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ABSTRACT 

This thesis addresses the critical challenge of deteriorating civil infrastructure due to 

natural processes and aging, emphasizing the importance of early detection for public 

safety. Surface cracks in concrete structures serve as vital indicators of deterioration, 

prompting the development of automatic defect detection using deep learning. Manual 

inspections, the basis of structural health monitoring, struggle with the complexities of 

crack patterns. The first part of this thesis focuses on training a Mask R-CNN network for 

crack detection, using augmented real-world data to enhance accuracy. The second part 

introduces a cost-effective methodology utilizing smartphone sensors' imagery and 3D 

data for automated crack detection and precise dimension assessment with YOLOv8 and 

Mask R-CNN. This research aims to advance a multi-modal approach combining LiDAR 

observations with image masks for accurate 3D crack measurements, establishing a 

pipeline for dimensional assessment, and evaluating state-of-the-art CNN-based networks 

for crack detection in real-life images. 
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Chapter 1: Introduction 

 Civil infrastructure materials undergo a natural decay process as they face the 

relentless forces of corrosion, thermal fluctuations, and various physical and chemical 

transformations over time. This aging-induced degradation escalates, potentially 

jeopardizing the infrastructure's functionality and public safety (Attard et al., 2019). 

Thus, it is imperative to regularly monitor and address these issues, with early detection 

being paramount for safeguarding and sustaining the infrastructure's safety and 

dependability (Uddin et al., 2019). 

 Surface cracks in concrete structures often serve as the initial warning signs of 

this deterioration. By scrutinizing their characteristics, extent, and dimensions, valuable 

insights into the structure's current condition are gleaned, enabling proactive measures to 

prevent future harm (Jordan et al., 2018). Conventional manual inspections have 

historically been employed to evaluate these cracks, a process fraught with labor 

intensiveness, hazards, and subjectivity, making it challenging to trace the evolution of 

defects over time accurately. This, in turn, can impede the effective maintenance and 

preservation of the infrastructure (Bradley et al., 2018; Jordan et al., 2018; Liu et al., 

2018). 

 Recent years have seen the emergence of automatic surface defect detection as a 

significant advancement, owing to progress in remote sensing, deep learning, and 

computer vision technologies. This approach offers a dependable solution for structural 

health monitoring, alleviating the limitations and subjectivity inherent in manual 

inspections. (Uddin et al., 2019) 
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 Early attempts at addressing the challenge of crack detection in civil 

infrastructure mainly relied on image-processing techniques characterized by limited 

abstraction and rule-based methodologies. However, these methods fall short of 

effectively managing the intricacies linked to cracks in images, including their complex 

topological patterns, variations in lighting conditions, and varying ground sampling 

distances (GSD). Integrating deep learning convolutional neural network (CNN) 

algorithms has introduced a high level of abstraction and generalization, thus offering a 

more robust solution to the challenges of early approaches. (Attard et al., 2019; Uddin et 

al., 2019) 

One of the most used CNN architectures for crack detection in the literature is 

Mask R-CNN (Attard et al., 2019; Tran et al., 2022; Uddin et al., 2019), which can be 

trained on extensively annotated datasets and has the potential to segment cracks in 

images accurately. On the other hand, YOLOv8, the 8th version of the YOLO (You Only 

Look Once) algorithm, has emerged as a real-time object detection CNN, gaining 

prominence in computer vision. Its speed and efficiency stand out, as it can swiftly 

detect objects in images and video streams in a single pass (Ghafari et al., 2022; Wu et 

al., 2023). This research will compare the performance of both networks using the same 

crack training dataset to determine the superior approach. 

Employing the output from the most optimal network, characterized by a binary 

mask that delineates the crack's spatial extent and leveraging the depth information 

derived from the smartphone's LiDAR sensor, this study will endeavour to devise a 

novel methodology that integrates both elements through advanced image processing 

and photogrammetric techniques. 
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 The integration of these technologies holds the potential to advance concrete 

infrastructure inspection significantly. This research direction has the potential to bridge 

existing knowledge gaps and contribute to developing innovative and practical solutions 

for the timely and accurate assessment of structural integrity and maintenance. 

This thesis addresses the crack detection and dimension assessment problem. 

Chapter 1 lays the groundwork by conducting a comprehensive literature review, 

articulating the problem statement, detailing the research design and methods, and 

discussing implications and contributions to knowledge. Building upon this foundation, 

Chapters 2 and 3 present two articles that explore into crack detection and dimensional 

assessment. 

The first paper, detailed in Chapter 2 as “Improving Crack Detection on Concrete 

Structures Using Real-World Data Augmentation for Deep Learning Convolutional 

Neural Networks,” addresses the lack of real-world like crack images in the publicly 

available datasets used to train CNNs such as CRACK500. In this article, we augment 

data samples by introducing actual graffiti patterns to improve the Mask R-CNN 

network potential to differentiate graffiti marks from cracks, reaching precision and 

recall of 97.8% and 53.1%, respectively. This paper was accepted and presented as a 

conference proceeding paper at the Canadian Society for Civil Engineering 2023 and is 

currently in press at the moment of the thesis submission. 

The second article, presented in Chapter 3, “Crack Detection and Dimensional 

Assessment Using Smartphone Sensors and Deep Learning,” advances the pursuit of 

crack detection and dimensional assessment by proposing a cost-effective solution that 

leverages deep learning on smartphone sensor data. By integrating LiDAR 3D data and 
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images with Mask R-CNN and YOLOv8 networks, automated crack detection and 

precise measurement of dimensions become possible. Notably, YOLOv8 surpasses 

Mask R-CNN in precision and recall for crack detection. The calculated crack-straight-

length closely aligns with ground-truth, demonstrating an average error of 1.5%. This 

paper was submitted to the Canadian Journal of Civil Engineering and is under review at 

the moment of the thesis submission. 

Finally, Chapter 4 presents this research's discussion, conclusions, and 

recommendations. 

1.1 Literature Review 

Contemporary approaches to crack detection and measurement can be categorized 

into two main groups: image-based crack detection and 3D crack localization (König et 

al., 2022; Yuan et al., 2022). Both categories utilize deep learning techniques for crack 

detection, but they diverge in the choice of neural network architecture. Image-based 

methods predominantly rely on CNNs, with the recent adoption of Visual Transformers 

(ViT) (Asadi Shamsabadi et al., 2022). In contrast, techniques for 3D crack localization 

utilize 3D data derived from Structure from Motion (SfM) or laser scanning 

methodologies, enabling the use of Graph Convolutional Networks (GCNs). However, 

these 3D localization approaches are comparatively less common in the field, primarily 

due to the cost of acquiring 3D data (Feng et al., 2021). 

1.1.1 Crack Detection and Deep Learning 

The process of detecting cracks in concrete images is particularly difficult because 

the unique characteristics of cracks themselves. Cracks typically appear as darker 
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regions in images, with irregular shapes and distinct textural patterns. In traditional 

image processing, threshold values are manually set to distinguish crack pixels from 

non-crack pixels (Tran et al., 2022). However, these handcrafted solutions for feature 

recognition have limited generalizability and may not be suitable for all scenarios, 

especially given the variations in crack sizes, backgrounds, and lighting conditions (T. S. 

Tran et al., 2022; Uddin et al., 2019; Xu et al., 2022). 

In contrast, deep learning algorithms offer a more adaptable solution that can 

accommodate variable real-world conditions. These algorithms can learn and recognize 

features automatically, eliminating the need for manual threshold adjustments (Attard et 

al., 2019). CNNs have emerged as highly effective tools for capturing and recognizing 

complex image features. Conversely, GCNs adapt the CNN’s concept of convolution to 

function effectively on graph-based data structures (Feng et al., 2021). 

A CNN, inspired by the visual perception mechanism of living organisms, is a 

widely used deep learning technique for image recognition. It leverages convolution 

operations to extract intricate image features, generating feature maps (Gu et al., 2018). 

While various CNN architectures exist, they share standard components, including 

convolutional, activation, pooling, fully connected, and SoftMax layers (Figure 1.1). The 

primary objective of training a CNN is to identify patterns within images, recognize 

these patterns as significant features, and ultimately classify images by assigning them to 

specific classes or categories (Gu et al., 2018; Uddin et al., 2019). 

In the context of crack detection, a trained CNN can categorize an image as 

either "cracked" or "non-cracked," providing a highly effective means of automating the 

identification and segmentation of cracks within concrete images. 
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Figure 1.1. CNNs Architecture. 

A CNN earns the distinction of being "deep" when it incorporates multiple 

convolutional layers, a depth that significantly influences its capacity to acquire intricate 

data representations (F. He et al., 2020). Nevertheless, as the network's depth increases, 

there comes a point where the training error begins to rise, resulting in a decrease in 

classification accuracy (Jia et al., 2020). 

ResNet, a deep CNN architecture, has been devised to address the depth 

constraint. It introduces skip connections, acting as shortcuts that preserve information 

from the input as it traverses through the network. By enabling the network to retain 

essential information from shallower layers, ResNet empowers the learning of more 

profound and more intricate data representations, ultimately enhancing its classification 

accuracy (He et al., 2020). This innovation resolves the limitations associated with the 

depth of traditional deep CNNs. 

1.1.1.1 Mask R-CNN 

Within the domain of computer vision and deep learning, image classification 

involves assigning a label to an image to identify the object it contains without 

considering the object's spatial location within the image. However, the challenge 

escalates when we shift our focus to object detection, a more intricate task that classifies 
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objects and pinpoints their precise spatial location within the image. Object detection 

presents an additional layer of complexity, making it inherently more challenging than 

image classification. The advent of deep learning has ushered in a transformative era for 

object detection from images. (Attard et al., 2019; Uddin et al., 2019) 

A series of region-based Convolutional Neural Network (R-CNN) models have 

paved the way for these advancements. The evolution began with R-CNN and 

progressed through Fast R-CNN, culminating in Faster R-CNN, which introduced the 

innovative Region Proposal Network (RPN) (K. He et al., 2017; Ren et al., 2015). These 

models have collectively expanded the object detection frontiers, enabling high accuracy 

on complex and challenging tasks. 

Among these models, Mask R-CNN stands out as a sophisticated deep-learning 

network renowned for its prowess in object detection and instance segmentation tasks 

within images. Built upon the foundation of the Faster R-CNN architecture, Mask R-

CNN boasts a comprehensive structure, including a ResNet backbone, an RPN, and a 

fully convolutional network. This network identifies objects within images by generating 

bounding boxes and goes a step further. It predicts probability masks that separate the 

detected objects from the image's background and other instances (Figure 1.2). (K. He et 

al., 2017)  
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Figure 1.2. Mask R-CNN architecture. 

The versatility of Mask R-CNN extends across a spectrum of object detection 

applications, including the identification of pedestrians, cars, and traffic signs. Its 

utilization spans diverse domains, from autonomous vehicles and disaster management 

to 3D city modelling and image-based medical diagnosis (Abdi et al., 2021; Attard et al., 

2019). Furthermore, the network's exceptional ability to accurately detect and segment 

multiple objects within an image has positioned it as a preferred choice in various fields, 

potentially playing a pivotal role in structural health monitoring and crack detection. 

1.1.1.2 YOLOv8 

The YOLOv1 algorithm introduces a groundbreaking approach to object 

detection. At its core, YOLOv1 simplifies object detection by treating it as a regression 

problem. It employs a single deep convolutional neural network that directly predicts 

bounding boxes and class probabilities for objects within an image in one pass (Figure 

1.3). This unified architecture is designed to optimize detection performance end-to-end, 

making it remarkably fast and capable of processing images in real-time, even on 

standard hardware. The critical innovation of YOLOv1 is its ability to make predictions 
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without the need for region proposals or complex multi-stage processes, which were 

common in earlier detection systems like R-CNN (Redmon et al., 2015). 

Although YOLOv1 was regarded for its speed and simplicity, it did exhibit 

limitations in precisely localizing small objects. Nevertheless, it laid the foundation for 

subsequent versions addressing these shortcomings. YOLOv2 introduced the concept of 

anchor boxes, enhancing localization accuracy and expanding the model's capacity to 

detect a broader range of object classes. YOLOv3 further refined object detection by 

introducing three distinct scales in the detection process, allowing the model to detect 

objects of varying sizes effectively. YOLOv4 marked a significant leap in accuracy and 

speed thanks to various architectural improvements and optimization techniques. 

YOLOv6 introduced novel approaches, such as a reparameterization inspired by the 

Reparametrized Visual Geometry Group (RepVGG) architecture. With this approach, 

certain conventional convolutional layers are transformed into fully connected layers, 

simplifying the network design and bolstering detection performance by integrating 

quantization techniques. Lastly, YOLOv7 brings trainable 'bag-of-freebies' methods into 

play, a collection of techniques that act as auxiliary enhancements to the core model 

architecture. The term 'bag-of-freebies' refers to a set of techniques and strategies 

developed to bolster the YOLOv7 model without imposing additional computational 

burdens or complexity. These refinements across YOLO versions have collectively 

pushed the boundaries of real-time object detection and paved the way to YOLOv8. 

(Bochkovskiy et al., 2020; Li et al., 2022; Redmon & Farhadi, 2016, 2018; Wang et al., 

2022) 
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Figure 1.3. YOLOv1 architecture. 

Released on January 10th, 2023, YOLOv8 is the latest YOLO object detection 

model advancement, introducing several significant improvements. The primary changes 

in YOLOv8 include the integration of both the Feature Pyramid Network (FPN) and 

Path Aggregation Network (PAN) (Figure 1.4). The FPN and PAN modules work 

together to create feature maps capable of detecting objects at various scales and 

resolutions. This allows YOLOv8 to accurately identify objects of different sizes and 

shapes, outperforming all the previous versions of YOLO (Reis et al., 2023). These 

enhancements make YOLOv8 a highly suitable network for structural health monitoring 

and crack detection applications.  

 

Figure 1.4. YOLOv8 architecture (source: King, 2023). 
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1.1.1.3 GCN 

Graph Convolutional Networks (GCNs) are a subset of deep learning models 

specifically designed for processing and analyzing data represented in graph or network 

structures. In contrast to Convolutional Neural Networks (CNNs), which excel in tasks 

like image recognition, GCNs are tailored for applications where data entities have 

intricate connections within a network (Feng et al., 2021). These models borrow and 

adapt the convolution concept from CNNs to the graph domain. This adaptation allows 

GCNs to effectively propagate information and features across the interconnected nodes 

in a graph, making them highly suitable for tasks where understanding relationships 

among data points is pivotal (Figure 1.5) (Kipf & Welling, 2017). GCNs have found 

applications in a wide range of fields, including social network analysis, 

recommendation systems, bioinformatics, and, more recently, the analysis of 3D point 

cloud data, demonstrating their versatility in handling complex data structures and their 

potential to revolutionize various domains (Kipf & Welling, 2017). 

 

Figure 1.5. Schematic depiction of multi-layer GCN. 
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1.1.2 Light Detection and Ranging (LiDAR) 

LiDAR is a remote sensing technology with a wide range of applications. LiDAR 

systems work by emitting laser pulses and measuring the time it takes for these pulses to 

return after hitting a target. By applying the speed of light (c) and the measured time (ts) 

in Equation 1.1, the system can accurately calculate the range or distance from the 

LiDAR sensor to the target. This process enables the creation of detailed 3D point 

clouds (Figure 1.6), which comprehensively represent the target's spatial structure (P. 

Dong & Chen, 2017; Reutebuch, 2005). 

                        𝑅 =
1

2
𝑐 ∙ 𝑡𝑠 

 

(1.1) 

 

Calibrating LiDAR with camera images is a foundational process of aligning 3D 

LiDAR point clouds with 2D camera images. This procedure comprises extrinsic and 

intrinsic calibration. Extrinsic calibration establishes the spatial relationship between the 

LiDAR sensor and the camera, defining the relative translation and rotation parameters 

between both sensors. Intrinsic calibration deals with internal parameters like focal 

length and lens distortion. These calibrations enable precise mapping of 3D LiDAR data 

onto the 2D image plane. Common approaches employ calibration patterns or natural 

environmental features, with line and plane correspondences as reference points. (Zhou 

et al., 2018) 



 

13 

 

After calibrating the LiDAR with camera images, the next step involves co-

registering 3D LiDAR data with 2D camera images, effectively creating a unified 

coordinate system for data fusion. This co-registration relies on established extrinsic 

parameters, allowing the transformation of LiDAR point clouds into the camera's 

perspective. One common technique is keypoint-based matching, where distinctive 

features in camera images correspond with points in the LiDAR data. (W. Dong & Isler, 

2018) 

After the co-registration process, the aligned sensors work together to provide 

depth information for each pixel in the camera image. This process uses the principle of 

ray intersection. A ray extends from the camera's optical center to the corresponding 

image pixel. The co-registered LiDAR data, transformed into the camera's coordinate 

system, identifies intersection points between these rays and the 3D point clouds. Depth 

values are determined by calculating the distance or Euclidean norm between the camera 

pixel's projection point and the intersected LiDAR point in the 3D space. (Hane et al., 

2013) 

 Collinearity equations are employed to retrieve the XYZ coordinates of a 3D 

point in space from its corresponding 2D image coordinates (x, y) and depth (D) 

(Equations 1.2 and 1.3). These equations, derived from the principles of the pinhole 

camera model, establish a mathematical relationship that relates the coordinates in both 

the image plane (2D) and the object space (3D). (Hartley & Zisserman, 2003; Wolf et 

al., 2014) 
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𝑋 − 𝑋𝐿 = (𝑍 − 𝑍𝐿) [
𝑚11(𝑥 − 𝑥𝑜) + 𝑚21(𝑦 − 𝑦𝑜) + 𝑚31(−𝑓)

𝑚13(𝑥 − 𝑥𝑜) + 𝑚23(𝑦 − 𝑦𝑜) + 𝑚33(−𝑓)
] (1.2) 

  

𝑌 − 𝑌𝐿 = (𝑍 − 𝑍𝐿) [
𝑚12(𝑥 − 𝑥𝑜) + 𝑚22(𝑦 − 𝑦𝑜) + 𝑚32(−𝑓)

𝑚13(𝑥 − 𝑥𝑜) + 𝑚23(𝑦 − 𝑦𝑜) + 𝑚33(−𝑓)
] (1.3) 

Here, (X, Y, Z) represents the 3D coordinates of the point in the object space, 

(XL, YL, ZL) represents the 3D coordinates of the point in the LiDAR coordinate system, 

and (x, y) are the 2D image coordinates. The parameters mij are components of the 

rotation and translation matrix, and (xo, yo) are the principal point coordinates. The 

variable 'f' denotes the focal length of the camera (Hartley & Zisserman, 2003; Wolf et 

al., 2014). By solving these collinearity equations for (X, Y, Z), one can accurately 

reconstruct the 3D coordinates of the point in the object space based on its 

corresponding 2D image coordinates and known camera parameters (Wolf et al., 2014). 

Figure 1.6 shows the image space, depth, and 3D point cloud of the same object. 

In a depth map, each pixel corresponds to a specific point in the scene, with the pixel's 

value indicating the depth or distance of that point from the observer. Typically, these 

depth values are measured in units such as meters or millimetres (P. Dong & Chen, 

2017; Lu et al., 2021). 
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Figure 1.6. Products generated using lidar. a. original object, b. depth map, c. 3d 

point cloud, d. 3d mesh. 

1.1.3 Related Work 

Many researchers have predominantly focused their investigations on training and 

evaluating various CNN architectures for crack detection in images of concrete or 

pavement structures. Among these architectures, Mask R-CNN is the most employed, 

followed by various versions of YOLO and a less utilized RetinaNET (Attard et al., 

2019; Cha et al., 2017; Fan et al., 2018; V. Tran et al., 2021; Uddin et al., 2019; Wu et 

al., 2023; Yang et al., 2020; L. Zhang et al., 2016). However, there has been a tendency 

to overlook the aspect of obtaining precise crack dimensions. 
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Those approaches that extend beyond crack detection, aiming to measure crack 

dimensions, can be broadly categorized into two categories: image-based detection using 

Convolutional Neural Networks (CNNs) and 3D crack localization based on 3D data 

obtained from techniques like Structure from Motion (SfM) or LiDAR scanning. (Feng 

et al., 2021; Yuan et al., 2022) 

In the image-based category, Tran et al. (2022) introduced a two-step sequential 

automated process for detecting and classifying crack severity in asphalt pavements. In 

this method, Mask R-CNN is employed in a unique manner, using segmentation masks 

as bounding boxes to identify the regions containing cracks. Subsequently, image 

processing is applied to extract the crack shape and count the pixels within the crack. 

The method relies on the prior knowledge and assumption of a constant GSD of the 

image to estimate crack dimensions. It is worth noting that this approach assumes a 

constant GSD throughout the entire image, disregarding variations that may arise due to 

non-perpendicular poses and lens distortion. 

(Park et al., 2020) conducted research that also aligns with the image-based 

approach. They employed YOLOv3 for crack detection in concrete structures. The 

dimensions of the detected cracks were determined based on the positions of the 

projected structured light beams. While their method offers high-precision crack 

detection and size quantification, it is crucial to emphasize that this approach demands a 

complex, expensive, and delicate installation, rendering it impractical for use in 

uncontrolled environmental conditions. 

Feng et al. (2021) introduce an approach to pavement crack detection that uses 

GCNs and mobile LiDAR point cloud data. Unlike conventional 2D image-based 
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methods, this research exploits the high-density 3D information provided by the RIEGL 

VMX-450 LiDAR scans. The use of GCNs enables the model to effectively capture 

intricate spatial relationships among points within the 3D point cloud. However, it is 

important to note that the LiDAR device employed in this research is associated with a 

high cost, and it generates an abundance of 3D data, which may seem excessive given 

that cracks are predominantly 2D features. Furthermore, to mitigate computational 

complexity and processing demands, the researchers had to subsample the 3D data, 

reducing its point density. 

Yuan et al. (2022) introduce a novel approach for assessing cracks in reinforced concrete 

structures using stereo cameras and deep learning. Their method employs an intelligent 

inspection robot for data collection, 3D structural reconstruction, and crack 

quantification. It involves crack segmentation through Mask R-CNN, followed by the 

use of stereo images to create a 3D reconstruction. The dimensions of the cracks are 

obtained using information from the segmentation masks in this 3D space. Nonetheless, 

the method has certain limitations, such as its inability to detect concrete cracks smaller 

than 10 mm, as they cannot be adequately reconstructed in 3D. Additionally, narrow 

cracks cannot be detected when the stereo camera is positioned beyond a certain 

distance. Furthermore, the robot can be costly to produce, and its production is limited 

by terrain. 
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1.2 Problem Statement 

Civil infrastructure materials deteriorate over time due to natural processes, such 

as corrosion and thermal fluctuations, posing a substantial risk to public safety (Attard et 

al., 2019). Timely detection of structural issues, particularly surface cracks in concrete 

structures, is vital to assess the structure's condition and implement preventative 

measures (Jordan et al., 2018). Manual inspections have historically been the norm for 

crack assessment but are labor-intensive, subjective, and hazardous, impeding the 

precise tracking of defect evolution (Bradley et al., 2018; Jordan et al., 2018; Liu et al., 

2018). Recent advances in deep learning offers a potential solution to this challenge, 

with convolutional neural network (CNN) algorithms, such as YOLOv8 and Mask R-

CNN, providing a more abstract and generalized approach for crack detection (Attard et 

al., 2019; Uddin et al., 2019). 

Several innovative methods have emerged for calculating crack dimensions by 

using AI-based solutions. These approaches fall into two distinct categories: traditional 

2D image-based CNN methodologies for crack detection and 3D crack localization 

techniques, which rely on the availability of highly detailed 3D point cloud data. In the 

first category, Tran et al. (2022) introduced a novel approach for detecting and assessing 

cracks in asphalt pavements. They employed a two-step process that combines Mask R-

CNN and image processing. In this method, the GSD of the image is known and 

assumed to be constant throughout the image. On the other hand, Park et al. (2020) 

integrated deep learning and structured light to detect and quantify cracks on concrete 

surfaces, utilizing the YOLO algorithm for real-time crack detection. In the second 

category, Feng et al. (2021) presented a different method, focusing on pavement crack 
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detection using mobile LiDAR point clouds. They leveraged Graph Convolutional 

Networks (GCN) to classify pavement cracks from 3D point cloud data. Meanwhile, 

Yuan et al. (2022) employed an intelligent inspection robot with deep stereo vision for 

concrete damage detection and quantification, incorporating Mask R-CNN in a three-

dimensional context. Nevertheless, most of these methods depend on costly data 

collection equipment, overlooking the untapped potential of readily available modern 

smartphones equipped with low-cost LiDAR for data collection and processing. 

Furthermore, there is a noticeable gap in the literature concerning crack detection and 

measurement using CNN-based solutions in real uncontrolled conditions using cost-

effective equipment. Addressing these issues is essential to develop an effective, low-

cost solution for this critical problem in civil infrastructure maintenance and safety. This 

research aims to develop an affordable CNN-based solution for measuring crack 

dimensions by harnessing the capabilities of smartphones equipped with low-cost 

LiDAR technology. 

1.2.1 Approach for the Study 

The primary research approach will be quantitative, relying on publicly available 

crack training datasets, 3D point-clouds, depth maps, and artificial intelligence (AI). 

Additionally, some of the images to train and evaluate the models will be obtained from 

the archives of the Department of Transportation and Infrastructure of New Brunswick 

(DTI). On the other hand, the 3D data will be generated using smartphones equipped 

with LiDAR technology in collaboration with our industrial partner, Modelar (Masry, 

2023). 
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1.2.2 Hypothesis 

Accurate measurements of cracks can be obtained using CNNs in conjunction with cost-

effective smartphone sensors. 

1.3 Research Design and Methods 

1.3.1 Objectives 

1. To develop a methodology that accurately measures the dimensions of cracks 

(length, width, and area) with centimetre-level accuracy by using CNN output 

masks and depth information obtained from the low-cost LiDAR. 

2. Explore the existing state-of-the-art CNN algorithms for crack detection in 

concrete structures to find and implement the best learning rate (Lr) of the 

networks suited for the crack detection application, with the aim of surpassing 

the documented precision and recall levels in the literature, which stand at 93.9% 

and 77.5%, respectively. 

3. To evaluate the practical applicability of the proposed solution and validate the 

accuracy through experimental testing of real-world images from concrete 

structure inspection scenarios. 

1.3.2 Research Design 

 This research adopts a quantitative approach, using publicly available crack 

training datasets, LiDAR data, and AI. 3D data generation will involve smartphones 

equipped with LiDAR technology in collaboration with the industrial partner, Modelar 

(Masry, 2023). 
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 To evaluate the performance of our CNN-trained models, we will employ 

precision and recall as key metrics. These metrics will be compared between the two 

models and a baseline to assess the effectiveness of our approach. 

 Furthermore, the accuracy of our developed method for calculating the 

dimensions of cracks will be rigorously evaluated. This evaluation will involve a 

thorough comparison of the calculated values with ground-truth measurements. 

1.3.3 Methods and Sources 

1.3.3.1 CNN Segmentation Models 

 In this research, Mask R-CNN and YOLOv8 are the chosen architectures to be 

trained using the same publicly available training dataset. The performance of these 

models will be evaluated using precision and recall metrics. Central to this evaluation is 

the Intersection over Union (IoU) metric, which quantifies the degree of overlap 

between predicted segmentation masks (X) and ground-truth segmentation masks (Y) 

(Equation 1.4). Establishing an IoU threshold means that a prediction is categorized as a 

true positive (TP) if its computed IoU exceeds the threshold; otherwise, it is classified as 

a false positive (FP). On the other hand, Precision measures the accuracy of positive 

predictions made by the model, i.e., the proportion of true positive cases among all the 

positive predictions (Equation 1.5). Conversely, recall measures the completeness of 

positive predictions, i.e., the proportion of TP predictions among all actual positive cases 

(Equation 1.6). Conventionally, a prediction achieves TP status when its IoU surpasses 

the widely accepted 50% threshold, an indispensable criterion in the meticulous 

evaluation of segmentation performance. (König et al., 2022; Sajjadi et al., 2018) 



 

22 

 

𝐼𝑜𝑈 =
𝑋 ∩ 𝑌

𝑋 ∪ 𝑌
 (1.4) 

𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (1.5) 

𝑅𝐸 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (1.6) 

1.3.3.2 Training Data 

The training dataset will comprise publicly accessible data sources, including the 

CRACK500 dataset, which consists of 1896 training samples in varying sizes (640 x 360 

and 360 x 640) (Yang et al., 2020; L. Zhang et al., 2016). Additionally, we will utilize 

the Crack dataset from Roboflow-Universe, featuring 1551 samples that can be 

augmented and resized using the Roboflow platform (Nadar, 2022). To enhance the 

dataset further, 440 additional samples will be generated using images from DTI's 

archive and subsequently augmented using the Roboflow platform. 

1.3.3.3 Crack Dimension Measurement 

1.3.3.3.1 Crack Images and LiDAR Data Collection 

 Crack images and their corresponding LiDAR data will be collected using a 

smartphone equipped with LiDAR technology. To facilitate this data collection process, 

we will use the capabilities of the Modelar App, which is provided by our industrial 

partner. This application enables the use of the LiDAR sensor, the generation of the 3D 

point clouds and depth maps. 
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1.3.3.3.2 Crack Detection and Segmentation 

The CNN model with the highest evaluation metrics, precision and recall, will be 

utilized to detect and segment cracks within the images, resulting in binary masks for 

each crack. 

1.3.3.3.3 Image Processing and Crack Measurement  

The binary masks obtained from the segmentation process, along with their 

corresponding depth maps, will undergo extensive image processing techniques. Our 

primary objective is to extract precise measurements of the crack's length, width, and 

area, utilizing these processed data. The calculated length of the cracks will be compared 

with the length of the ground-truth, and the error will be quantified. 

1.3.3.4 Evaluating Practical Applicability  

To determine the practical applicability of our proposed solutions in real-world 

concrete structure inspection scenarios, we will undertake a comprehensive assessment 

encompassing the following key components: 

1.3.3.4.1 Data Collection in Real-world Scenarios 

 The data collected for practical applicability assessment will be obtained from 

diverse concrete structure inspection settings. This will include variations in 

environmental conditions, lighting, backgrounds, and the types of cracks encountered. 

By collecting data in authentic scenarios, we aim to simulate the complexities and 

variations inherent in real-world inspection situations. 
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1.3.3.4.2 Efficiency in Data Collection 

 We will evaluate the efficiency of data collection using the proposed solutions. 

This involves assessing the time required to capture and process images and the effort 

involved in data collection. 

1.3.4 Practical Considerations 

 Data availability is a critical aspect of our research, and several practical 

considerations must be considered. One of the key challenges pertains to the availability 

of diverse and representative datasets for training and evaluation. We recognize the 

importance of sourcing data that accurately reflects real-world concrete structure 

inspection scenarios, which often involve variations in lighting conditions, 

environmental factors, and crack types. Practical challenges may arise in obtaining such 

data, including issues related to data acquisition permissions, data privacy, and the need 

for extensive annotations. 

 Another practical consideration relates to the availability of specialized 

equipment and technology. As we rely on smartphones equipped with LiDAR for 3D 

data generation, ensuring access to these devices is essential for our research. 

Additionally, access to computational resources, including hardware and software for 

training deep learning models, is vital. Potential constraints in equipment availability or 

technological resources could impact the feasibility and progress of our research. We 

will work to address these practical challenges through partnerships, resource allocation, 

and effective project management to ensure the smooth execution of our research 

endeavours. 



 

25 

 

1.4 Implications and contributions to knowledge 

 This research project holds the potential to make several significant contributions 

to the field of concrete structure inspection. Firstly, by exploring innovative CNN-based 

solutions for crack segmentation, our work can advance state-of-the-art structural health 

monitoring. These solutions have the potential to significantly improve the efficiency, 

accuracy, and cost-effectiveness of crack detection, ultimately enhancing the safety and 

reliability of civil infrastructure. 

 A new and publicly accessible training dataset was created and compiled from 

various sources, such as CRACK500, Roboflow-Universe, and DTI’s archive. This 

combination of datasets, encompassing different sources, may create a more robust 

training dataset, which can significantly benefit the broader research community in the 

domain of crack detection using CNN-based solutions. 

 The development of a comprehensive methodology for crack dimension 

measurement using smartphones equipped with LiDAR technology offers a practical and 

accessible approach to structural assessment. This methodology can revolutionize the 

way dimensions of cracks are measured, providing engineers and inspectors with a 

reliable tool for assessing structural health. 

 Furthermore, the evaluation of the practical applicability of our solutions in real-

world inspection scenarios serves as a critical contribution to the field. Understanding 

how these solutions perform under diverse environmental conditions, resource 

constraints, and user requirements is essential for ensuring their successful 

implementation in practice. 
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 Beyond the immediate applications in structural health monitoring, our research 

may have broader implications for the adoption of deep learning and LiDAR technology 

in various domains. As these technologies become more accessible and efficient, their 

potential utility extends to applications in fields such as disaster management, urban 

planning, and more. 

 In summary, the contributions of this project encompass advancements in 

concrete structure inspection, the development of innovative measurement 

methodologies, insights into real-world applicability, and the potential to influence the 

broader adoption of cutting-edge technologies in various sectors. 
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2.1 Abstract 

Civil infrastructure materials deteriorate over time due to various physical and chemical 

processes, such as corrosion and thermal cycles. Surface cracks on concrete structures are 

often the initial indicator of degradation, making it essential to assess their nature, extent, 

and dimensions to determine the current state of the structure and take preventive 

measures to avoid future damage. However, traditional manual and visual inspection 

methods can be labor intensive, hazardous, and subject to subjectivity and error, making 

it challenging to track the evolution of defects between inspections. Deep learning 

convolutional neural network (CNN) algorithms, such as Mask R-CNN, provide a high 

level of abstraction and generalization that is achieved through training on extensively 

annotated datasets. These algorithms have the potential to accurately segment cracks in 

images, thus providing a reliable and efficient means of assessing the state of concrete 

structures. However, publicly available crack datasets used for training the network often 

 

a This chapter was accepted and presented as a conference proceeding paper at the Canadian Society for 

Civil Engineering 2023. The paper is in press at the time of the thesis submission. 
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contain idealized crack images without real-world noise, such as dirt, leakages, or graffiti. 

Our study demonstrates that adding real-world features to a dataset and augmenting the 

amount of data samples can improve the accuracy of the network. We utilize the publicly 

available CRACK500 dataset and modify it by eliminating low-quality samples and 

adding real graffiti patterns. By doing this, the network was able to differentiate between 

cracks from graffiti and wet concrete marks on real-world images, achieving a precision 

of 97.8% and a recall of 53.1%. 

Keywords: Crack-Detection, Mask R-CNN, Data-Augmentation. 

2.2 Introduction 

Civil infrastructure materials deteriorate over time due to corrosion, thermal 

cycles, and various physical and chemical processes. This degradation intensifies with 

age and can negatively impact functionality, posing a risk to public safety (Attard et al., 

2019). Therefore, it is essential to monitor and address these issues periodically; early 

detection is crucial to take action that ensures maintain the safety and reliability of the 

infrastructure (Uddin et al., 2019). Cracks on the surface of concrete structures are often 

the first indicator of degradation. Assessing their nature, extent, and dimensions 

provides insight into the current state of the structure, which allows preventive measures 

to avoid future damage (Jordan et al., 2018). Traditionally manual inspections are used 

to assess cracks, which can be labor-intensive, hazardous, and susceptible to subjectivity 

and error, making it challenging to track the progression of defects over time accurately. 

This can hinder the effective maintenance and preservation of the infrastructure (Bradley 

et al., 2018; Jordan et al., 2018; Liu et al., 2018; Yeung Yan & Yuan, 2018).  
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The use of automatic surface defect detection has gained significance in recent 

years due to advancements in remote sensing, deep learning and computer vision. This 

approach offers a reliable solution for structural health monitoring, reducing the 

limitations and subjectivity of manual inspections (Uddin et al., 2019). Early attempts to 

address the issue of crack detection in civil infrastructure relied on image-processing 

techniques with limited abstraction and rule-based approaches. However, these methods 

can not effectively address the complexities associated with cracks in images, including 

their intricate topology, differences in lighting conditions, and various ground sampling 

distance (GSD) sizes. The use of deep learning convolutional neural network (CNN) 

algorithms provides a high level of abstraction and generalization, offering a solution to 

the challenges faced in early approaches (Attard et al., 2019; Uddin et al., 2019). One of 

the best CNN architectures for crack detection used in the literature is Mask R-CNN 

(Attard et al., 2019; T. S. Tran et al., 2022; Uddin et al., 2019), which can be trained on 

extensively annotated datasets having the potential to segment cracks in images 

accurately. However, publicly available crack datasets used for training the network 

often contain idealized crack images without real-world noise, such as dirt, leakages, or 

graffiti. Based on our tests, the networks trained with such images can fail when using 

real-world images. 

To address this issue, we investigated whether synthetically adding real-world 

features to a dataset and augmenting the amount of data samples could help to improve 

the accuracy of the network. We trained the algorithm on three different versions of the 

CRACK500 training dataset and compared their precision and recall. The original 

dataset served as the baseline, while in the CRACK500-C version, we eliminated several 
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samples that contained inaccuracies in their annotations. In the CRACK500-C+G 

version, we integrated real-world features such as graffiti into randomly selected 

CRACK500 data samples using data augmentation and image processing techniques to 

simulate real-world images. 

To further evaluate the model's effectiveness, we tested it on a set of 10 real-

world images collected from two bridges in Fredericton, New Brunswick, Canada - 

specifically, Westmorland and Princess Margaret Bridge.  

Our results showed that by incorporating these techniques, we improved the 

model's ability to detect cracks located next to graffiti and wet concrete marks 

accurately. This initiative suggests that using data augmentation and integrating real-

world features can enhance the model's performance, particularly in detecting cracks that 

may be obscured or difficult to distinguish in real-world scenarios. 

2.3 Background Information 

2.3.1 Crack Detection and Deep Learning 

Detecting crack areas in pavement images is challenging due to their unique 

characteristics. Cracks are typically darker than their surroundings, have irregular 

shapes, and exhibit distinct textural patterns. Traditional image processing techniques 

often manually set thresholds to segment cracks from non-crack pixels. However, these 

handcrafted solutions for feature recognition are limited in their generalizability and are 

not suitable for all scenarios, given the variations in crack sizes, backgrounds, and 

lighting conditions (T. S. Tran et al., 2022; Uddin et al., 2019; Xu et al., 2022). On the 

other hand, deep learning algorithms offer a solution that is more adaptable to variable 
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real-world conditions, as they can learn to recognize the features automatically, instead 

of relying on handcrafted solutions (Attard et al., 2019). Deep learning algorithms such 

as Convolutional Neural Networks (CNNs) have proven to be effective in capturing and 

recognizing complex features in images. 

A CNN is a popular deep learning technique inspired by the natural visual 

perception mechanism of living creatures and is used for image recognition. This 

method uses convolution to extract features from images producing feature maps (Gu et 

al., 2018). There are various architectures of a CNN, but they all have similar 

components, including convolutional layers, activation layers, pooling layers, fully 

connected layers, and a SoftMax layer (Figure 2.1). The goal of training a CNN is to 

identify patterns within the images, recognize them as significant features, and perform 

image classification by assigning the input image to a specific class or category (Gu et 

al., 2018; Uddin et al., 2019). In the context of cracks, it is possible to classify an image 

using the labels "crack" or "no crack". 

 

Figure 2.1. Convolutional Network Architecture. 

A CNN is considered deep when it comprises multiple convolutional layers. The 

depth of the network directly impacts its capability to learn complex representations 

from the input data (F. He et al., 2020). However, the training error starts to increase 
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beyond a certain depth, resulting in a decline in classification accuracy (Jia et al., 2020). 

ResNet is a deep CNN designed to overcome this issue. The solution to this problem is 

achieved by implementing skip connections, which act as shortcuts that preserve 

information from the input as it travels through the network. By allowing the network to 

maintain information from shallower layers better, ResNet can learn deeper and more 

complex representations of the input, thereby enhancing its accuracy (F. He et al., 2020). 

2.3.2 Crack Segmentation and Mask R C-NN 

Image classification involves generating a label for an image that identifies the 

object it contains without considering the spatial location of the object. Object detection, 

on the other hand, not only classifies the object but also localizes its spatial location 

within the image, which adds an extra layer of complexity to the task. As a result, Object 

detection is generally more challenging than image classification. The advancement of 

deep learning has revolutionized the field of object detection from images (Attard et al., 

2019; Uddin et al., 2019). A series of Region-based Convolutional Neural Network (R-

CNN) models have been developed, starting from R-CNN, which was later improved to 

Fast R-CNN and finally Faster R-CNN, with the integration of a Region Proposal 

Network (RPN) (K. He et al., 2017; Ren et al., 2015). These models have pushed the 

boundaries of object detection and made it possible to achieve high accuracy on 

challenging tasks. 
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Figure 2.2. Mask R-CNN architecture. 

Mask R-CNN is a sophisticated deep-learning network that excels in object 

detection and instance segmentation tasks in images. It is based on the Faster R-CNN 

architecture and comprises a ResNet backbone, an RPN, and a fully convolutional 

network. The network generates bounding boxes for each object detected and predicts a 

probability mask to separate it from the background and other instances in the image (K. 

He et al., 2017) (Figure 2.2). It has been applied to a wide range of object detection, 

such as detecting pedestrians, cars and traffic signs in application areas such as 

autonomous cars, disaster management, 3D city modelling, and image-based medical 

diagnosis (Abdi et al., 2021; Attard et al., 2019). In addition, the ability of the network 

to accurately detect and segment multiple objects in an image has made it a popular 

choice in various fields and a potential tool for structural health monitoring and crack 

detection. 
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2.4 Methodology 

2.4.1 Mask R-CNN implementation and architecture 

In this work, our Mask R-CNN is based on the implementation released by 

pytorch1.13.1 with CUDA11.7 as a parallel computing platform. The whole network has 

been pre-trained on the MSCOCO dataset. It has a standard architecture with a backbone 

composed of a ResNet50 and Feature Pyramid Network (FPN); both will be in charge of 

extracting the features from the input and producing the feature maps. The second 

principal component will be the RPN which takes the feature maps as input and uses 

them to identify regions of interest (ROIs) that contain the objects to be detected. 

Finally, the heads generate class, bounding box, and mask predictions based on the ROIs 

produced by the RPN. 

2.4.2 Dataset 

We used CRACK500 dataset as the basis for this experiment; according to the 

literature, it is the largest publicly available crack dataset (König et al., 2022), consisting 

of 500 pavement images of size 3264 X 2448. The images were collected using a low-

cost smartphone camera and then cropped into 16 non-overlapping sections, resulting in 

a total of 1896 training samples, 348 validation samples, and 1124 test samples with 

sizes of 640 X 360 and 360 X 640(Yang et al., 2020; L. Zhang et al., 2016) (Figure 2.3).  

However, despite being the largest publicly available crack dataset, CRACK500 

contains some mask annotations that appear to be incorrect or lacking in detail (König et 

al., 2022). To improve the accuracy of our model in detecting cracks in real-world 
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images and reduce overfitting, we modified CRACK500 to create two additional 

datasets (Table 2.1): 

(1) CRACK500-C is a cleaned version of CRACK500 in which we manually 

eliminated samples with inaccurate mask annotations; this resulted in 876 

training data samples (Table 2.2 and Figure 2.4). 

(2) CRACK500-C+G is a processed version of CRACK500-C in which we took 

280 images from the cleaned training dataset and 80 high-quality images from 

the validation dataset and added a specific graffiti pattern using image 

processing techniques (Figure 2.5); this resulted in a total of 453 new samples 

augmented with 46 different graffiti patterns. 

To further strengthen and generalize the model, we applied additional inline 

augmentations to each dataset while training, including vertical and horizontal flipping 

and brightness. 

Table 2.1. Experimental datasets. 

Versions of CRACK500 Training Samples Test Samples 

CRACK500 1896 80 

CRACK500-C 876 80 

CRACK500-C+G 1329 80 
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Table 2.2. CRACK500 before and after the cleaning process. 

Data portion Initial samples Samples post-filtering 

Training data samples 1896 876 

Validation data samples 348 268 

Test data samples 1124 80 

 

 

Figure 2.3. Sample image and binary mask from CRACK500. 

 

 

Figure 2.4. Examples of crack images and inaccurate segmentation annotations. 
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Figure 2.5. Examples of original CRACK500 images, graffiti overlays, and the final 

composited images included in CRACK500-C+G. 

2.4.3 Training 

To make the most of the limited data and computational resources, we used a 

pre-trained network on the MSCOCO dataset. 

This experiment consisted of two trials. In the first trial, performed three tests 

using CRACK500 dataset to determine an optimal learning rate (Table 2.3). For this, we 

tested three learning rates frequently reported in the literature to select the one that 

produces the highest accuracies. The results show that the learning rate of 0.001 

produces the best results; thus, this number is used for the next trial.  
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In the second trial, we trained the Mask R-CNN network on the CRACK500-C and 

CRACK500-C+G datasets separately using a learning rate of 0.001 (Table 2.4).  

The training schedule for all the tests in both trials was divided into two phases 

to optimize performance. The phased approach began with training only the heads of the 

network (RPN, ROI and above layers), followed by the entire Mask R-CNN network 

end-to-end (Tables 2.3 and 2.4). Throughout the 200 epochs of training, we used 

Stochastic Gradient Descent as the optimizer. While conducting experiments, we 

determined that a batch size of 4 was optimal. This batch size allowed for efficient 

computations while also improving model generalization. We refer to the network model 

trained on each dataset using the dataset's name. 

2.5 Results and Discussions 

The performance of the trained models was evaluated using precision and recall 

metrics on a pixel level. Precision measures the accuracy of positive predictions made 

by the model, i.e., the proportion of true positive cases among all the positive predictions 

(Eq. 2.1). On the other hand, recall measures the completeness of positive predictions, 

i.e., the proportion of true positive (TP) predictions among all actual positive cases (Eq. 

2.2). In the context of image segmentation, a TP is a correctly classified pixel that 

belongs to the target object or class. On the other hand, a false positive (FP) is a pixel 

that was predicted in the wrong target class (pixels predicted as a crack that in the 

ground-truth are not a crack), and a false negative (FN) is a pixel that belongs to the 

targeted class but was not predicted (pixels that belong to a crack in the ground-truth but 

were not predicted as one). The precision and the recall here are calculated using 
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intersection over union (IoU) as a threshold to determine if an entire prediction is a TP 

or not. The IoU measures the overlap between the predicted segmentation mask and the 

ground-truth segmentation mask at the pixel level (Eq. 2.3).  (König et al., 2022; Yeung Yan 

& Yuan, 2018). In this research, we set the IoU threshold as 50%. 

 PR = TP / (TP + FP) (2.1) 

 RE = TP / (TP + FN) (2.2) 

 IoU = TP / (TP + FP + FN)                                (2.3)
 b 

Table 2.3. The effect of learning rate on Precision and Recall of the CRACK500 

dataset (First Trial). 

Test LR 
Schedule Results 

Heads ALL Precision Recall 

1 0.01 50 150 0.863 0.467 

2 0.001 50 150 0.93 0.58 

3 0.0001 50 150 0.923 0.57 

 

Table 2.4. The Precision and Recall of constant learning rate of 0.001 on the 

modified CRACK500 datasets (Second Trial). 

Test Dataset Heads ALL Precision Recall 

1 CRACK500-C 50 150 0.976 0.54 

2 CRACK500-C+G 50 150 0.978 0.531 

 

 

b This form of the IoU Equation is equivalent to Equation 1.4 in Chapter 1 and Equation 3.7 in Chapter 3. 
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As shown in Table 2.3, based on the results of the first trial, it was found that the 

models achieved their highest precision and recall at epoch 200. Among the three 

models tested, the one trained with a learning rate of 0.001 achieved the best precision 

and recall. 

The second trial revealed that both models achieved their best precision and 

recall around epoch 100c. Both models achieved similar precision and recall. However, 

it should be noted that in both cases, the recall was lower than that of the best model in 

the first trial (Tables 2.3 and 2.4). The recall values we achieved in this study are not as 

high as the precision. One of the reasons for this could be the quality of the ground-truth 

and the IoU threshold. Despite CRACK500 being cleaned, some of the remanent data 

still have inaccurate annotations (Figure 2.6). In addition, some studies about crack 

detection used an IoU threshold lower than the one used in this study (50%), i.e., the 

author Attard (2018) uses 30% as a threshold allowing some flexibility when calculating 

the Recall (König et al., 2022). 

 

Figure 2.6. Example of remanent inaccurate annotations on the testing data. 

 

c The second trial had 200 epochs in total (table 2.4). However, it achieves its best model at epoch 100. 
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The results indicate that the best model from the first trial and the two models of 

the second trial experienced a significant reduction in loss up until epoch 100, after 

which the reduction in the loss was not as pronounced (Figure 2.7). 

In Figure 2.2, we display the manually collected samples along with their 

detection by the three best models. It is evident that the three models perform similarly, 

with slight differences. However, The CRACK500 model appears to have difficulty 

detecting cracks that are adjacent to graffiti or wet concrete marks, as seen in images d, 

e, f, g, h, and j Additionally, it struggles with detecting vertical cracks, as demonstrated 

by images b, g, and j. On the other hand, the CRACK500-C model performs well 

overall, but it is prone to confusion by black graffiti patterns, as seen in images f, g and 

j. The CRACK500-C+G model performs as well as the others, with an evident 

improvement in detecting the cracks adjacent to graffiti and wet concrete marks, as seen 

in all the images from d to j. Overall, the results indicate that the three models perform 

similarly and are effective in detecting cracks, with some variations based on the dataset 

used for training. 

 

Figure 2.7. Total loss function with a learning rate of 0.001 versus epochs for the 

three trained models. 
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Figure 2.8. Real cracks detected by the network trained on three different datasets 

CRACK500, CRACK500-C, and CRACK500-C+G. The blue color shows the 

predicted binary mask overlaid. 

As can be seen from Figure 2.8, adding graffiti training samples did not 

negatively affect the training of the network trained by the CRACK500-C+G. 

Furthermore, adding these patterns seems to help with reducing the false crack 

detections from real-world samples. Including different types of visual patterns in the 

training data may expose the network to a more diverse range of visual inputs, which 

helps it to learn and generalize better to new, unseen data. Thus, in future studies, we 

aim to include a variety of real-world patterns, such as graffiti or dirt/leakage patterns to 

our samples. By doing so, we can guide the network to disregard those patterns on 

images and focus on the crack patterns only. However, an aspect to consider is 

overfitting; if the network is trained on a very specific set of patterns, it may become too 

specialized to recognize those patterns and may not generalize well to new data. 
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2.6 Conclusions 

The three Mask RCNN models trained with CRACK500, CRACK500-C and 

CRCK500-C+G datasets exhibit similar performance in detecting cracks, but with slight 

variations in their accuracy that could be attributed to the differences in dataset 

composition used for training. 

CRACK500 is the largest publicly available dataset for crack detection. 

However, it contains some inaccurate annotations (Figure 2.4 and 2.6), which can 

introduce noise during training. This noise could be the reason why this model requires a 

greater number of epochs to reach its optimal performance compared to the models 

trained with CRACK500-C and CRACK500-C+G datasets. Additionally, another of its 

limitations is that all the images are close-range, which makes it less than optimal for 

detecting cracks from a distance. 

The Clean dataset-trained model is generally effective but may be susceptible to 

confusion by certain patterns such as black graffiti. However, it requires less epochs to 

reach its optimal performance compared to the model trained with the original 

CRACK500 making it computationally less expensive. 

The CRACK500-C+G trained model performs similarly to the other models, 

with an evident advantage in its ability to better handle black patterns, such as certain 

types of graffiti and wet concrete. This suggests that graffiti pattern augmentation can be 

effective, but it may require a wider variety of samples to generate a real impact. In 

future, we are planning to extract a wider variety of real graffiti patterns to augment 

samples in the training dataset.  



 

45 

 

Overall, the results suggest that Mask RCNN and other machine learning models 

can be effective in detecting cracks, and the choice of training dataset can have an 

impact on their performance. One challenge with datasets is that they are not always 

readily available to the wider research community. While many authors use datasets in 

their work, they may not always publish them for open access. This can make it difficult 

to evaluate and compare different algorithms, which can impede progress in the field of 

research. Therefore, creating a publicly available multiclass crack dataset with expert 

annotations that can be used to train models to recognize various types of cracks would 

be a valuable resource for both the academic and engineering communities. The 

potential applications of crack detection algorithms together with other technologies like 

LiDAR, photogrammetry, drones, and mobile devices open a path to a new age for 

structural health monitoring. By combining crack detection algorithms with other 

technologies such as LiDAR, photogrammetry, drones, and mobile devices, a new way 

of structural health monitoring can be created. 
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3.1 Abstract 

This paper addresses the crucial need for effective crack detection and dimensional 

assessment in civil infrastructure materials to ensure safety and functionality. It proposes 

a cost-effective crack detection and dimensional assessment solution by applying state-

of-the-art deep learning on smartphone sensor imagery and positioning data. The proposed 

methodology integrates 3D data from LiDAR sensors with Mask R-CNN and YOLOv8 

object detection networks, for automated crack detection in concrete structures, allowing 

for accurate measurement of crack dimensions, including length, width, and area. The 

study finds that YOLOv8 produces superior precision and recall results in crack detection 

compared to Mask R-CNN. Furthermore, the calculated crack-straight-length closely 

aligns with the ground-truth-straight-length, with an average error of 1.5%. These research 

contributions include developing a multi-modal solution combining LiDAR observations 

with image masks for precise 3D crack measurements, establishing a dimensional 

 

d This paper was submitted to the Canadian Journal of Civil Engineering and is under review at the 

moment of the thesis submission. 
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assessment pipeline to convert segmented cracks into measurements, and comparing state-

of-the-art CNN-based networks for crack detection in real-life images. 

Keywords: Crack Detection, Crack Dimensional Assessment, Deep Learning, 

Smartphone-Sensors, LiDAR. 

3.2 Introduction 

 Civil infrastructure materials undergo a natural deterioration process as they face 

the relentless forces of corrosion, thermal fluctuations, and various physical and 

chemical transformations over time. This aging-induced degradation escalates, 

potentially jeopardizing the infrastructure's functionality and public safety (Attard et al., 

2019). Thus, it is imperative to regularly monitor and address these issues, with early 

detection being paramount for safeguarding and sustaining the infrastructure's safety and 

dependability (Uddin et al., 2019). 

 Surface cracks in concrete structures often serve as the initial warning signs of 

this deterioration. By scrutinizing their characteristics, extent, and dimensions, valuable 

insights into the structure's current condition are gleaned, enabling proactive measures to 

prevent future harm (Jordan et al., 2018). Conventional manual inspections have 

historically been employed to evaluate these cracks, a process fraught with labor 

intensiveness, hazards, and subjectivity, making it challenging to trace the evolution of 

defects over time accurately. This, in turn, can impede the effective maintenance and 

preservation of the infrastructure (Bradley et al., 2018; Jordan et al., 2018; Liu et al., 

2018). 

 Recent years have seen the emergence of automatic surface defect detection as a 

significant advancement, owing to progress in remote sensing, deep learning, and 
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computer vision technologies. This approach offers a dependable solution for structural 

health monitoring, alleviating the limitations and subjectivity inherent in manual 

inspections. (Uddin et al., 2019) 

 Early attempts at addressing the challenge of crack detection in civil 

infrastructure mainly relied on image-processing techniques characterized by limited 

abstraction and rule-based methodologies. However, these methods fall short in 

effectively managing the intricacies linked to cracks in images, including their complex 

topological patterns, variations in lighting conditions, and varying ground sampling 

distances (GSD). The integration of deep learning convolutional neural network (CNN) 

algorithms has introduced a high level of abstraction and generalization, thus offering a 

more robust solution to the challenges that early approaches struggled with. (Attard et 

al., 2019; Uddin et al., 2019) 

 Contemporary approaches to crack detection and measurement can be 

categorized into two main groups: image-based crack detection and 3D crack 

localization (König et al., 2022; Yuan et al., 2022). Both categories utilize deep learning 

techniques for crack detection, but they diverge in the choice of neural network 

architecture. Image-based methods predominantly rely on CNNs, being Mask R-CNN 

and YOLO the most widely used, with the recent adoption of Visual Transformers (ViT) 

(Asadi Shamsabadi et al., 2022). In contrast, techniques for 3D crack localization utilize 

3D data derived from Structure from Motion (SfM) or laser scanning methodologies, 

enabling the use of Graph Convolutional Networks (GCNs). Nevertheless, to the best of 

our knowledge, most contemporary approaches depend on costly data collection 

equipment, overlooking the untapped potential of readily available modern smartphones 
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equipped with low-cost LiDAR for data collection and processing. Furthermore, there is 

a noticeable gap in the literature concerning crack detection and measurement using 

CNN-based solutions in real uncontrolled conditions using cost-effective equipment. 

 Addressing these issues is essential to develop a cost-effective solution for 

this critical problem in civil infrastructure maintenance and safety. This research aims to 

present an affordable CNN-based solution for crack length, width, and area measurement 

by harnessing the capabilities of smartphones equipped with low-cost LiDAR technology. 

We developed a cost-effective pipeline to convert CNN-based crack masks into precise 

measurements of crack dimensions.  

The contributions of this work are: 

- Developing a multi-modal solution to combine low-density LiDAR 

observations with image masks to provide precise 3D measurements in crack 

detection. 

- Developing a dimensional assessment pipeline to use vector models for 

converting crack masks into precise measurements. 

- Comparing state-of-art CNN-based networks for crack detection in real-life 

images. 

3.3 Background Information 

 The process of detecting cracks in concrete images is particularly difficult due to 

the unique characteristics of cracks themselves. Cracks typically appear as darker 

regions in images, with irregular shapes and distinct textural patterns. In traditional 

image processing, threshold values are manually set to distinguish crack pixels from 
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non-crack pixels (Tran et al., 2022). However, these handcrafted solutions for feature 

recognition have limited generalizability and may not be suitable for all scenarios, 

especially given the variations in crack sizes, backgrounds, and lighting conditions (T. S. 

Tran et al., 2022; Uddin et al., 2019; Xu et al., 2022). 

 In contrast to image processing, deep learning algorithms offer a more adaptable 

solution that can accommodate variable real-world conditions. These algorithms have 

the capacity to learn and recognize features automatically, eliminating the need for 

manual threshold adjustments (Attard et al., 2019). Notably, CNNs have emerged as 

highly effective tools for capturing and recognizing complex image features.  

 A CNN, inspired by the visual perception mechanism of living organisms, is a 

widely used deep learning technique for image recognition. It leverages convolution 

operations to extract intricate image features, generating feature maps (Gu et al., 2018). 

While various CNN architectures exist, they share common components, including 

convolutional layers, activation layers, pooling layers, fully connected layers, and a 

SoftMax layer (Figure 3.1). The primary objective of training a CNN is to identify 

patterns within images, recognize these patterns as significant features, and ultimately 

classify images by assigning them to specific classes or categories (Gu et al., 2018; 

Uddin et al., 2019). In the context of cracks, a trained CNN can categorize an image as 

either "cracked" or "non-cracked," providing a highly effective means of automating the 

identification and segmentation of cracks within concrete images. 

A CNN earns the distinction of being "deep" when it incorporates multiple 

convolutional layers, a depth that significantly influences its capacity to acquire intricate 

data representations (F. He et al., 2020). Nevertheless, as the network's depth increases, 
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there comes a point where the training error begins to rise, resulting in a decrease in 

classification accuracy (Jia et al., 2020). 

 

Figure 3.1. Convolutional network architecture. 

 ResNet, a deep CNN architecture, has been devised to address this challenge. It 

does so by introducing skip connections, acting as shortcuts that preserve information 

from the input as it traverses through the network. By enabling the network to retain 

essential information from shallower layers, ResNet empowers the learning of deeper 

and more intricate data representations, ultimately enhancing its classification accuracy 

(F. He et al., 2020). This innovation resolves the limitations associated with the depth of 

traditional deep CNNs. 

3.3.1 Mask R-CNN 

 Within the domain of computer vision and deep learning, the task of object 

detection not only classifies objects but also pinpoints their precise spatial location 

within the image. Object detection presents an additional layer of complexity, making it 

inherently more challenging than image classification. The advent of deep learning has 

ushered in a transformative era for object detection from images. (Attard et al., 2019; 

Uddin et al., 2019) 
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 Mask R-CNN stands out as a sophisticated deep-learning network renowned for 

its prowess in object detection and instance segmentation tasks within images. Mask R-

CNN boasts a comprehensive structure, including a ResNet backbone, a Region 

Proposal Network (RPN), and a fully convolutional network. This network not only 

identifies objects within images by generating bounding boxes but also goes a step 

further. It predicts probability masks that separate the detected objects from the image's 

background and other object instances (Figure 3.2). (K. He et al., 2017) 

 

Figure 3.2. Mask R-CNN architecture. 

 The versatility of Mask R-CNN extends across a spectrum of object detection 

applications, including the identification of pedestrians, cars, and traffic signs. Its 

utilization spans diverse domains, from autonomous vehicles and disaster management 

to 3D city modelling and image-based medical diagnosis (Abdi et al., 2021; Attard et al., 

2019). Furthermore, the network's exceptional ability to accurately detect and segment 

multiple objects within an image has positioned it as a preferred choice in various fields, 

holding the potential to play a pivotal role in structural health monitoring and crack 

detection. 
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3.3.2 YOLOv8 

 The YOLOv1 algorithm introduces a groundbreaking approach to object 

detection. At its core, YOLOv1 simplifies object detection by treating it as a regression 

problem. It employs a single deep convolutional neural network that directly predicts 

bounding boxes and class probabilities for objects within an image in one single pass 

(Figure 3.3). This unified architecture is designed to optimize detection performance 

end-to-end, making it remarkably fast, capable of processing images in real-time, even 

on standard hardware. The key innovation of YOLOv1 is its ability to make predictions 

without the need for region proposals or complex multi-stage processes, which were 

common in earlier detection systems like R-CNN (Redmon et al., 2015). 

Although YOLOv1 was celebrated for its speed and simplicity, it did exhibit 

limitations in precisely localizing small objects. Nevertheless, it laid the foundation for 

subsequent versions addressing these shortcomings, pushing the boundaries of real-time 

object detection and paved the way to YOLOv8 (Bochkovskiy et al., 2020; Li et al., 

2022; Redmon & Farhadi, 2016, 2018; Wang et al., 2022). 

 

Figure 3.3. YOLOv1 architecture. 
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YOLOv8 is the latest advancement in the YOLO object detection model, 

introducing several significant improvements. The primary changes in YOLOv8 include 

the integration of both Feature Pyramid Network (FPN) and Path Aggregation Network 

(PAN) (Figure 3.4). The FPN and PAN modules work together to create feature maps 

capable of detecting objects at various scales and resolutions. This allows YOLOv8 to 

accurately identify objects of different sizes and shapes, outperforming all the previous 

versions of YOLO (Reis et al., 2023). These enhancements make YOLOv8 a highly 

suitable network for applications like structural health monitoring and crack detection.  

 

Figure 3.4. YOLOv8 architecture (source: King, 2023). 

3.3.3 Modelar Application 

 The Modelar Application (MApp) has been developed by Modelar AI, it is 

specifically designed for smartphones equipped with cameras and LiDAR sensors. The 

application captures LiDAR depth data and RGB images in real-time and fuses them to 

create a textured triangulated 3D model (Chase et al., 2022; Masry, 2023). 
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3.4 Methodology 

 The proposed pipeline for crack dimensional assessment is illustrated in Figures 

3.5 and 3.6, encompassing five key components (shown by colour codes): data 

collection (dark blue), co-registrations (red), crack detection (Green), object XYZ 

coordinates retrieval (blue) and the subsequent measurement of crack length, width, and 

area (orange).  

 

Figure 3.5. Crack dimensional assessment pipeline. 

 The picture format of the pipeline is presented in Figure 3.5, while Figure 3.6 

encompasses additional detailed steps. A comprehensive explanation of the associated 

steps can be found in Section 3.4. 
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Figure 3.6. Crack Dimensional assessment flowchart. 
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3.4.1 DATA 

3.4.1.1 Crack Images and 3D Data 

 The smartphone used to capture both images and 3D data was an iPhone 13 pro 

equipped with a LiDAR and a camera sensor (Table 3.1) (Chase et al., 2022; 

Luetzenburg et al., 2021). The images captured have a size of 1920×1440. On the other 

hand, the depth maps produced by the LiDAR are of size 173×231. 

Table 3.1. Sensors Technical Capabilities. 

LiDAR  

Max-Range 5 metres 

Focal Length 26 mm 

Total of points 576 (Array of 8x8 diffracted into a grid of 3×3) 

Point Density 7225/m2 at 25 cm | 150/m2 at 250 cm 

Camera  

Resolution 12 MP 

Focal Length 26 mm 

Aperture f/1.5 

Pixel Size 1.9 μm 

 

 To evaluate the accuracy of our measurements, using the iPhone 13 mobile 

phone, fifteen ground-truth samples were collected from different concrete structures. 

To obtain each crack image along with their corresponding 3D data, the LiDAR 

scanning and image shooting were executed simultaneously and co-registered using 

Mapp, resulting in the production of 3D point clouds and depth maps. To have a metric 
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value comparable to the manual inspection methods, the cracks were manually measured 

as a straight line with metric tape, as shown in Figure 3.7. 

 

Figure 3.7. Ground-Truth sample. 

3.4.1.2 CNN Training Dataset 

 In the training phase of our CNN models, a carefully selected dataset was 

assembled from three different sources (Table 3.2):  

1. The platform Roboflow-Universe developed by Dwyer et al (2022): We 

used the Roboflow-Universe-Crack (RUC) dataset (Nadar, 2022) with a 

total of 1551 samples.  

2. The archives of the Department of Transportation and Infrastructure (DTI) 

from New Brunswick: We picked 540 original crack images, each of which 

underwent annotation using the CVAT annotation tool (Sekachev et al., 

2020), ensuring precision and uniformity of labelling. 

3. The Crack500 dataset (Yang et al., 2020; L. Zhang et al., 2016): We re-

annotated and used 56 samples. 
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Table 3.2. Crack dataset sources. 

Source Training Validation Test Image Size 

DTI 240 150 150 640×60 

RUC 1239 200 112 2560×1440 

Crack500 56 - - 640×360 

TOTAL 1535 350 262 Various 

 

 Upon the finalization of our dataset compilation, a phase of data preparation and 

augmentation followed. Making use of the robust capabilities of Roboflow's platform 

(Dwyer et al., 2022), all the samples underwent a preprocessing in which all images 

were uniformly resized to a resolution of 640×640 pixels, thus ensuring consistency in 

the input dimensions.  Subsequently, augmentation procedures were applied only to the 

training samples, aiming to increase the volume of the dataset and enhance the model's 

capacity to generalize effectively during training. The augmentations applied were 

horizontal/vertical flipping, rotation in the range of -45° to +45°, hue variations spanning 

from -10° to +10°, saturation adjustments between -25% and +25%, and brightness 

modifications within the -20% to +20% range. These augmentations increased the 

number of original training samples from 1535 to 4605 (Table 3.3). 

 

Table 3.3. Crack dataset after augmentations. 

Source Training Validation Test Image Size 

Not Augmented 1535 350 262  Various 

Augmented Dataset 4605 350 262 640X640 
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3.4.2 2D Image-3D LiDAR Co-Registration  

 LiDAR sensors measure the distance between the object, in this case, the 

concrete structure and the sensor, in this case, the smartphone (P. Dong & Chen, 2017; 

Reutebuch, 2005). The LiDAR 3D scans and images are co-registered to provide depth 

information for each pixel in the 2D images. This process operates on the principle of 

ray intersection, where a ray extends from the camera's optical center to the 

corresponding image pixel. The co-registered LiDAR data, transformed into the 

camera's coordinate system, identifies the points of intersection between these rays and 

the 3D point clouds. Depth values are determined by calculating the distance, or 

Euclidean norm, between the camera’s projection center and the footprint of the laser 

ray on the object within the 3D space (Hane et al., 2013). 

 To retrieve the XYZ coordinates of a 3D point in space from its corresponding 

2D image coordinates (x, y) and depth (D), collinearity equations are employed 

(Equations 3.1 and 3.2). These equations, derived from the principles of the pinhole 

camera model, establish a mathematical relationship that relates the coordinates in both 

the image plane (2D) and the object space (3D). (Hartley & Zisserman, 2003; Wolf et 

al., 2014) 
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𝑋 − 𝑋𝐿 = (𝑍 − 𝑍𝐿) [
𝑚11(𝑥 − 𝑥𝑜) + 𝑚21(𝑦 − 𝑦𝑜) + 𝑚31(−𝑓)

𝑚13(𝑥 − 𝑥𝑜) + 𝑚23(𝑦 − 𝑦𝑜) + 𝑚33(−𝑓)
] (3.1) 

  

𝑌 − 𝑌𝐿 = (𝑍 − 𝑍𝐿) [
𝑚12(𝑥 − 𝑥𝑜) + 𝑚22(𝑦 − 𝑦𝑜) + 𝑚32(−𝑓)

𝑚13(𝑥 − 𝑥𝑜) + 𝑚23(𝑦 − 𝑦𝑜) + 𝑚33(−𝑓)
] (3.2) 

 Here, (X, Y, Z) represents the 3D coordinates of the point in the object space, 

(XL, YL, ZL) represents the 3D coordinates of the point in the LiDAR coordinate system, 

and (x, y) are the 2D image coordinates. The parameters mij (i,j ∈[1,3]) are components 

of the rotation and translation matrix, and (xo, yo) are the principal point coordinates. 

The parameter 'f' denotes the principal distance of the camera (Hartley & Zisserman, 

2003; Wolf et al., 2014). By solving these collinearity equations for (X, Y, Z), one can 

accurately reconstruct the 3D coordinates of the point in the object space based on its 

corresponding 2D image coordinates and known camera parameters (Wolf et al., 2014).  

3.4.3 Crack Detection 

 In this work, for the crack detection component, two distinct CNN architectures, 

Mask R-CNN and YOLOv8, were trained and assessed using the same custom dataset. 

Afterwards, the CNN architecture that demonstrated superior results was selected to 

execute the detection component. 

 Mask R-CNN is based on the implementation provided by Detectron2 with 

CUDA11.8 as a parallel computing platform (Wu et al., 2019). The entire network has 

undergone pre-training on the extensive MS COCO dataset (Lin et al., 2014), laying a 
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robust foundation for its performance. This Mask R-CNN model adopts a conventional 

architecture featuring a ResNet50 as its backbone.  

On the other hand, the YOLOv8 architecture, drawing from Ultralytics' 

implementation, will serve as a pivotal component of our research framework (Jocher et 

al., 2023). Like Mask R-CNN, this version of YOLO has also been pre-trained using the 

MS COCO dataset. 

Both YOLOv8 and Mask RCNN networks were trained using the same training 

schedule in which the only variation between trainings was the learning rate (Table 3.4). 

Table 3.4. Training Schedule. 

Test LR Epochs Batch size 

1 0.01 200 16 

2 0.001 200 16 

3 0.0001 200 16 

 

3.4.4 Length, Width, and Area Measurement 

 In the proposed method, the binary mask produced from the crack detection and 

segmentation model was used as input in two different image processing techniques, 

skeletonization and contour extraction (Figures 3.6 and 3.8). Through skeletonization, 

the mask was simplified to an object of 1-pixel width in which its main topological 

features like connectivity, endpoints, junctions, and medial axis are conserved while 

discarding unnecessary details (T. Y. Zhang & Suen, 1984). On the other hand, contour 

extraction traces the boundary of the binary mask as a polygon.  
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Figure 3.8. Crack detection, Skeletonization, Contour extraction and Douglas-

Peucker point reduction. 

 Since the LiDAR sensor and the camera have different resolutions, it was 

heuristically determined that the minimum distance between LiDAR points is 

approximately equivalent to 5 pixels in the image. For this reason, it is possible to use 

the Douglas-Peucker algorithm to simplify even more the skeleton and contour reducing 

the number of points in them while retaining the main features of the original shape 

without losing relevant information (Figure 3.8) (Douglas & Peucker, 1973). The 

algorithm works by recursively dividing a polyline into segments and retaining the 

points that significantly deviate from a straight line connecting the endpoints. The level 

of simplification can be controlled by adjusting a user-defined threshold parameter, 

influencing the proximity of anchor points to the original curve (Douglas & Peucker, 
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1973). In this study, a threshold of 5 pixels was employed, chosen due to its alignment 

with the minimum distance between LiDAR points.  

Afterwards, the points resulting from the Douglas-Peucker reduction were 

employed to determine their image coordinates. These image coordinates, along with the 

3D data and collinearity equations, facilitated the calculation of the XYZ coordinates for 

those points in object space. Subsequently, using the three-dimensional Euclidean 

distance formula the distance between each pair of consecutive points (xi, yi, zi) and 

(xi+1, yi+1, zi+1) is calculated, where i is an index that represents a point in a sequence of 

points. Then doing the summation of these individual distances, the total XYZ-crack 

length was obtained (Equation 3.3). Finally, to allow the comparison with a ground-truth 

straight line measured with a metric tape, an XYZ-straight length was calculated only 

using the initial and the final coordinates of the set (as shown in Figure 3.10). 

𝑋𝑌𝑍 − 𝑐𝑟𝑎𝑐𝑘 𝑙𝑒𝑛𝑔𝑡ℎ =  ∑ √(𝑥𝑖+1 − 𝑥𝑖)
2  + (𝑦𝑖+1 − 𝑦𝑖)

2 + (𝑧𝑖+1 − 𝑧𝑖)2 (3.3) 

Thereafter, to calculate the width of the crack, the slope of each pair of 

consecutive points that compose the simplified skeleton (Figure 3.9(a)) is calculated 

using Equation 3.4. Based on this slope, a perpendicular line was generated for each pair 

(Figure 3.9(b)). Subsequently, the segments of these perpendicular lines that lie within 

the binary mask’s contour (Figure 3.9(c)) were extracted (Figure 3.9(d)). The lengths of 

these segments were quantified and then subjected to statistical analysis. In this analysis, 

a Z-score threshold of 2 was applied to filter out any outliers in the width values, 

allowing us to derive a more centrally located mean. A Z-score of 2 corresponds to data 

points that are two standard deviations away from the mean in a normal distribution, 
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where about 95% of the data lies within the range. In addition, Equation 3.5 is used to 

calculate the median of the length of the segments, where n represents the total number 

of elements in a dataset. The median, is inherently resistant to the influence of outliers, 

providing a robust measure of the central tendency. The primary objective of this 

analysis was to obtain a single, representative value for the crack's width that remains 

unaffected by outliers. 

𝑚 = (𝑦2 − 𝑦1) (𝑥2 − 𝑥1)⁄  
(3.4) 

𝑀𝑒𝑑𝑖𝑎𝑛 =
(𝑛 + 1)

2
 (3.5) 

 

 

Figure 3.9. (a) Binary mask skeleton. (b) Perpendicular lines between points. (c) 

Binary mask contour. (d) Sections of perpendicular lines contained inside the 

binary mask’s contour. 
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 Finally, to calculate the area of the crack, the contour of the binary mask was 

utilized to extract the coordinates that collectively define the contour polygon in the 

image space. These coordinates were subsequently transformed into their corresponding 

XYZ coordinates in the object space. Since area is a two-dimensional measure, it was 

necessary to determine which coordinate components represented the length and width. 

To achieve this, the standard deviation was computed for each of the X, Y, and Z 

components of all the points. The component with the smallest standard deviation was 

identified as the height and excluded from the calculation. Equation 3.6, known as the 

surveyor's formula, was then applied to compute the area of the contour polygon using 

the remaining two dimensions. In this formula, n represents the number of vertices in the 

polygon, and xn and yn represent the xy coordinates of the n-th vertex. 

𝐴 =
1

2
|(𝑥1𝑦2 + 𝑥2𝑦3 + ⋯ + 𝑥𝑛−1𝑦𝑛 + 𝑥𝑛𝑦1) − (𝑦1𝑥2 + 𝑦2𝑥3 + ⋯ + 𝑦𝑛−1𝑥𝑛 + 𝑦𝑛𝑥1)| (3.6) 

3.5 Results and Discussion 

3.5.1 Training Results 

 The evaluation of model performance in the present study was assessed by using 

precision and recall metrics. Central to this evaluation is the Intersection over Union 

(IoU) metric, which quantifies the degree of overlap between predicted segmentation 

masks (X) and ground-truth segmentation masks (Y) (Equation 3.7). Establishing an IoU 

threshold means that a prediction is categorized as a true positive (TP) if its computed 

IoU exceeds the threshold; otherwise, it is classified as a false positive (FP). On the 

other hand, Precision measures the accuracy of positive predictions made by the model, 
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i.e., the proportion of true positive cases among all the positive predictions (Equation 

3.8). Conversely, recall measures the completeness of positive predictions, i.e., the 

proportion of TP predictions among all actual positive cases (Equation 3.9). 

Conventionally, a prediction achieves TP status when its IoU surpasses the widely 

accepted 50% threshold, an indispensable criterion in the meticulous evaluation of 

segmentation performance. (König et al., 2022; Sajjadi et al., 2018) 

𝐼𝑜𝑈 =
𝑋 ∩ 𝑌

𝑋 ∪ 𝑌
 (3.7) 

𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (3.8) 

𝑅𝐸 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3.9) 

As shown in Table 3.5, in both models the best results were obtained with a 

learning rate of 0.01. However, the YOLOv8 model produced the most favourable 

precision and recall results for these sets of training and the custom training dataset. 

Consequently, the selected architecture for crack detection in this study is YOLOv8.  

Table 3.5. Training Results. 

Model LR Precision Recall 

Mask R-CNN 0.01 0.45 0.21 

Mask R-CNN 0.001 0.37 0.18 

Mask R-CNN 0.0001 0.38 0.18 

YOLOv8 0.01 0.83 0.63 

YOLOv8 0.001 0.79 0.69 

YOLOv8 0.0001 0.77 0.69 



 

68 

 

3.5.2 Length, Width, and Area Results 

This study reports the results obtained for the calculated length, width, and area. 

However, due to the complex topology of cracks, which complicates the measurement of 

their area and average width in the ground-truths, we only compared the 3D calculated 

XYZ-straight length and the ground-truth measured crack-straight length (Figure 3.10). 

It is worth noting that a limitation arises from the LiDAR sensor used, particularly when 

generating depth maps for captured images. The depth information at the map's borders 

often exhibits low confidence, rendering it unusable. Consequently, many images' 

borders lack 3D information, which can impact the accurate measurement of the crack's 

length (Figure 3.11). 

 

Figure 3.10. Estimated lengths and ground-truth. 
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Figure 3.11. (a) Skeletonized crack overlapped on LiDAR depth-confidence map. 

(b) Measurable section of skeletonized crack after removing the parts that are 

located over the low confidence regions. 

3.5.2.1 Length 

 To evaluate the accuracy of the straight lengths obtained using the proposed 

pipeline, a comparison against their respective ground-truth was made as shown in 

Figure 3.10. The results of this comparison are summarized in Table 3.6 and illustrated 

in Figure 3.12. 

Table 3.6 summarizes the results of the comparison, showing the XYZ-crack 

length, XYZ-straight length, ground-truth-straight length, and the error percentage for 

each of the 15 samples. As shown in Table 3.7, the average error of the calculated XYZ-

straight lengths in comparison to the ground-truth-straight lengths was found to be 1.5%. 

In all cases, the calculated XYZ-straight lengths were slightly longer than the ground-

truth-straight lengths, with a standard deviation of 1.1%. It is noteworthy that in all 

cases, the XYZ-crack length exceeded the ground-truth-straight length. This outcome 
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was expected since the XYZ-crack length considers the complex, non-linear shape of a 

crack, providing a more comprehensive representation compared to straight-line 

measurements, while the ground-truth and the XYZ-straight lengths represent 

simplifications of the crack as a straight line. The results demonstrate the effectiveness 

of the 3D data-driven approach for crack length assessment in concrete structures. 
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Figure 3.12. Comparison of calculated lengths vs ground-truth. 
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Table 3.6. XYZ straight length vs ground-truth straight length. 

Sample 

 

XYZ-crack 

length (cm) 

 

XYZ-STR 

length (cm) 

Ground-Truth-STR length (cm)   

Mark 1 Mark 2 Total 
Error 

(%) 

1 78.5 76.5 10.6 85.7 75.1 1.8 

2 42.9 41.9 9.1 50.7 41.6 0.6 

3 55.1 54.0 40.0 93.3 53.3 1.2 

4 40.8 39.5 68.1 106.7 38.6 2.3 

5 54.5 53.8 24.5 78.2 53.7 0.1 

6 29.1 28.1 0.5 28.4 27.9 0.6 

7 37.5 36.6 5.3 41.7 36.4 0.5 

8 60.3 58.7 12.3 70.5 58.2 0.8 

9 31.6 31.2 37.4 68.2 30.8 1.3 

10 85.8 83.6 7.5 90.0 82.5 1.3 

11 44.0 40.6 5.9 45.6 39.7 2.2 

12 32.7 31.8 6.5 37.0 30.5 4.4 

13 68.1 67.3 67.0 133.5 66.5 1.1 

14 19.6 18.9 4.5 23.0 18.5 2.2 

15 35.7 34.9 8.5 42.5 34.0 2.6 

 

Table 3.7. Error statistics. 

Error (%) 

Mean 1.5 

Median 1.3 

Standard Deviation 1.1 

Minimum 0.1 

Maximum 4.4 

Confidence Level (95.0%) 0.6 
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3.5.2.2 Width and Area 

 Figure 3.13 shows the width segments from sample 13. In Table 3.8, the segment 

lengths in centimetres and their corresponding z-scores are presented. Table 3.9 

illustrates the impact of using a z-score threshold of 2 on metrics such as mean, median, 

min, and max values. This analysis is repeated for all 15 samples used in the study, and 

the outcomes post-threshold application are summarized in Table 3.10. 

 

Figure 3.13. Width segments contained inside the contour of sample 13. 
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Table 3.8. Width segment length and their Z score in sample 13. 

Segment Width (cm) Z score 

1 1.4 1.7 

2 1.9 0.6 

3 2.9 2.1 

4 2.7 1.5 

5 1.8 0.7 

6 1.9 0.5 

7 2.2 0.4 

8 2.2 0.4 

9 2.3 0.4 

10 1.9 0.6 

11 2.3 0.5 

12 1.6 1.4 

13 2.3 0.6 

14 1.9 0.4 

 

Table 3.9. Width segment statistics before and after applying a z score of 2 as the 

threshold. 

Width (cm) before threshold Width (cm) after threshold 

Mean 2.1 Mean 2.0 

Median 2.1 Median 1.9 

Minimum 1.4 Minimum 1.4 

Maximum 2.9 Maximum 2.7 

Count 14 Count 13 
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 In terms of width and area measurements, the study's results provide valuable 

insights (Table 3.10). The width measurements show variations in crack widths, with the 

mean width ranging from 0.7 to 3.5 cm, and the width distributions showing both narrow 

and wider cracks. The area measurements indicate that crack areas range from 21.5 cm² 

to 137.1 cm², this variation in area was expected due to the varying camera distances and 

therefore crack dimensions. These results highlight the diversity in crack characteristics 

within concrete structures, emphasizing the importance of accurately capturing these 

variations for effective structural assessment and maintenance. 

 However, it is important to acknowledge that these measurements may not be 

directly comparable with traditional ground-truth values. The complex and irregular 

nature of cracks poses a challenge for traditional ground-truth measurement techniques, 

which often oversimplify crack shapes as straight lines. As a result, the width and area 

measurements presented here are based on 3D data-driven techniques that capture the 

intricate and non-linear nature of cracks more accurately. This limitation underscores the 

need for advanced methodologies in crack assessment and highlights the potential for 

further research and standardization in the field to improve comparability across 

different measurement approaches. These findings emphasize the significance of 

adopting innovative techniques to understand better and address the diversity of crack 

characteristics in concrete structures. 
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Table 3.10. Width and area results. 

Sample 

Width (cm)  
Min Max Mean Median Area (cm2) 

1 0.7 1.3 1.0 1.0 74.7 

2 0.5 1.6 0.9 0.9 43.7 

3 0.8 1.5 1.1 1.1 56.3 

4 0.7 1.2 1.0 1.0 45.2 

5 0.4 0.9 0.7 0.8 77.4 

6 0.4 1.4 1.0 1.1 26.1 

7 2.0 4.9 3.5 3.6 127.3 

8 0.7 1.7 1.2 1.1 75.5 

9 1.0 1.3 1.2 1.3 34.1 

10 0.7 2.2 1.4 1.4 131.8 

11 0.7 2.2 1.4 1.4 35.1 

12 0.2 1.2 0.7 0.6 21.5 

13 1.4 2.7 2.0 1.9 137.1 

14 1.2 1.8 1.4 1.4 28.5 

15 0.5 1.2 0.9 0.9 34.4 

 

3.6 Conclusions 

 Based on the findings and analyses presented in this paper, some key conclusions 

can be drawn. 

First, Mask R-CNN is a robust model for instance segmentation tasks. It is 

important to note, however, that this model necessitates substantial quantities of training 

data to attain optimal performance. On the flip side, YOLOv8 emerges as an efficient 

object detection model, finely tuned for real-time applications, capable of processing 
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images and videos at high frame rates. Additionally, it offers the advantage of not 

demanding as extensive training data and time as Mask R-CNN. This characteristic 

positions YOLOv8 as the right choice for our study, where the proposed pipeline could 

potentially evolve into a real-time application through further research, all without the 

burden of gathering vast amounts of training data. 

  Second, the proposed pipeline for crack measurement, utilizing 3D data-driven 

techniques to calculate XYZ-straight lengths, demonstrates promising results in 

accurately capturing the complex and irregular nature of cracks within concrete 

structures. The relatively low average error of 1.5% compared to ground-truth 

measurements suggests the method's viability for crack assessment. Moreover, 

measurements such as XYZ-crack length, width, and area account for the complex, non-

linear shapes of cracks often overlooked in manual inspections, offering additional 

insights into the nature of cracks. Combining straight-line measurements with those 

considering non-linear features could contribute to the development of a comprehensive 

metric or indicator for a more holistic understanding. 

Furthermore, the results highlight the limitations of traditional ground-truth 

measurement techniques, which often oversimplify crack shapes as straight lines. The 

proposed methodology, by considering the intricate characteristics of cracks, presents a 

more comprehensive and precise approach to assessing crack lengths. 

Despite the fact the proposed pipeline produced high accuracies in crack 

detection and dimensional assessment, there are some factors to be considered, such as 

the low confidence level at the borders of the depth maps produced by the LiDAR 

sensor. This can lead to a partial dimensional assessment of a detected crack.  
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3.7 Recommendations 

 While the current crack detection and dimensional assessment process is carried 

out as a post-processing step, there is untapped potential for transitioning it into a real-

time operation that runs concurrently with the structure scanning process.  YOLO 

architectures prove advantageous in this context, given their intrinsic design for real-

time detection in videos and images. Integrating them with the MApp application could 

bring the prospect of real-time crack detection and on-the-fly dimensional assessment of 

multiple cracks into fruition.  

This research, which currently concentrates on measuring individual cracks 

within a single image, suggests the logical progression of extending the analysis to 

comprehend and measure multiple cracks within an image. 

 Despite the capabilities that YOLOv8 has shown in this research, the emergence 

of new AI architectures, such as ViTs, presents an opportunity for experimentation and 

potential improvement in crack detection capabilities worth trying in further research. 

 Another opportunity for improvement in the pipeline could be fitting a plane in 

the 3D point cloud. In its current version, when finding the width and area, it is required 

to determine which coordinate components represent the length and width; since all our 

samples were taken with the sensors parallel or almost parallel to the surface that was 

being scanned, computing the standard deviation for each of the X, Y, Z components of 

all the points was enough to solve this. However, this method would present a limitation 

if the sensors were not parallel to the surface during the scan. Thus, fitting a plane in the 

point cloud with methods like Least Square Fitting and Principal Component Analysis 

could solve this. 
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 To the best of our knowledge, the literature lacks a comprehensive metric 

utilizing information from both crack detection and 3D data, particularly the non-linear 

features. A valuable avenue for further research is the development of a standardized 

metric that can be universally employed. 
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The publicly available data used to train the CNNs during this study are available 

in the following repositories: 

[Pavement Crack Detection (Crack500), https://github.com/fyangneil/pavement-crack-

detection]; [Crack Computer Vision Project, https://universe.roboflow.com/university-

bswxt/crack-bphdr]. 
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https://universe.roboflow.com/university-bswxt/crack-bphdr
https://universe.roboflow.com/university-bswxt/crack-bphdr
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Chapter 4: Discussion and Conclusions 

4.1 Discussion 

 Ensuring the robustness and accurate labelling of a dataset is crucial for 

effectively training deep learning algorithms. Unfortunately, crack datasets suffer from 

limited availability and varied label quality; they often lack real-world noise in their 

images. The initial paper in this thesis tackled these challenges by optimizing the 

CRACK500 dataset. Through meticulous cleaning, inaccurate labels were eliminated. 

Then, real-world features were synthetically added to the remaining samples, 

demonstrating that a dataset with fewer but more balanced and better-quality samples 

can significantly reduce the number of epochs required for a Mask R-CNN network to 

reach its optimal model with a precision and recall of 97.8% and 53.1% respectively. 

This emphasizes the importance of prioritizing label accuracy over sheer volume in 

dataset construction.  

 In the second paper, a different approach was taken, utilizing a recently released 

RUC dataset and training both Mask R-CNN and YOLOv8 networks. This dataset 

includes a more varied range of crack samples with real-world features. Furthermore, we 

enriched it with selected samples from two sources, CRACK500 and the new DTI 

samples that were generated and labelled during this research. As a result, the need for 

synthetic augmentation of real-world features was eliminated. While the results from 

Mask R-CNN were reasonably inferior compared to those achieved in the first paper, 

yielding a precision of 45% and a recall of 21%, YOLOv8 demonstrated a good 

performance. It achieved a precision and recall of 83% and 63%, respectively. Although 
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the precision of the best model in the second paper is slightly lower than that of the first 

paper, an improvement in recall was observed. This improvement translated into the 

model's ability to differentiate more cracks from the background. Notably, these models 

were tested with different datasets, each with varying sample volumes. The decline in 

precision and recall results for Mask R-CNN in the second paper can be attributed to the 

incorporation of thinner cracks in the RUC dataset, contrasting with CRACK500, where 

most cracks are large and wide. The architectural intricacies of Mask R-CNN involve 

multiple convolutions, which might lead to the disappearance of information related to 

thin objects from the feature maps. This could significantly diminish its precision and 

recall. 

 The comparison between Mask R-CNN and YOLOv8 reveals distinctive 

strengths and considerations for each model. Mask R-CNN, known for its robust 

performance in instance segmentation tasks, excels when provided with substantial 

training data. On the other hand, YOLOv8 emerges as an efficient object detection 

model, finely tuned for real-time applications, with the advantage of requiring less 

extensive training data and time compared to Mask R-CNN.  

 Moving to the proposed crack measurement pipeline in the second paper, the 

application of 3D data-driven techniques for calculating XYZ-straight lengths yields 

promising outcomes. The method's viability for crack assessment is underscored by the 

relatively low average error of 1.5% compared to ground-truth measurements.  

While the method’s results provide valuable insights into width and area 

measurements, it is crucial to acknowledge that these may not be directly comparable 

with traditional ground-truth values. The inherent complexity and irregularity of cracks 
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pose challenges for conventional ground-truth measurement techniques, often 

simplifying crack shapes as straight lines. Consequently, the width and area 

measurements in this study are rooted in 3D data-driven techniques, capturing the 

intricate and non-linear nature of cracks more accurately. Furthermore, the inclusion of 

measurements like XYZ-crack length, width, and area addresses the nuanced, non-linear 

aspects of cracks commonly overlooked in manual inspections, offering additional 

insights into crack characteristics.  

The amalgamation of straight-line measurements with those considering non-

linear features can contribute to the development of a comprehensive metric or indicator, 

fostering a more holistic understanding of crack dimensions. 

4.2 Conclusions 

In addition to the conclusions already written in chapters 2 and 3, we conclude from 

both papers that: 

Guaranteeing a robust and accurately labelled dataset is a critical aspect of CNN 

training. Unfortunately, the availability of crack datasets is limited, and a considerable 

variation in label quality exists. Moreover, many authors utilize datasets without making 

them openly accessible, hindering the evaluation and comparison of diverse algorithms. 

To foster standardization in the training and evaluation of various models, it is 

imperative to create a publicly available crack dataset characterized by its robustness 

and accurate labelling. 

 Prioritizing label quality over volume significantly reduces the number of 

training epochs required for a network to achieve an optimal model and improves its 
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precision and recall. On the contrary, large datasets with inaccurate annotations can 

introduce noise, requiring more extended training and yielding inferior results. 

 In the first paper, Mask R-CNN yielded great precision; however, the recall was 

comparatively less satisfactory. Conversely, in the second paper, YOLOv8 surpassed 

Mask R-CNN in both precision and recall, showcasing an improvement in recall 

compared to the results of the first paper. This observed detriment in the performance of 

Mask R-CNN may be attributed to the potential loss of information concerning thin 

cracks within the feature maps due to the multiple convolution layers. 

In summary, this research significantly advances the understanding and 

capabilities of crack detection and dimensional assessment in civil infrastructure 

materials. The findings highlight the importance of dataset quality, present distinct 

considerations for different deep learning models, and propose a promising pipeline for 

crack measurement that considers both straight-line and non-linear features. The 

outcomes of this thesis contribute to the ongoing efforts to enhance the safety and 

functionality of civil infrastructure through innovative and effective inspection 

methodologies. 

4.3 Recommendations 

 The methodology proposed in this study is still in its prototype stage. To be 

effectively utilized in a project, it necessitates subdivision of the scanned area into 

distinct subsections. This division emphasizes the cracked portions of the structure, 

facilitating crack detection and dimension assessment. 
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 Some sources used to create the dataset in Chapter 3 contained training samples 

with real-world features like graffiti and wet concrete marks. However, to improve the 

AI's learning process, this dataset could be further augmented by adding more graffiti 

marks and another type of real-world feature using the method in Chapter 2. 

For further recommendations, refer to the recommendations made in Section 3.7. 
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