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A B S T R A C T   

Information extracted from aerial photographs is widely used in the fields of urban planning and design. An 
effective method for detecting buildings in aerial photographs is to use deep learning to understand the current 
state of a target region. However, the building mask images used to train the deep learning model must be 
manually generated in many cases. To overcome this challenge, a method has been proposed for automatically 
generating mask images by using textured three-dimensional (3D) virtual models with aerial photographs. Some 
aerial photographs include clouds, which degrade image quality. These clouds can be removed by using a 
generative adversarial network (GAN), which leads to improvements in training quality. Therefore, the objective 
of this research was to propose a method for automatically generating building mask images by using 3D virtual 
models with textured aerial photographs. In this study, using GAN to remove clouds in aerial photographs 
improved training quality. A model trained on datasets generated by the proposed method was able to detect 
buildings in aerial photographs with IoU = 0.651.   

1. Introduction 

Information extracted from aerial photographs is widely used in 
urban planning and design. For example, aerial photographs can be used 
for land surveys, building maintenance, and forest management 
[1,29,42]. As the use of unmanned aerial vehicle (UAV) technology has 
become more widespread, aerial photographs have become easier to 
take. Information that needs to be gathered in real time, such as damage 
to buildings during a disaster, can be grasped using aerial photographs 
taken by UAVs. In the past, obtaining information from a photograph 
required visual assessment by a human expert, which could take 
considerable time. However, it is difficult to extract information from a 
large number of photographs in this manner. Therefore, using artificial 
intelligence (AI) to recognize objects in images has been proposed as an 
efficient method for obtaining information from large numbers of pho-
tographs [26,35]. 

Using AI to obtain information from a large number of aerial pho-
tographs in a short time involves deep learning. In recent years, object 
detection and segmentation methods based on deep learning have been 

proposed, and these methods have made it possible to automatically 
detect objects in images in a short time. A deep learning segmentation 
method has been proposed for buildings in aerial photographs that en-
ables the user to quickly grasp the state of the target area. Given that the 
building detection accuracy of these segmentation methods is strongly 
affected by the amount of data in the training dataset as well as the 
number of features used to train the deep learning model, it is necessary 
to train the deep learning model appropriately for each target area. 
However, in most cases, mask images of buildings used to train deep 
learning models are generated by manual operation, which requires 
considerable time and effort to generate a large number of mask images. 
Therefore, a method for efficiently generating building mask images is 
needed for deep learning. 

Image editing software such as Adobe Photoshop and GIMP is often 
used to generate mask images of objects in an image because such 
programs can automatically clip objects. However, this method is not 
effective for buildings because they can be difficult to distinguish from 
other objects, such as roads and vehicles. Although a geographic infor-
mation system can be used to generate mask images of urban structures, 
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it is difficult to represent the generated masks in three dimensions, and 
the objects for which mask images can be generated are limited. To solve 
these problems, a method using virtual reality (VR) models to auto-
matically generate building mask images for deep learning has been 
proposed [13]. However, commonly used VR models do not adequately 
represent real objects. Therefore, it is difficult to obtain accurate 
detection results for real objects when images obtained from these 
models are used to train deep learning models. High-precision rendering 
techniques are being developed to improve the representation of VR, but 
they require high-performance personal computers (PCs) and other 
equipment, making them impractical for general use [3]. Texture 
mapping is a method of defining surface texture, or color information, 
on a VR model. In texture mapping, it is possible to use photographs as 
textures, which can easily improve the representation of the VR model. 

One of the challenges of using aerial photographs is the presence of 
clouds. When aerial photographs containing clouds are used as a su-
pervisory dataset, there is a possibility that the learning accuracy will be 
degraded. Therefore, it is necessary to remove these clouds before using 
aerial photographs as texture. However, it takes a long time for a human 
to manually remove clouds from aerial photographs, and the resulting 
image has a less available area for use in a training dataset. In contrast, 
cloud removal can be achieved in a relatively short time by generating 
images using a generative adversarial network (GAN), which is an image 
processing technique based on deep learning [15]. 

It is also necessary to improve the inadequate representation of 
three-dimensional (3D) models, which is a problem in the automatic 
generation of training datasets using 3D models. By using a 3D model 
with aerial photographs as textures, it is possible to automatically 
generate a training dataset that easily solves this representation prob-
lem. In addition, the degradation of image quality in aerial photographs 
used for texture mapping can be avoided by using GAN to generate 
images. Therefore, the objective of this study was to propose a method to 
automatically generate horizontal building mask images by using three- 
dimensional (3D) models with textured aerial photographs for deep 
learning. Specifically, we aimed to improve the representation of VR 
models by using textured aerial photographs on 3D models. Some aerial 
photographs include clouds, which degrade image quality. In this study, 
we defined an enhanced 3D model as a 3D model whose appearance has 
been improved by applying aerial photographs as textures. The clouds 
on these aerial photographs were removed using GAN to improve 
training quality. The proposed method automatically generates mask 
images by using enhanced 3D models and GAN. An earlier version of this 
paper was presented at CAADRIA 2021 [20]. Significant developments 
in the research since then are described in the present work. The 
developed method makes it possible to detect buildings with high ac-
curacy, even in urban areas for which no training data are provided. 
Accordingly, the technique can be used for land use surveys and to check 
for damage during disasters. 

2. Literature review 

In this section, we review previous research on object detection using 
deep learning, training datasets, and image completion techniques. 

2.1. Object detection and segmentation by deep learning 

In deep learning, features are automatically calculated from the 
provided training data, and object detection can be performed based on 
the calculated features. Object detection and semantic segmentation are 
deep learning techniques for identifying objects in an image. Object 
detection is a technique that detects the position and category of a given 
object in the image using a rectangle. AlexNet was proposed as a method 
for detecting the target region in an image as a rectangle using a con-
volutional neural network (CNN) [26]. The method was successful in the 
ImageNet Large Scale Visual Recognition Challenge, a large-scale image 
recognition competition [8,9]. Since then, several CNN-based object- 

detection algorithms have been developed, including R-CNN (Regions 
with CNN), YOLO (You Only Look Once), and SSD (Single Shot Multibox 
Detector) [14,40,34]. Semantic segmentation is a technique that clas-
sifies each pixel into several categories and segments objects in an image 
according to their silhouettes [35]. The technique was first proposed as a 
fully convolutional network (FCN), which replaces all the join layers in a 
CNN with upsampled convolutional layers. Since then, most semantic 
segmentation models have been based on FCNs. 

2.1.1. Use in urban planning and construction 
Object recognition methods based on deep learning have been 

widely used in the fields of urban planning and construction. Such 
methods have been proposed for streamlining the management of a 
large number of photos taken at construction sites and disaster-affected 
areas, to detect various construction equipment, workers, and signs in 
the photos and automatically sort them into folders [45]. A similar 
approach has been proposed for monitoring workmanship by using deep 
learning to check the construction status at a construction site from 
images captured by a camera [22]. Furthermore, in the field of structural 
management, object recognition has been proposed for efficiently 
detecting damage in tunnels [29], and in landscape studies, for simu-
lating geometrically consistent and more realistic environmental design 
through dynamic occlusion processing [25]. Methods using deep 
learning models to detect waterway leakage from satellite images as well 
as land use and disaster damage from aerial photographs have also been 
proposed [5,1,39]. 

2.1.2. Building detection 
A deep CNN-based method for automatically detecting suburban 

buildings from high-resolution Google Earth images has also been pro-
posed as a building detection method that uses deep learning [47]. In 
addition, a fused fully convolutional network model has been proposed 
to perform building segmentation [4]. Some research is being conducted 
to improve the accuracy of Mask-R-CNN for detecting building footprint 
boundaries. Furthermore, a method combining Mask-R-CNN with 
building boundary regularization has been presented [49], and a 
method has been proposed for detecting different scales of buildings and 
segmenting buildings to have accurately segmented edges [50]. 

2.2. Training data for deep learning 

Open source datasets are often used to train deep learning models. 
The PASCAL VOC dataset and the Microsoft COCO dataset have been 
proposed as training datasets for general objects [12,32]. A dataset that 
can be used in urban planning is the CityScapes dataset of images from 
50 cities in Germany consisting of 5000 images with semantic segmen-
tation information added at the detailed pixel level and another 20,000 
images with semantic segmentation information added at the coarse 
pixel level [6]. Another dataset is the SpaceNet dataset, which contains 
aerial photos of Rio de Janeiro, Las Vegas, Paris, Shanghai, Khartoum, 
and Atlanta as well as their corresponding building locations [10]. 
However, most of the masked images in these datasets were generated 
manually, which required considerable time and effort. Accordingly, it 
is difficult to manually generate datasets for additional cities. 

To overcome this challenge, a method has been proposed to auto-
matically generate mask images of buildings by using VR 3D models for 
deep learning [13]. By using a 3D virtual model, we can reduce the time 
needed to create mask images compared to manual operation. We don’t 
need the hassle of creating many building masks by hand in detail. Given 
that normal virtual models do not have the realism of a photograph, it is 
difficult to obtain highly accurate detection results in the real world 
even when the image is used for deep learning training. High-precision 
rendering methods have been developed but they are generally difficult 
to use because many computers do not have high enough specifications. 
Using textured 3D virtual models with photographs can overcome this 
challenge. 
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2.3. Image complementation 

Image completion techniques have been extensively studied in the 
field of computer vision. These techniques include methods using 
luminance values and textures in the same image as well as methods 
based on deep learning. 

2.3.1. Methods using luminance values and textures in the same image 
As an image completion method using luminance values, a method 

for accurately recovering luminance values of still images by using op-
tical flow has been proposed [37], and it has shown improvements in 
accuracy, especially at the boundaries in image completion. A method 
for image completion by histogramming local luminance features in an 
image and learning them statistically has also been proposed [28]. Such 
completion methods using luminance values are effective for completing 
thin lines in an image, but achieving clear image completion is difficult 
when the target area is large. 

In contrast, image completion using textures in the same image is 
effective for large areas. An image completion method that uses pattern 
similarity and considers the brightness variation and locality of the 
texture has been proposed, as has a method that uses the pattern simi-
larity of the texture for large defects and a one-dimensional pattern for 
fine linear defects [24,7]. These methods are effective for images with 
few changes in pattern structure, such as man-made objects. However, 
for images with many pattern changes (e.g., outdoor landscapes) and 
low texture similarity in the same image, completion performance is 
greatly reduced. To address this problem, a method has been proposed 
that matches the textures in an image and uses the statistical distribution 
of the relative positions of similar patches as a similarity measure to 
provide highly accurate completion even for images with highly variable 
pattern structures, including outdoor landscapes [17]. In recent years, 
image processing software such as Adobe Photoshop, GIMP, and the 
open-source image processing framework G’MIC have also provided 
image completion methods using textures in images. 

2.3.2. Methods using deep learning 
GAN is a deep learning architecture that has been proposed for image 

processing [15]. A GAN is a generative model that uses deep learning. 
GANs enable the generation of non-existent data and the transformation 
of existing data according to their features. GLCIC (globally and locally 
consistent image completion) is an image completion method that uses 
convolutional neural networks and considers the global and local con-
sistency of a scene [19]. To form the completion network, whose layers 
consist of convolutional neural networks, these methods perform image 
completion while considering scene consistency and construct a global 
and local discrimination network to discriminate between the real image 
and the completed image. The global discriminative network evaluates 
whether the whole image is natural, whereas the local discriminative 
network evaluates the image based on the more detailed consistency 
around the completion region. By training the complete network to 
“trick” both of these two discriminative networks, we can output a 
completed image that is consistent across the scene and locally natural. 
In addition, a method based on deep learning has been proposed that 
removes rain and snow from photographs containing rain and snow and 
complements the background image [46,11]. In the field of remote 
sensing, an adversarial generation network has been used to remove 
clouds from satellite images [30]. The GAN can be used to remove 
clouds from aerial photographs to improve the quality of training data 
for deep learning applications. By adjusting the data for training, it is no 
longer necessary to pre-select images that include or do not include 
clouds. Therefore, all images can be used as input images regardless of 
whether they contain clouds or not, reducing the burden on the user. 

3. Method for automatic generation of training datasets 

In this section, we present our proposed method for the automatic 

generation of training datasets. 

3.1. Overview of the proposed method 

Our proposed method automatically generates building mask images 
and aerial photographs. The generated mask images are used to train the 
deep learning model for semantic segmentation. The proposed method 
loads 3D models that include terrain and building objects, classifies by 
building class and others class, switches between a model with all ob-
jects and one with only buildings, and finally generates two upper-view 
images of the models from multiple viewpoints. The game engine used in 
this method must be able to import enhanced 3D models, classify objects 
into the two classes, and output images while switching between display 
and non-display. Aerial photographs that include clouds are regenerated 
as images without clouds by using a GAN that can change from an image 
with one feature to another. At this stage, it is necessary to use manual 
operations to identify aerial photographs that contain clouds. This 
method can generate multiple sets of mask images and aerial photo-
graphs without clouds from an enhanced 3D model. A flowchart and 
conceptual diagram of the method are shown in Figs. 1 and 2, 
respectively. 

3.2. Creation of an enhanced 3D model of the target city 

In this method, it is necessary to create an enhanced 3D model of the 
target location with aerial photographs applied as textures in advance. 
In addition, the 3D model must include the location information of the 
buildings corresponding to the aerial photographs to be pasted as tex-
tures, and the model must be able to classify these objects when it is 
loaded into the game engine. Therefore, it is necessary to use software 
and web services to create 3D models that can be classified into building 
classes and other classes as attribute information for each object. The 
texture mapping of aerial photographs can be done either at the time of 
3D model creation or by defining it on the game engine. However, when 
pasting aerial photographs as textures on a 3D model in a game engine, it 
is necessary to adjust the scale and position. 

3.3. Generation of mask images on a game engine 

To automatically obtain aerial photographs and mask images from 
the generated enhanced 3D models, we use a game engine. The game 
engine used in this method must be able to read the enhanced 3D 
models, classify objects into building classes and other classes, and 
output images while switching between display and non-display. 

3.4. Cloud removal by GAN 

Image transformation by GAN is used to remove clouds in aerial 
photographs used for texture mapping. We use a GAN based on pix2pix 
and Cycle GAN, which can change features between images and can 
change from one image with one feature to another image with another 
feature [21,51]. Here, we summarize the various types of GAN. GAN was 
proposed in 2014 as an architecture enabling two networks to learn by 
competing with each other. The generator network generates data and 
the discriminator network inputs random noise corresponding to the 
seeds of the features of the generated data and maps this noise closer to 
the target data. The discriminator network compares false data gener-
ated by the generator network with ground truth data to determine their 
authenticity. By alternately training these two networks, the generator 
network can generate images that are closer to the ground truth data. 

In addition, there is conditional GAN, which can distinguish the type 
of data generated and output the results [36], and SRGAN, which can 
restore low-resolution images to high-resolution [27]. Other GANs, such 
as pix2pix and Cycle GAN mentioned above, transform image features. 
In this study, we use a GAN that transforms features between images 
because it is sufficient for outputting an image with the feature of 
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containing clouds from an image with the feature of not containing 
clouds. 

4. Development of a prototype system for a verification 
experiment 

We developed a prototype system to verify the accuracy of building 
detection when a deep learning model is trained on training datasets 
generated by the proposed method. We also show the building detection 

Fig. 1. Flowchart of the proposed method.  

Fig. 2. Conceptual diagram of the proposed method.  
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results of the deep learning model trained on the training datasets 
automatically generated by the prototype system. The data used in this 
study are summarized in Table 1. 

4.1. Development of prototype system 

We developed a prototype system to automatically generate training 
datasets to verify the method proposed in Section 3. 

4.1.1. Creation of an enhanced 3D model 
The enhanced 3D models of the target areas were generated using 

Autodesk InfraWorks. The building placement was determined accord-
ing to fundamental geospatial data provided by the Geospatial Infor-
mation Authority of Japan. The aerial photographs are pasted on objects 
in the terrain. The resulting enhanced 3D model and its classification are 
shown in Fig. 3 and Table 2, respectively. 

4.1.2. Generation of aerial photographs and mask images 
For the development of the prototype system, we used Unity, a game 

engine that can load enhanced 3D models, to define a camera object to 
output images on top of the enhanced 3D model loaded into the game 
engine. The enhanced 3D model is classified into building classes and 
other classes, and each image can be output while switching between 
active and inactive states. The specifications of the PC used for the 
development and execution of the prototype system are shown in 
Table 3. When the target area is small, the amount of training data that 
can be created may be insufficient. In such a case, data augmentation 
can be used to increase the amount of the training dataset. In this pro-
totype system, rotation is used to output images from the enhanced 3D 
model because it is easy to implement, and the original image is rotated 
90, 180, and 270 degrees. 

The aerial photographs and mask images automatically generated by 
the prototype system are shown in Fig. 4. The left column shows the 
input images, the middle column shows the mask images automatically 
generated by the prototype system, and the right column shows the 
manually generated mask images as ground truth. The white areas are 
the building masks. The prototype system generated 6956 sets in 438 s. 
For comparison, it took the author between 5 and 20 min to manually 
create mask images for each of six aerial photographs, depending on the 
density of buildings. 

4.1.3. Cloud removal by GAN 
To generate cloud removal images, we used spatial attention GANs 

(SpA GAN) [38,31], which use a spatial attention network as the 
generator. SpA GAN generates an image by converting the features of an 
image to other types of features. Accordingly, SpA GAN can be used to 
generate backgrounds obscured by rain and to remove clouds from 
aerial photographs. The SpA GAN model trained on the open-source 
RICE dataset [33] was used to remove clouds from aerial photographs 
containing clouds. The prototype system uses GAN to process all aerial 
photographs. The color tone of the generated image was corrected to 

match that of the original aerial photograph. The specifications of the PC 
used to perform these tasks are shown in Table 4. 

Fig. 5 shows the resulting images. The left column shows the input 
aerial photographs with clouds and the middle column shows the output 
images without clouds. The time required for GAN to generate 192 cloud 
removal images was 58 s. The ground truth images used for comparison 
are shown in Fig. 6. To evaluate the accuracy of the completion, we 
calculated SSIM (Structural Similarity) [44], a measure of image simi-
larity, which is also used to evaluate the accuracy of image completion 
by GAN. 

4.2. Accuracy verification of generated datasets 

To verify the accuracy of the training datasets for deep learning 
automatically generated by the prototype system, we trained U-Net 
[41], which is a semantic segmentation model that has been proposed 
for medical image segmentation. Given that the model was designed to 
detect images of microscopic objects and such as cells, it can accurately 
detect objects at the pixel level, for example, by increasing the loss at the 
boundary between the detected object and the background. Accord-
ingly, U-Net can be used for building segmentation. 

Other semantic segmentation models include SegNet, ICNet, and 
Mask-R-CNN. SegNet is a deep learning model capable of segmenting 
objects in a landscape image in a fast and memory-saving manner. It 
employs the encoder-decoder structure to perform the segmentation 
process quickly [2]. ICNet is also a deep learning model that can 
segment objects in a fast and memory-saving manner [48] but addi-
tionally employs an image cascade network structure that incorporates 
multiple resolution analysis, rather than pixel-by-pixel label inference. 
Mask-R-CNN is an instance segmentation method that divides the region 
of an object into pixels while distinguishing between objects of the same 
category [18]. It is capable of distinguishing between objects of the same 
category and performing pixel-wise instance segmentation; however, it 
is not practical because it can only run at about 5 fps on a single GPU and 
requires high processing power. 

We chose U-Net for this study because we only need to detect 
buildings in aerial photographs, which are static images, with high ac-
curacy. We do not consider real-time processing at high speed to be 
important for the verification of the prototype system. We selected the 
city of Sakaiminato in Tottori Prefecture as the target area because it has 
mostly small buildings, low building density, and a large proportion of 
the ground surface for which no training dataset is provided by the 
existing SpaceNet dataset. 

To verify the accuracy of the trained U-Net model in detecting 
buildings, we used intersection over union (IoU; [12], which is an index 
for evaluating how well the detected area corresponds to the actual area. 
IoU is calculated by dividing the product set of the actual area and the 
predicted area by the sum of the two areas, as in Equation (1). The 
confusion matrix used in the calculation and the schematic diagram 
representing each value are shown in Table 5 and Fig. 7, respectively, in 
the form of the building to be detected in this study. Fig. 8 shows an 
example of a diagram for understanding the accuracy of the IoU. The 
value of IoU, which is an evaluation index of segmentation, becomes 
larger when the overlap between the correct and predicted regions is 
larger. However, the object detection accuracy index is very strict, and 
even a small deviation between the predicted and correct answers can 
cause a significant decrease in the value. The example shown in Fig. 8 
shows that even when a square of the same shape is shifted by 1/9 
vertically and horizontally, (8 × 8) / (100–2) ≈ 0.65 according to the 
IoU calculation method. As can be seen, even though the detection result 
is good, the value of IoU is greatly reduced. 

IoU =
TP

TP + FP + FN
(1) 

The training conditions and the specifications of the PC used for 
training, performing building detection using the training model, and 

Table 1 
The data used in this study.  

SpaceNet Features The dataset containing aerial photographs, building 
mask images, and road mask images 

Target area Rio de Janeiro 
Image size 400 × 400  
Number of 
images 

6956  

RICE 
dataset 

Features The dataset containing the reference picture without 
clouds, the picture of the cloud, and the mask of its 
cloud. 

Image size 512 × 512  
Number of 
images 

RICE1: 500, RICE2: 450  
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calculating the IoU are shown in Tables 6 and 7, respectively. 

4.2.1. Results of building detection by the trained U-Net model 
Here we show the building detection results of the U-Net model 

trained on a set of supervised data generated by the prototype system. 
The U-Net model trained on unprocessed aerial photographs and mask 
images are shown below as AGBM-3DMP (automatic generation of 
horizontal building Mask images by using a 3D model with aerial pho-
tographs) Model_baseline. AGBM-3DMP Model_thin cloud removal is a 
U-Net model trained using aerial photographs and mask images with 
cloud removal by GAN. Fig. 9 shows the building detection results for 
aerial photographs of Sakaiminato by AGBM-3DMP Model_baseline and 
AGBM-3DMP Model_thin cloud removal. The red areas are the correctly 
detected areas of the buildings. For AGBM-3DMP Model_baseline and 
AGBM-3DMP Model_thin cloud removal, the IoU was calculated using a 
set of aerial photographs and mask images of the validation class not 
used for training; the results were 0.622 and 0.651, respectively. 

4.2.2. Building detection results for multiple cities 
To verify the accuracy of the U-Net model trained with aerial pho-

tographs and mask images automatically generated by the prototype 
system in detecting buildings on aerial photographs of cities other than 
Sakaiminato, which was the target of the training, we performed 
building detection using aerial photographs of several other cities. The 
target cities are shown in Table 8. Chikugo, Fukuoka Prefecture, was 
selected because it has the same level of building density as Sakaimi-
nato, whereas Akashi, Hyogo Prefecture, was selected. After all, it has a 
higher building density compared with Sakaiminato among regional 
cities and also has mid-rise buildings. To verify the detection accuracy in 
cities outside of Japan, we selected Bad Wörishofen, Germany, and 
Homestead, FL, USA, which have different building designs from those 
in Japan but similar building densities. A sample of the detection results 
for each city is shown in Fig. 10. 

5. Discussion 

In this section, we discuss the mask images and aerial photographs 
generated by the prototype system, cloud removal by GAN, and building 
verification of the deep learning model. 

5.1. Automatic generation of mask images 

Our prototype system generated 6956 sets of mask images and aerial 
photographs without clouds in 438 s. The time to generate the mask 
images was reduced by automatically generating them from enhanced 
3D models in comparison to the manual generating method. The mask 
images generated by our prototype system are nearly the same as those 
generated manually. This method generates mask images with detailed 
shapes. However, it was not able to generate mask images of small 
warehouses. It is therefore necessary to pre-screen the generated mask 
images. 

5.2. Cloud removal by GAN 

In the cloud removal image generated by GAN, the outlines of 
buildings that were covered by thin clouds in the original image are 
visible. The training quality was expected to be improved because the 

Fig. 3. Enhanced 3D model generated by Infraworks.  

Table 2 
Classification of the created enhanced 3D model.  

Objects Types Classes 

Object 1 Building Building masks 
Object 2 Road Others 
Object 3 Water 
… … 
Object N Mesh a Terrain 

… … 
Mesh n Terrain 
… …  

Table 3 
Prototype system specifications.  

OS Windows 10 Education 64 bit 
CPU Intel® Core™ i5-7400 CPU @3.00 GHz 
GPU Geforce GTX 1060 
RAM 16.0 GB 
Storage HDD (1 TB) 
Motherboard MouseComputer IStDxi-R027  
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contours of buildings can be recognized when the model is trained. 
However, when buildings were covered with thick clouds, they 
remained hidden below the clouds. Areas in which thick clouds have 
been removed are complemented as the ground surface. This is because 
the RICE dataset used for training contains many images of the ground 
surface. Referring to the interpretation of the bits of each manual mask 
in the Landsat 8 cloud coverage evaluation validation data [43], 
buildings cannot be completed in images with a Value greater than 192. 
Therefore, it is better to remove images in which buildings are 

Fig. 4. Aerial photographs and the corresponding mask images.  

Table 4 
GAN system specifications.  

OS Ubuntu 16.04 LTS 
CPU Intel® Core™ i7-3770 K CPU @3.50 GHz 
GPU Geforce GTX 1060 
RAM 28.0 GB 
Storage SSD (2 TB) 
Motherboard ASUS P8H77-V  

Fig. 5. GAN cloud removal results.  
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completely hidden by thick clouds. For images in which the roofs of 
buildings were white and their boundary with the clouds was difficult to 
distinguish, the roofs were also removed. 

5.3. Accuracy verification 

We trained the model on mask images automatically generated by 
the prototype system and evaluated the accuracy of the trained model 
for segmenting buildings in aerial photographs of Sakaiminato. IoU was 
calculated for accuracy verification by using 1388 test images that were 
not used for training. The IoU of our trained model (AGBM-3DMP 
Model_thin cloud removal) was 0.651. Table 9 shows a comparison of 
the accuracy of the two models (AGBM-3DMP Model_baseline and 
AGBM-3DMP Model_thin cloud removal) and the detection accuracy of 
the U-Net model trained on an existing dataset (SpaceNet). The detec-
tion accuracy of AGBM-3DMP Model_thin cloud removal was improved 
compared with that of AGBM-3DMP Model_baseline. To validate the 
detection features, Accuracy, Precision, and Recall was calculated by 
Eqs. (2), (3), and (4), respectively. The Accuracy, Precision, and Recall 
of AGBM-3DMP Model_thin cloud removal were 94.3%, 84.4%, and 
74.1%, respectively. AGBM-3DMP Model_thin cloud removal is a model 

with few false positives. In this verification experiment, U-Net was used 
for comparison with the existing dataset, but the accuracy might be 
improved by using a more accurate deep learning model. By validating 
the proposed method using a public dataset that includes images of 
buildings hidden by clouds and smoke, such as xBD [16], we can confirm 
the adaptive range of the method with higher accuracy. 

Accuracy =
TP + TN

TP + TN + FP + FN
(2)  

Precision =
TP

TP + FP
(3)  

Recall =
TP

TP + FN
(4)  

5.3.1. Improvement of accuracy by cloud removal 
Figs. 11, 12, and 13 show the scatter plots of the detection accuracy 

for each image, which indicate that the detection accuracy of AGBM- 
3DMP Model_thin cloud removal was improved in most of the images 
compared with AGBM-3DMP Model_baseline, especially in images with 
a high ratio of buildings. Given that IoU = 0.5 is the threshold for the 
model to sufficiently detect buildings [23], the number of images in 
which buildings were sufficiently was 132 for AGBM-3DMP Mod-
el_baseline and 1177 for AGBM-3DMP Model_thin cloud removal. 

A Chi-square test was used to check whether the improvement in 
accuracy due to cloud removal by GAN was significant. The calculated p- 
values met the significance level of 0.05, confirming that there was a 
significant difference in the detection accuracy of each model. This 
means that AGBM-3DMP Model_baseline can detect the contours of 
buildings in more detail for each image compared with AGBM-3DMP 
Model_thin cloud removal. 

In addition to the IoU, which evaluates the degree of omission or 

Fig. 6. Comparison of cloudless images and cloud removal images by using GAN.  

Table 5 
Confusion matrix used in building detection.   

Positive Negative 

True TP (true positive) 
Correctly recognizes that it is a 
building 

TN (true negative) 
Correctly recognizes that it is not a 
building 

False FP (false positive) 
Misrecognizes a non-building part as a 
building 

FN (false negative) 
Misses the building part  
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overflow of contour detection, both Precision, which evaluates the 
strength against false positives, and Recall, which evaluates the strength 
against misses, was calculated for each image and compared to deter-
mine the degree of improvement in detection accuracy. The Accuracy, 
Precision, and Recall of AGBM-3DMP Model_baseline were 71.4%, 

83.0%, and 71.4%, respectively. The Precision, Recall, and IoU of 
AGBM-3DMP Model_thin cloud removal was higher than those of 
AGBM-3DMP Model_baseline. Among them, the improvement rate of 
Recall was higher than that of Precision. This indicates that thin cloud 

Fig. 7. Example of each region in a confusion matrix.  

Fig. 8. Illustrative example of IoU calculation.  

Table 6 
Training conditions.  

Number of images used to train the model 6956 
Size (pixel) 400px× 400px  
Batch size 8 
Epoch 50  

Table 7 
Training device specifications.  

OS Ubuntu 16.04 LTS 
CPU Intel® Core™ i7-3770 K CPU @3.50 GHz 
GPU Geforce GTX 1060 
RAM 32.0 GB 
Storage SSD (2 TB) 
Motherboard ASUS P8H77-V  
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removal improved robustness to misses. 

5.3.2. Building detection accuracy for multiple cities 
Table 10 shows the IoU calculated using 30 aerial photographs of 

Chikugo, Japan; Akashi, Japan; Bad Wörishofen, Germany; and Home-
stead, FL. 

The building detection results for aerial photographs of Chikugo, 
which has the same building density as Sakaiminato, showed that 
buildings were sufficiently detected in all of the 30 images used in the 
test. The reason for this is that most of the buildings in Chikugo City are 
low-rise houses with tiled roofs, and their features match those of the 
buildings in the aerial photographs of Sakaiminato used for training. 
This means that buildings in the aerial photographs of low-density low- 
rise cities, which have similar building densities and relatively the same 

building characteristics, are sufficiently detectable. In contrast, the 
building detection results for aerial photographs of Akashi, which was 
selected as a medium-density medium-rise city, showed insufficient 
detection accuracy for the 30 images used in the test. The IoU of the 
image with the highest detection result was 0.427. It is considered that 
the higher density of buildings and the lack of tiled roofs, which are 
common in Sakaiminato and Chikugo, contributed to the lower detec-
tion accuracy. 

Detection accuracy was also insufficient in Bad Wörishofen and 
Homestead. This may be because roof design has a large influence on the 
identification of buildings in aerial photographs. Ceramic tiles are 
widely used as roofing materials in Bad Wörishofen whereas asphalt 
shingles are used in Homestead. Shingles are rarely used on buildings in 
Japan, including in Sakaiminato, which was the target of this study. 
Therefore, it is considered that the detection accuracy was not high 
enough, despite having the same building density. Because deep 
learning models are highly dependent on the features of the buildings 
included in the supervisory data used for training, we believe that it is 
possible to detect buildings with high accuracy in various cities by using 
this method to automatically generate a dataset of cities with the same 
features as the city to be detected and used to train the deep learning 
model. In this way, we can detect buildings in various cities where 
datasets are not provided with high accuracy. 

Fig. 9. Building detection results for aerial photographs of Sakaiminato City by each model.  

Table 8 
Target cities for accurate comparison.  

Groups Target cities 

Low density Sakaiminato, Japan 
Chikugo, Japan 

Middle density Akashi, Japan 
Foreign cities Bad Wörishofen, Germany 

Homestead, FL, USA  
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6. Conclusions 

Information extracted from aerial photographs is used widely in 
urban planning and design. It is effective to use AI to detect buildings in 
aerial photographs to understand the current state of a target area. In 

recent years, many object detection technologies involving deep 
learning have been developed. Training datasets for many cities and 
other areas are not publicly available, and must often be created 
manually, making it costly to add new targets. To resolve this issue, a 
method using deep learning was proposed to automatically generate 
mask images of buildings, roads, and other objects. Because the 
appearance of a conventional virtual model is similar to but not the same 
as a photograph, it is difficult to obtain highly accurate detection results 
in the real world, even when the image is used for deep learning 
training. Therefore, we aim to improve the representation of 3D models 
by applying textured aerial photographs to 3D models. However, some 
aerial photographs include clouds, which can degrade the image quality. 
In this study, the clouds in these aerial photographs were removed by 
using GAN to improve training quality. 

The proposed method automatically generates mask images and 
aerial photographs without clouds by using an enhanced 3D model and 

Fig. 10. Building detection results for aerial photographs of cities chosen for comparison.  

Table 9 
IoU of the trained models.  

Trained model IoU 

U-Net model trained using an existing dataset 
(SpaceNet dataset)  

0.602 

AGBM-3DMP Model_baseline 
(U-Net model trained using unprocessed images)  

0.622 

AGBM-3DMP Model_thin cloud removal 
(U-Net model trained using images in which thin clouds were removed by 
GAN)  

0.651  
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GAN. In this method, the enhanced 3D models are classified into 
building classes and other classes. To switch between these classes, the 
mask images and aerial photographs are taken from the same camera 
point. After that, the coordinates of the camera object are changed and 
the process is repeated. This system outputs pairs of mask images and 
aerial photographs automatically. Aerial photographs that include 
clouds are regenerated as images without clouds by using GAN. 

The prototype system using the proposed method in this study can 
automatically generate training datasets for deep learning, including 
aerial photographs and mask images, in a short time compared with 
methods requiring the manual generation of mask images. The proto-
type system generated 6956 sets in 438 s. AGBM-3DMP Model_thin 
cloud removal could detect buildings in aerial photographs with IoU =
0.651. It was shown that cloud removal by GAN was effective at 

improving the training quality. 
The method proposed in this study can be used in situations where 

buildings are hidden by thin clouds and are visible. However, in areas 
where buildings are completely hidden by clouds, there is currently a 
risk of generating false labels, which should be removed by manual 
operation. It is also necessary to generate the dataset from the year ac-
cording to the building features in the area to be detected. 

The conclusions of the present study are summarized as follows.  

• Our prototype system can generate sets of aerial photographs in 
which clouds are removed by GAN as well as mask images from an 
enhanced 3D model.  

• Cloud removal by GAN improves training quality. 

Fig. 11. Detection accuracy for each image (AGBM-3DMP Model_baseline).  

Fig. 12. Detection accuracy for each image (AGBM-3DMP Model_ thin cloud removal).  
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• The model-trained datasets generated by our prototype system can 
detect buildings in aerial photographs with IoU = 0.651.  

• This study makes it possible to detect buildings in areas where 
datasets are not provided with high accuracy and is expected to 
substantially contribute to land use surveys and disaster damage 
assessments. 

The proposed method can be used not only for buildings in aerial 
photographs but also for other types of objects. This method might also 
be used to automatically generate supervised datasets for objects such as 
roads and rivers in aerial photographs as well as buildings seen from 
street level. In addition, the mask images generated by this method can 
be used not only as training data for deep learning but also for visuali-
zation to understand cities. 

This method generates wrong labels for images in which buildings 
are completely hidden by thick clouds. Therefore, our future work is to 
consider the location information of the building as additional input 
data, so that the GAN can recover the completely hidden building. In 
addition, since the accuracy of building detection by the U-Net model 
trained on the dataset generated by our method is greatly affected by the 
target city for dataset generation and the building characteristics of the 
target city, it is necessary to select an appropriate city for verification. 
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