crack in mm2, Acrack is the damaged area of the crack in
pixels, and Pa is the area conversion scale of individual pixels in mm2/pixel.

The maximum width of the crack Wmax is acquired by the maximum internal tangent
circle algorithm, which is based on Canny edge detection and Hough transform [41]. After
obtaining the crack edge image, the Houghcircle function is performed, and the parameters
of the gradient threshold and the minimum distance from the center of the circle are
adjusted. In the Hough transform, parameterized circles are used to represent circular
edges, and the parameter space values corresponding to each combination of center and
radius are computed, in which candidate values for the center and radius are stored in the
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accumulator. Finally, the circle with the largest radius, whose diameter is the maximum
width of the crack, is indexed in the accumulator and can be computed as follows:

Wmax = PrDcrack (11)

where W refers to the maximum width of the crack in mm, Dcrack is the diameter of the
maximum internal tangent circle in pixels, and Pr refers to the length conversion scale of
individual pixels in mm/pixel.

3. Experimental Procedures
3.1. Concrete Crack Recognition Model Training
3.1.1. Setup of Image Datasets and Training Configurations

The image dataset created in this experiment was divided into two parts: damage
images captured using smartphones during the process of infrastructure inspections and
an open-source crack dataset collected from various campus buildings of the Middle East
Technical University [42]. In order to improve the robustness of the proposed method,
data augmentation was performed to avoid overfitting, and crack images were augmented
by translation, Gaussian noise, flip, and rotation (Figure 6). Finally, a total of 4630 crack
images were obtained and the training, validation, and test sets were partitioned by a ratio
of 7:2:1. Feature labeling in the training set was carried out using the LabelMe graphical
tool. The training experiment was conducted by applying deep learning for Python 3.8,
Cudatoolkit 11.3.1, Cudnn 8.2.1, and Pytorch 1.12.1 on a computer with a Core i9-9900k
@3.60 GHz CPU and a 11 GB NVIDIA GeForce RTX 2080Ti. At the beginning of training,
the parameters were initialized to random values and normalized for each pixel value,
allowing the results to converge faster. The value of the momentum optimizer was set
to 0.937 in order to facilitate parameter updates between iterations. The optimizer was
“SGD”, the learning rate was set to 0.01, and the weight of the network was set to decay to
0.0005. The batch size in this experiment was four, which contained multiple regions of
interest in each iteration in order to evaluate the gradient of the loss function and update
the weights. The number of epochs was 150, and the loss gain was set to 7.5, 0.5, and 1.5 for
the bounding box, class, and DFL, respectively. The training of the crack recognition model
took about 4 h in this experiment.
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When tuning the training hyperparameters, Non-maximum suppression (NMS) was
adopted to ensure that the algorithm gets only one detection box for each crack. In target
detection, the model tends to propose a higher number of regions than the actual situation,
which causes the output bounding boxes to be stacked (Figure 7a). NMS selects the
bounding box with the highest confidence in each turn and then suppresses the remaining
boxes that have a high overlap with the selected box. The bounding box selected in this
turn will be retained in the output and will not appear in the next turn. The threshold of the
IoU (area of overlap divided by area of union) was set to 0.8 in this study and the selecting
process was repeated to finally output the optimum detecting box (Figure 7b).
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3.1.2. Indicator Analysis for Model Evaluation

In order to visualize the process of training and validation, the loss function was
used to evaluate the performance of the detection model by measuring the deviation of its
predicted and true values. The loss function includes a bounding box loss (box_loss), which
refers to the error between the prediction box and the ground truth box; a classification
loss (cls_loss), which calculates whether the anchor frame is correctly classified with the
corresponding label; and a distribution focal loss (dfl_loss), which denotes the rectangular
box regression error. The smaller value of the above losses represents the higher crack
detection accuracy. Figure 8 shows the loss–epoch graph generated in the training and
validation process of this experiment.
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In addition, the metrics of precision (P) and recall (R) were adopted, and their functions
are shown in Equations (12) and (13). There are four types of samples: true positive (TP),
false positive (FP), true negative (TN), and false negative (FN). P was defined as the
percentage of TP instances in all positive detection results, while R denoted the proportion
of TP to the sum of TP and FN. The higher values of the precision and recall represent the
better performance of the predicted model.

P =
TP

TP + FP
(12)

R =
TP

TP + FN
(13)
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The F1 curve is defined as the harmonic mean of the precision and recall, which has
a maximum of 1, as shown in Equation (14). Generally, when the confidence threshold is
low, the samples with high recall and low precision are still considered to be true; when the
confidence threshold is high, only samples with high confidence are considered to be true,
and the more accurately the category is detected, the larger the precision value. Therefore,
as can be seen in Figure 9b, the F1 scores at the beginning and end of the curve are smaller.
The F1-Confidence curve obtained for 150 epochs indicates that it achieves relatively good
scores in the confidence interval of 0.6–0.8.

F1 = 2 · P · R
P + R

(14)
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Figure 9. Curves of the precision, F1, and recall with confidence.

The precision–confidence curve shows the accuracy of each category (only crack
in this experiment) recognition when the predicted probability exceeds the confidence
threshold. When the confidence is higher, the category detection is more accurate, but it
might also leave out some true samples with a lower probability of determination. For the
recall–confidence curve, the smaller the confidence, the more comprehensive the category
detection. Figure 10 displays some recognition examples on the test set, from which it can
be seen that each crack on the image can be accurately detected. Results show that the
average prediction accuracy of crack detection reaches up to 95.7% on the test dataset.
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3.2. Crack Real-World Dimensions Identification

In order to verify the feasibility of the proposed fused IPTs-based crack dimensions
identification method, five groups of crack images on the surface of concrete building
structures were acquired and stamped with a pre-designed seal near the cracks as a ref-
erence frame for pixel scale conversion. Each group contained 60 image samples, and
representative samples from each group of crack images were selected to calculate the
relevant size parameters based on the pixel-to-millimeter conversion formula. Figure 11
demonstrates the process of quantifying the dimensions of the cracks for each set of rep-
resentative samples, from which it can be seen that even cracks with smaller sizes can
also be detected. The crack image was first input in the previously well-trained detection
model, then converted into binary images to perform Gaussian filtering and Canny gradient
algorithms. Subsequently, the seal contour was extracted by the FindContours algorithm to
achieve the ratio between pixels and millimeter-wise sizes. In order to compare the crack
dimensions obtained by the developed approach with the actual sizes, the width meter
and vernier caliper were applied to measure the length and width of the crack. Since the
development path of the crack is tortuous, it was divided into different segments according
to the turning points (Figure 12). By measuring the length of each segment, its sum was
taken as the actual length of the crack. At the same time, the width at the midpoint of each
segment was measured and the maximum value was taken as the actual maximum width
of the crack.
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4. Result Analysis of Crack Quantification

The pixel length, pixel area, and conversion scale of each crack are shown in Table 2.
They were converted to achieve the millimeter-wise dimensions and compared with the
length and maximum width obtained from the instrumental measurements. Since the seal
and the crack are on the same image, and the extracted reference frame outlines are the
pixel points in the outermost boundary of the seal, the conversion ratios achieved from this
step do not have a significant effect on the quantification accuracy of the crack dimensions
even though they differ on different crack images. The values of 60 samples of each group
were then averaged to be the error coefficient, and the results are shown in Table 3. From
Tables 2 and 3, it can be seen that the real-world size information converted from the pixel
dimensions is close to the true values obtained from the instrumental measurements, with
the length error and the maximum width error within 7%.

Table 2. The pixel size and conversion scale of the cracks.

Crack No. Length/Pixel Area/Pixel Length
Conversion Scale

Area
Conversion Scale

1 782.51 6084.90 0.2001 0.0404
2 719.55 6182.03 0.1468 0.0217
3 828.32 2053.18 0.1988 0.0393
4 644.34 3126.55 0.1342 0.0177
5 899.63 7034.25 0.1338 0.0181

Table 3. Comparison of millimeter-wise dimensions quantification applied the proposed method and
instrumental measurements for the cracks.

Crack No. Quantitative
Length/mm

Quantitative
Area/mm2

Maximum
Width/mm

True
Length/mm

True
Width/mm

Length
Error/%

Width
Error/%

1 156.58 245.83 1.77 167.50 1.83 6.52 3.28
2 105.63 134.15 1.47 112.25 1.52 5.90 3.29
3 164.67 80.69 0.70 155.90 0.65 5.63 7.69
4 86.47 55.34 0.84 82.60 0.78 4.69 7.33
5 120.37 127.32 1.26 124.05 1.30 2.97 3.08

When the width is greater than 1.0 mm, the error is smaller, basically within 4%; when
the width is less than 1.0 mm, the error increases to about 8%. However, whether it is
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the length or the maximum width, the overall accuracy can still reach 90%, which means
that the proposed method for quantifying the dimensions of concrete cracks can carry out
accurate size conversion and performs well in crack detection. When defects such as pores
are present on the concrete surface, the ArcLength function used in the proposed method
filters them out and does not recognize them as cracks as it calculates the lengths of all
closed contours and only returns the maximum value in pixels.

Although the accuracy of the proposed crack detection and quantification approach
has been verified experimentally, the method still has some limitations. The first one is that
the reference frame must be pre-stamped near the cracks since it is difficult to quantify the
dimensions of the crack images based on the fused IPTs without a reference, which may
lead to the limitation of the application and scenario scope. Secondly, when the background
where the cracks are located is complex, the Gaussian filtering and Canny edge detection
algorithms applied in the method require manual adjustment of the parameters and have
differences in effects, so its robustness and generalization ability still need to be improved.
Finally, the requirements of the actual crack dimensions identification are demanding (e.g.,
crack width detection is required up to a level of 0.5 mm). Therefore, the accuracy of the
developed method needs to be further improved to meet the needs of building inspections
in engineering projects.

5. Conclusions

In this paper, a three-step computer vision-based framework was proposed to quickly
recognize concrete cracks and automatically quantify their dimensions millimeter-wise
from damage images captured by a smartphone. In step one, the YOLOv8 object detection
deep learning network is applied to train the model for recognizing the bounding box of
each concrete crack in damage images; the average prediction accuracy for 463 test samples
among 4630 crack images reached 95.7%. In step two, image processing technologies,
including Gaussian filtering, Canny edge detection, and FindContours algorithms are
integrated to extract contours of the reference frame in order to achieve the conversion
scale between pixels and millimeter-wise sizes. The reference frame is a pre-designed seal
that is stamped next to the crack and has a QR code on it, which aims to facilitate access to
crack information by scanning and data recording for long-term inspection. In step three,
the model trained in the first step is used to identify and crop the region of the crack, then
the millimeter-wise crack length and area are computed due to the pixel ratio, as well as
the maximum width obtained based on the maximum internal tangent circle algorithm.
Results show that the precision of quantified crack dimensions is over 90% compared with
the true values obtained from the instrumental measurements; the error increases as the
crack size grows smaller (increasing to 8% when the crack width is within 1 mm).

Although the accuracy of the proposed method has been verified experimentally, it
still has some limitations, such as the fact that the reference frame must be pre-stamped
near the cracks in real cases, which may lead to the limitation of the application and
scenario scope, such as bridges and culverts. When the background where the cracks are
located is complex, the applied edge detection algorithms require manual adjustment of
the parameters with variations in the results, resulting in inconvenience. Compared to the
traditional method, the proposed method saves the time of measuring and recording the
crack dimensions with an instrument but still requires more time to stamp the reference.
In future work, more crack image data under various engineering environments will be
trained to further improve the robustness of the proposed method. Additionally, in order
to meet the requirements of the building inspections in actual engineering projects, the
accuracy of the developed IPTs-based crack quantification algorithm should be improved.
A relevant application program will also be studied and compiled, as well as attempts to
use crawling robots to stamp seals to help engineers efficiently and portably detect cracks
for on-site inspection and maintenance of concrete structures.
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