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Pavement Crack Image Generation and Data Balancing Using Deep Adversarial Generative Networks

Abstract

Deep learning methods have significant potential in facilitating fully automated pavement crack detection
for highway maintenance projects. One of the biggest challenges to adopting these methods is the lack of
a high-quality balanced training datasets (i.e. images of labelled cracks). Data imbalance is one of the
biggest causes of detection bias and overfitting in trained models. The reason maintaining a balanced
training dataset is challenging in case of crack detection tasks specifically, is because different types of
cracks occur in an inherently unbalanced manner (i.e. some cracks are more common than others). Also,
the variety of cracks available in different areas can be limited. This results in overfitting of models to a
certain type of cracks and their failure to detect other uncommon cracks. Manual collection of such a
specific dataset can be expensive, time consuming, and labour intensive. To solve data scarcity in real-
world applications, this research employs novel generative adversarial networks (GANs) to produce life-
like artificial crack data that is then used to augment existing training datasets and improve the
classification accuracy. The images in benchmark Crack500 and CrackForest datasets were first annotated
and segregated into four classes, transverse, longitudinal, and alligator cracks, to create a baseline for our
models. Data augmentation was then implemented by adding artificial crack image data generated using
GAN. We then examined how artificial data generated by each network improved the classification
model’s accuracy when compared to the baseline where no artificial data was added. We demonstrate
that GAN models can generate a variety of quality life-like crack images that can improve the overall
classification results and metrics significantly. The proposed approach addresses the limitations of
imbalanced datasets, which enhances our ability to automatically detect multiple pavement crack types
using Al technology.

Introduction

Pavement cracking is a common distress affecting all types of pavements, bringing significant challenges
to road infrastructure by compromising the safety, serviceability, and longevity of the pavement service
life (1). Various reasons could be the cause of pavement cracking such as weather conditions, traffic
loading, binder aging, and mix design characteristics (2). These cracks can lead to faster wear down of the
pavement structural integrity, while high severity cracks can also compromise road safety by causing
vehicles to lose traction with the road surface, especially in harsh weather conditions. The risk is also
extended to pedestrians and cyclists (3). Therefore, early detection and diagnosis of pavement cracks
through proactive management is a vital factor in preserving road infrastructure.

Manual inspection methods have traditionally been used to detect crack-affected regions, where a rater
would visually inspect a region by walking through the pavement section and map the crack patterns,
assigning severity (4). This process, however, can be time-consuming, laborious, and introduce subjectivity
to the assessments (4). To solve many of the issues and challenges associated with manual pavement
crack inspection, automated pavement crack detection methods have emerged, which can be separated
into image-processing hybridization techniques, machine and deep learning-based methods, and 3D
imaging-based methods. Earlier works employed threshold-based methods for detecting cracks by using
the differences in the color intensity between crack and non-crack points (5-7). Other studies use
discontinuity based algorithms to exploit crack edges of different grey levels and trace crack regions using
image gradient magnitude information (8, 9). More recent works have utilized machine learning
techniques, such as random forests, and different classifiers, to detect pavement cracks (10-13). Other
authors also made use of image processing techniques to automatically detect pavement cracks, with
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approaches including utilizing region-based active contour models (14), unsupervised multi-scale
algorithms with statistical evaluation (15), and vision-based slicing methods with thresholding (16).

Even though these methods garnered success as alternatives to traditional pavement inspection, they
have limitations. Threshold-based approaches are vulnerable to lighting conditions, pavement color and
texture, resulting in inconsistency in false positives and negatives (17). Although discontinuity-based
approaches can detect crack edges, accurate segmentation of complex crack patterns could be challenging
for them (18). Machine learning-based approaches are also highly dependent on quality and diversity of
their training data, where imbalanced and limited datasets lead to poor generalization, and inaccurate
results (19). Deep learning methods, as a subset of machine learning, have gained attraction in the recent
years (20-26) These methods can be good alternatives to the manual pavement crack inspection process,
however, they require a large set of training data that is representative of the different types of cracks.

Unrepresentative or Imbalanced datasets refer to datasets with significant difference between sample
count for different classes or types of available data, which can lead to highly biased or poorly generalized
models with misleading results and metrics. The size of the dataset is also an important factor, since small
datasets can cause overfitting and high variance in model. These issues are especially prevalent in
pavement crack detection and classification tasks, as gathering an adequate dataset requires: (1) high
diversity in samples, and (2) balance between the different crack types. This process is costly, time
consuming, and cumbersome given that it is not possible to selectively choose what kind of cracks are
present in the collected dataset.

To solve these issues, the use of data augmentation has been explored as a method to artificially expand
the dataset through various transformations (23). By augmenting the dataset, the models used for crack
detection can be more robust and accurate across a wider range of scenarios, which ultimately improves
their performance and generalization capabilities (23). Deep learning-base data augmentation allows for
creation of new and diverse synthetic images based on the features extracted from the original data.
Nevertheless, deep learning data augmentation methods are prone to some common issues such as
instability in their training and bias towards certain images, reducing the variety and quality of output
images.

Deep Convolutional Generative Adversarial Networks (DCGAN) are the most common variation of
Generative Adversarial Network (GAN) that have been incorporated in data augmentation tasks to solve
the absence of adequate datasets in pavement cracks detection and classification tasks. Studies (24) and
(25) proposed versions of the DCGAN architecture to generate pavement crack images, solving the
insufficient training data, and then used them in a classification models. Both of these studies managed
to increase and gain acceptable accuracy scores in the task, while the proposed architecture in (25)
allowed for a significant reduction in model parameters, resulting in faster training and inference. In the
pavement crack detection tasks, the combination of DCGAN and object detection deep learning models
solved the datasets imbalance to a degree and gained acceptable results in the detection process
(26),(27).

Although DCGAN is a powerful tool for synthetic data generation approach and solving the existing issues
with data imbalances or unvaried samples in datasets, they generally have training instability issues and
often face bias and lack of variety in their data generation.

In this paper, we propose the use of Wasserstein Generative Adversarial Networks with gradient penalty
(WGAN-GP) to diversify and augment the training data required by deep learning models in classification
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tasks. We discuss common issues associated with GANs and DCGAN, including training instability and
mode collapse, and show the WGAN-GP architecture can remedy them, and achieve better results
compared to DCGAN approaches. This facilitates the generation of life-like synthetic images for specific
types of cracks and filling crack-category gaps within training datasets. Finally, the generated images are
presented and compared with the original pavement crack data. The effects of data augmentation in
pavement crack classification for alligator, transverse, and longitudinal crack types is then discussed,
showing improvements in all classification metrics.

Methodology

The proposed approach in this paper consists of three steps forming a pipeline: preprocessing step, data
augmentation through WGAN-GP, and classification. The preprocessing step prepares the pavement crack
images to be used for the GAN and classifier network, and data augmentation involves training the GAN
models and generating life-like synthetic images from original pavement crack images and passes them
to the classifier. Finally, the classifier gets trained on the original and synthetic pavement crack images
combined to learn how to separate them based on their feature set and categorize them based on learned
crack patterns. The classifier module here can be replaced with models for other tasks, and here it is used
as proof for the data augmentation’s effectiveness. A general overview of the methodology presented in
this paper is summarized in

Figure 1. The details of each preprocessing and data augmentation in the methodology and their
implementation are discussed in subsequent sections.

Figure 1. A general overview of the data augmentation and classification pipeline
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Preprocessing

Several preprocessing techniques are performed on the data to make them compatible as the GAN and
classifier inputs. Preprocessing is a crucial step in all deep learning models. Different models with different
architectures require data in various shapes with specific characteristics to yield satisfactorily accurate
results. Some of the preprocessing steps taken for these models are similar, while model specific aspects
are also considered. Data preprocessing involves gray scaling the images followed by image resizing to
256 * 256 pixels for consistency and efficiency. Other common preprocessing steps taken included image
normalization and center-cropping, which stabilizes the training process.

Data Augmentation

The data augmentation process proposed for our approach GAN to generate artificial pavement crack
images. A GAN is a deep learning model architecture that can generate new artificial data based on real
input data and learned features (28). Over the years, more variations of the initial GAN architecture were
created to address some of the limitations with GANs or improve the models for specific fields. The models
most commonly used in pavement crack image generation DCGAN (29). DCGAN showed their deep
convolutional adversarial pair can learn hierarchical features from images and scenes and proved to be a
promising image generation tool. The GAN architecture typically consists of a generator and a
discriminator network. The generator learns to transform latent vectors or random noise into synthetic
data that resembles real data. The discriminator is tasked with differentiating the generated fake data and
the real data from each other by classifying them. The DCGAN architecture uses convolutional and
convolutional transpose layers in the model to capture the informative features of the images and
generate the synthetic images. The discriminator network in the DCGAN model uses binary cross-entropy
loss to discern fake and real images from each other (29). Although DCGAN performs well in certain
scenarios, GANs and DCGAN in particular suffer from training instability, failure in convergence, and bias
in generated images. In our research on data augmentation through DCGAN, we faced model (mode)
collapse. Model Collapse is a common phenomenon in GAN models, when the model fails to produce
diverse outputs and collapses into generating a limited set of samples.

WGAN (30) overcomes the aforementioned issues and uses the Wasserstein distance as its loss value
instead of binary cross entropy. Binary cross entropy calculates the difference between the actual class
value of the image, in this case whether it is a real image or a fake one, and the output class given by the
discriminator network in the DCGAN model. Wasserstein distance calculates the distance between the
probability distributions of the real and fake pavement crack images. Discriminator tries to maximize this
distance, meaning differentiating the real and fake images, while the generator endeavors to minimize
this distance and making the generated images indiscernible from real ones. To be able to use this
distance, a penalty term, called gradient penalty, is enforced in the loss function. The combination of
Wasserstein distance and gradient penalty constitute the main components of the Wasserstein GAN with
Gradient Penalty (WGAN-GP) (31), leading to a more stable training network than normal the WGAN
architecture. Equation 1 shows the WGAN-GP loss function.

The architecture of the implemented WGAN-GP in this paper consists of 6 convolutional blocks in the
discriminator and 6 convolutional transpose blocks in the generator (see Figure 2). Each of the
convolutional blocks in the discriminator consists of a convolutional layer, an instance normalization layer,
and a leaky ReLU activation layer. The hyperparameters of the layers were defined based on the original
WGAN-GP paper (31). These hyperparameters include the kernel size, stride and padding of the
convolutional and convolutional transpose layers. The last convolutional block does not have the instance
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normalization layer and uses a tanh activation layer instead of ReLU. As for the convolutional transpose
blocks in the generator, they include, in order, a convolutional transpose layer, a batch normalization
layer, and a leaky ReLU activation layer. The last layer removes the batch normalization and activation
layer and directly gives its output to the Wasserstein loss function. The input to the generator is a 100x1
random noise vector and the discriminator inputs are both fake images generated from the generator and
real pavement crack images. The architecture of the WGAN-GP model and data flow can be seen in Figure

2 below.

Figure 2. WGAN-GP architecture and data flow
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Data Description

Crack500 (32) and Crack Forest (33) public datasets were used to train and test our proposed approach.
Crack500 consists of 500 images of size 2000x1500 pixels taken by cell phones on the main campus of
Temple University. The images have pixel-level annotations and are separated into train, validation, and
test sets. Crack Forest includes 118 pavement crack images of size 480x320 with background noise such
as shadows. The available images were categorized based on the type of crack they featured. The images
in the two datasets were combined to create one uniform dataset of pavement crack. After cleaning, 134
images with alligator cracks, 181 images with longitudinal cracks, and 164 images with transverse cracks
remained after manual examination and selection. Stratified train test split was used to split the dataset

into train and test portions.
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Results and Discussion

The WGAN-GP model was trained for 10000 epochs. In each of these epochs, the discriminator was
trained 5 epochs while the generator was trained for 1. After preprocessing the pavement crack images,
they were used as the input to the WGAN-GP model. Training was monitored at every 100 epochs to check
the progress in the of the model, where it showed consistent improvements in the quality of the
generated images until epoch 9000. Subsequent training epochs yielded only minor changes in the quality
of the generated images. The generated images in different time intervals and their comparison to the
original pavement crack images are depicted in

Figure 3. As can be seen in figure 3, the WGAN-GP model starts with generating mostly gray backgrounds
and slowly progresses to understand the complex features and characteristics of each crack type and
putting them into the generated images as more epochs are elapsed during training. By epoch 9000, the
synthetic images are extremely close to the real pavement crack images in terms of variety, quality, while
keeping the features of the crack type intact. It is also noticeable that the generated images were capable
of replicating intricate crack propagations in adequate variety (see alligator cracking in

Figure 3). With the trained model, data augmentation can take place, and any number of pavement crack
images can be generated based on the user’s needs. If the user requires crack classification of specific
crack types, the generated images need to be manually categorized before getting used by the classifier
into their correct class.

Figure 3. Samples from the different stages of the WGAN-GP training and the final result comparison with the original pavement
crack images

Generated and Original Crack Images

WGAN-GP Generated images in early and mid stage epochs Final WGAN-GP Generated and original images comparison based on crack type
Alligator
Transverse
Longitudinal
Early Stages Mid Stages Final Stage Original Images
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To test the effectiveness of the WGAN-GP data augmentation model, a Neural Network was trained on
the original and augmented datasets. The original dataset contained 134 alligator cracks, 181 longitudinal
cracks, and 164 transverse cracks. As can be seen, there is an imbalance between different classes. With
crack images having similar characteristics, this imbalance in data can create a bias in the classification
model for certain classes with more samples.

The classifier was trained for 2000 epochs. In each epoch the training was monitored on the validation
dataset to check its performance based on accuracy. The original pavement crack dataset gained 79.16
accuracy, 77.66 recall, precision 78.04, and 77.62 fl-score. Next, the augmented dataset was tested on
the model. 200 images were generated and filtered per crack class type and added to the original dataset.
This way, with the lesser imbalance between the different types of cracks in the dataset, the model could
have a less biased and more accurate understanding of the data. The classifier was trained under the same
conditions as before and the WGAN-GP augmented dataset achieved 83.33 accuracy, 82.46 recall, 82.46
precision, and 82.46 fl1-score, improving all the metrics from the initial dataset. The confusion matrices
for the original and augmented datasets can be seen in Figure 4

Figure 4. Model Confusion Matrices Before and After Data Augmentation Using WGAN-GP
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Analyzing the resulted metrics and the confusion matrices show the augmented data allowed the classifier
to better understand each crack type, reducing their misclassification. This is most evident in alligator
crack type, which sees the highest increase in correct image classification, resulting in better recall,
precision, and accuracy. Transverse cracks also experienced an improvement in classification, while
longitudinal had a slight decrease in the number of correct classifications. This could be due to labeling
the images and some of the similarities between instances of alligator cracks and the other two crack
types. Inspecting the generated images showed no issue with the quality of the generated images by
WGAN-GP, with all of the crack types having acceptable and near-life-like quality in their generated
images. During the training, however, longitudinal, and transverse cracks reached the limit of their
improvement faster than alligator cracks, as they had less complexity in their generated images. The
generated images had a high variety, ensuring high diversity in the augmented data.
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For training the WGAN-GP model, a V100 GPU was used. The model was not consistently trained, as the
saved models went through tests to determine the model’s progress, and there were re-starts during the
training, so commenting on the training time for the 10000 epochs would be inaccurate. However, in a
real-world scenario, training the model for a high number of epochs might not be necessary, as the results
for the specific crack shape or type could appear in a lower number of epochs. Furthermore, for new
scenarios with new crack types and specifications, the older trained models can be reused in transfer
learning. Transfer learning is one of the advantages of deep learning methods, in which the weights of a
trained model can be used in fine-tuning the models for new scenarios, eliminating the need for re-
training the models from scratch, saving time, computational power, and financial costs.

Conclusion and Future Work

Pavement crack identification, classification, and detection is an important aspect of road infrastructure
management. Common manual approaches to these tasks are generally time consuming, financially
taxing, and prone to subjective opinions by the raters. Deep learning techniques and methods are a good
alternative to the manual form of inspection. However, lack of balanced, diverse, and high-quality
datasets is a huge obstacle in their way. Gathering a balanced dataset is a labor-intensive, time-consuming
task, and could be impossible due to the inherent difference in crack occurrence probability depending
on their type. To remedy this problem, we proposed the used of Generative Adversarial Networks (GANs),
and in particular, Wasserstein Generative Adversarial Networks with Gradient Penalty (WGAN-GP), to
create life-like and diverse synthetic pavement crack images, to augment the existing datasets, without
the need for manual field-data gathering. We discussed the generated images, and their comparison with
the original pavement crack images with three crack types and showed augmenting an imbalanced dataset
can increase the overall and per-crack-type accuracy of the classification tasks. WGAN-GP augmented
dataset was used in a classification task and achieved 83.33 accuracy, 82.46 recall, 82.46 precision, and
82.46 fl-score, an improvement in all metrics compared to the model trained on the original dataset.
Although WGAN-GP performed well in the augmentations, there are limitations to it. It requires adequate
computational power and the training process, depending on the dataset and desired quality, could be
time-consuming, with a need for filtering the generated images for specific categories, if required.
However, fine-tuning and transfer learning can lessen the computational cost and save time in preparing
the augmentation model for new tasks and new cracks. In our future works, we will explore the possibility
of eliminating the need for filtering and speeding up the usage of these networks by using other GAN
architectures.
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