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1. Introduction 

 
Over the past few decades, the number of deteriorated 

buildings has increased, and maintenance and safety 
diagnoses of such buildings have been recognized as very 
important long-term problems in the life cycle of buildings 
(Kwon et al. 2020). Therefore, the importance of safety 
diagnosis and maintenance measures for deteriorated 
buildings is increasing. Currently, most countries conduct 
building appearance surveys and safety diagnoses based on 
detailed guidelines and evaluation criteria (Anuar et al. 
2019). However, an evaluation method based on detailed 
guidelines makes it difficult to obtain objective data (Park 
et al. 2016, Liu et al. 2019). In other words, because the 
process is not uniform, it takes time to complete, which 
reduces the objectivity of the data, resulting in a cost 
increase (Ensafi and Thabet 2021). Park and Kim (2020) 
noted that as the main body of building safety diagnosis 
shifts from public to private, efficient and objective 
research into a uniform structural safety diagnosis is 
needed. In addition, since the bidding process is to submit 
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the lowest price during selection of private companies, the 
differences in the levels and perspectives of individual 
experts may affect the results, and reduce objectivity (Park 
et al. 2017). Therefore, Shi and Ergan (2020) said, the work 
process should be divided up and standardized methods and 
report forms should be presented. It was confirmed that the 
data collection method for existing deteriorated buildings 
has limitations in objectivity and does not represent a 
typical process. The term safety grade refers to 
comprehensive calculation of data results from an actual 
safety diagnosis based on visual and safety inspections of 
deteriorated buildings (Park et al. 2016). There are two 
types of problem with this deteriorated building safety 
diagnosis process. The first is to select private companies 
based on the lowest bid, and that one or more companies 
will conduct building safety management. This is difficult 
to express politically because information is collected 
manually, and the results may vary depending on the 
individual's level of expertise and personal perspectives. In 
the end, the reliability of the results may become a problem. 
A second form of the report is submitted after the external 
inspection and safety diagnostic processes. Reports 
submitted after the appearance investigation and safety 
diagnosis vary from time to time (Shi and Ergan 2020). This 
is not only because existing data cannot be used in future 
safety diagnoses, but they also take a lot of time to 
complete. In addition, objectivity may be reduced by 
increasing costs and increasing the amount of data returned. 
Therefore, objectivity and formulation of new processes are 
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necessary to solve existing shortcomings. 
Recently, many studies have been conducted on the 

appearance of aging buildings by using high-precision 
measuring equipment (Kang et al. 2016, Choi et al. 2018, 
Falorca and Lanzinha 2020, Pan et al. 2020, Wu et al. 
2023). However, most studies do not cover the safety of 
buildings. In addition, existing studies have conducted 
condition evaluations based on building appearance 
surveys, excluding considerations for building safety, and 
making it difficult to calculate comprehensive building 
safety grades. 

To address this limitation, this paper proposes an 
automated grade calculation using 3D point clouds. In the 
first step, a DNN structure was generated based on existing 
safety diagnosis process of deteriorated buildings. In the 
second step, building condition data acquired by high-
precision measuring devices was applied to DNN. 

 
 

2. Review of previous building deterioration 
assessment 
 
2.1 Safety diagnostics using high-precision 

measuring devices 
 
Visual inspection is one of the basic methods of exterior 

inspection to measure risk factors visually or by using 
measuring devices according to detailed guidelines and 
evaluation criteria tables (Kwan and Ng 2015, Anuar et al. 
2019). A visual inspection entails the subjective nature of 
experts or examiners (Park et al. 2016, Guo and Wang 
2022). Also, exterior inspection results are less objective 
because they depend on the level of expertise and the 
perspective of the individual (Park et al. 2017). For this 
reason, existing studies presented objectivity and reliability 
problems with visual inspection data (Liu et al. 2019). With 
recent developments in devices, more studies have been 
conducted on exterior inspections using unmanned aerial 
vehicles (UAVs) and laser scanners to analyze the condition 
of buildings (Rachmawati and Kim 2022). Falorca and 
Lanzinha (2020) identified the performance levels of 
buildings and proposed maintenance measures by acquiring 
data through exterior inspections using UAVs and analyzing 
preservation status based on the External Thermal 
Insulation Composite System. In addition, research is 
underway to combine technologies such as forward-looking 
infrared (FILR) and virtual reality (VR) with UAVs to 
present a process for visually determining building 
conditions (Liu et al. 2019, Pan et al. 2020). 

Laser scanning technology is used to accurately record 
the current structure of a building (Kwon 2009, Chen et al. 
2022, Klapa 2023). Three-dimensional point cloud and 
stereo images acquired with a laser scanner have been 
studied over the past decade for crack detection and 
measurement. Law et al. (2015) confirmed that laser 
scanning technology provides objective and precise data for 
exterior inspection and surface deterioration of buildings. 
Based on proven facts, Turkan et al. (2018) analyzed 3D 
point cloud data to examine the damaged area of a tunnel. 
In addition, studies were also conducted to identify cracks 
in damaged areas of large-scale structures, such as bridges 

and dams (Lattanzi and Miller 2014, Mukupa et al. 2016). 
This proved that cracks of at least 2 mm or more can be 
detected, and the average error was about 2~3 mm (Vasić et 
al. 2014, Ani et al. 2015, Sarker et al. 2017). 

However, since the results of existing studies are 
derived manually, rather than automatically, subjective 
opinions of experts may be reflected in the data. The 
process presented in previous studies is not automatic but 
passive, so it is time-consuming and not cost-effective to 
evaluate the condition of many buildings. In addition, 
evaluation of the durability and safety of buildings is 
excluded because only appearance surveys are used to 
distinguish condition grades, and comprehensive safety 
grades are difficult to calculate. 

 
2.2 Safety diagnostic using machine learning 
 
Deep learning is an inverted model of the artificial 

neural network (ANN) that consists of layers in the ANN 
(Marcus 2018). Due to technological constraints, early 
research was conducted through relatively simple neural 
networks, such as the ANN. Silva et al. (2013) tried to 
measure the durability of buildings based on statistical 
perspective linear regression and an ANN to produce 
mathematical models to calculate appearance grades. Sousa 
et al. (2014) used a support vector machine (SVM) and an 
ANN to predict the state of a structure and compare the 
results, presenting their advantages. El-Abbasy et al. (2014) 
also predicted the state of the ANN pipeline, raising the 
problem that simple neural networks are less accurate than 
complex neural networks, such as the deep neural network 
(DNN) and the convolutional neural network (CNN). 

With recent developments in computer hardware, crack 
detection studies using the CNN and the DNN (types of 
deep learning algorithms) have been carried out. The 
majority of research is based on defect images (Nex et al. 
2019, Luo et al. 2019, Zhang et al. 2023, Chaiyasarn et al. 
2022). Cha et al. (2017) confirmed that 98% accuracy can 
be obtained by understanding crack location and size 
information through algorithmic models obtained by 
digitizing the image data obtained. However, since existing 
research is an algorithmic model limited to only one item 
called a crack, it is difficult to apply such models to an 
overall building appearance survey. 

Kang and Cha (2018) proposed a new inspection system 
using ultrasonic beacons, a CNN, and geo-tagging methods 
to confirm the advantages of global positioning system 
(GPS) signals in closed environments for structural sensing 
and positioning. Gopalakrishnan et al. (2018) also presented 
an outline for finding automated defects using UAVs, image 
data, and deep learning. Perez et al. (2019) used a CNN 
layer to understand crack location information and surface 
aging information, and then created a confusion matrix 
based on the learned data to visualize them. Cheng et al. 
(2020) finally integrated building information modeling 
(BIM) and Internet of Things (IOT) technologies and 
applied ANN and SVM machine learning algorithms to 
demonstrate the maintenance and state prediction processes 
for mechanical, electrical, and plumbing (MEP) 
components. However, in existing studies, deep learning 
structures such as the ANN and DNN were used to confirm 
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only information about appearance damage and locations on 
buildings, bridges, and MEP components. This is because 
structural evaluation of the durability and safety of 
buildings was not carried out, making it difficult to 
calculate an overall grade. 

Therefore, the purpose of this study is to calculate the 
safety grades of buildings by using objective and reliable 
state evaluation data and accurate safety diagnosis data 
obtained after using a UAV and laser scanner. In addition, 
automatic calculation of the safety grades of aging buildings 
using deep learning, which improves time- and cost-
efficiency, is presented. 

 
 

3. Automated grade calculation methodology 
 
3.1 Generating deep learning–based building 

safety grade prediction model 
 
3.1.1 Relocate and modify existing status 

evaluation data 
We utilize existing traditional visual inspection data for 

creating the deep learning model. The data were divided 
into textual data, such as Excel and CSV spreadsheets, and 
binary data such as images and audio. The advantages of 
textual data are convenience to modify and process them 
using a simple editor, plus they are inexpensive, and the 
processing speed is fast. In this study, textual data suitable 
for DNN learning are used in two data formats that are easy 
to process and modify. The resulting values of the current 
visual inspection data are status evaluations of the parts and 
floors, but status values of the data for each item based on 
visual inspection are unknown. This only shows the overall 
condition of the building, and it is unclear which items are 
the most deteriorated, and which repair and reinforcement 

 
 

procedures should be prioritized. Therefore, in this study,the 
data are processed by categorizing the nine items mentioned 

earlier into seven items that can be acquired from shape 
information. 

Fig. 1 shows the safety diagnosis data of the deteriorated 
buildings, merged into seven categories and processed into 
textual data. The total number of safety diagnostic items for 
the processed deteriorated buildings is 291, which may 
include variations due to the differences in the amount of 
data at each level. In particular, grade E buildings cannot be 
used due to the structural problems, so it is difficult to 
acquire grade E building data. If deviations occur, the 
accuracy of the DNN may be reduced, and the results may 
vary depending on the randomly selected training, testing, 
and validation data. Therefore, in order to solve the 
problems presented in this study, over-sampling was carried 
out. Data over-sampling refers to generating a small number 
of new data from the original dataset to reach the required 
amount of data. In this study, the data over-sampling used R 
to generate a total of 1,000 pieces of data, 250 each for 
grades A, B, C, and D. 

 
3.1.2 Deep-learning data analysis 
In this study, a deep learning toolbox called nntool was 

used to teach the DNN through Matlab and another DNN. 
Input data, output data, and target data were specified as 
variables that can be imported, and the DNN generated 
imported data in a space called Networks. The resulting 
DNN can be learned, and the resulting values can be 
generated in the output data space to derive the final values. 
The procedure for deep learning data analysis in this study 
is in Fig. 2. In order to use data in Matlab, variables for the 
input layer and target layer must be generated. Variables 
used in the input layer include input data, which are input 
values, and target data, which are used to verify the learned 
model. The output value or output data (that is, the variables 
for the layer that presents the basis for the resulting values 

 
 

Fig. 1 Acquired condition assessment results

315



 
Seungho Kim, Jae-Min Lee, Moonyoung Choi and Sangyong Kim 

 
 

of the model) are learned through the input data. Each 
variable must have data, and the process of entering such 
data is called data setting. Input data, output data, and target 
data variables must be imported into the appropriate layer 
through the nntool Neural Network Data Manager. This 
means that preparation work for the production of DNN 
structures has been completed. The imported data are 
selected through the network data manager according to the 
required network type, the number of hidden layers, the 

 
 

 
 

number of nodes in each layer, and the values of the data 
you want in order to execute the learning process. Each 
hidden layer is automatically calculated according to the 
number of nodes set in the first layer for learning. The DNN 
learns from weighted values, Weight (w), and biased values, 
Bias (b), and initial data learning is performed with a feed-
forward algorithm. After verification using a 
backpropagation algorithm, the value of w is re-adjusted to 
generate a DNN structure that can accurately learn. 

 
 

Fig. 2 DNN data analysis process

Fig. 3 System architecture of reverse engineering 3D model
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Deep-learning training determines the accuracy of the 
data by dividing the training data, validation data, and test 
data in a 70:15:15 ratio for automatic learning and 
validation processes. The DNN structure is optimized to 
compare the results of the derived data with the actual 
values to determine the accuracy and reliability of the DNN 
presented in this study. 

 
3.2 Data acquisition using reverse engineering 
 
3.2.1 Reverse engineering process 
Reverse engineering is a technique that uses 3D point 

cloud data to obtain shape information, and it is essential 
for building appearance investigation and status diagnosis. 
Therefore, in this study, a reverse engineering 3D model is 
generated by using an alignment process to obtain 3D point 
cloud data with building shape information (Fig. 3). 

The target building was a deteriorated three-story 
building for which a laser scanner (BLK 360) acquired 
exterior and interior data, and a UAV (Inspire 4) acquired 
high-floor data. The 3D point cloud data were recorded in a 
3D model with shape information through Cyclone (Leica 
Geosystems, Balgach, Switzerland), and a reverse 
engineering 3D model was generated with 3DReshaper 
(Leica). The total number of images shot was 50 from the 
laser scanner and 231 from the UAV, with a total shooting 
time of 2 h 50 min. The 3D point cloud registration took 2 h 
10 min, and reverse engineering 3D modeling took 1 h. 
Data acquisition took 3 h 10 min based on the model for 
status evaluation of seven items and 55 locations. As a 
result, the total time required for the process proposed in 
this study was 9 h, an increase of 40% (considering 5 h is 
required for visual inspection of the same area). However, 
the time required for visual inspection is for four people (20 
h in total). Thus, the process proposed in this study is more 
productive from time and cost perspectives. 

The existing comparison safety diagnosis process 
consists of nine evaluation items (strength, neutralization, 
cracks, scaling, spalling and layer separation, water leaks 
and efflorescence, rebar exposure, slope, and displacement 
deformation). However, the reverse engineering 3D model 
has only shape information, making it difficult to grasp 
physical elements. Therefore, in this study, independent 
variables for deep learning comprised seven evaluation 
items other than physical elements (the same seven 
evaluation items from the comparison process), so results 
were not affected. Evaluation items and criteria stipulated 
by the Korea Authority of Land & Infrastructure Safety 
were adopted (Table 1). 

 
3.2.2 Status evaluation data acquisition method 

using the reverse engineering 3D model 
Reverse engineering 3D model for cracks, scaling, 

spalling and delamination, leaks and efflorescence, rebar 
exposure, slope, and displacement deformation (Fig. 4). 

 
1) Cracks 
Cracks were observed with the generated reverse 

engineering 3D model. To determine the results, the 
distance between the two end points over the width of the 
cracks was measured and analyzed considering evaluation 

criteria stipulated by the Korea Authority of Land & 
Infrastructure Safety. The number of cracks in the target 
building was 131, and the average crack was 0.101 mm, 
which is within 0.1 mm <= X < 0.2 mm, which is the 
standard evaluation for grade B. Therefore, the result from 
comprehensive evaluation of all cracks in the building was 
that the status of cracks was grade B. 

 
2) Scaling 
The depth values for scaling (sc) were derived by 

identifying and comparing the x, y, and z values of the 
points specified in scaled and normal concrete. The average 
value for peeling in the target building was 0.22 mm, which 
corresponds to 0 mm < sc < 0.5 mm for the grade B 
evaluation standard. In addition, since the area ratio was 
less than 10%, the final evaluation grade was B. 

 
3) Spalling 
A value of the spalling depth (sd) is derived by 

comparing the Z axis of the part peeling off the concrete 
wall body against the normal Z axis of the concrete. The 
average depth of spalling in three places was 5.3 mm, which 
corresponds to 0 mm < sd < 15 mm, which is the standard 
evaluation for grade B. In addition, since the area ratio was 
less than 20%, the final evaluation grade was B. 

 
4) Water Leaks & Efflorescence 
Status ratings of water leaks and efflorescence are 

determined based on the area of the building. The boundary 
of an area is specified by a polyline, and a mesh is created 
to calculate the area used for measurement. Therefore, the 
average area of water leakage and white moss in the 
building was 0.824 m2. As a result, the area rating of white 
embryos, which is the standard evaluation for grade B, was 
less than 5%, so status was confirmed as grade B. 

 
5) Rebar Exposure 
Fig. 5 Reverse engineering 3D model-based condition 

assessment data acquisition process 
Four places in this building had exposed reinforcement. 

The status rating for rebar exposure (ra) is determined in 
terms of building area, and the average area of 
reinforcement exposure was 0.0089 m2. This corresponds to 
0% < ra < 1.0% for the B rating, so it was also confirmed as 
grade B. 

 
6) Slope 
The slope of the building is determined from 

displacement of the most inclined part by comparing the 
actual BIM model with the actual 3D model of the building 
as created with reverse engineering technology. Therefore, 
the slope of the building was measured in six locations, 
averaging 0.0007587, which is included in the grade A 
criteria (below 1/1750), and slope was confirmed as grade 
A. 

 
7) Displacement deformation 
Displacement deformation of each slab can be 

confirmed by overlapping the BIM model and the reverse 
engineering 3D model based on a 2D drawing. Therefore, 

displacement and deformation values for six parts of the 
building were 0.006 mm, and the evaluation standard for  
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Fig. 4 Acquired condition assessment data

Table 1 Status assessment criteria 

 Rating Score 
Criteria 

Maximum crack width : cw Area Ratio : 20% or less Area Ratio : 20% or more 

Crack 

a 1 cw < 0.1 a a 
b 3 0.1 <= cw < 0.2 b c 
c 5 0.2 <= cw < 0.3 c d 
d 7 0.3 <= cw < 0.5 d e 
e 9 0.5 <= cw e e 

Scaling 

Rating Score 
Criteria 

Scaling depth : sc Area Ratio : 10% or less Area Ratio : 10% or more 
a 1 Sc = 0 a a 
b 3 0<= sc <0.5 b b 
c 5 0.5<= sc <1.0 c c 
d 7 1.0<= sc <2.5 d d 
e 9 2.5<= sc e e 

Spalling & 
delamination 

Rating Score 
Criteria 

Spalling and delamination 
depth : sd Area Ratio : 20% or less Area Ratio : 20% or more 

a 1 Sd = 0 a a 
b 3 0<= sd <15 b c 
c 5 15<= sd <20 c d 
d 7 20<= sd <25 d e 
e 9 25<= sd e e 
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grade A is an interim length (L) of 480 or less. Therefore, it 
was possible to analyze the data intuitively, because it can 
be visually identified as grade A. 

The average error between data acquired from the 
reverse engineering 3D model and the data acquired from 
existing visual inspection is in Table 2. The error of each 
element was sufficiently small to not affect the evaluation 
grade of the deteriorated building’s safety diagnosis. 

 
 

4. DNN-based deteriorated building safety grade 
calculation 
 
4.1 Selection of deteriorated buildings, and 

acquisition of status evaluation data 
 
A case study was conducted on 20 deteriorated buildings 

that were more than 30 years old. A laser scanner acquired 
exterior and interior data, and a UAV (Inspire 2) acquired 
data for high-floor areas. The 20 target buildings had safety 
grade data calculated from existing visual surveys that 
could be verified by comparing the results obtained from 
the safety grade calculation process proposed in this study. 

 
 

The data acquisition method for each building was based on 
the methods listed in the 3D point cloud data acquisition 
methodology (Fig. 5). The results of using the acquired 3D 
point cloud data to analyze the matching reverse 
engineering 3D model are in Table 3. 

 
4.2 Deep learning–based data training 
 
The DNN proposed in this study consists of an input 

layer, an output layer, and three hidden layers. If the number 
of nodes is greater than the number of variables, the learned 
DNN can suffer from overfitting, so the first hidden layer 
had three nodes, the second hidden layer had six nodes, and 
the third hidden layer had five nodes. The training process 
involved randomly partitioning the dataset of 1000 
instances into training, validation, and testing sets. Training 
was conducted according to the Levenberg-Marquardt 
algorithm, and performance was evaluated using Mean 
Squared Error. The training proceeded over 59 epochs, 
resulting in accuracies surpassing 91% across the entire 
dataset through linear analysis by the DNN. Specifically, 
the accuracy on the training set was 91.8%, on the 
validation set was 92.2%, and on the test set was 91.5% 

Table 1 Continued 

 Rating Score 
Criteria 

Maximum crack width : cw Area Ratio : 20% or less Area Ratio : 20% or more 

Water leak & 
efflorescence 

Rating Score Criteria 
a 1 No water leak and efflorescence 
b 3 If there is a trace of minor leakage in a dry state, or the area rate of whitening occurs is less than 5%

c 5 Significant signs of water leakage in wet conditions or less than 
5% to 10% of white coating occurrence area 

d 7 he progress of the leak is observable, or the area rate of whitening is less than 10-20% 
e 9 The progress of leakage is evident, or the area rate of whitening occurs at least 20% 

Rebar 
exposure 

Rating Score Criteria 
a 1 ra = 0 
b 3 0 < ra < 1.0% 
c 5 1.0 <= ra < 3.0 
d 7 3.0 <= ra < 5.0 
e 9 5.0 <= ra 

Displacement 
deformation 

Rating Score Criteria 
a 1 L (span length) / 480 or less 
b 3 L / 480 or less 
c 5 L / 240 or less 
d 7 L / 150 or less 
e 9 L / 150 or more 

Slope 

Rating Score 
Criteria 

Slope Evaluation contents 
a 1 1/750 or less Risk subsidence limits on sensitive mechanical foundations. 
b 3 l/500 or less Construction Crack Occurrence Limits 
c 5 1/250 or less Detect the slope of a structure 
d 7 1/150 or less Limits to which structural damage is expected 
e 9 1/150 or more To the extent that the structure is dangerous 
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Fig. 6 Learned DNN neural network learning results

Table 2 Average value of error for each element 

Element Crack Scaling Spalling & 
delamination 

Water leak & 
efflorescence 

Rebar 
exposure 

Displacement 
deformation Slope 

Average error 0.101 mm 0.22 mm 5.3 mm 0.824 m2 0.0089 m2 0.006 0.0007587
State assessment No change No change No change No change No change No change No change

 

Table 3 Acquired condition assessment data 
Building No. 1 No. 2 No. 3 No. 4 No. 5 No. 6 No. 7 No. 8 No. 9 No. 10

Crack 5 3 3 3 3 5 9 3 3 3 
Scaling 1 3 1 3 3 3 1 1 1 1 

Spalling & 
delamination 3 1 1 3 3 3 1 1 3 1 

Water leak & 
efflorescence 1 1 3 3 3 1 3 3 3 3 

Rebar 
exposure 3 1 1 3 3 3 3 1 3 3 

Displacement 
deformation 1 1 1 1 1 1 1 1 1 1 

Slope 1 1 1 1 1 1 1 1 1 1 
Building No. 11 No. 12 No. 13 No. 14 No. 15 No. 16 No. 17 No. 18 No. 19 No. 20

Crack 3 5 5 5 5 7 9 5 9 9 
Scaling 3 1 3 3 5 7 5 3 5 1 

Spalling & 
delamination 3 3 5 3 5 7 5 3 9 9 

Water leak & 
Efflorescence 3 3 5 3 5 5 5 7 3 9 

Rebar 
exposure 3 1 3 3 5 7 5 3 3 9 

Displacement 
deformation 1 1 1 1 1 3 3 5 1 3 

Slope 1 1 1 1 1 3 3 5 3 5 
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(Fig. 6). 
 
4.3 Comparative analysis of existing and resulting 

values 
 
The purpose of this study is to verify the accuracy of the 

safety grade data for 20 buildings obtained through the 
existing visual investigation and safety diagnosis process, as 
compared with the safety grade calculation process 
proposed in this paper. After applying TargetData (the status 
evaluation value of the building) to the DNN, the 
comprehensive evaluation result values were derived. In 
addition, the results were categorized into grades A, B, C, 
and D, and the accuracy of each grade was verified by 
comparing them with the existing values (Table 4). 

 
1) Grade A 
Comparing the derived values with the existing values, 

the accuracy seemed to be reduced. However, if the 
resulting values are integerized according to grade A, about 
50% percent of the values will be obtained from grades B, 
A, B, and A. 

 
2) Grade B 
If the derived values are integerized according to the 

grade B standard, they were about 90% accurate. 
 
3) Grade C 
If the derived values are integerized according to grade 

C criteria, the levels obtained were 100% accurate. 
 
4) Grade D 
If the resulting values are applied to the grade D 

standard and grade D values are calculated, grade D was 
derived. Therefore, it was 100% accurate. 

Comprehensively, a DNN with about 90% accuracy was 
generated. In the case of grades C and D, the accuracy was 
high, but errors occurred in terms of accuracy for grades A 
and B. This is attributed to the reliance on existing values 
extracted based on subjective judgment. Consequently, the 
results obtained using DNN were evaluated much more 
conservatively than the actual grades, particularly yielding 
grades equal to or lower than the respective grades for A 
and B. 

Overall, errors occurred in the accuracy of the overall 
grades for the same reasons, but the focus was on using 
these grade calculations for maintenance decisions such as 
conservative reinforcement. The grading calculation 

 
 

presented through the proposed methodology yields 
conservative results, making it safer for utilization in 
maintenance aspects. 

 
 

5. Conclusions 
 
The safety rating–calculation process for aging 

buildings, as proposed in this study, confirmed that 
objective status evaluation data can be obtained using a 
UAV and a laser scanner. Therefore, we confirmed that time 
and costs can be saved by obtaining status evaluation data 
without using various expensive devices usually used in 
safety diagnosis. 

In this study, the status evaluation data obtained from 
the reverse engineering 3D model were applied to a trained 
DNN, and the accuracy of the DNN was verified by 
comparing the derived values with existing values. The 
independent variables of the DNN learning and verification 
data were the same for seven types of data that can be 
obtained from shape information. Therefore, the accuracy 
of the learned DNN was about 90%, and although physical 
data, such as neutralization and strength, were not included, 
a safety rating for aging buildings can be calculated 
objectively and accurately. 

However, the safety grade calculation process proposed 
in this study is limited to reinforced concrete buildings. 
Therefore, in order to be applied to steel and masonry 
buildings, new variables must be generated and applied in 
deep learning. In addition, the safety grade calculation 
process for aging buildings proposed in this study was 
automated only in certain parts, such as deep learning. In 
the future, additional components, such as automated state 
evaluation data calculation, are needed. Therefore, it is 
necessary to use deep learning and 3D point cloud data to 
calculate the integration level of buildings, which is 
expected to improve objectivity and save money and time 
through faster state evaluation and integrated-level 
calculation. 
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Table 4 Error in measurement data and actual data 
Building No. 1 No. 2 No. 3 No. 4 No. 5 No. 6 No. 7 No. 8 No. 9 No. 10

Resulting value 3.683 1.8241 2.6149 1.9 2.6 2.1 4.6 2.6 2.7 3.3 
Rating value B (3) A (1) B (3) A (1) B (3) B (3) C (5) B (3) B (3) B (3)
Actual value A (1) A (1) A (1) A (1) B (3) B (3) B (3) B (3) B (3) B (3)

Building No. 11 No. 12 No. 13 No. 14 No. 15 No. 16 No. 17 No. 18 No. 19 No. 20
Resulting value 3.0 3.2 2.5 2.5 4.16 4.47 4.61 4.66 6.89 6.94 

Rating value B (3) B (3) B (3) B (3) C (5) C (5) C (5) C (5) D (7) D (7)
Actual value B (3) B (3) B (3) B (3) C (5) C (5) C (5) C (5) D (7) D (7)
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