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Abstract
Manual visual crack detection and classification for inspection of civil infrastructure is time-consuming and
labor-intensive. Many automatic crack detection and classification algorithms have, thus, been developed in the past
decade, several of which achieved acceptable performance results for specific applications and using large datasets for
training. However, developing training data for automatic crack classification is not an easy task. It requires a large dataset
in terms of quantity and variability, as well as well-trained professionals to label the dataset. Hence, there is a need for
efficient ways to develop well-labeled datasets that could not only reduce human effort, but also adapt to diverse
inspection contexts for improved classification performance. To address this need, this paper proposes a data retrieval and
annotation method to automatically retrieve and label crack images from the Web. The dataset can be used as pseudo
training data for supervised machine learning-based crack classification algorithms. The proposed method incrementally
retrieves and labels crack images. A weak Convolutional Neural Network classifier first learns from a limited set of Web
images, and then acts as a machine annotator and further labels a larger size of data. The proposed method was able to
retrieve and label a set of images with 95% labeling recall, which shows that the proposed approach is promising.

Keywords
Crack classification � Machine learning �
Convolutional neural networks � Automatic training data generation �
Image retrieval � Image annotation

66.1 Introduction

Cracks are a common type of distress for civil infrastructure. Manual visual inspection for crack detection is time-consuming
and costly, and can put inspectors at a safety risk. Automatic crack detection and classification is, thus, necessary to reduce
human involvement. Crack detection has been well studied in the past decades [1]. Many automatic crack detection
algorithms have been developed, and achieved acceptable performance results. However, automatic crack classification is
still an open research area. Different types of cracks lead to different structural deterioration risks. For example, fatigue
cracks, also known as alligator cracks, might cause disintegration of the surface, and become potholes [2]. Identifying the
types of detected cracks is, thus, critical for deterioration detection/prediction and maintenance decision making.

In the computer vision domain, supervised learning is still the state-of-the-art approach for image classification problems [3].
In this case, a labeled dataset is essential for training. However, two problems exist in this regard. First, on one hand, training
data for crack classification tasks are not easily available/accessible. On the other hand, developing training data for automatic
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crack classification is not an easy task. It requires a large dataset in terms of quantity and variability, as well as well-trained
professionals to label the dataset. Second, current crack detection datasets that could be used for classification training are not
suitable for training sufficiently adaptive classification models. Existing inspection approaches are moving towards using more
general and dynamic platforms. For example, in bridge inspection, unmanned aerial vehicles (UAVs) are used for inspecting
deck surfaces and building 3D models of the entire structures [4–6]. Images collected from such platforms contain varied
heights and noisy objects in the scene. Current crack detection datasets, however, include images that are taken from specific
mobile platformswith fixed settings (e.g., a vehicle with a fixed camera) [7, 8] (Fig. 66.1 shows a comparison between an image
taken in a fixed setting and another in a natural setting). Classification models trained on such datasets are, thus, not adaptive to
varying, non-ideal settings (e.g., with high levels of noise). Hence, there is a need for efficient ways to develop well-labeled
datasets that could not only reduce human effort, but also adapt to diverse settings for improved classification performance.

To address this need, this paper proposes a data retrieval and annotation method to automatically retrieve and label crack
images from the Web. The proposed method incrementally retrieves and labels diverse crack images. A weak Convolutional
Neural Network (CNN) classifier first learns from a limited set of Web images, and then acts as a machine annotator and
further labels a larger size of data. Most of the images retrieved from the Web are natural scene images—they are from
different sources, taken from different angles, contain noisy objects in the scene, etc.

66.2 Related Work

66.2.1 Crack Detection and Classification

Many computer vision-based automatic crack detection algorithms have been developed in the past decades, which can be
classified into three approaches: crack image thresholding, patch-based classification, and depth-based methods [8]. For
example, Chambon and Moliard [7], Oliveira et al. [10], Zou et al. [11], and Salman et al. [12] took an image thresholding
approach; they assumed that a crack is darker locally and tried to find the local intensity minimum. Zhang et al. [1] and
Varadharajan et al. [13] took a patch-based classification approach; they cropped images into patches and used machine
learning methods to check if each region contained cracks. Mertz [14], Yamada et al. [15], and Yu et al. [16] took a
depth-based approach; they extracted cracks from depth information.

In addition to detecting cracks in road surface images, analyzing defects and classifying crack types also received research
attention. For example, Byoung and Hosin [17] implemented three neural networks—image-based neural network,
histogram-based neural network, and proximity-based neural network—to classify images into crack types: alligator, block,
longitudinal, and transverse cracks. More recently, Saar and Talvik [18] improved the performance by extracting potential
crack pixels before classifying them. Recent work (e.g., Radopoulou and Brilakis [19]) tried to distinguish more defects such
as potholes. Hoang and Nguyen [20] compared different feature sets with multiple machine learning algorithms—support
vector machines, artificial neural networks, and random forest—for crack type classification. Despite the importance of
existing efforts, the majority of these efforts used experimental datasets that were taken in a fixed setting or from a close look
at the surface.

Fig. 66.1 Comparison between images from a fixed setting acquisition system and a natural scene. The left image is acquired by a system with
video cameras mounted on a car [7]. The right image is an arbitrary image downloaded from the Web [9]
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66.2.2 Crack Types

A number of state and federal authorities developed standards and guidelines that describe different crack classes to assess
pavement conditions. For example, the Washington State Department of Transportation (DOT) [21] divided cracks into
alligator, longitudinal, transverse, block, and rigid cracks, according to width, length, pattern, and appearance frequency
features. The American Association of State Highway and Transportation Officials [22] introduced more crack classes, such
as joint reflection cracks from PCC slab. Most recently, the U.S. DOT [23] developed their Distress Identification Manual for
the Long-Term Pavement Performance Program.

66.2.3 Convolutional Neural Networks

The Convolutional Neural Networks (CNN) algorithm is a neural network machine learning algorithm, which does feature
learning and classification in one shot. Instead of conventional hand-crafted features, CNN is proven to be more effective and
accurate in learning image features directly from training data [24]. CNN has shown promising results in image classification
problems, both for general images [3] and domain-specific images such as medical imaging [25–27]. In the civil and
infrastructure domain, Zhang et al. [1] and Grandsaert [5], for example, attempted to apply deep CNN in crack detection. As
a supervised classifier, the success of CNN relies on large amount of training data, which are neither available nor easy to
develop/label for natural scene crack classification problems.

66.2.4 Web Image Retrieval and Existing Datasets

Training data are critical to the performance of image classification algorithms. Outside of the civil infrastructure domain,
researchers tended to retrieve such image data from Web resources [28–30]. For example, Li and Fei-Fei [31] used keyword
queries to retrieve images and used the top-ranked ones for training a classifier. Schroff et al. [32] leveraged text information
associated with the images to help in ranking. Yao et al. [33] used multiple query expansion to retrieve more relevant results.

In the civil infrastructure domain, researchers tend to collect such image data using data acquisition platforms. For
example, there are datasets for crack detection [7, 8, 10, 11, 34, 35]. Some of them contain less than 300 images [7, 10, 11],
which are not enough for deep learning. Also, all of them are taken from a close view of the surface, which is not sufficient in
terms of natural scene analysis. Furthermore, the datasets are not labeled for the crack types.

66.3 Methodology

An approach to incrementally retrieve and automatically annotate web images for supporting crack classification is proposed.
The proposed method aims to incrementally retrieve and label diverse crack images, which could serve as pseudo training data
for supervised machine learning-based crack classification algorithms. A weak CNN classifier first learns from a limited set of
Web images, and then acts as a machine annotator and further labels a larger size of data. The research methodology, thus,
includes four primary steps (as per Fig. 66.2): (1) class image retrieval, (2) weak CNN classification, (3) image retrieval and
annotation, and (4) evaluation.

66.3.1 Class Image Retrieval

A set of images was retrieved and cleaned. The images were retrieved from the Web, using the Google Image Search and a set
of class keywords, such as “fatigue crack”. The downloaded images were then automatically cleaned based on their associated
text. For example, non-real images (e.g., those from educational sources such demonstration figures and lecture slides) were
removed. The 100-top-ranked images (i.e., ranked by Google) were then used as training data for the proposed supervised
CNN classifier/annotator (Sect. 66.3.2), where the keywords were used as labels.
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Fig. 66.2 Proposed data retrieval and annotation approach for creating pseudo training data

Table 66.1 Characteristics of
the developed weak CNN
classifier model

Layer no. Example Kernel size Output size

1. conv 3 � 3 (32) 128 � 128 � 32

2. pool 2 � 2 (32) 64 � 64 � 32

3. conv 3 � 3 64 � 64 � 32

4. pool 2 � 2 32 � 32 � 32

5. conv 3 � 3 32 � 32 � 64

6. pool 2 � 2 16 � 16 � 64

7. 16,384

8. 128

9. 128

10. 2

66.3.2 Weak Convolution Neural Network Classification

A CNN classifier was developed to act as a machine annotator to automatically annotate a larger size of data (Sect. 66.3.3).
The classifier was trained on the aforementioned dataset (Sect. 66.3.1). In developing the classifier, a set of random weights
were initially used. The weights were then updated by minimizing the cost function with backward propagation. The
proposed classifier is considered as a weak CNN, since it is only trained with few hundred images, with noise. As a
preliminary experiment, binary classification was conducted: cracks were classified as fatigue cracks or non-fatigue cracks.

The authors assumed that crack patterns are low-level features, and a shallow CNN can better represent the features with
few hundred images. There are three convolutional layers (conv), followed by one max-pooling layer (pool) for each
convolutional layer (layers 1 to 6). A flatten layer is added later (layer 7). At the end, there are two fully-connected layers
(fc) (layers 8 and 9), and one output layer for classification (layer 10), as per Table 66.1. In general, the convolutional layer
aims to learn visual features. The pooling layers are used to reduce the spatial dimensions. Finally, after learning 2D features
from the convolutional layer, the cubic is flattened to a vector, and connected with the fully-connected layers to do
classification learning. The last layer is the soft-max layer to produce a probability distribution for each of the classes.

66.3.3 Image Retrieval and Annotation: Creating the Pseudo Training Data

A larger set of unlabeled images were further retrieved from the Web and classified using the trained CNN classifier
(Sect. 66.3.2). The images were retrieved using the Google Image Search and general keywords, such as “cracking”, for the
queries. The classifier’s results are a set of probabilities—for each instance-class pair, the probability that an instance
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belongs to a class. These probabilities indicate the confidence of the classifier in assigning the labels. A threshold was used
to assign the final labels. After retrieval and automatic annotation, this image dataset could serve as the automatically
labelled pseudo training data for future research.

66.3.4 Evaluation

The classifier performance was evaluated on natural scene crack images. To develop the ground truth, a set of images were
manually labeled into two classes, positive (fatigue crack) and negative (non-fatigue crack). The classification results were
evaluated based on recall and precision, with higher importance given to recall because fatigue cracks are critical and should
not be missed. Recall and precision are defined in Eqs. (66.1) and (66.2), in which true positive (TP) refers to the number of
retrieved images labeled correctly as positive, false positive (FP) refers to the number of retrieved images labeled incorrectly
as positive, and false negative (FN) refers to the number of retrieved images labeled incorrectly as negative.

Recall ¼ True Positive

True PositiveþFalse Negative
ð66:1Þ

Precision ¼ True Positive

True PositiveþFalse Positive
ð66:2Þ

66.4 Experimental Results and Discussion

The experiments focused on retrieving and labeling fatigue cracks.

66.4.1 Classifier Training

To train the weak classifier (as per Sect. 66.3.2), the authors downloaded 100 images, including both positive and negative
fatigue crack images. The following keywords were used to retrieve the images: “alligator crack” and “fatigue crack” for
representing the positive training cases, and “longitudinal crack” and “transverse crack” to represent the negative training
cases. After data cleaning, the weak CNN classifier was trained using 153 and 105 positive and negative images, respec-
tively. Examples of the top-two retrieved images are shown in Figs. 66.3 and 66.4.

Fig. 66.3 Top two retrieved images using the “longitudinal crack” and “transverse crack” keywords (further annotated with “non-fatigue crack”)
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66.4.2 Classifier Evaluation

The proposed data retrieval and automated annotation approach was evaluated in two ways. First, the classifier performance
was evaluated using the ground truth. The keyword “pavement crack” was used to retrieve more images from the Web. After
data cleaning, 548 images were retrieved and labeled manually for developing the ground truth for testing (as per
Sect. 66.3.4). Second, the impact of the dataset on the classification performance was evaluated. An existing dataset was
manually labeled and used for retraining the classifier, instead of the authors’ dataset. That dataset contains 132 and 151
positive and negative fatigue crack images, respectively. A set of threshold values were tested.

66.4.3 Performance Results

The proposed method was able to correctly label 188 out of 198 fatigue crack images, with a labeling recall and precision of
95 and 71%, respectively, as shown in Fig. 66.5. On the other hand, the classifier trained on the existing dataset was only
able to achieve 41 and 42% recall and precision, respectively, as shown in Fig. 66.5. This indicates that the proposed method
can retrieve and automatically annotate natural scene fatigue crack images with much higher recall and precision.

66.4.4 Error Analysis

An error analysis was conducted to further study how to improve the precision results, in future work. Three main sources of
errors were identified: (1) some images have other types of cracks (e.g., longitudinal or transverse cracks) in addition to
fatigue cracks; (2) the size of the training data may be insufficient; and (3) some images have undefined crack types.
Figure 66.6 shows examples of misclassified images (false positives).

Fig. 66.5 Performance results for the classification

Fig. 66.4 Top two retrieved images using the “alligator crack” and “fatigue crack” keywords (further annotated with “fatigue crack”)
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66.5 Conclusions and Future Work

In this paper, the authors proposed a data retrieval and annotation method to automatically retrieval and label crack images
from the Web. The dataset aims to serve as pseudo training data for supervised machine learning-based crack classification
algorithms. A weak CNN classifier first learns from a limited set of Web images, and then acts as a machine annotator and
further labels a larger size of data. The proposed method achieved labeling recall and precision of 95 and 71%, respectively.

Several directions are proposed in future work. First, further efforts could be conducted to improve the performance
results, especially the precision. The methodology could be improved in terms of data cleaning, feature learning, and model
design aspects. Second, compared to datasets for general object classification problems, the developed dataset is relatively
small in size. More data can be generated by extending the search queries. Third, and most importantly, automatic civil
infrastructure inspection includes multiple types of defect detection and analysis. At this stage, this work only focused on
fatigue cracks. In future work, the authors plan to develop a larger dataset, with more defect classes, to better support fully
automated inspection of bridges.
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