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Abstract. Ensuring the safety of a structure necessitates that repairs are carried out based on accurate inspections and records
of damage information. Traditional methods of recording damage rely on individual paper-based documents, making it
challenging for inspectors to accurately record damage locations and track chronological changes. Recent research has suggested
the adoption of building information modeling (BIM) to record detailed damage information; however, localizing damages on a
BIM model can be time-consuming. To overcome this limitation, this study proposes a method to automatically localize
damages on a BIM model in real-time, utilizing consecutive images and measurements from an inertial measurement unit in
close proximity to damages. The proposed method employs a visual-inertial odometry algorithm to estimate the camera pose,
detect damages, and compute the damage location in the coordinate of a prebuilt BIM model. The feasibility and effectiveness of
the proposed method were validated through an experiment conducted on a campus building. Results revealed that the proposed

method successfully localized damages on the BIM model in real-time, with a root mean square error of 6.6 cm.
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1. Introduction

The deterioration of buildings, bridges, and tunnels has
emerged as a significant issue. For instance, in Japan and
the United States, a considerable percentage of
infrastructure was built over 50 years ago (American
Society of Civil Engineers 2021, Japan Road Bureau 2018).
Moreover, according to Canada's Infrastructure Report Card
(Valinejadshoubi et al. 2019), 12% of buildings, bridges,
and tunnels are either inadequate or extremely inadequate.
The decay of structures may lead to structural collapse,
resulting in economic losses and safety hazards (Biezma
and Schanack 2017, Bazzucchi et al. 2018). Therefore,
precise inspections and damage records are crucial to
comprehending the structures' status and taking appropriate
action, such as repairs, before a collapse occurs.

Identifying the precise damage location and recording
the damage information accurately is essential to determine
the need for repair or strengthening of a structure (Yamane
et al. 2022). However, the current inspection reports are
paper-based and two-dimensional data, which makes it
challenging to determine the precise location of the damage
and evaluate its chronological changes.

To address this limitation, recent studies have focused
on building information modeling (BIM). By leveraging
BIM, damage locations can be recorded precisely, and
recording them in three dimensions eliminates the
possibility of confusion regarding the damage's precise
location, making it easier to assess its progression. Several
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studies have been conducted on the use of BIM in structural
inspection and maintenance. Dang ef al. (2018) proposed a
framework linking structural damage to a BIM model,
while Sack et al. developed a system that recorded bridge
conditions and mapped them onto a BIM-based model
(Hiithwohl et al. 2018). However, the need for an inspector
to manually localize the damage in the BIM has limited its
use in structural maintenance.

To overcome this limitation, researchers have developed
methods for automatically localizing damage in BIM. Tan et
al. (2022) utilized a global positioning system to localize
the damage detected by a vision sensor on a BIM model.
However, this system cannot be used indoors because
satellite signals cannot be received inside buildings. In
contrast, Structure from Motion (SfM) was used to obtain
damage locations. SfM is a technique that can be used to
build a 3D model by identifying the camera position and
orientation by processing multiple overlapping images.
Ribeiro et al. (2020) developed a system that created a 3D
model of an entire structure with marked damage using
SfM. Yamane et al. (2022) created 3D models of areas near
the damage using SfM and aligned them with the BIM
model using ICP. However, these studies cannot be
performed in real-time because SfM and ICP must be
conducted for each inspection or damage, which requires
considerable computational time. Additionally, several
researchers have employed augmented reality to map
defects on a BIM model (Kwon et al. 2014, May et al.
2022). They overlaid the BIM model on a real structure by
utilizing fiducial markers, found defects and mapped them
onto the BIM model. However, the installation of fiducial
markers is necessary before the inspection, and the precise
positions of these markers in the BIM coordinate system
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Fig. 1 Overall scheme of the proposed method

must be known in advance.

This study proposes a method for automatically
localizing damage on a BIM model in real-time using a few
seconds of consecutive images and IMU measurements near
the damage, which is available both indoors and outdoors.
The proposed method estimates the camera pose (3D
position and orientation) using the visual-inertial odometry
(VIO) algorithm based on point and line features and
calculates the damage's location in BIM coordinates.

The contributions of this study are as follows:

(1) Unlike conventional methods that require the entire
structure to be scanned or considerable
computation time to compute the damage location,
the proposed method can estimate the damage
location in a BIM coordinate system in real-time
using only a few seconds of images and IMU
measurements.

(2) The proposed method, which combines line
features with conventional visual-inertial odometry,
enhances the accuracy of damage localization.

The remainder of this paper is organized as follows:
Section 2 describes the working principles of the proposed
system. Section 3 reports the performance validation of the
proposed system using a case study. Finally, the conclusions
and discussion are presented in Section 4.

2. Methods

Fig. 1 illustrates the process of the proposed method.
This method involves three steps: (1) preparatory work, (2)
camera localization, and (3) damage localization.

First, the preparatory work involves building a 3D
model using SfM and determining a transformation matrix
to convert the coordinate system from the SfM model to a
prebuilt BIM model. This preparatory work must be
completed before conducting a structural inspection.

(b)

Fig. 2 Examples of captured images: (a) the location
looking at an open space; (b) the location
closing up the damage

During the inspection, an inspector locates the damage
and starts recording time-synchronized images and IMU
data (3-axes acceleration and 3-axes angular velocity) for
each damage, from the location looking at an open space
near the damage to the location close to the damage. The
location looking at an open space, as shown in Fig. 2(a),
represents the location wherein the camera view is open,
and the location wherein the image was photographed can
be identified by only using the image. This is called the
initial camera pose. However, the location close to the
damage, as shown in Fig. 2(b), enables damage detection at
the pixel level; this position is denoted as the last camera
pose. In the camera localization step, the last camera pose is
identified by estimating the initial camera pose and
odometry based on the initial camera pose to the last camera
pose based on the VIO algorithm with the recorded data.
Subsequently, in the damage localization step, the damage
is detected at the pixel level in the image photographed at
the last camera pose, and the 3D coordinates of the damage
are computed by raycasting the center of the detected
damage to the BIM model. Finally, the damage is
automatically overlaid onto the BIM. Notably, the proposed
system focuses on automatically localizing detected
damages on a prebuilt BIM model instead of automatically
detecting damage because several vision-based deep
learning models for detecting structural damages have
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already been studied.
2.1 Preparatory work

The preparatory work comprised two phases: (1) 3D
model generation and (2) coordinate alignment. In the first
phase, a 3D model of the structure is created based on SfM.
In the second phase, a transformation matrix is computed to
convert the coordinate system from the SfM model to a
prebuilt BIM model.

2.1.1 3D model generation

A 3D model of the structure is created using SfM. The
SfM consists of the modules shown in Fig. 3. Most of these
processes are similar to conventional SFM (Schonberger
and Frahm 2016). However, the repeatable and reliable
detector and descriptor (R2D2) algorithm extracts keypoints
from images, and the deep image retrieval method identifies
image pairs captured at the same location (Revaud et al.
2019, Gordo et al. 2016). The overall SfM process is
explained in detail as follows.

For each image fed into the SfM pipeline, feature
extraction computes the keypoints and their local
descriptors based on the R2D2 detector. The R2D2 detector
exhibits a better performance for feature extraction in terms
of reliability compared to conventional methods, such as the
Harris corner detector or scale invariant feature
transform(SIFT) (Revaud et al. 2019). In image matching,
the global descriptor of an image is computed using a deep
image retrieval algorithm, and similar images are selected
based on the global descriptors (Gordo et al. 2016). The
global descriptor computes the similarity between the
images. If the global descriptors of the two images are
similar, the chances of the images being captured in the
same space are high, and vice versa. In feature matching,
the correspondences of the keypoints among similar images
are computed. If the images share a set of correspondences,
they depict a common part of the scene. However, feature
matching can only validate that the images share common
points and do not ensure that the common points are real
correspondences of 3D points. Therefore, geometric
verification is employed to determine if the common points
between the images correspond to the same 3D points.
Finally, a scene graph is generated, where the nodes
represent images and the edges represent pairs of images
that have been geometrically verified.

Correspondence Search Incremental reconstruction

Feature extraction Initialization

Image matching Image registration

Feature

matching Triangulation

Geometrical

verification Bundle adjustment

Fig. 3 Overall flowchart for Structure from motion

Once the scene graph is obtained, the 3D model is
reconstructed using the following steps: During image
registration, the camera poses corresponding to when the
image is photographed are calculated. This is achieved by
solving the perspective-n-point (PnP) problem. Next, a
triangulation process is used to generate the 3D points.
Finally, the optimal point cloud (PCjsfy,) is computed using
bundle adjustment. The bundle adjustment prevents
inaccuracies in the estimation of the camera pose from
propagating inaccuracies in the triangulation of 3D points,
and vice versa; this is achieved by minimizing the sum of
the reprojection error based on the Levenberg—Marquardt
algorithm (Agarwal ef al. 2010).

2.1.2 Coordinate alignment

The PCsfyy, depicted in Fig. 4(a) has an undetermined
scale and coordinate system that is inconsistent with the
prebuilt BIM model. A transformation matrix for aligning
the SfM and BIM models was computed using the
following steps:

First, a point cloud, denoted as PCp;y,, is created by
sampling the BIM. The two-point clouds, PCsf, and
PCy;m, are then aligned along the axes, as depicted in Fig.
4(b). This alignment is performed using principal
component analysis (PCA). The PCA identifies the primary
axes from a point cloud because the architecture typically
adheres to the Manhattan world assumption, which assumes
three primary mutually perpendicular axes (Chen et al.
2018). The two point clouds are aligned along the axes
using a transformation matrix (T,,;), which rotates the
principal components of PCgy, to the principal
components of PCjy,.

After the two-point clouds are aligned along the axes,
the scale of PCggp, is adjusted to match that of PC;y,, as
illustrated in Fig. 4(c). Scaling is performed to ensure that
the story heights of the two point clouds are equal. Let
hsfm and hy;, respectively denote the story heights of
PCstm and PCpiy . PCspy is then scaled using the
transformation matrix Tg.q;, defined in Eq. (2).
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M

hb im

I"" =% Point cloud of BIM model

@: Point cloud of SfM model

(d)
Fig. 4 Aligning SfM model with BIM model
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Finally, the alignment is fine-tuned via a transformation
matrix (Tjz,) obtained through the iterative closest point
(ICP) approach, as demonstrated in the process shown in
Figs. 4(c) and (d). The ICP algorithm is an iterative
optimization method aimed at minimizing the error between
two sets of point clouds; this is achieved by attempting
various transformations (Besl and McKay 1992). Suppose
Tiicp is an ™ arbitrary transformation matrix. Thus, the
mathematical description of the ICP process is as follows

PCiiCp = trans(PCsfm, Tl-icp)
s.t. miin(rmse(PCiicp, PCgim)), )

icp

where trans(PC,T) represents the resulting point
cloud obtained after applying the transformation matrix T
to point cloud PC and rmse(PCy, PC,) is the root mean
square error (RMSE) between point clouds PC; and PC,.

Finally, the transformation matrix T4y, obtained by
multiplying Tyo¢, Tscares and Ticp, aligns the SfM model
with the BIM model. The transformation matrix Ty;g, is
utilized in the camera localization step to convert the initial

camera pose from the coordinate system of the SfM model
to that of the BIM model.

2.2 Camera localization

The objective of the camera localization step is to
determine the final camera pose. The image captured in the
last camera pose yields an enlarged view of the damage,
which facilitates its segmentation at the pixel level.
However, determining the location where the image was
photographed using only the last image is impossible,
because it only depicts the surface damage and yields no
clues regarding the location. Therefore, the initial camera
pose is estimated in advance, and the last camera pose is
determined by estimating the odometry from the initial to
the last camera pose. The details are as follows.

2.2.1 The initial camera pose estimation

Unlike the last image, the initial image contains several
key points indicating the actual location. Therefore, the
initial camera pose is computed in a manner similar to the
StM described in Section 2.1.1.

The initial image is considered as the newly added
image in the SfM pipeline. Notably, key points with their
local and global descriptors for all images used in SfM are
available to us. The keypoints and their local descriptors in
the initial image were extracted using an R2D2 detector

Preprocessing |

(Revaud ef al. 2019). Among the images used in SfM, those
similar to the initial image were selected by comparing their
global descriptors (Gordo et al. 2016). Subsequently,
feature matching was wused to determine the
correspondences of keypoints between the initial and
selected images, and geometric verification added a new
node and edges to the previously constructed scene graph
for the initial image. Finally, the PnP algorithm was used to
estimate the initial camera pose. However, the estimated
initial camera position was within the coordinate system of
the SfM model. Therefore, the estimated initial camera pose
was converted into the coordinate system of the BIM model
by multiplying it with Ty;gn, which was calculated in the
preparatory work. Finally, the initial camera position (py,)
and orientation in the quaternion form (gqp ) in BIM
coordinates are obtained.

2.2.2 The last camera pose estimation

The last camera pose is calculated by estimating the
odometry from the initial camera pose to the last camera
pose. Odometry was estimated using both time-
synchronized images and IMU measurements, employing
the framework outlined in Fig. 5. This concept builds on
VINS-MONO by introducing an ensemble pose-estimation
strategy that integrates both point and line features (Qin et
2018).

Odometry estimation is initiated by preprocessing the
two types of raw information measured by the camera and
the IMU separately. Point and line features are detected and
tracked concurrently for each incoming image captured by
the camera. The proposed method adopts the Shi—-Tomasi
corner detector and the Kanade-Lucas—Tomasi tracker for
the detection and tracking of point features, respectively
(Lucas and Kanade 198, Zaccolo 2002). The line features
are detected using a line segment detector and matched
using a local binary descriptor (Von Gioi et al. 2010, Zhang
and Koch 2013). For the raw gyroscope and accelerometer
measurements obtained using the IMU, we followed the
work of VINS-MONO to pre-integrate them between two
consecutive  frames. After preprocessing all the
measurements, the state vector X, defined in Eq. (4), is
optimized by minimizing the cost function illustrated in Eq.

).
X = [in xll '“ixnci PO; Pll “"Pnpi LU; L]_’“"Lnl ] (3)

b b
Xk = [pbk' qbk' Ubk' ba lbg ];

where x,, is the A" IMU position Db, » the orientation in the
quaternion form is gy, the velocity is vy, in the BIM
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| ! 1
1 1
IMU pre-integration i ! !
! . Spatial 3D 1
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1

Fig. 5 Overall scheme of the last camera pose computation
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model coordinate system (world coordinate system), the
acceleration bias is bs", and the gyroscope bias is b:;" in
the k% IMU body frame. P, and L, represent the m®
spatial 3D point and o™ spatial 3D line feature, respectively.
In addition, n., n,, and n; denote the total number of
camera frames, spatial 3D points, and line features,
respectively, during the recording.
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In the cost function, rL(zLC:)‘,X), rp(zg"; ,X), and
Timu(Zbyby,,»X) denote the line feature projection, point
feature projection, and integrated IMU measurement
residuals, respectively. ZLC: and Zg"; represent the line and

point features in the ™ camera frame corresponding to the
spatial 3D line L, and point P, respectively, as illustrated
in Fig. 6.

A 3D spatial line is represented in Pliicker coordinate as
(nT,d™)T € R®, where n € R? denotes the normal vector
of the plane determined by the line and the coordinate
origin and d € R® denotes the direction vector determined
according to the two endpoints of the spatial 3D line (Fu et
al. 2020). For instance, a spatial 3D line can be readily
reconstructed in Pliicker coordinates when observed in two
frames. As shown in Fig. 7, a spatial 3D line L, is
captured at camera positions ¢; and ¢; and respectively

projected onto z;! and Z,Z . The line feature z;! in the

normalized image plane can be represented by two
endpoints: sf; and e,f(") . Three non-colinear points,
including two endpoints of the line and the coordinate
origin, determine a plane m;. Regarding another camera,
¢j, plane 7; is constructed in the same manner. Given the
two plane m; and m;, the dual Plicker matrix L* can be
computed using Eq. (6), and the Pliicker coordinates of the
3D spatial line L, are readily extracted from the dual
Pliicker matrix L*.

Lo=GT ™)'

Fig. 7 Pliicker coordinate of spatial 3D line
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S

Fig. 8 Line projection residual

. d n
L= [[—r]; 0] =mmn] —mm] (5)

The line-feature projection residual is modeled in terms
of the distance from the endpoints of the observed line
feature in the normalized image plane to the corresponding
projected line. The endpoints of zLC’; are represented as SLC:
and e,f:, and the spatial 3D line L, in the coordinate
system of the k" camera is expressed as L¥ =
[nexT  gexT]T as illustrated in Fig. 8. The 3D spatial line
L¥ is projected onto the A" camera frame as [.¢ =

[l ok 1k T, as explained in Eq. (7).

I¢k

0,1 fy 0 0
k== 0 fe 0 |nck, (6)
lsﬁ,’ _fycx _fny fxfy

where f, and f, are the focal lengths of the camera and
¢y and ¢, are the principal points of the camera,
respectively. The line-feature projection residual of L, in
the k" camera frame is defined in Eq. (8).
d(s, 159

" (7

Ck
1X =
T'l(ZLO ) [d(ef:, llL)‘k)
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Herein, d(s,l) indicates the distance function from
endpoint s to the projectionline I =[l; [, [3]7.

sTl
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The point-feature projection residual is defined as the
distance between the observed point feature in the
normalized image plane and the corresponding projected
point. Moreover, the spatial 3D point P, in the coordinate
system of the k" camera is expressed as P,f =
[x7k yyk z7¥], and the corresponding observed point

. Cc C C
feature is denoted as zp% = [up’ V"
m m 'm

d(s,1) =

T .
1] , as shown in

Fig. 9. Subsequently, the point-feature projection residual of
P,, in the & camera frame is defined using Eq. (10):

C
T _

. ch Pm

m
rP(ZP:;'fX) = Ck (9)
m ci
-V
|6~ ]|

For the integrated IMU residual, the relation among the
IMU position, velocity, and orientation during the duration
t € [i,j] are firstly defined as below.

1
Py, = pb; + v At — Eg""At2 + Rb, @b,
vy, = vh — g¥At + Ry By, (10)
Ay, = qb; @ b))
Herein,
=i ,
— t
a’bibj = J—f ) Rbiabt&f
t=i
t=j
b
Bow; = ft ) Rbitabt& (11)
=i
t=j ) 0
Qop; = f Ibp, @ ét,
/ t=i ‘ Ewbt

where a;,, and wp, are the raw measurements of the 3-axis
accelerometer and gyroscope at time ¢, respectively. g is
the gravity vector in the world coordinate, and At is the

time difference between i and j. @ denotes the quaternion
multiplication operation.

Accordingly, the integrated IMU measurement residual
Timu(Zbyby,,»X) can be defined as

rimu(zbkka'X)
R;Juk (pl‘;‘;c+1 - p;;lk - v,‘,‘;{At + %gwAtz) T Obybry
Z[qbk+1bk ® (qm{ ® qmﬂ)]real
Rl‘;vk(vl‘:;c+1 - v‘g;( + gwAt) - ﬁbkbk+1 ’
bgk+1 _ bgk

br+1 _ bk
I b, by l

where Rl‘;‘; represents the rotation matrix from the IMU

body to the world frame and [],..q; extracts the real part.
To minimize the cost function, optimization was
performed based on the Levenberg—Marquardt method
(Ranganathan 2004). In the optimized state vector, the last
camera position p,‘g‘;c and orientation q,‘;‘;c were acquired

from the last state vector x,_.
2.3 Damage localization

The damage localization step consists of two phases: (1)
damage detection and (2) raycasting. Damage detection
automatically identifies damage at the pixel level and
calculates its center in the image. In contrast, raycasting
calculates the location of the damage by determining the
intersection between the BIM model and the direction
vector pointing towards the damage from the camera. The
details are as follows.

2.3.1 Damage detection

To detect damage in the last image, this study utilized
the SegNet model, which is a widely used deep learning
architecture for vision-based applications (Li et al. 2019)
[26]. The model comprises an encoder module and a
decoder module, as illustrated in Fig. 10. In the encoder
module, an input image is converted into feature maps four
times using two 3 x 3 convolutions and 2 x 2 max pooling.
Each time the number of feature channels doubles, the size
of the feature map is halved by extracting higher-level

Encoder module Decoder module

: Conv : Pooling : Upsampling

Fig. 10 Proposed model architecture
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features. In the decoder module, the feature map from the
encoder module is expanded four times using 2 x 2
upsampling and two 3 X% 3 convolutions. During this
process, skip operations between the encoder and decoder,
indicated by the gray arrows in Fig. 8, enhance the recovery
of details. Thereafter, the feature map from the decoder
module is fed into a 1 x 1 convolution layer with a sigmoid
function to output a probability map ranging from zero to
one. Accordingly, pixels with a probability greater than 0.5
are considered as the damaged area.

The model was trained to detect cracks as an example of
damage. The dataset used to train this model comprised 374
images of cracks and 115 images of non-cracked surfaces
obtained from industrial partners and other academic
institutions. The dataset was divided into 80% training, 10%
validation, and 10% testing data. The batch size was set to
two during training, and the training epoch was set to 100.
The random weights in the convolutional layers were
initialized using He normal initializers (He ez al. 2015). The
Adam optimizer was implemented with an initial learning
rate of 0.0001 (Kingma and Ba 2015). After training, the
precision of the model was 85.3%, and the recall value was
93.1%.

The last image, which features an enlarged view of the
damage, is fed into the trained model and outputs a binary
image that indicates the presence of a crack. The damage
center is then calculated by averaging the pixel coordinates
of the crack.

2.3.2 Raycasting

The three-dimensional location of the detected damage
can be calculated by determining the intersection of the
BIM model and the directional vector of the damage, as
depicted in Fig. 11(a). To obtain the directional vector of the
damage, the directional vector of the camera (camera
orientation) was rotated by the angle of the horizontal and
vertical difference between the directional vector of the
camera and that of the damage around the x- and y-axes,
respectively (Yamane et al. 2022). Eq. (14) is used to
calculate the angle of the horizontal difference 64,
between the directional vectors of the camera and damage.

d, !
0, =t —1$, 12
aw = B an9,/2) (12)

where 6, is the horizontal angle of view of the camera, [,
is the width of the image in pixels, and d, is the
horizontal distance in pixels between the center of the
damage and the center of the image, as illustrated in Figs.
11(b) and (c).

The angle of the wvertical difference between the
directional vector of the camera and the directional vector
of the damage was calculated in the same manner.
Accordingly, the 3D coordinates of the damage can be
obtained by identifying the point of intersection between the
direction vector of the damage and BIM. Subsequently,
based on this information, the damage can be localized to
the BIM.

3. Case study

A case study was conducted to validate the accuracy of
damage localization on a BIM model and to measure the
processing time. This study was conducted in the corridor
of a campus building located at the Korea Advanced
Institute of Science and Technology (KAIST). The corridor
measures 67 m in length and 2 m in width with three
prominent cracks on the floor.

The cracks were overlaid on the prebuilt BIM model
using the proposed method, and the accuracy of the crack
locations was analyzed by comparing the estimated location
with the ground truth. In addition, the accuracy of the
proposed method was compared with that of VINS-MONO,
which served as the baseline visual-inertial odometry using
point features only. Finally, the computation time for each
step was measured to determine the feasibility of the
proposed method in real-time.

For the preparatory work, 638 images of the corridor
were captured using a camera (See3CAM_CUS5S,
manufactured by E-con Systems) with a resolution of 2304
x 1536 pixels, and a 3D point cloud model was created
based on the proposed SfM. In the SfM pipeline, feature
extraction, image matching, and feature matching were
performed in Python. Geometric verification, triangulation,
and bundle adjustment were performed using COLMAP, a
popular SfM open-source program (Fisher et al. 2021).
During computation, both the local and global descriptors
of the images used in the SfM were recorded. In addition,
the transformation matrix for aligning the SfM model using
the BIM model was calculated in accordance with the

rrrrr
A

i ! < S |
Directional vector
of camera dh bamage

Damage

In

Lw

(b)

Fig. 11 Illustration of raycasting
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Fig. 12 Results of the initial camera pose computation

specifications reported in Section 2.1.2.

After completing the preparatory work, the inspector
walked around the corridor to search for cracks. The
inspector discovered three cracks and recorded time-
synchronized images and IMU measurements using a
mobile phone (Galaxy Note 10). The recordings were made
from a location looking at an open space near the crack to a
location close to the crack for each of the three cracks. The
device captured images with a resolution of 2288 x 1080 at
a frequency of 5 Hz and measured 3-axes acceleration and
angular velocity at 100 Hz. The recorded times for each
crack were 4.6, 6.3, and 4.9 s, respectively. The initial
images of each recording are illustrated in Figs. 12(a), (b),

(b)

©

Fig. 13 Results of the last camera pose computation

and (c). Because the initial image contained several key
points that indicated the location where the image was
captured, the initial camera pose was estimated by
comparing its descriptors with those of the images used in
SfM. The estimated initial pose was then expressed in the
coordinates of the BIM model by multiplying it with the
transformation matrix computed in the preparatory work, as
shown in Figs. 12(d), (e), and (f). The last camera pose was
computed by estimating the odometry from the initial
camera pose to the last camera pose using the proposed
visual-inertial odometry, which relied on both point and line
features. Fig. 13 depicts the last camera image and the
estimated last camera pose for each crack.
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(b)

Fig. 14 Results of damage localization

The last images (Figs. 13(a), (b), and (c)) were fed into
the trained deep learning model to detect cracks at the pixel
level, and the center of the crack was computed. The crack
detection results are presented in Figs. 14(a), (b), and (c),
with a red circle marking the center of the crack. Finally,
the location of the crack was calculated by raycasting from
the center to the BIM, which was marked in the BIM. Figs.
14(d), (e), and (f) indicate that cracks are reflected in the
BIM model. The results demonstrate that the proposed
method can automatically integrate the damage location
into the BIM.

The accuracy of the estimated crack location was
analyzed in terms of the RMSE between the estimated crack
location and ground truth by increasing the distance
between the last camera position and the actual damage. As
shown in Fig. 15, the RMSE increases with the distance.
The RMSE values are 6.2, 5.8, and 7.8 cm at a distance of
10 cm; however, these values increased to 24.5, 21.8, and
22.0 at a distance of 40 cm. As the distance between the last
camera position and the actual damage increases, even a
small error in the last camera orientation can significantly
affect the damage location estimated through raycasting.

In addition, the localization accuracy of the proposed
method was compared with that of VINS-MONO, which
used only point features for visual-inertial odometry. As
shown in Fig. 16, the proposed method improved the
accuracy of damage localization by 30% compared to
VINS-MONO. The corridor contains many robust line
features such as the boundaries of walls, doors, and floor
patterns, which contributed to this improvement.

The computation time for both the camera localization
and damage localization steps was analyzed. The
computation was performed on hardware featuring an i5
core processor and 16 GB of RAM. The computation times
for each step are depicted in Fig. 17. On average, the initial
camera localization was executed in 4.3 s, whereas the last
camera localization required the same amount of time as the
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Fig. 17 Computation time measurement for each step

recording owing to its real-time processing. The damage-
detection process and raycasting was performed in 0.4 s. In
conclusion, the overall process took approximately 4.7 s
longer than the recording time. This implies that the damage
location can be marked on the BIM model in real-time
given a 5-s time interval between each inspection.

4. Conclusions

In recent years, active research has been conducted in
the field of damage localization in BIM because of their
potential to improve structural maintenance efficiency.
However, the applicability of the existing approaches is
hindered by their protracted scanning and computation
processes. To address this challenge, this study proposed a
method for estimating BIM model-based damage locations
using VIO, which can be computed in real-time. Unlike
conventional methods, which require the entire target
structure to be scanned to localize damage to the BIM, the
proposed method can estimate the damage location in the
BIM coordinate system in real-time using only a few
seconds of image and IMU data proximate to the damage.

A case study was conducted at a campus building in
KAIST, South Korea, to demonstrate the accuracy and
effectiveness of the proposed method. The analysis showed
that the system achieved a localization accuracy of 6.6 cm
when closely inspected. Additionally, the distance between
the last camera position and the actual damage exerted a
considerable impact on the accuracy of the damage
localization. Moreover, the damage location on the BIM
model in real-time could be marked given that a 5-second
interval was implemented between each inspection.

To further enhance the proposed method, future research
should focus on addressing the following limitations. First,
the damage-detection algorithm can be expanded to detect
other types of damage, such as exposed rebar and corrosion,
in addition to cracks. Second, additional information, such
as inspection date, damage type, and damage size, can be
integrated into the BIM model to develop a more
comprehensive repair policy. By tracking the chronological
changes in the damage status, operators can prioritize
repairs based on their urgency.
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