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1. Introduction 

 
Managing the increasing number of civil infrastructure 

projects has become a pressing issue in several countries. In 
South Korea, for example, up to 270,000 structures require 
annual inspection, despite shrinking budgets and manpower 
(Kim and Cho 2020). In addition, according to a 2017 
report by the American Society of Civil Engineering, 39% 
of all US bridges are over 50 years old, and the total bridge 
maintenance cost is estimated to be $123 billion (Kim and 
Cho 2020). 

As structural safety concerns have increased, the need 
for effective management has emerged. Consequently, an 
integrated structural management system was proposed. 
The structural management system includes (1) periodic 
visual inspection, (2) structural condition assessment, (3) 
appropriate repair method proposals, and (4) residual life 
assessments (Dai et al. 2017). In particular, the correctness 
of periodic visual inspections should be ensured because all 
subsequent steps are based on the results of the inspection. 

In the periodic visual inspection step, a human-oriented 
inspection method is most popular because of its usability 
and reliability (Falorca et al. 2021). An expert inspector 
visually examines structural damage such as corrosion, 
spalling, exposed rebar, efflorescence, and cracks, measures 
their sizes, and photographs them. The inspector then marks 
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their locations on the drawing document and sometimes on 
the structure with chalk, so that they can easily find the 
location of the previously detected damage during 
subsequent inspections. However, a labor effectiveness 
problem has been indicated because these manual processes 
require considerable time, especially for finding previously 
detected damages, examining their status in subsequent 
inspections, and recording the damage status of documents. 
In addition, this method is inconsistent because all damage 
detection and size measurements are based on an 
inspector’s subjective judgment. 

Various inspection methods have been introduced to 
address the inefficiency and inconsistency of human-
oriented visual inspection. Particular attention has been paid 
to unmanned aerial vehicles (UAVs) to overcome the 
limited accessibility of human-oriented visual inspections. 
Kim et al. (2018) used a UAV and deep learning to detect 
cracks in large civil structures such as bridges (Kim et al. 
2018); however, the technique could not be applied indoors 
because a global positioning system (GPS) cannot work 
indoors. Ali et al. (2021) developed an autonomous UAV 
system to detect corrosion, cracks, and loosened bolts using 
a deep learning technique. This system can be applied 
indoors because it utilizes ultrasonic beacons instead of 
GPS (Ali et al. 2021). Although this technique 
demonstrated the possibility of indoor inspection with UAV, 
it was still difficult to apply it in a complex indoor area with 
many obstacles. 

Recently, the effectiveness of augmented reality (AR) 
headsets in visual inspection has been explored to improve 
the convenience of inspectors. Karaaslan et al. (2019) used 
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a deep-learning-based damage-detection technique to 
display the detection results on an onsite inspector’s AR 
headset (Karaaslan et al. 2019). Wang et al. (2021) also 
used an AR headset to automatically detect damage with 
box representation using a deep-learning technique and 
visualized the results (Wang et al. 2021). Mascarenas et al. 
(2020) studied the use of AR techniques to measure crack 
lengths on pavement area (Mascarenas et al. 2020). These 
studies described a novel possibility of using AR headsets 
in structural damage inspection by visualizing the damage 
detection results to onsite inspectors. However, these 
studies only focused on improving the inspector’s 
convenience during a single inspection and did not 
investigate how the AR technique assists inspectors during 
subsequent inspections. Furthermore, Maharjan et al. 
(2020) enabled the real-time visualization of sensor data on 
a holographic panel, and Nguyen et al. (2021) developed a 
system to visualize holographic 3D BIM models with 
damage information (Maharjan et al. 2020, Nguyen et al. 
2021). These studies might help the inspector intuitively 
understand the status of the structure, but did not improve 
the inspection efficiency or inspector convenience. 

Several researchers have attempted to solve the 
limitations of human-oriented visual inspection, but there 
are still problems to be solved: 1) In subsequent inspection, 
onsite inspectors have difficulty finding the previously 
detected damages only by drawing documents indicating 
the damage locations, 2) onsite inspectors cannot check the 
previous damage status and track the damage history, and 3) 
a vision-based deep learning algorithm cannot detect 
structural damages onsite perfectly yet. 

In this study, a structural inspection system with 
marking damage information onsite based on an AR headset 
was proposed to improve the convenience of the onsite 
inspector in finding previously detected damage locations 
during subsequent inspections, efficiency in tracking 
damage history, and damage detection accuracy of the deep 
learning-based method. Through the AR headset display, the 
system enables onsite inspectors to detect and track 
structural damage by visualizing damage information in the 
form of a hologram. The overall operation procedure of the 
proposed system is as follows. The proposed system 

automatically detects damage and displays the detection 
result to the onsite inspector. When the inspector confirms 
that the result is correct, information regarding the detected 
damage is saved, and a holographic marker is created and 
displayed at the precise location of the detected damage. On 
his/her subsequent visit to the site, the inspector can readily 
identify the location of the previously detected damage 
based on holographic markers and review the damage 
information via a holographic panel. In addition, all 
damaged images are normalized to be viewed from the front 
at a consistent distance despite being captured from 
different angles and distances. 

The contribution of this paper is as follows: 

(1) The proposed system assists the onsite inspector in
locating previously detected damage by displaying
a holographic marker at the precise location of the
damage during subsequent inspection.

(2) An inspector can track the damage history,
including the previous and current status of the
damage onsite via a holographic panel and readily
check the current state of the damage based on the
normalized damage images.

(3) Various structural damages (such as spalling,
exposed rebar, and efflorescence) can be clearly
detected and quantified through human interaction
using an AR headset by reducing false alarms.

The remainder of this paper is organized as follows. 
Section 2 describes the hardware configuration and detailed 
operating principle of the proposed system. In Section 3, the 
validation of the performance of the proposed system 
through field tests is described. Finally, the conclusions and 
discussion are presented in Section 4. 

2. Proposed system

As depicted in Fig. 1, the proposed system operates in
two separate phases: initial and follow-up inspections. In 
the initial inspection phase, the target structure is inspected 
for the first time using the proposed system; no records of 
previous inspections are found. The follow-up inspection 

 

Fig. 1 Initial inspection & Follow-up inspection process 
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Table 1 Specifications of HoloLens 2 

Camera 
resolution 

Up to 
2272 × 1278 

Camera 
field of view 64.69° × 36.38° 

Camera 
frame rate 

Up to 
30 fps Memory 4 GB 

Display 
resolution 1440 × 936 Display 

field of view 43° × 29° 
 

 
 

phase is activated when the inspector has previously 
inspected the structure, and the damage inspection 
information generated during the previous inspection is 
saved in the proposed system. In Section 2, the details of 
the initial and follow-up inspections are explained, after a 
comprehensive description of the hardware of the proposed 
system. 

 
2.1 System configuration 
 
The proposed system consists of an AR headset and 

server PC, as shown in Fig. 2. Microsoft HoloLens 2, which 
is one of the most popular AR headsets, was used as the AR 
headset for the proposed system. HoloLens 2 is equipped 
with various sensors, such as an RGB camera, depth 
imager, and an inertial measurement unit (IMUs). The depth 
imager captures the three-dimensional distance between 
surroundings. The 3D distance measurements were 
combined with the acceleration and angular velocity from 
the IMU to continuously track the location of the headset, 
and a 3D map of its surroundings was generated using the 
HoloLens 2 simultaneous localization and mapping 
(SLAM) algorithm (Bahri et al. 2019). HoloLens 2 enables 
hands-free computing in onsite environments by supporting 
voice and gesture commands. The detailed specifications of 
HoloLens 2 are listed in Table 1. 

The AR headset and server transmit data over a Wi-Fi 
network using TCP. As illustrated in Fig. 2, the AR headset 
transmits the captured color image and depth information to 
the server PC while computing its location using the SLAM 
algorithm. The server conducts damage detection and 
damage size quantification, and returns the results to the AR 
headset, including pixel-level segmented images and 
damage size. The proposed system saves and manages the 
following five information points for each detected damage: 

 

• inspection date 
• Azure spatial anchor ID 
• damage type 
• damage size 
• damage image 
 

The inspection date is a dd-mm-yyyy-formatted 
character string indicating the date on which the damage 

 
 

was detected. The Azure spatial anchor ID is the key to 
connecting to the Azure spatial anchor, which enables the 
permanent placement of a holographic marker at a precise 
damage location. The details of the azure spatial anchor are 
explained in Section 2.2.4. The damage type is one of the 
three most common damage types (i.e., spalling, exposed 
rebar, and efflorescence) and is the outcome of the deep-
learning-based damage-detection algorithm in the proposed 
system. The damage size denotes the area of the detected 
damage and is measured in cm2. The damage image is a 
captured color image of the detected damage, which is 
scaled and transformed as if taken from a specific distance 
in front. 

 
2.2 Initial inspection 
 
The procedure for the initial inspection phase is shown 

in Fig. 1. An inspector wearing the AR headset walks 
through the structure looking for damage in the same 
manner as in a conventional visual inspection. When the 
inspector identifies a potentially defective area and 
approaches the area closely (less than 1 m), the headset 
begins transmitting a captured color image of the area and 
the depth information of the surroundings to the server 
every second (Fig. 1(c)). The server then detects the 
damage at the pixel level using a deep learning algorithm 
and computes the area of the damage in metric units (Fig. 
1(d)). After the computation, the server transmits the results 
to the headset (Fig. 1(e)), which displays the results to the 
inspector by superimposing the pixel-level segmented 
images on the actual physical damage (Fig. 1(f)). If the 
inspector determines that the visualized image is correct, a 
holographic marker indicating the damage location and a 
holographic panel, including the damage date, damage 
image, and damage size, are generated for the actual 
physical damage (Fig. 1(g)). 

 
2.2.1 Damage detection scheme 
In the proposed system, YOLACT is employed to detect 

structural damage because it is a one-stage pixel-level 
object-detection algorithm that allows real-time calculations 
with comparably high accuracy (Bolya et al. 2019). 
YOLACT operates in four steps. First, the feature maps of 
various sizes are generated using the ResNet-101 backbone 
network and a feature pyramid network. The feature maps 
are then transmitted to two parallel branches: the protonet 
and prediction head branch. In the Protonet branch, the 
largest feature map of the backbone network is used as the 
input to generate multiple prototype masks. The prediction 
head branch uses feature maps of all sizes generated by the 
backbone network and predicts the bounding boxes, labels, 
and mask coefficients; redundancy is removed through non-
maximum suppression. The prototype masks and mask 

 
Fig. 2 Schematic of the proposed system 
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Table 2 Dataset for YOLACT model 
Damage type Training & validation Testing Total 

Spalling 369 52 421 
Exposed bar 448 64 512 

Efflorescence 333 47 380 
Total 1,150 163 1,313 

 

 
 

   
(a) Input 

(Spalling) 
(b) Input 

(Efflorescence) 
(c) Input 

(Exposed bar) 
 

   

(d) Output 
(Spalling) 

(e) Output 
(Efflorescence) 

(f) Output 
(Exposed bar) 

Fig. 3 Sample results of the YOLACT model. 
 
 

coefficients are then linearly combined to produce the final 
mask for each target. 

The dataset for the deep learning model comprised 
1,313 damage images, as listed in Table 2. The images of 
damage were obtained from various sources, including 
industrial partners and other academic institutions (Zhang et 
al. 2021, 2020, Yang et al. 2018a, b, Li et al. 2019). To 
improve the prediction accuracy, data augmentation 
techniques such as random rotation, scaling, and Gaussian 
noise were applied to the training images. After training, the 
model exhibited a mean intersection over a union of 88.8% 
for the test dataset. Fig. 3 shows three examples of these 
results. 

It is to be noted that the perfect detection of all damage 
to real structures using the trained YOLACT model is 
challenging because the number of training images in the 
dataset is insufficient to cover all construction 
environments. To overcome this limitation, an inspector can 
participate in the decision to use the YOLACT model in the 
proposed system. First, only images captured within 1 m of 
the target structure were transmitted to the server and input 
to the YOLACT model because most of the training images 
were captured from a close point. After the YOLACT model 
automatically detects the structural damage, the inspector 
makes a final judgment regarding the output. For example, 
when a model produces incorrect output, an inspector can 
ignore the output to prevent false alarms. 

 
2.2.2 Damage size quantification 
In the proposed system, the YOLACT model is used to 

acquire a pixel-level segmented result, and the area of 
detected damage is computed in pixel units. However, a 
damaged area in metric units is required to assess the 
current conditions and history of damage. The proposed 

 
Fig. 4 Interpolation of depth measurements 

 
 

system utilizes depth information to convert damaged areas 
into metric pixel units. Let 𝑠𝑐𝑎𝑙𝑒௛௢௥  and 𝑠𝑐𝑎𝑙𝑒௩௘௥  be the 
pixel width and height per unit depth, respectively. 
Subsequently, 𝑠𝑐𝑎𝑙𝑒௛௢௥  and 𝑠𝑐𝑎𝑙𝑒௩௘௥  can be computed 
using the following equations. 

 𝑠𝑐𝑎𝑙𝑒௛௢௥ ൌ 2 tanሺ0.5𝐹𝑜𝑉௛௢௥ሻ𝑤௙௥௔௠௘ , (1) 

 𝑠𝑐𝑎𝑙𝑒௩௘௥ ൌ 2 tanሺ0.5𝐹𝑜𝑉௩௘௥ሻℎ௙௥௔௠௘ , (2) 

 
where 𝐹𝑜𝑉௩௘௥  and 𝐹𝑜𝑉௛௢௥  are the vertical and horizontal 
fields of view and 𝑤௙௥௔௠௘ and ℎ௙௥௔௠௘ are the horizontal and 
vertical resolutions of the HoloLens camera, respectively. 
Next, the depth information of the four corner pixels of the 
image was acquired using a depth imager equipped in the 
HoloLens. The depth information of the other pixels was 
computed using bilinear interpolation, as shown in Fig. 4, 
under the assumption that the damage was located on a 
planar surface. After interpolation, 𝑖௧௛ pixel width and 
height in the metric unit, denoted as 𝑤௣௜௫௘௟௜  and ℎ௣௜௫௘௟௜ , can 
be computed by multiplying 𝑠𝑐𝑎𝑙𝑒௛௢௥  and 𝑠𝑐𝑎𝑙𝑒௩௘௥  by the 
depth of the 𝑖௧௛pixel, as follows 

 𝑤௣௜௫௘௟௜ ൌ 𝑠𝑐𝑎𝑙𝑒௛௢௥ ൈ 𝑑𝑒𝑝𝑡ℎ௣௜௫௘௟௜  (3) 
 ℎ௣௜௫௘௟௜ ൌ 𝑠𝑐𝑎𝑙𝑒௛௢௥ ൈ 𝑑𝑒𝑝𝑡ℎ௣௜௫௘௟௜  (4) 
 

where 𝑑𝑒𝑝𝑡ℎ௣௜௫௘௟௜  denotes the depth of the 𝑖௧௛  pixel. The 
area of damage was calculated by summing all areas of the 
pixels that were classified as damaged as follows 

 Damage area ൌ෍ሺ𝑤௣௜௫௘௟௜ ൈ ℎ௣௜௫௘௟௜ ሻ௡
௜ୀଵ  (5) 

 
where 𝑛 is the number of pixels classified as damage. 

 
2.2.3 View normalization 
In a conventional visual inspection and management 

system, the detected damage is captured as image files and 
managed by the system. However, the images are captured 
from various viewpoints and distances, which can lead to 
confusion because the damage captured from a close 
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viewpoint appears to be larger than that captured from a far 
viewpoint. Therefore, it is convenient to convert all the 
images into normalized images. These normalized images 
are scaled and transformed as if they are taken from a 
specific distance in the front. 

In the view normalization process, three coordinate 
systems are defined: world, wall, and HoloLens camera 
coordinates. The world coordinate system depicted in Fig. 
5(a) is a 3D coordinate system that shares its origin with the 
HoloLens mapping coordinates. The point coordinates can 
be expressed as ሺ𝑥௪௢௥௟ௗ௜ ,𝑦௪௢௥௟ௗ௜ , 𝑧௪௢௥௟ௗ௜ ሻ, where 𝑖 is the point 
index. The wall frame coordinates ሺ𝑢௪௔௟௟௜ ,𝑣௪௔௟௟௜ ሻ, as shown 
in Fig. 5(b), are 2D coordinates defined with two base 
vectors 𝑣⃗௪௔௟௟ and 𝑢ሬ⃗ ௪௔௟௟ as follows 

 𝑣⃗௪௔௟௟ ൌ 𝑧௪௢௥௟ௗ  െ  𝑧௪௢௥௟ௗ ∙ 𝑛ሬ⃗‖𝑛ሬ⃗ ‖ଶ 𝑛ሬ⃗  (6) 

 𝑢ሬ⃗ ௪௔௟௟ ൌ 𝑣⃗௪௔௟௟ ൈ 𝑛ሬ⃗  (7) 
 

where 𝑛ሬ⃗  is the normal vector of the wall plane. 
Subsequently, 𝑣⃗௪௔௟௟ , as expressed in Eq. (6), is a vector 
projected onto 𝑧௪௢௥௟ௗ of the world coordinates, and 𝑢ሬ⃗ ௪௔௟௟ is 
expressed as a cross product of 𝑣⃗௪௔௟௟ and 𝑛ሬ⃗ . The HoloLens 
camera coordinates ሺ𝑢௖௔௠௜ ,𝑣௖௔௠௜ ሻ  are 2D, the origin of 
which is the principal point of the HoloLens color camera, 
as illustrated in Fig. 5(c). 

The basic principle of the view normalization process is 
illustrated in Fig. 5(d). First, the 3D points ሺ𝑥௪௢௥௟ௗ௜ ,  𝑦௪௢௥௟ௗ௜ , 𝑧௪௢௥௟ௗ௜ ሻ are acquired with respect to the world 
coordinates by ray-casting the four predefined corner pixels ሺ𝑢௖௔௠௜ , 𝑣௖௔௠௜ ሻ of the HoloLens camera image to the wall. 
Here, ray casting refers to finding a point where a virtual 
light ray is cast on its path from the focal point of a camera 

 
 

through each pixel in the camera sensor to determine what 
is visible along the ray in a 3D scene. Next, the 3D points ሺ𝑥௪௢௥௟ௗ௜ ,𝑦௪௢௥௟ௗ௜ , 𝑧௪௢௥௟ௗ௜ ሻ  are transformed into wall 
coordinates ሺ𝑢௪௔௟௟௜ ,𝑣௪௔௟௟௜ ሻ . Subsequently, a 3 × 3 
homography matrix 𝐇 between the four pixels ሺ𝑢௖௔௠௜ ,𝑣௖௔௠௜ ሻ 
of the HoloLens camera frame and the four points ሺ𝑢௪௔௟௟௜ ,𝑣௪௔௟௟௜ ሻ of the wall coordinates is computed using the 
following expression 

 ቎𝑢௖௔௠௞𝑣௖௔௠௞1 ቏ ൌ 𝐇 ቎𝑢௪௔௟௟௞𝑣௪௔௟௟௞1 ቏ (8) 

 
The captured image was then converted to be viewed 

from the front at a consistent distance by multiplying the 
computed homography matrix with the captured image and 
saving it as a damaged image. 

 
2.2.4 Holographic marker localization 
A holographic marker is an indicator in the form of a 

hologram that indicates the location of the detected damage. 
Accurate holographic marker localization enables the 
position of the marker to remain unchanged while the 
inspector is moving and when the inspector returns to the 
same area. This localization was accomplished using SLAM 
techniques and the Azure spatial anchor system (Ong 2021). 

When a holographic marker was created, its 3D 
coordinates were computed using a custom SLAM 
algorithm developed by Microsoft (Izadi et al. 2011, 
Nießner et al. 2013, Dai et al. 2017). The 3D coordinates of 
the marker based on the SLAM algorithm represent the 
location of the detected damage; however, maintaining the 
position of the holographic marker over time using only the 
SLAM algorithm is challenging because of the accumulated 

  
(a) World coordinate (b) Wall coordinate 

 

  
(c) HoloLens camera coordinate (d) Raycasting pixels of HoloLens camera to wall 

Fig. 5 Description of view normalization 
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drift error in the SLAM algorithm and the change in the 
coordinate system generated when the system restarts. 

To address these issues, the proposed system utilizes an 
azure spatial anchor system. Conventionally, spatial anchors 
are used in AR applications to stabilize or maintain 
holograms in physical spaces or surfaces. When the 
holographic marker was created using the spatial anchor 
system, the AR headset collected and stored the visual 
information surrounding the marker. When revisiting the 
same location, the AR headset collects the surrounding 
visual information and compares it with the previously 
stored data. If the information matches, the system 
determines that the inspector comes to the same place, and 
the marker is automatically recreated exactly where it was 
previously created and maintains its position accurately. 
Because the system depends on surrounding visual 
information, the holographic marker can maintain its 
position even though the coordinate system changes when 
the system restarts. 

 
2.3 Follow-up inspection 
 
A follow-up inspection was executed when the inspector 

revisited the structure for a subsequent examination after 
the initial inspection. The overall scheme of the follow-up 
inspection is shown in Fig. 1. When the inspector revisits 
the structure after the initial inspection and all the initial 
damage information is loaded, a holographic marker and 
panel are created at the previous damage location (Figs. 6(a) 
and (b)). The inspector can examine the damage in the same 
manner as the initial inspection to evaluate the current state 
of the previously detected damage or identify newly 
generated damage (Figs. 6(c)-(g)). 

In this process, the proposed system automatically 
determines whether the detected damage is new or has been 
detected previously. When damage is newly detected, a 
holographic marker with damage information is created in 
the same manner as in the initial inspection. However, when 
damage has been previously detected, the proposed system 
updates its inspection date, damage size, and damage 
image. In addition, the captured image of the damage is 
processed using a novel view alignment method, which is 
discussed in Section 2.3.3 in detail, for perfect alignment 
with the damaged image at the initial inspection. 

 
 
 
 

 
Fig. 6 Damage information update scheme 

2.3.1 Loading previous damage information 
Damage information, including the inspection date, 

damage images, types, sizes, and azimuth spatial anchor ID, 
is saved during the initial inspection. When the inspector 
loads the previous damage information, a holographic 
marker and panel displaying the damage information are 
created and placed at the previously detected damage 
location based on the Azure spatial anchor system. 
Although the coordinate system at the follow-up inspection 
differed from that at the initial inspection, the holographic 
marker is located at the previously detected damage 
location because the Azure spatial anchor system relies on 
visual surrounding information rather than coordinates. The 
inspector can then view the holographic marker and damage 
information through the AR headset, which enables him to 
promptly locate the previous damage and check and track 
the damage information onsite. 

 
2.3.2 Damage information update 
Damage location and type are crucial factors in 

determining whether damage has been previously detected. 
The damage location is represented by the coordinates of 
the azimuth spatial anchor. When the proposed system 
detects damage, the location and type of damage are 
compared with previous damage information. Because the 
mapping accuracy of HoloLens 2 is limited to 
approximately 0.3 m, the proposed system determines that 
if the distance between the damages is 0.3 m or less, they 
are in the same location. Consequently, as illustrated in Fig. 
6, if the damage locations and types are identical, the 
damage is considered identical or an expansion of the 
previous damage. In this case, only the inspection date, 
damage size, and damage image were saved, in addition to 
the previously detected damage information. In contrast, if 
the damage locations or damage types differ, the damage is 
considered a new damage, and all the detected damage 
information is saved. 

 
2.3.3 View alignment 
Regardless of whether the detected damage is new or 

has been previously detected, all pictures of the damage are 
processed with view normalization to manage them with a 
specific angle and distance and saved as damage images. 

When the previous and current damages are captured in 
different views, the damage images are matched through 
view normalization. However, there are a few discrepancies 
owing to errors in the depth measurement. Therefore, an 
additional process, called view alignment, is executed to 
perfectly match the current damaged image with the 
initially detected damaged image. 

For view alignment, the damaged image from the initial 
inspection is used as a reference. With SURF (speeded-up 
robust features), the features are extracted from both the 
reference and current images, and the transformation matrix 
between the two images is computed [22]. The current 
picture is then converted by multiplying with the computed 
transformation matrix. Then, the two images perfectly 
overlap without discrepancies, and the inspector can easily 
and intuitively compare the damage status and track the 
damage growth. 
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Fig. 7 Inspection with HoloLens 2 

 
 

3. Experiments 
 
The performance of the proposed system is verified 

through field tests in a closed tunnel in Daejeon, South 
Korea. The length of the tunnel is 440 m, and it has an 
efflorescence as large as 400 cm2 in the middle. This 
verification aimed to evaluate whether the proposed system 
operates as intended in terms of damage detection, damage 
quantification, and damage localization. In addition, the 
efficiency of the proposed system was evaluated by 
analyzing its ability to reduce the inspection time relative to 
conventional human-oriented visual inspection. The 
proposed system was tested under two scenarios: initial and 
follow-up inspections. In the initial inspection scenario, 
inspectors first entered the tunnel for inspection using the 
proposed system. During the follow-up inspection, the 

 
 

 
 

inspectors revisited the tunnel for a second examination. Six 
participants aged 28–47 years participated in the user study 
to compare the inspection time of the proposed system with 
the conventional human-oriented visual inspection time. 
Half of the participants were requested to attempt the initial 
and follow-up inspections using the proposed system, as 
shown in Fig. 7, and the inspection time was measured. On 
the other hand, the others were requested to try the both 
initial and follow-up inspection with the conventional 
inspection and the inspection time was measured. 

 
3.1 Field test: Initial inspection 
 
An inspector wearing HoloLens 2 walked through the 

tunnel to look for damage. In this instance, the inspector 
cannot see any visual information through HoloLens 2, as 
shown in Fig. 8(a). When the inspector moved closer to the 
area where the damage appeared, the headset transmitted 
the color images and depth information to the server. The 
server then performed damage detection using the 
YOLACT model, which generated detection results in the 
form of a pixel-level segmented image and damage area in 
metric units and returned the damage detection results to the 
headset. After receiving the damage-detection results, 
HoloLens 2 displays the pixel-level segmented image to the 
inspector, as shown in Fig. 8(b). Here, efflorescence is 
visualized in blue, and the segmented image overlaps with 
the real physical damage. The inspector air-tapped to create 
a holographic marker after determining that the visualized 
result was correct. A holographic marker and panel were 
then created, and the damage information was saved and 
visualized through its display, as shown in Fig. 8(c). 

In this test, the damage type was correctly identified as 
efflorescence, and the computed damage size was 386 cm2, 

 
 

 
 

   
(a) Walk toward damage (b) Inspect the damage (c) Visualize damage information 

Fig. 8 Initial inspection results 

  
(a) Original captured image (b) View normalization 

Fig. 9 View normalization result 
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Table 3 Comparison of inspection average time at the initial 
inspection 

Tasks 
Proposed 
system 

(seconds) 

Conventional 
human-oriented 

inspection (seconds) 

Finding damage 
with approach 296 302 

Size measurement 1 31 
Photographing 

a damage image 1 9 

Total 298 342 
 

 
 

which represented a 3.5% error compared to the ground 
truth. In addition, the damaged image was processed with 
view normalization to be viewed from the front at a fixed 
distance, as shown in Fig. 9. Furthermore, the inspection 
time was measured by subdividing the entire inspection into 
finding damage with approach, damage size measurement, 
and taking a damage image. The results were compared to 
the conventional human-oriented inspection, as detailed in 
Table 3. During the initial inspection, both methods 

 
 

 
 

required approximately 300 s to find and approach the 
damage; however, the proposed system reduced the time 
taken to measure the damage size and photograph the 
damage from 31 to 1 s and 9 to 1 s, respectively. 

 
3.2 Field test: Follow-up inspection 
 
In this scenario, the inspector revisited the tunnel for a 

second inspection. Note that the inspector could not observe 
anything at this instance and was unaware of the location of 
the previously detected damage, as shown in Fig. 10(a). 
When the inspector loads the previous inspection 
information, a holographic marker is created at the exact 
location of the previously detected damage, allowing the 
inspector to easily locate the previous damage, as shown in 
Fig. 10(b). In addition, the inspector can check the previous 
damage information onsite, as shown in Fig. 10(c). When 
the inspector moved closer to inspect the damage again and 
examined whether it had worsened, the headset visualized 
its current detection result based on the YOLACT model, as 
shown in Fig. 10(d). Because the result was correct, the 
inspector was air-tapped to save the current damage 
information. The inspector could then check the current 
damage information on the display, as shown in Fig. 10(e). 

 
 

 
 

   
(a) Re-visit the identical place (b) Load the previous damage information (c) Visualize previous damage information 

 

   
(d) Re-inspect the damage (e) Visualize damage information (f) Holographic marker from far distance 

Fig. 10 Follow-up inspection results 

  
(a) Original captured image (b) View normalization 

Fig. 11 View alignment result 
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Table 4 Comparison of inspection average time at the 
follow-up inspection 

Tasks 
Proposed 
system 

(seconds) 

Conventional 
human-oriented 

inspection (seconds) 

Finding damage 
with approach 174 273 

Size measurement 1 25 
Photographing 

a damage image 1 11 

Total 176 309 
 

 
 

In addition, the inspector can visually identify the 
holographic marker at a distance of up to 50 m, as shown in 
Fig. 10(f). 

In the follow-up inspection, the detected damage was 
determined to be identical to the previously detected 
damage based on the damage information update algorithm 
because the damage type was the same as the previous 
damage and the distance between them was less than 0.3 m. 
The damage size was computed to be 430 cm2 with a 7.5% 
error compared with the ground truth. In addition, the 
images were processed using view alignment to match the 
previously damaged image. Although Figs. 9(a) and 11(a) 
are captured from various viewpoints, Figs. 9(b) and 11(b) 
match well after view alignment. This result facilitates the 
inspector’s understanding of the extent to which the damage 
has grown over time. With respect to inspection time, the 
proposed method showed improvements in all parts 
compared with conventional human-oriented inspection, as 
detailed in Table 4. In finding previous damages with 
approach, the proposed system required 174 s, demonstra- 
ting 36% improvement. Most of the inspection time was 
spent walking to the damage location, not finding the 

 
 

 
Fig. 13 Holographic marker localization error 

 
 

damage, because the system visualized where the damage 
was in the form of a holographic marker. However, 
conventional inspection took 273 s to find the location of 
the previously detected damage and approach it because the 
inspectors had difficulty in finding the damage location 
only with 2D drawings indicating the same. In terms of size 
measurement and photographing the damaged image, it 
showed a similar performance as the initial inspection. In 
addition, the location accuracy of the holographic marker 
was analyzed based on the distance from the inspector to 
the marker, as shown in Figs. 12 and 13. When the distance 
is 1 m, the holographic marker was 0.06 m away from the 
actual damage location. As the distance increased to 50 m, 
the error also increased to 1.3 m due to drift error of SLAM 
algorithm. Even though it appears to have a large error at a 
far distance, the accuracy was sufficient for navigating to 
the location of the previous damage because the marker 
moved to a more accurate location as the inspector 
approached it. 

 
 
 

   
(a) At distance of 1 m (b) At distance of 5 m (c) At distance of 10 m 

 

   
(d) At distance of 20 m (e) At distance of 40 m (f) At distance of 50 m 

Fig. 12 Holographic marker localization according to the distance 
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4. Conclusions 
 
In this study, a structural inspection system for marking 

damage information onsite based on augmented reality 
technology was proposed to improve the convenience of 
onsite inspectors during consecutive inspections in the field, 
which has seldom been studied in previous research. The 
performance of the proposed system is validated using field 
tests. The improvement in inspection time and the 
possibility of damage history tracking demonstrate that the 
proposed system can effectively assist inspectors. 

Currently, the proposed system assumes that a gap of 
more than 0.3 m exists between damages. To enhance the 
spatial resolution of the system, we plan to improve the 
mapping accuracy of the AR headset. In addition, the 
system needs improvement in damage detection in order to 
apply the system to real construction site. Firstly, the system 
focuses on detecting spalling, exposed rebar, and 
efflorescence currently. In order to accommodate more 
cases of structural damage, we plan to expand the categories 
to include more types of damage. Secondly, the inspector 
cannot correct the result in the case of a false negative 
indication of damage, though the inspector simply can 
ignore the outcome by not generating the holographic 
marker in the case of a false positive. This problem can be 
solved by introducing a click-based interactive 
segmentation model instead of the YOLACT model. The 
click-based interactive segmentation enables pixel-level 
segmentation and image editing with simple user clicks 
(Sofiiuk et al. 2020). By adopting the click-based 
interactive segmentation into the proposed system, the 
system can more accurately identify the damage by 
interacting with the inspector. 
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