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ABSTRACT 

The lack of availability of large and diverse labeled datasets is one of the most critical issues in the use of machine 
learning in disaster prevention. Natural disasters are rare occurrences, which makes it difficult to collect sufficient 
disaster data for training machine learning models. The imbalance between disaster and non-disaster data affects 
the performance of machine learning algorithms. This study proposes a generative adversarial network (GAN)-
based data augmentation, which generates realistic synthesized disaster data to expand the disaster dataset. The 
effect of the proposed augmentation was validated in the roof damage rate classification task, which improved the 
recall score by 11.4% on average for classes with small raw data and a high ratio of conventional augmentations 
such as rotation of image, and the overall recall score improved by 3.9%. 
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INTRODUCTION 

Deep learning, as a subset of machine learning, has attracted attention owing to its performance and variety of 
applications. Recently, machine learning has been applied to disaster prevention (Miyamoto et al., 2020), which 
prevents or mitigates damage from natural disasters, such as earthquakes and floods, and quickly recover from 
damage. For example, disaster occurrence (Anand and Miura, 2021; Lee et al., 1942), damage scale (Chaurasia et 
al., 2019; Fujita and Hatayama, 2021), and damage detection (Miyamoto and Yamamoto, 2020) to gather the 
situation of damage after the disaster.  

The great success of deep learning is not only because of the improvement of its architecture, but also the amount 
and variety of available training data. A large amount of training data allows deep learning models to learn the 
features of the data and produce the desired results. The recent trend of digital transformation (Dx) has enabled 
more data to be digitalized and become available as big data (Miklosik and Evans, 2020). This trend has 
accelerated the use of deep-learning methods. However, data collection remains a critical bottleneck in several 
fields (Roh et al., 2021). In particular, the collection of a sufficient amount of natural disaster data for deep learning 
is difficult because of the following reasons. 

• Generally, natural disasters do not occur frequently; thus, compared with non-disaster data, there are 
fewer opportunities to collect disaster data.  

• Because natural disasters are rare, the development of information technology is relatively fast. As a 
result, the data format used in the previous disaster may be obsolete, making the data collection difficult.  

• Even when a natural disaster occurs, it is highly likely that it will destroy essential infrastructure, which 
interferes with data collection in the field.  

• Moreover, because safety is a top priority, the number of workers available for data collection is limited. 
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Because non-disaster data are relatively easy to collect, disaster datasets tend to contain more non-disaster data 
than disaster data. A data imbalance leads to other critical problems when training the models. When there is a 
data imbalance in the training data, models tend to overclassify the majority class because of the increased prior 
probability (Johnson and Khoshgoftaar, 2019). Consequently, minor data classes are misclassified more 
frequently than majority data classes. In addition to the neural-network-based model, data imbalance is another 
issue (Anand et al., 1993). Training neural network-based models with imbalanced data affects the gradient 
components. The gradient component of the minor class is shorter than the gradient component of the majority 
class. This indicates that the majority class is the principal component used for updating the weights of the model. 
This reduces the loss of the majority class in the early epochs but increases the loss of the minor class. This causes 
slow convergence in the training. Generally, deep learning models require at least 5,000 labeled data per class to 
achieve sufficient performance, and 10,000,000 data per class to achieve performance comparable to or better 
than humans (Goodfellow et al., 2016). The cost of correcting a large amount of data is extremely high. If the 
dataset is small, machine learning models learn the features that exist only in the training data and are not common 
in the real world. This phenomenon is known as overfitting. When a model is overfitted to the training data, the 
generalizability of the model is lost, and its performance is significantly reduced.  

To address overfitting and data imbalance issues, data augmentation techniques are commonly used to increase 
the amount of data. Simple image transformations, such as rotation and mirroring, or image processing, such as 
color jittering, are known to be treated as different data samples from the original data, which allows a tenfold 
increase in the number of samples in a dataset (Krizhevsky et al., 2012). However, these conventional data 
augmentation methods produce only a limited variety of alternative data (Antoniou et al., 2018). Therefore, 
generative adversarial network (GAN)-based data augmentation has recently attracted considerable attention. In 
GAN-based data augmentation, conditional GAN (Mirza and Osindero, 2014), which adds a condition vector to 
the generator as an input to regulate the output, is widely used, particularly for segmentation tasks in the medical 
field (Bowles et al., 2018; Sandfort et al., 2019; Wickramaratne and Mahmud, 2021). Other studies (Frid-Adar et 
al., 2018; Maeda et al., 2021; Moradi et al., 2018) used nonconditional GANs to augment training data with 
significant results in both classification and object detection tasks. 

This study addresses the imbalance of collected disaster data, which is one of the most critical problems when 
machine learning is used for disaster prevention. The application considered in this study is the classification of 
an earthquake-damaged roof (Fujita and Hatayama, 2021), which aims to automate the calculation of the roof 
damage rate for issuing a disaster certificate. 

The remainder of this paper is organized as follows. Section 2 discusses the literature related to this study. Section 
3 describes the approaches used in this study. The results and discussion are presented in Section 4. Finally, 
Section 5 presents the conclusions of this study.  

RELATED WORKS 

Generative Adversarial Networks 

 

 
Figure 1. The structure of generative adversarial networks 

 

GANs are a type of generative model that can generate new data based on extracted features from training data 
(Goodfellow et al., 2014). A GAN is composed of two neural networks: a generator (G) and a discriminator (D) 
(Figure 1). The generator is a generative model that captures the data distribution and generates a new data instance 
using the latent variable Z, which can be random noise from a uniform or normal distribution. The discriminator 
is a discriminative model that evaluates the authenticity of the generated data by estimating the probability that 
the input data comes from the training data rather than the generator’s data. By training these two networks 
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simultaneously, the generator learns to generate new data that are close to the training data distribution, which is 
more realistic, and the discriminator learns to improve the accuracy of distinguishing the input sample as real or 
fake data from the generator. This means that GAN training is a two-player minimax game in which the objective 
is to determine the Nash equilibrium. The cost value is calculated as follows: 

  

where  represents the score when the discriminator recognizes real data and 1 -  represents the score 
when the discriminator recognizes fake data. The discriminator is trained to maximize the probability of correctly 
recognizing data as real or fake, while the generator is trained to generate realistic data to minimize 

, which is the score at which the discriminator correctly recognizes the generated data. 

Because GAN can generate realistic high-quality images, it has been applied to many practical applications 
(Jabbar and Omar, 2020), such as simple image generation tasks (Hamada et al., 2018; Kodali et al., 2017), image 
synthesis tasks (Dolhansky and Ferrer, 2017; Li et al., 2018; Wu et al., 2019), and super-resolution tasks (Ledig 
et al., 2017; Xu et al., 2021). In addition to image generation, GAN has been used to generate text (Lin et al., 
2018) and music (Mogren, 2016). Although GAN has achieved a breakthrough in generative models in terms of 
quality, challenges remain in GAN training (Jabbar et al., 2020). Mode collapse is the most critical problem 
associated with GAN training, which occurs when the generator produces outputs that are all the same or very 
similar. Mode collapse occurs because the discriminator evaluates generated images based on quality rather than 
diversity. Therefore, the generator succeeded in deceiving the discriminator with less diversity data. To address 
this problem, a progressively growing GAN (PG-GAN) (Karras et al., 2018) adopted a multi-scale-based GAN 
architecture that stabilizes training and avoids mode collapse by training both the generator and discriminator 
from lower resolution to higher resolution. However, this multi-scale-based GAN is independent of each other, 
resulting in the generation of features that should be shared within a generator, with no changes from module to 
module. StyleGAN2 reconstructs its architecture to avoid this problem (Karras et al., 2020b). Details of 
StyleGAN2 are discussed in the following section. In this study, StyleGAN2 was used to generate high-quality 
synthetic damaged-roof images. 

Generative Adversarial Networks for data augmentation 

In principle, deep learning models make predictions based on training data. In other words, deep learning models 
cannot perform well when they encounter new features. Therefore, to avoid overfitting and achieve high 
performance in the real world, deep learning models require a diverse and general dataset (Shorten and 
Khoshgoftaar, 2019). Many studies (DeVries and Taylor, 2017; Inoue, 2018; Moreno-Barea et al., 2018; Taylor 
and Nitschke, 2017) have been conducted on data augmentation to increase the amount of data by applying image 
processing, GAN-based data augmentation is one of them. GANs have gained popularity as data augmentation 
applications because of their impressive performance (Shorten and Khoshgoftaar, 2019). In fact, GAN-
synthesized data can provide add to the information in a dataset (Bowles et al., 2018). GAN-based data 
augmentation is a potential solution to the lack of large and diversified datasets. GAN-based data augmentation 
is popular in the medical field (Bowles et al., 2018; Sandfort et al., 2019; Wickramaratne and Mahmud, 2021), 
which is another field that suffers from the lack of large datasets. For example, cycle GAN (Zhu et al., 2020) was 
used to improve the generalizability of CT image segmentation tasks (Sandfort et al., 2019). Another field that 
studies GAN-based augmentation is civil engineering, which is more closely related to disaster prevention. For 
example, Gao et al. (2019) showed that the use of DCGAN-based augmentation (Radford et al., 2016) enhances 
the performance of the damage state classification model. 

Image-based Damage Classification in Disaster Prevention 

As mentioned in the previous section, several studies in the disaster prevention field have applied machine 
learning. Building damage assessment automation, a popular application of machine learning in disaster 
prevention, is expected to alleviate manpower shortages and streamline the process of receiving support. Fujita et 
al. (2017) proposed using convolutional neural networks (CNNs) for binary classification of washed-away 
buildings from aerial images. Liu et al. (2021) proposed a more advanced system to locate individual buildings 
using aerial images and classify the damage into four levels: no damage, minor damage, major damage, and total 
damage. While Fujita et al. (2017) and Liu et al. (2021) are studies that support disaster management in general, 
Fujita and Hatayama (2021) proposed a system for automating disaster certificate issuance, which is a more 
concrete and practical objective. Fujita and Hatayama (2021)’s system classifies the roof damage rate into five 
levels and calculates the damage rate of the roof of a building from an aerial image for automating disaster 
certificate issuance. A disaster certificate is used to determine the content of support for victims.  

Table 1 lists the data augmentation methods used in the literature. Fujita et al. (2017) and Fujita and Hatayama 

V (D, G ) = min
G

max
D

!x"pdata(x)[log D(x)] + !z"pgenerated(z)[1 # log D(G (z))]

D(x) D(G (z))

log(1 ! D(G (z))
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(2021) used geometric transformations, such as vertical and horizontal flipping and rotation, as data augmentation. 
Geometric transformation is a widely used augmentation method owing to its low implementation cost. 
Additionally, it is common to use aerial images for building damage detection models that contain various angles 
and positions of buildings; therefore, a geometrical transformation is necessary. However, the variety of building 
styles cannot be augmented by geometrical transformations. According to Bowles et al. (2018), synthesized data 
from a GAN can provide additional information from a dataset. Tilon et al. (2020) proposed a GAN-based building 
damage detection model, but the main purpose of the model was not to augment data but to directly integrate it 
into an anomaly detection model. Existing studies on post-disaster building damage detection models only use 
augmentation with geometric transformation, and GAN-based augmentation has not been addressed (Fujita et al., 
2017; Fujita and Hatayama, 2021; Liu et al., 2021). Therefore, this study proposes GAN-based data augmentation, 
which is expected to extract new features from small-sized datasets to improve the model’s robustness. 

Table 1. Summary of augmentation methods in the literature 

 Data Augmentation Flipping Rotating GAN-based 

Liu et al. Not mentioned Nan Nan Nan 

Fujita et al. Yes Yes No No 

Tilon et al. Not mentioned No No No 

Fujita and 
Hatayama 

Yes Yes Yes No 

 

For disaster prevention, where practicality is vital, it is important to develop a system with a specific purpose. 
Therefore, this study addresses the study by Fujita and Hatayama (2021), which is one example of the lack of 
disaster data, as an application to verify the effects of the proposed GAN-based data augmentation. 

METHOD 

Overview 

The flow of this study is illustrated in Figure 2. Note that for the fairness of comparing the classification scores, 
this study strictly follows the training flow proposed by Fujita and Hatayama (2021). In the first step, the 
StyleGAN2 model was trained using the damaged-roof image dataset (Fujita and Hatayama, 2021). Next, the 
generated images were divided into roof segments and annotated for use in the training classification model. 
Annotated data were added to the original dataset. Finally, the damage classification model was trained using a 
dataset with StyleGAN2-based augmentation.  

 
Figure 2. The flow of the study 

Dataset 

In this study, the damaged-roof image dataset from the 2016 Kumamoto Earthquake in Japan was used to generate 
synthesized images and classify the roof damage rate. This earthquake had a maximum magnitude of 7.3, making 
it one of the largest in Japan and causing severe damage to both humans and buildings. The original data are 
orthophoto map data from aerial photographs taken by the Geospatial Information Authority of Japan shortly after 
the earthquake occurred. Subsequently, Fujita and Hatayama (2021) developed a trimming algorithm that uses 
both the orthophoto map and building polygons from geospatial information data to trim individual buildings from 
the orthophoto map. The trimmed dataset contained 714 damaged and 530 undamaged images. The size of each 
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image was 256 × 256 pixels. In this study, the dataset was first subjected to data augmentation and image 
processing, and then annotated to train the damage-rate classification model, as detailed in the following sections. 
A summary of the datasets is presented in Table 1. Note that the number of no-damage roof segment images in 
the original data was reduced by Fujita and Hatayama (2021) to moderate the imbalance of data, and damaged 
roof segment images are augmented by mirroring or rotating at 90°, 180°, and 270°, except for the data in the -25 
damage category, which has a relatively sufficient amount of data. 

 

 
Table 2. Summary of dataset 

 Raw Dataset Raw data with 
simple 
augmentation 

Raw data with 
StyleGAN2-based 
augmentation 

Test Data 

No Damage 2221 1103 2221 242 
-25 Damage 1342 1342 1613 52 

25-50 Damage 
50-75 Damage 
75- Damage 

436 
248 
145 

872 
992 
1160 

747 
536 
563 

40 
22 
16 

Generation of synthesized images 

In this study, StyleGAN2 (Karras et al., 2020b) was used to generate the synthesized damaged roof images. 
StyleGAN2 shares the same basic structure as StyleGAN (Karras et al., 2019). StyleGAN has been drawing 
considerable attention because of its ability to generate highly accurate images of people and cars that can even 
deceive humans. The structure of the generator is the main improvement over conventional GANs proposed by 
Karras et al., (2019). In contrast to a conventional GAN, the generator of a StyleGAN is composed of two 
networks: a mapping network and a synthesis network. The mapping network is composed of eight fully connected 
layers. The aim of this network is to use a nonlinear transformation to project a latent variable  (a vector of 
random numbers) into a multi-dimensional feature space  of style information. This trick reduces the 
entanglement of the latent space; thus, the projected feature space  becomes smooth and a specific feature is 
mapped to a variable , where , for example,  represents the size of the roof and  represents the 
number of roof segments. Similar to PG-GANs, the synthesis network is composed of several modules that 
generate the synthesized image from low to high resolution to stabilize the generation of high-resolution 
synthesized images. However, the synthesis network does not generate synthesized images from a latent variable 

 or projected feature space but from a constant tensor with a size of 4 × 4 × 512. Each module of the synthesis 
network receives two additional inputs: variable and random noise. A variable  determines the global features, 
such as the shape of the roof, while random noise determines the local features, such as the texture of the roof. 
StyleGAN generates the stunning quality of the synthesized images, but there is still room for improvement. 
Karras et al. (2020b) analyzed the generated images from StyleGAN and found that there is still room for 
improvement. For example, they confirmed that an unnecessary mode called a droplet, which is drop-shaped 
noise, makes generated images less realistic and adds other minor unnatural features. Therefore, Karras et al. 
(2020b) proposed StyleGAN2, a revised StyleGAN architecture. In particular, the normalization method is 
redesigned, and residual connections are introduced to connect modules of different resolutions in the synthesis 
network and regularize the output from the synthesis network to increase the smoothness of the generator and 
improve the quality of the synthesized images. 

To generate the synthesized damaged roof images, StyleGAN2 was trained on 714 images from the dataset 
mentioned in the previous section. The input data to the discriminator were augmented using adaptive 
discriminator augmentation (ADA) (Karras et al., 2020a), which adaptively augments the training data to avoid 
overfitting and mode collapse. The model’s input batch size was eight, with 256 × 256 images. Both the 
discriminator and generator were optimized using Adam. In this study, the model was trained on a computer with 
an NVIDIA GeForce GTX 2080 8 GB GPU for five days. In this study, 250 images were generated for the primary 
investigation, and these images were purely generated from trained StyleGAN2, and they were not selected based 
on the quality or variety of the feature. Examples of real and generated images are shown in Figures 3 and 4. 
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Figure 3. The examples of real damaged roof images 

 
Figure 4. The example of generated synthesized damaged roof images 

Division of roof images 

In the next step, the generated synthesized damaged roof images were divided into roof segments. The division 
of roof images is necessary because the roof damage rate for issuing damage certificates is calculated using the 
following equation: 

 (2) 

As shown in Equation (2), the damage level must be calculated using the roof segment. To divide the roof image 
into roof segments, Fujita and Hatayama (2021) used a deep-learning-based instance segmentation model called 
mask R-CNN (He et al., 2018). Mask R-CNN achieved outstanding performance in the COCO challenge in 2016 
for the tasks of instance, segmentation, bounding-box object detection, and person keypoint detection. The data 
to be divided is a rod of buildings in Japan, but the original mask R-CNN was trained with the COCO dataset, 
which mainly lacks Japanese-style roof images for segmentation. Therefore, Fujita and Hatayama (2021) fine-
tuned the R-CNN pre-trained model using the dataset described in the previous section. This pre-trained model 
segmented the synthesized damaged roof images before post-processing divided them into roof segments; 
examples of these are shown in Figure 5. As a result, the divided synthesized damaged roof images augmented 
the original dataset used in Fujita and Hatayama (2021) with an additional 200–300 images (Table 1). 

 
Figure 5. The Example of Dividing Synthesized damaged roof image in  

Training of the classification model 

Finally, the StyleGAN2-based data augmentation was verified using the damage rate classification model. For 
roof damage classification tasks, Fujita and Hatayama (2021) used a deep-learning-based classification model 
called ResNet (He et al., 2015). ResNet won the ILSVRC 2015 classification task and has become one of the most 

Damage rate = !
i

Area of roof segmenti
Area of entire roof

! Damage level of roof segmenti
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popular in computer vision models. Generally, increasing the number of layers improves the ability of deep 
learning models; however, there is a limit to the increase in the number of layers. Backpropagation is a technique 
for optimizing model parameters in deep learning models that propagate the computed loss of the last layer to the 
input layer. However, when the number of layers is large, the gradient of the computed loss vanishes in the middle 
of the hidden layers, causing the parameters to be incorrectly updated. ResNet addresses this problem by adding 
a residual block that bypasses the data from one layer to another (skip connections). The architecture of ResNet 
is widely used in many deep learning models. 

The details of the training in (Fujita and Hatayama, 2021) are as follows. The model was trained using pre-trained 
ResNet50 and ResNet with 50 layers on the ImageNet dataset and fine-tuned for 500 epochs. The input size to the 
model was 256 × 256 with a batch size of eight, and 20% of the training data were used for validation. In this 
study, the model was trained on a computer with an NVIDIA GeForce GTX 2080 8 GB GPU for approximately 
5 h. 

RESULTS AND DISCUSSION 

Table 2 summarizes the results of the classification evaluated with the test data as a confusion matrix, where the 
column of the table indicates the predicted results and the row of the table indicates the labels. The recall scores 
for each class were 71% for no damage, 44% for –25 damage, 25% for 25–50 damage, 23% for 50–75 damage, 
and 38% for 75–damage. Table 3 compares the recall score of Fujita and Hatayama (2021)’s study that used 
simple conventional augmentation, with the results of this study, which included StyleGAN2-based augmentation. 
The average recall score of the classification result trained with the proposed dataset improved by 3.9%. For the 
class with a small amount of raw data and a high ratio of simple augmentations, such as mirroring and rotation, 
in the original dataset, which are 25–50 damage, 50–75 damage, and 75–damage classes, the average reproduction 
rate increased from 17.3% to 28.7%, a 11.4% improvement. The results confirm that StyleGAN2-based data 
augmentation outperforms traditional data augmentation methods, particularly for classes with small sample size 
in the raw dataset. Although the effect of StyleGAN2-based data augmentation was verified, the proposed method 
has several limitations. The research conducted by Naito et al. (2020) shows that the regional dependency of the 
dataset affects the accuracy of the model; however, this is not considered in the proposed method. The proposed 
method generates synthesized images based on the existing post-disaster roof dataset, which cannot be extended 
to other regions. Data transformation is required to extend the damaged roof dataset to data from other regions. 
StyleGAN2 can generate new high-quality roof styles, but it is difficult to generate a specific type of roof that fits 
the target region. Additionally, a dataset of the target region is very likely to exist. Therefore, future research 
should consider alternative GAN models. Cycle-GAN (Zhu et al., 2020) is one possibility. In the targeting region, 
this model transforms the style between two unpaired datasets, such as the damaged roof and the non-disaster roof 
datasets.  

 

 

  
Table 3. Confusion Matrix of damage rate classification 

 No Damage –25 Damage 25–50 Damage 25–50 Damage 75– Damage 
No Damage 173 45 7 3 12 
–25 Damage 17 23 5 2 5 
25-50 Damage 
50–75 Damage 
75– Damage 

7 
8 
0 

16 
1 
4 

10 
0 
3 

3 
5 
3 

4 
8 
6 

 

Table 4. Recall Scores 

 No Damage –25 
Damage 

25–50 
Damage 

25–50 
Damage 

75– 
Damage 

Average 

Fujita and 
Hatayama. 

2021 

75 56 13 14 25 36.3 

Ours 71 44 25 23 38 40.2 
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CONCLUSION 

This study investigated StyleGAN2-based data augmentation, and its validity was verified by the application of 
the roof damage rate classification task. The results show that for classes with small raw data sizes, the 
StyleGAN2-based data augmentation improves the recall score by 11.4% on average, and a high ratio of simple 
augmentations and overall recall score improved by 3.9%. Based on this result, the proposed augmentation method 
can be a breakthrough in machine learning applications in disaster prevention, where disaster data collection is 
difficult.  

Currently, the dataset contains approximately 1000 images for each class; however, as discussed in previous 
sections, this is insufficient to achieve acceptable performance. Therefore, future work should focus on increasing 
the ratio of synthesized images in the dataset. Furthermore, an evaluation of the synthesized images is planned. 
The quality of the synthesized images is essential not only for improving the models’ ability but also for ensuring 
their accountability. Accountability is important in the disaster prevention field because the decisions made by 
the model can be a matter of life; thus, users are very sensitive to the validity of the model's decisions. 
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