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Abstract: Building maintenance plays an increasingly important role as buildings age. During
maintenance, it is necessary to analyze building defects and record their locations when performing
exterior inspections. Hence, this study proposes an automatic three-dimensional (3D) modeling
method based on image analysis using unmanned aerial vehicle (UAV) flights and convolutional
neural networks. A geographic information system is used to acquire geographic coordinate points
(GCPs) for the geometry of the building, and a UAV is flown to collect the GCPs and images, which
provide location information on the building elements and defects. Comparisons revealed that
the generated 3D models were similar to the actual buildings. Next, the recorded locations of the
building defects and the actual locations were examined, and the results confirmed that the defects
were generated correctly. Our findings indicated that the proposed method can improve building
maintenance. However, it has several limitations, which provide directions for future research.

Keywords: convolutional neural network; YOLOv5; unmanned aerial vehicle; geographic coordinate
system; SketchUp

1. Introduction

Buildings protect their residents from external environmental factors. However, over
a period of time, the performance of buildings deteriorates, and they become vulnerable to
defects, which can be dangerous to their residents. Building defects are caused by various
factors, such as the materials, the construction, the environment, and the structure. They
can degrade the performance of the building’s facilities. Therefore, as a building lifespan
elapses and aging progresses, it is necessary to diagnose defects and to carry out regular
maintenance in a timely manner by performing suitable repairs [1]. Defects in buildings
include cracks, leaks, detachment, and spalling, and they are mainly due to long-term
exposure to temperature and climate changes [2]. The lifespan and properties of a building
can be inferred from the directions and shapes of cracks, and crack occurrence is directly
related to building performance [3,4].

To inspect a building, inspectors perform direct visual inspections to identify defects.
Then, the identified defects are recorded in a blueprint, and the building’s condition is
analyzed. The visual inspection method is expensive and time-consuming for high-rise
buildings, and it becomes necessary to rely on the inspector’s subjective judgment in cases
where defects are difficult to access. In addition, when defects are recorded on blueprints,
there may be cases where the blueprints have been lost if the building is old, and recording
errors can occur because of inaccurate information in the case of inspecting locations on
high-rise buildings that are difficult to examine via the visual-inspection method [5]. To
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overcome these limitations, research is actively being conducted on the use of unmanned
aerial vehicles (UAVs) in inspections. UAVs can easily access high-rise buildings, and
image analysis can be performed using UAVs’ built-in cameras. Such research allows
inspectors to perform indirect inspections and may eliminate the risk associated with
direct inspections. Additionally, indirect inspections are efficient: compared with direct
inspection, they allow a larger area to be inspected in the same amount of time [6,7].
Researchers have proposed various methods for analyzing UAV-acquired images, including
photogrammetric three-dimensional (3D) building model generation and convolutional
neural network (CNN)-based building defect recognition [8–10].

The method of generating a photogrammetric 3D building model begins by collecting
visual information of the target building’s exterior from various angles in the form of
images. Feature points are extracted from overlapping portions of the building in each
region of the images. These generated feature points enable the measurement of depth
information for the 3D building within the images. Through this process, the 3D positions of
each point are calculated, resulting in the acquisition of a point cloud. Finally, by employing
texture mapping on the 3D form of the building generated from the point cloud, the visual
quality of the building is enhanced, providing a sense of realism.

This process of creating a photogrammetry-based building model generates informa-
tion that faithfully represents the genuine shape and size of the building, diverging from the
blueprint format. Building models endowed with these characteristics empower inspectors
to quantify the dimensions, lengths, and other parameters of defects accurately. Further-
more, they facilitate the correct evaluation of defect data in challenging high-rise locations,
where visual inspection is difficult. Importantly, these models also offer the potential for
monitoring, enhancing the capacity for continuous assessment and observation [11–13].

In this study, when acquiring images of target buildings, the UAV must capture the
target shapes from a variety of angles. In addition, connection points between the images
are required for the matching process, and the target’s feature points must be superimposed.
Therefore, such methods require large numbers of images for generating precise building
shapes. With more images, more computational resources are needed to process the images.
Additionally, for a larger building, more time is needed to generate the building shape.
Consequently, issues related to the precision of photography and time-consuming processes
may arise.

In addition to photo-based methods, there are also studies utilizing scanners for 3D
model construction research. These studies predominantly focus on the city-wide construc-
tion of 3D buildings using scanners, with the goal of analyzing energy performance [14–16].
A scanner projects laser beams onto surfaces and objects, capturing distance and positional
information through the reflected signals. The acquired data are organized into a point
cloud, representing a 3D structure that encapsulates diverse features, contours, and curves
of the target building. This 3D representation is visually refined by incorporating texture
and color information. Scanners are distinguished by their capacity to faithfully replicate
high-density, precise spatial details; however, the accurate measurement of distances is
challenged by reflective materials, such as glass, owing to the characteristics of laser beam
projection. Furthermore, the pursuit of a 3D structure with heightened resolution may lead
to increased demands on data capacity and processing time.

Building defect recognition systems, utilizing convolutional neural networks (CNNs),
undergo extensive training with diverse datasets containing various instances of building
defects. This approach seeks to mitigate reliance on the subjective judgments of individual
inspectors, instead enabling the system to autonomously and objectively identify and
categorize defects. During training, the CNN processes a comprehensive dataset with
meticulously labeled images, encompassing different types of defects such as cracks, struc-
tural anomalies, and irregularities. Through the intricate process of backpropagation, the
CNN refines its internal parameters to optimize the accurate classification of defects. The
resulting system demonstrates the capacity to objectively identify the presence and type of
defects when presented with new building images. This departure from traditional inspec-
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tion methods reduces subjectivity, offering a more standardized and consistent approach to
defect identification. The learned features and patterns contribute to heightened objectivity,
which is particularly valuable in scenarios where human judgment introduces variability.
Additionally, the scalability and efficiency of CNN-based systems make them advantageous
for large-scale building inspections, ensuring a thorough and reliable assessment of defects
in a timely manner [17,18]. In addition, researchers have analyzed overall defect conditions
by measuring defect data (crack width, defect size, etc.) to perform analyses based on
the recognized defect images [19,20]. These characteristics allow researchers to accurately
ascertain and analyze the shapes of defects by using UAVs in locations that are difficult to
access. However, the images include only some of a building’s regions. Thus, although this
approach can detect the presence of defects in images, a different method is necessary to
locate them.

In the realm of unmanned aerial vehicle (UAV)-based research, investigators have
proposed a more efficient methodology for safety inspections, depending on the applied
analysis, compared to conventional approaches. The methodology suggested in previous
research ensures the safety of inspectors and facilitates the objective and indirect monitoring
of defects. However, to execute safety inspections with enhanced efficiency, it is crucial to
devise methods that consider the required time. Therefore, this manuscript proposes an
approach that utilizes the geographic coordinate system (GCS) to generate the shape of
building objects and to visually represent the external configuration of buildings through
image identification, expressing the location of defects.

This method involves the execution of defect recognition based on convolutional
neural networks (CNNs) and utilizes images acquired by a UAV to collect relevant informa-
tion. Additionally, the GCS plays a crucial role in reproducing the architectural form of a
building and specifying the location of defects. The proposed method simplifies the visual
information required to construct a 3D building shape, compared to previous research.
This approach reduces the time required for inspection generation and facilitates easy
identification of defect locations within a building structure. Furthermore, it ensures the
safety of inspectors and enables an objective assessment of potential defects that may occur
in a building.

2. Materials and Methods

To analyze and record building defects, it is necessary to ascertain the locations of
the defects. The proposed method uses the GCS to generate a geographic coordinate
point (GCP)-based building shape. The GCS employs latitude and longitude to specify
locations on Earth’s 3D surface—i.e., it is a standard that defines specific locations on
Earth’s surface [21]. The GCP of the building corners that are to be generated using the GCS
are acquired. The acquired coordinates form the building’s overall framework. Next, a UAV
is flown to acquire images of the building’s exterior walls, and CNN model-based image
object recognition is used to input the defects in the building’s shape and the windows,
which are building elements. A CNN is a deep-learning model that contains several layers
(convolutional, pooling, fully connected, etc.) and exhibits good image data processing
performance [22]. Images that include the objects that are to be recognized are used to train
an artificial-intelligence model, and the learned objects are found in images that were not
used for training. Section 2.2 presents concepts related to the model. The image-resolution
coordinates are extracted from recognized objects, and the coordinates are converted into
GCPs via an object GCP-acquisition algorithm. This algorithm uses the building corner
GCPs and the Haversine formula, and it is described in Section 2.3. The GCPs of the
building corners and objects (windows and cracks) acquired in this manner are converted
into vector coordinates using vector acquisition, which is described in Section 2.4, to
define the size of the actual building and its elements. Finally, the converted coordinates
are automatically generated via 3D modeling software Sketchup 2022. The proposed
method can automatically execute all processes except for Step 1, which corresponds to
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data collection. However, for Step 3, the method offers a manual handling option for objects
that are not recognized. This method is shown in Figure 1.

Buildings 2024, 14, x FOR PEER REVIEW  4  of  16 
 

automatically execute all processes except for Step 1, which corresponds to data collection. 

However, for Step 3, the method offers a manual handling option for objects that are not 

recognized. This method is shown in Figure 1. 

 

Figure 1. Method for UAV-based automatic 3D modeling of a building. 

2.1. Step 1: Preparation for Building Data Acquisition 

In this step, the building’s surrounding environment (adjacent buildings, landscap-

ing, etc.)  is examined. The environment,  including adjacent buildings and landscaping, 

can  impede the UAV’s acquisition of building  information. Therefore,  it  is necessary to 

establish a plan that considers the environment when photographing the building, to as-

certain its shape. To measure the actual sizes of areas in images that were acquired as part 

of the photography plan, the camera and the building must be in a parallel state when the 

photography is performed. To measure actual sizes, information such as the resolution, 

focal length, GCPs, and sensor size must be included in the captured images’ metadata. 

In addition, the established plan must consider the flight conditions of the photographed 

area, including weather conditions and legal regulations regarding UAV flights. The UAV 

that is employed must be able to acquire GCP information through global navigation sat-

ellite system (GNSS) transmissions. The GCPs are expressed as longitude and latitude and 

correspond to two-dimensional (2D) (x, y) coordinates. This transmitted GCP information 

is linked to the GCPs for the building shape acquired in Step 2 to measure distance. 

   

Figure 1. Method for UAV-based automatic 3D modeling of a building.

2.1. Step 1: Preparation for Building Data Acquisition

In this step, the building’s surrounding environment (adjacent buildings, landscaping,
etc.) is examined. The environment, including adjacent buildings and landscaping, can
impede the UAV’s acquisition of building information. Therefore, it is necessary to establish
a plan that considers the environment when photographing the building, to ascertain its
shape. To measure the actual sizes of areas in images that were acquired as part of the
photography plan, the camera and the building must be in a parallel state when the
photography is performed. To measure actual sizes, information such as the resolution,
focal length, GCPs, and sensor size must be included in the captured images’ metadata. In
addition, the established plan must consider the flight conditions of the photographed area,
including weather conditions and legal regulations regarding UAV flights. The UAV that
is employed must be able to acquire GCP information through global navigation satellite
system (GNSS) transmissions. The GCPs are expressed as longitude and latitude and
correspond to two-dimensional (2D) (x, y) coordinates. This transmitted GCP information
is linked to the GCPs for the building shape acquired in Step 2 to measure distance.

2.2. Step 2: Building Data Acquisition

In Step 1, the UAV performs the planned flight and acquires images of the building.
A CNN is used to recognize building elements (windows) and defects (cracks) in the
images. In this study, the You Only Look Once version 5 (YOLOv5) [23] CNN model was
used, and concepts related to this model are discussed in Sections 2.2.1 and 2.2.2. The
recognized elements are depicted as box shapes, and the top-left and bottom-right image
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resolution coordinates (x, y) of the box boundaries are acquired. These coordinates are used
to acquire the GCPs of the building elements. After a user review of the acquired images
for parts of the images that were not recognized, the image-resolution coordinates of the
building elements need to be manually inputted. Next, the coordinates for all the building’s
elements are acquired. The height of the building is found through images that include
the uppermost floor of the building, according to the UAV’s altitude during photography.
Finally, the Google Maps application programming interface (API) is used to acquire GCP
data regarding the corners of the building, based on a geographic information system (GIS).
The Google Maps API is a web map service (WMS) module that loads images from a map
server containing GIS data. It is used to record the building GCP information acquired
from the map.

2.2.1. Object Detection

This section presents concepts related to the image object-recognition algorithm. The
purpose of the algorithm is to recognize elements in an image and perform automatic 3D
modeling. YOLOv5 was selected as the model. This algorithm is used in various fields
because of its high detection accuracy and processing speed [24,25].

YOLO can predict the bounding boxes (Bboxes) and classes of objects in input images.
First, it divides the input image into a grid of size X,X. Then, thin Bboxes of various sizes
are created within the grid area. The algorithm predicts the locations where the learned
objects are estimated to be within the Bboxes. Confidence scores for the predicted locations
are predicted, and the Bboxes in these areas are made thicker. Finally, only thick Bboxes are
left, and the thin Bboxes are removed. The non-maximum suppression (NMS) algorithm is
applied to the remaining Bboxes to select the final Bboxes [26]. This description is shown
in Figure 2.
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The NMS algorithm removes duplicated Bboxes. First, it identifies Bboxes with
high confidence scores and examines other Bboxes that overlap with these Bboxes. Then,
overlapping Bboxes with low confidence scores are removed. The algorithm calculates the
Intersection over union (IoU) as an index. To obtain the IoU, the size of two overlapping
Bboxes is divided by the total area. It is expressed as a value between 0 and 1.

IOUtruth
pred =

A ∩ B
A ∪ B

(1)

confidence score = Pr(Object)× IOUtruth
pred (2)

C(conditional class probabilities) = Pr(Classi|Object) (3)

In Equation (1), A represents the correct Bbox and B represents the predicted Bbox.
In Equation (2), Pr(Object) is 1 if an object is predicted to be within the grid of size X, X;
otherwise, it is 0. The Bbox consists of five predicted values (x, y, w, h, and confidence). The
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x and y coordinates give the relative location of the center of the Bbox within the grid cell.
The w, h pair consists of the relative width and height of the Bbox. (x, y) and (w, h) both
have values between 0 and 1. Conditional class probabilities (C) are predicted for each grid
cell. In Equation (3), C represents the conditional probability that an object is in a certain
class under the condition that the object is within the grid cell. In a single grid cell, the
probability for only one class is found, even if there are several Bboxes within the grid cell.

In the test step, the conditional class probability (C) is multiplied by the confidence
scores of individual Bboxes. This indicates the probability that a certain class object will
appear in the Bbox (= Pr(Class_i)) and how well the predicted Bbox fits in the class.

Class specific confidence score = Pr(Classi|Object)× Pr(Object)× IOUtruth
pred (4)

In Equation (4), Pr(Classi|Object) is C (conditional class probabilities), and
Pr(Object) ∗ IOUtruth

pred is the confidence score. Ultimately, the class-specific confidence
score indicates the probability that a certain class will appear in the Bbox and how well the
Bbox fits in the class, and the dimensions of the final prediction tensor can be calculated as
X × X (5 × B + C).

The architecture of YOLOv5 can be divided into the backbone, neck, and detection
parts. The backbone consists of Cross Stage Partial Network (CSPNet), CSP Bottleneck
with 3 convolutional layers (C3), and spatial pyramid pooling with factorized convolutions
(SPPF) modules. The CSPNet module serves to reduce the number of model parameters and
the amount of computation by reducing the network’s depth. The C3 module uses a CSP
structure to efficiently combine multiple convolutional layers. Thus, it can effectively extract
features for object detection and classification tasks. The SPPF module combines spatial
pyramid pooling and factorized convolution to handle the various sizes and proportions of
objects by extracting features from pyramid regions of various sizes. The neck part uses
the concat and upsample modules, and the concat module links multiple tensors to create
a single large tensor. Thus, it can combine various feature maps, and the model can use
features of various sizes and levels. The upsample module serves to expand the size of
the input so that predictions can be made without losing the objects’ detailed information.
Finally, the head performs object detection and predicts the Bboxes and classes of the
detected objects. Modules P3, P4, and P5 present the pyramid feature maps, and the feature
maps provide data of various sizes for object detection and are used to detect objects in
input images of different resolutions. P3 is a feature map that is obtained by downsampling
the input image’s resolution by 1/8, and it is used to detect small objects. P4 has 1/16
resolution and is used to detect medium-sized objects, whereas P5 has 1/32 resolution and
is used to detect large objects [27]. This method is shown in Figure 3.

2.2.2. Object Detection Evaluation Metrics

To evaluate the reliability of the image object-recognition model, average precision (AP)
is used, which is an index that evaluates the performance of object-detection algorithms.
AP is based on precision, recall, and the IoU formula. It calculates the IoU of the Bbox
information that corresponds to the correct answer in the verification image and the Bbox
estimated by the algorithm. A value closer to 1 indicates that the estimated Bbox region
is more similar to the correct Bbox region. true positive (TP), false positive (FP), and false
negative (FN) are defined according to the calculated IoU value and the set IoU threshold
value, and then a precision–recall (PR) curve is drawn. AP calculates the area of the PR
curve that is calculated at each threshold value.

Precision =
TP

TP + FP
(5)

Recall =
TP

TP + FN
(6)

AP = ∑n(recalln − recalln−1)precisionn (7)
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Figure 3. YOLOv5 model.

2.3. Step 3: Object GCP Acquisition Algorithm

The algorithm acquires GCP for the building elements (windows and defects) via
the object GCP-acquisition algorithm, which uses the Haversine formula. The Haversine
formula that is used to gather the object GCP calculates the great circle distance between
two points on a sphere, and it determines the distance between two points by assuming
that Earth is a sphere [28]. A specific point on Earth’s surface is defined by latitude and
longitude, which are geographic coordinates. Latitude indicates how far north or south a
point on Earth is, and longitude indicates how far east or west a point is. These coordinates
are used to accurately express geographic location.

a = sin2
(

∆ϕ

2

)
+ cos(ϕ1)·cos(ϕ2)·sin2

(
∆λ

2

)
(8)

c = 2·atan2
(√

a,
√

1 − a
)

(9)

d = R·c (10)

In Equation (8), ∆ϕ is the difference between the latitudes of the two points on the
sphere. ϕ1 and ϕ2 represent the first and second points’ latitudes, respectively. ∆λ is the
difference between the longitudes of the two points. R represents the radius of Earth. The
average radius of Earth is approximately 6371 km.

This Haversine formula is used to calculate the distance between the building GCP and
the image GCP. The minimum distance is defined as the photography shooting distance.
The actual size of the image region is calculated via the proportion formula using the
image data’s metadata (i.e., the focal length, sensor size, and image resolution) and the
photography shooting distance.

PIX =
SS × L
R × FL

(11)

Equation (11) provides the actual size that is included in a single pixel of resolution.
FL represents the focal length of the camera, SS represents the sensor size, L represents the
shooting distance, and R represents the image resolution.

Next, the building GCP, which is defined by the image resolution’s center position
and the image-acquisition distance, is defined as 0. Then, the algorithm calculates the
pixel difference between the coordinates that correspond to the center of the image and
the coordinates of the image object. In the proportional formula, the pixel difference is
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multiplied by the actual size of one pixel of resolution to measure the actual distance from
the center of the image resolution to the object location. Then, the measured actual distance
value is defined as the standard value for obtaining the object GCP. The Haversine formula
is used to calculate the distance between the building GCP that is defined as 0 and the
other building GCP values. Next, calculated values that are the same as the measured
distance values are matched. In the distance-based GCP acquisition, both the x and y
values of image object coordinates must be acquired. The x coordinates are acquired via the
aforementioned distance matching, and then distance matching is performed again for the
y coordinates. An algorithm with this structure is used to convert the image coordinates of
the objects that are recognized in the images into GCP data and define object GCP values
in the building geometry. The defined object GCP includes two GCP data that are located
at the top left and bottom right of the object’s shape. Figure 4 shows the structure of the
algorithm described above.
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2.4. Step 4: Vector Acquisition and Correction

In the final section, all the GCP information (i.e., building corners and objects) is
converted into vectors, and the vector values are used as coordinates for generating a 3D
model. For the object GCP, the vector correction algorithm presented in Section 2.4.2 is
used to acquire the vectors that are included in the range of building-corner vector values.
The vectors acquired in this manner are used as location coordinates for 3D modeling.

2.4.1. Vector Acquisition

To acquire the 3D spatial x, y, and z values of the building shape, one of the acquired
GCP values is defined as the reference point (0, 0, 0), and the locations of the other acquired
GCP are measured. To define the 3D space, measurements must be performed using the
length and direction of the reference point and relative point. For the length, the Haversine
formula described in Section 2.3 is used. For the direction, the bearing between the two
points is calculated using a bearing formula based on spherical trigonometry. The length
and direction between the two points are calculated using the GCP that corresponds to
the reference point and the GCP that corresponds to the relative point. Ultimately, 2D x,
y vector values are acquired for the measured distance and direction values. The z value,
which corresponds to the third dimension, is defined as the acquired building height value.
The bearing formula is Equation (15) as follows [29].

DL = λy −∅y (12)
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Y = sin(DL)× cos(λx) (13)

X = cos(∅x)× sin(λx)− sin(∅x)× cos(λx)× cos(DL) (14)

BF =

(
atan2(Y, X)×

(
180
π

)
+ 360

)
360

(15)

In Equation (13), λ(x,y) indicates the latitude and longitude of the reference point, and
∅(x,y) is a value that indicates the latitude and longitude of the relative point.

x = (d × sin(BF)) (16)

y = (d × cos(BF)) (17)

In Equation (16), d represents the distance between two points based on the Haversine
formula, and BF represents the direction between the two points based on the bearing formula.

2.4.2. Vector Correction

The building geometry is based on Earth’s spheroid body, and its shape consists of
curves rather than straight lines. Therefore, in the vector-based 3D model that is constructed
using the GCP that corresponds to the building corners, the GCP object locations that are
acquired via the building geometry may deviate from the vector-based model. In the
present study, to compensate for this, a vector-correction algorithm is used, in which the
location that corresponds to the vector-based 3D model’s closest coordinates is replaced
with the object vector value. The vector-correction algorithm generates virtual point
coordinates that correspond to straight lines between two vector coordinates corresponding
to the building corners. Then, the object vector coordinates and distance are repeatedly
measured. Subsequently, the minimum distance is determined, and the virtual coordinates
are defined as the acquired object coordinates. Figure 5 shows the structure of the vector-
correction algorithm.
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2.5. Step 5: Automatic 3D Modeling

Finally, in the automatic 3D modeling stage, SketchUp API-based Ruby code is created
to use tools within SketchUp. Then, the results are used to perform automatic 3D modeling.
The SketchUp API is employed when using geometric tools to perform modeling based
on the acquired data. The acquired vector coordinates contain unique information, such
as building contour lines and objects. Therefore, the defined vectors for each unique
piece of information are grouped so that they can be recognized as a single element. All
vectors included in a recognized element are generated using the rectangle tool. Next, the
height information is inputted, and building contour lines are created in a single building
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model. Objects are placed in regions that correspond to object locations in the generated
building model.

3. Case Study

The proposed method was implemented to perform automatic 3D modeling of a
specific building. Then, the building’s actual data and the model size data were compared
to verify the results by analyzing the generated building in terms of the element-area and
defect-location errors.

3.1. Building Information

To implement the proposed method, “Engineering Building #2”, which is located
at a latitude of 37.297224◦ N and a longitude of 126.832766◦ E, was selected. The target
building is a polygonal building with five stories. There are trees near the building on the
left, on the right, and at the front, and there is an adjacent building at the rear. This building
was selected because it allowed the UAV photography plan to be reviewed under various
environmental conditions. The exterior of the building is shown in Figure 6.
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3.2. Acquisition of Flight Path and GCP

To acquire the shape of the building, a photography plan was established with consid-
eration of the nearby environmental factors. In the photography plan, a photography flight
was performed across the entire span of the building’s front at a 6 m distance from the
walls without any duplicated regions. However, the surrounding area in front of the target
building was a landscaped environment, and parts of the lower floors were photographed
from less or more than 6 m to avoid the landscaping. When photography was performed
from far away, manual records were used to replace the parts of the building that were
blocked by trees and shrubs. When 3D modeling of the building was performed later, the
manual records roughly depicted the locations of windows and the areas of cracks. The
layout of the windows in the manual records was created by duplicating windows of the
same size that were captured by photography. An “DJI M300 RTK” was selected as the UAV
to acquire the images. This airframe included real-time kinetic (RTK) features for accurately
transmitting GCP information. An H20T camera was attached to the airframe, and the
resolution of the images captured by the camera was 4056 × 3040 pixels. The focal length
was kept at 4.5 mm, and the sensor was a 1/2.3 complementary metal-oxide-semiconductor
(CMOS) sensor. The information above is shown in Figure 7.
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Figure 7. Flight mission.

To acquire the windows’ resolution coordinates from the acquired images, 10,000
window training data were used in the YOLOv5 CNN model. Additionally, to acquire the
resolution coordinates of the cracks, 500 crack-training data were used. The two types of
training data were each used to perform training for 100 epochs, and object recognition was
performed according to the epoch with the best performance. Crack achieved the highest
AP score of 0.926 at Epoch 56, with a precision of 0.884 and a recall of 0.91. Additionally,
window achieved the highest AP score of 0.947 at Epoch 60, with a precision of 0.88 and a
recall of 0.89. The performance is illustrated through Figure 8.
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Figure 8. YOLOv5 model performance.

The trained model was used to recognize the windows in the images as box shapes,
and the boxes’ top-left and bottom-right resolution coordinates were acquired. However, in
areas where image object detection was not performed, the user reviewed it and manually
entered the resolution coordinates of the window. Next, to acquire the GCP data that
corresponded to the GIS-based building corners, the Google Maps API and JavaScript were
used to load a GIS-based satellite map and acquire the coordinates that corresponded to the
target building. As for the acquired building corner GCP information, the box coordinates
of the windows and cracks that were acquired from the images were converted into GCP
using an object GCP-acquisition algorithm. Figure 9 visualizes the above content.
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Figure 9. Image resolution coordinates and the building outline in the GCP.

3.3. Building Vector Acquisition

One of the previously acquired building-corner GCP values was defined as the ref-
erence vector coordinate 0, 0, 0. Next, the remaining building-corner GCP values were
converted into vector coordinates by calculating their distances to the reference. The
window and crack GCP values were similarly converted into vector coordinates. Then,
they were modified again using the building vector coordinates to acquire the final vector
coordinates. The information of collected coordinates can be observed in Figure 10.
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3.4. Automatic 3D Modeling

Finally, modeling tools (e.g., SketchUp) were used to generate a vector coordinate-
based 3D model. SketchUp API-based modeling tools (e.g., face, line, and height creation)
were used, and the shape of the building was first created using the vector coordinates of
the building corners. Next, the other vector coordinates for the windows and cracks were
inputted for the corresponding wall surfaces. This method was written in Ruby code and
implemented as active code in the SketchUp 2022 software. The generated 3D model is
presented in Figure 11.

The sizes of the actual building and the modeled building were compared, and the
results are presented in Table 1.

The overall sizes of the building and the inputted windows’ sizes were compared, and
the results indicated that there were errors of 1.47% for the building, 21.3% for Window 1,
and 7.3% for Window 2. Additionally, there was close agreement in the shape of the front
of the building.
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Table 1. Comparison of actual and model sizes for buildings and windows.

Object Real Data (m) Modeling Result (m) Deviation (%)

Building 80.0 × 45.0 × 21.0 79.5 × 45.3 × 21.3 1.47
Window 1 3.10 × 1.68 2.66 × 1.54 21.3
Window 2 1.55 × 3.70 1.62 × 3.30 7.3

When the building’s inputted crack locations were judged according to the window lo-
cations, it was confirmed that all the inputted crack locations were the same as the locations
that were visually confirmed. The generated crack locations are shown in Figure 12.
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4. Discussion

It was demonstrated that the proposed method can model the target building. Even
in cases where there is no building blueprint data, a UAV can be used to perform 3D
modeling of high-rise buildings that are difficult to access, and similar building shapes
can be modeled in a relatively short time. The positions of cracks and windows in the 3D
model closely resemble those in the actual building, indicating that fault locations can be
verified through the 3D model. It can be noted that this involves accurately determining
and defining the shooting position and building location from the resolution of the captured
images. The results of this study indicate that using the proposed method, defects can be
identified, and their locations can be recorded and analyzed more quickly and efficiently
during defect inspections. However, there are several limitations.

Locations that included building landscaping restricted the UAV’s access and made
it difficult to acquire the entire building shape. The proposed method can generate the
building’s shape if the entire shape can be acquired; however, areas that cannot be acquired



Buildings 2024, 14, 5 14 of 16

owing to landscaping must be entered manually by the user. As such, additional explo-
ration, such as additional training using images where only partial building elements are
displayed to enable detection even when architectural components are partially obscured
due to landscaping, should be included. Additionally, investigating methods like merging
data from multispectral sensors or thermal sensors to separate and recognize necessary
objects based on color is necessary to address these scenarios.

It is easy to record and confirm the locations of building defects; however, more
analysis data, such as the defects’ lengths, widths, and areas, are needed to analyze the
states of defects in models. For vertical and horizontal defects, the area of the box is similar
to the area of the defect. However, for diagonal defects, a large box is created, and the area
of the defect is depicted as very large. This can lead to errors in analyzing the areas of
defects, and further research on the use of segmentation to input defect shapes into models
is necessary.

In the case of crack defects, the widths of the cracks—not just the lengths—must be
analyzed to evaluate building performance. However, the data provided by the model
include only information on the locations and areas of defects, which makes it difficult to
analyze cracks accurately. Therefore, it is necessary to develop a method that allows crack
width to be measured using the extracted area.

Addressing these limitations can allow building maintenance to be conducted more
effectively, reducing the risk to personnel and shortening inspection times, while allowing
quantitative building performance evaluations through objective assessments.

5. Conclusions

A method was developed that automatically models buildings and records the loca-
tions of the buildings’ identified defects in the generated models. In contrast to existing
inspection methods in which workers manually identify and record defects, a UAV is
used to accurately analyze and record the shapes of defects in high-rise buildings. Addi-
tionally, we demonstrated through empirical evidence that a simplified representation of
the building’s shape, allowing for visual recognition of the building’s form to a degree
less sophisticated than the high-quality visualization proposed in previous research, can
significantly reduce the generation time. This streamlined representation not only facili-
tates the efficient identification of defects but also enables more effective recording of their
locations. In addition to recording the location, a 3D shape allows for the calculation of the
maintenance area for defects occurring in the target building during the inspection phase.
Moreover, it can also be utilized for the purpose of analyzing the energy performance of
the building. By addressing the limitations mentioned in Section 4, a maintenance process
can be developed in which damage is recorded and analyzed using building models so that
high-rise buildings can be managed efficiently. Moreover, it is envisaged that ongoing re-
finement of the process will enable access to and utilization of diverse applications beyond
the enhancement of building 3D creation. It is believed that future processes will save time
and money for exterior inspections during the building maintenance phase and ensure the
safety of inspectors.
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