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ABSTRACT 

Concrete defect information is of vital importance to building maintenance. 

Increasingly, computer vision has been explored for automated concrete defect 

detection. However, existing studies suffer from the challenging issue of false 

positives. In addition, 3D reconstruction of the defects to pinpoint their positions 

and geometries has not been sufficiently explored. To address these limitations, 

this study proposes a novel computational approach to detecting and reconstructing 

concrete defects from geotagged aerial images. A bundle registration algorithm is 

devised to align a batch of aerial photographs with a building information model 

(BIM). The registration enables the retrieval of material semantics in BIM to 

determine the regions of interest for defect detection. It helps rectify camera poses 

of the aerial images, enabling precise defect reconstruction. Experiments 

demonstrate the effectiveness of the approach, which significantly reduced the 

false discovery rate from 70.8% to 56.8%, resulting in an intersection over union 

(IoU) 6.4% higher than that of the traditional method. Geometry of the defects was 

successfully reconstructed in 3D world space. This study opens a new avenue to 

advance the field of defect detection by exploiting the rich information from BIM. 

The approach can be deployed at scale, supporting urban renovation, numerical 

simulation, and other smart applications.  

 

1 INTRODUCTION 

A healthy and sound built environment is of paramount 

importance to maintaining the quality of life of its occupants. 

Damages or even collapse of buildings can lead to 

disastrous consequences. For example, an express hotel 

used for coronavirus disease (COVID-19) quarantine in 

Quanzhou, Fujian collapsed on March 7, 2020, killing 29 

people and injuring another 42 (Global Times, 2020). A year 

later, a 12-story condominium in Florida partially collapsed, 

claiming 98 deaths and 11 injuries (Albert, 2021). The 

deadly Dhaka garment factory collapse resulted in a death 

toll of 1,127 (Hoskins, 2015). Similar cases are reported 

from time to time. According to (Keim, 2021), an average 

of eight buildings collapse every year, causing 343 

mortalities worldwide. To prevent these deadly disasters 

from happening, timely awareness of the building 

conditions is critical (Amezquita-Sanchez and Adeli, 2019; 

Amezquita-Sanchez et al., 2018).  

Such awareness can be gained via sensors (e.g., strain 

gauge and displacement meter) embedded inside the 

structures (Lu, 2018), but clearly they are too expensive to 

deploy for residential buildings (Amezquita-Sanchez et al., 

2017; Rafiei and Adeli, 2018; Sirca Jr and Adeli, 2018). An 

alternative is visual inspection, where surveyors are sent to 

the field to identify defects on concrete surfaces of the 

buildings. Here, the term “concrete defects” is used to refer 

to a variety of visible damages occurred to the surface of a 

concrete structure, including cracks, efflorescence, stains, 

spalling, etc. As concrete defects are important signs of 

structural degradation, early awareness of these defects will 

allow proactive maintenance to prevent undesired events 

(Bang et al., 2019; Deng et al., 2020; Li et al., 2018). 

However, manual visual inspection is tedious, and not 

suitable for high-rise places that are too dangerous to access. 

To overcome the limitations, unmanned aerial vehicles 

(UAV), or commonly known as drones, are increasingly 

applied for building or infrastructure inspection (Lattanzi 

and Miller, 2017; Liu et al., 2019). From the collected aerial 

photographs, concrete defects can be automatically detected 

using computer vision (CV) (Kang and Cha, 2018).  

Extensive research efforts have been made in CV-

enabled defect detection (Maeda et al., 2018; Yeum and 
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Dyke, 2015; Zhang et al., 2019). However, existing studies 

tend to focus on simplified images only containing concrete 

surface, with very few considering defects in complex 

contexts (Hsieh and Tsai, 2020; Sajedi and Liang, 2021; 

Tang and Chen, 2020). Aerial images usually present with 

these complex contexts containing various objects 

irrelevant to concrete defect detection. They can be ground 

objects such as vehicles, vegetation, and roads in the 

background, or non-concrete building elements that are out 

of the interest of detection, e.g., windows and doors. The 

existence of such irrelevant objects raises many false 

positives (FPs), significantly undermining the detection 

performance. As pointed out by (Hsieh and Tsai, 2020), 

solving the FPs problem is important for further 

improvement of vision-based defect detection.  

Equally important is to pinpoint the positions and 

geometry of the defects in 3D world space, so as to guide 

subsequent maintenance. The task of capturing objects’ 

shape and geometry from visual data is referred to as 3D 

reconstruction (Jahanshahi et al., 2011; Moons et al., 2009). 

Li et al. (2018) proposed a unified deep neural network that 

can simultaneously detect and identify the geolocations of 

concrete defects. Ma et al. (2021) related concrete defects 

with their locations via a predefined data collection scheme. 

Although these studies can roughly indicate where the 

defects occur, they do not have sufficient granularity to 

characterize defect geometry and dimensions. A stream of 

works employed the principle of structure from motion 

(SfM) to reconstruct point clouds of the structures, from 

which 3D positions and geometry of the defects can be 

obtained (Hamdan et al., 2021; Isailović et al., 2020). 

However, point clouds generated based on SfM are up to 

scale and have undetermined reference frames. As a result, 

manual efforts are required to either register the point cloud 

to a reference model (Isailović, et al., 2020; Taraben and 

Morgenthal, 2021), or use dedicate markers to transform the 

model to correct geo-locations (Hamdan, et al., 2021; Lin et 

al., 2021).  

A building information model (BIM), as a semantic-rich 

replica of a building or infrastructure (Eastman, 1975; Sacks 

et al., 2020), can potentially address existing challenges in 

defect detection and reconstruction. First, BIM contains rich 

information concerning both geometry and semantics of 

building elements. Leveraging such information, image 

regions that are prone to defects (i.e., pixels of concrete or 

exterior walls) can be automatically recognized from the 

aerial photographs. Confining defect detection in such 

regions of interest (ROI), the FPs raised by irrelevant 

background will then be mitigated. Second, aerial images 

are associated with corresponding geotagged information 

(i.e., longitude, latitude, altitude, pitch, yaw, and roll). 

However, the quality of the geotagged information is too 

low to allow precise defect reconstruction. Using BIM as a 

geometric reference, the geotags can be rectified to a high 

degree of accuracy, making it possible to reliably 

reconstruct the defects. Despite the promising potential, it 

remains unclear how the rich information in BIM can be 

effectively exploited to enable the processing of aerial 

photographs for defect detection and reconstruction. 

This study proposes a novel BIM-enabled approach to 

detecting and reconstructing concrete defects from 

geotagged aerial images. To the best of our knowledge, it is 

the first unified computational approach using UAV and 

BIM to simultaneously detect concrete defects, and 

reconstruct their geometry in 3D space without any manual 

intervention. The computational novelties are three-fold:  

(1) A novel algorithmic pipeline was developed 

consisting of four interconnected steps, i.e., BIM-

assisted SfM, bundle aerial image-to-BIM 

registration, material-aware defect detection, and 

defect reconstruction. The combination forms a 

self-contained pipeline that automates the 

processing of a large number of aerial images for 

UAV-based structural health monitoring. It will not 

only enable precise image-based concrete defect 

detection, but can also automatically reconstruct 3D 

geometry and position of the defects to inform 

maintenance decision-making.  

(2) BIM was exploited, for the first time, as an enabler 

for building defect detection and geometry 

reconstruction. A tailor-made bundle registration 

algorithm was devised to align a set of outdoor 

urban aerial photographs with BIM, enabling the 

exploitation of readily-available building 

information. In particular, material semantics is 

retrieved from BIM to identify defect-prone areas 

for the detection, which significantly reduced the 

FPs by up to 14.0% and improved the intersection 

over union (IoU) by 6.4%. Geometry of BIM is used 

to rectify camera poses of the aerial photographs, 

enabling precise defect 3D reconstruction. The 

“BIM as an enabler” concept opens new 

possibilities for researchers to advancing the area by 

utilizing the rich information from BIM. 

(3) The reconstruction results of our approach, defect 

point cloud (DPC), provide an unprecedented data 

stream to represent defects. They can be further 

utilized for defect information modeling via point 

cloud clustering/segmentation techniques and open 

data standards such as industry foundation classes 

(IFC). Deployed at scale, the approach can enable 

important industrial applications such as urban 

renewal and dynamic numerical simulation. 

2 LITERATURE REVIEW 

2.1 Vision-based defect detection 

Emerging camera-equipped devices, e.g., smart phones 

and UAV, provide unprecedented sensing platforms for 

building or infrastructure inspection (Kang and Cha, 2018; 

Liu, et al., 2019; Liu et al., 2021). Image data collected by 
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such devices can be processed by CV for automatic defect 

detection (Hamdan, et al., 2021). According to their 

technical principles, existing defect detection algorithms 

can be divided into two categories, i.e., image processing-

based and deep learning-based. 

The first stream of works exploits image processing 

operations to handcraft defect features for detection (Chen 

and Liu, 2021). For example, edge features are frequently 

used to detect concrete cracks (Jahanshahi and Masri, 2013). 

Liu et al. (2014) proposed an adaptive image processing 

method where a median feature filter was applied. German 

et al. (2012) developed a local entropy-based thresholding 

algorithm for spalling detection. Yang and Su (2008) 

combined wavelet transform, co-occurrence matrices, and 

neural networks for defect classification. Despite the 

progress achieved, image processing-based approaches 

require manual efforts for feature handcrafting. As features 

of concrete defects can vary from case to case, it is 

extremely difficult to model all the variations with human 

knowledge (Ma, et al., 2021). 

The resurgence of deep learning offers an “end-to-end” 

alternative to traditional image processing-based 

approaches (LeCun et al., 2015; Martins et al., 2020). Cha 

et al. (2017; 2018) applied convolutional neural networks 

(CNN) to detect concrete defects without the need for 

manual feature extraction. Gao and Mosalam (2018) 

collected a dataset called Structural ImageNet and used the 

VGGNet-based transfer learning to avoid overfitting in 

defect detection. Hassanpour et al. (2019) proposed a novel 

generative deep learning model for multi-task imagery 

classification. Liang (2019) integrated a series of deep 

neural networks with Bayesian optimization for post-

disaster bridge inspection. Deep learning is computation-

demanding. To alleviate the problem, Zhang and Yuen 

(2021) proposed a light-weight fusion features-based broad 

learning system for efficient training of crack detection 

models.  

Despite the promising performance, existing studies are 

mainly based on simplified datasets with images containing 

only or mostly concrete regions. In industrial practice, it is 

difficult (sometimes unrealistic) to assume such 

simplification holds without using dedicated data collection 

hardware such as the wall‐climbing UAV (Jiang and Zhang, 

2020). Interfered by the variant background objects in real-

life images, many FPs will arise, jeopardizing the overall 

detection performance (Hsieh and Tsai, 2020). Some studies 

tried to improve the robustness of deep learning for defect 

detection in complex scenes, e.g., Kang and Cha (2021) and 

Tang and Chen (2020). While these methods have achieved 

encouraging breakthroughs, they can be subject to frequent 

model calibration. This is because deep learning models are 

essentially data-driven. Each time the background or 

application scenarios change, the models have to be re-

trained to accommodate the new variations. Conversely, 

with a readily available BIM, one can always exploit its rich 

semantic/geometric information to help remove regions 

irrelevant to defect detection, regardless how the 

background changes.  

2.2 Vision-based defect reconstruction 

Previous efforts in defect reconstruction can be divided 

into two main categories, i.e., defect localization and defect 

characterization. Localization aims to determine where the 

concrete defects occur, whereas characterization sets out to 

describe the defects by their properties (e.g., geometry, 

shape, and dimensions). 

The automated localization of concrete defects is 

increasingly explored in recent years. Some research 

attempts to locate the defects based on content-based image 

retrieval or photogrammetry. For example, Li et al. (2018) 

developed a unified neural network with a novel training 

method to perform both defect detection and localization 

simultaneously. Lim et al. (2014) proposed an approach to 

triangulating positions of defects on bridge decks, which 

leveraged the basic principle of photogrammetry. Kang and 

Cha (2018) integrated UAV with ultrasonic beacons to 

realize the localization of bridge damages in occluded 

environments where the global navigation satellite system 

(GNSS) signal is not available. Another strategy for defect 

localization is to capture images at predefined positions 

with known coordinates. For example, Ma et al. (2021) 

performed indoor facility inspection with a ground robot, 

which is programmed to take photos at designated locations.  

Property characterization of the detected defects is 

useful for condition assessment. Early-stage studies in this 

area intended to quantify defect properties (e.g., width, 

length, and depth) in pixels. For example, German et al. 

(2012) reported an entropy-based thresholding approach to 

measuring concrete spalling in pixels. The research team 

then further developed a machine vision framework for 

post-earthquake building evaluation (German et al., 2013). 

To interpret the damage severity, the pixel-domain 

measurements were related to the dimensions of their 

corresponding elements, which were also quantified in 

pixels (Beckman et al., 2019; German, et al., 2013). Later 

studies aimed to characterize defects directly with metric 

units (Jahanshahi and Masri, 2013). For example, Beckman 

et al. (2019) utilized a depth camera coupled with Faster R-

CNN to quantify the volume of concrete spalling. Dawood 

et al. (2017) implemented regression analysis along with 

image processing to measure the depth and severity of 

spalling distress in subway networks.  

In recent years, researchers sought to localize and 

characterize defects in a concurrent manner, which typically 

involves an SfM operation to obtain 3D point clouds of the 

structure to inspect (Hoskere et al., 2018). However, as 

point clouds produced by SfM are up-to-scale and have an 

undetermined georeferenced system, precise quantitative 

information of the defects is absent. To cope with the 

limitation, existing studies either leverage pre-deployed 

markers (Hamdan, et al., 2021; Lin, et al., 2021) or 3D 

models (Isailović, et al., 2020; Taraben and Morgenthal, 

2021) as a reference to adjust the point clouds. Lin et al. 

(2021) used georeferenced markers to register a bridge point 
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cloud to its real position in the physical world, whereas 

Isailović et al. (2020) assumed the point cloud has been 

aligned with a corresponding BIM in advance. In either way, 

manual operation is required to register the point clouds. In 

addition, with existing research, it is unclear how the defects 

in pixels can be automatically projected to the registered 

BIM for 3D reconstruction.  

2.3 Image/Point cloud-to-BIM registration 

Research on automated/semi-automated registration of 

images or point clouds to BIM is gaining momentum. 

Previous studies mainly focused on its applications in 

construction progress monitoring (Bueno et al., 2018; Chen 

and Cho, 2018), facility management (Chen et al., 2021a; 

Kopsida and Brilakis, 2016), and indoor localization (Chen 

et al., 2022a; Chen et al., 2022b). Bueno et al. (2018) 

developed a point cloud-to-BIM registration algorithm that 

is catered to the characteristics of architecture design. Kim 

et al. (2013) devised a registration pipeline that integrates 

principal component analysis and iterative closest point 

(ICP) to enable intuitive progress monitoring. Kopsida and 

Brilakis (2016), and Chen et al. (2021a) developed 

markerless approaches to registering visual data to BIM, 

which were then used for augmented reality-based facility 

management.  

Comparatively, little attention has been paid to the area 

of defect detection. Among the few research attempts, Liu 

et al. (2019) proposed a smart inspection framework for 

water supply infrastructure, which can augment aerial 

videos with information retrieved from a geo-registered 

BIM. To improve vision-based defect detection, Chen et al. 

(2019) devised an image-to-BIM registration algorithm to 

extract target structures from georeferenced images. They 

then further improved the algorithm by exploiting the 

spatio-temporal continuity of aerial videos (Chen et al., 

2021b). Despite the research efforts, these algorithms are 

mainly oriented to image processing. Much remains unclear 

when it comes to the registration of a point cloud generated 

from a bundle of aerial photographs. 

Chen et al. (2022b) proposed an approach for registering 

a photogrammetric point cloud to BIM. However, the 

approach is focused on indoor localization. It is not readily 

generalizable to an outdoor urban scenario where UAV is 

applied. The domain-specific characteristics of this new 

scenario (e.g., availability of geotags, noisy urban scenario, 

and data interoperability) call for efforts to devise a 

dedicated registration algorithm different from the previous 

one. Furthermore, it remains unknown how the registration 

can enable the retrieval of material semantics from BIM to 

reduce FPs in defect detection. Nor is it clear how the 

registration can assist the reconstruction of defect geometry 

in 3D world space. 

3 THE PROPOSED APPROACH 

3.1 BIM-assisted structure from motion 

Classic SfM algorithms reconstruct all salient features 

across frames in a given repository, which may include 

“useless” points that do not belong to the structure of 

interest (SOI). The inclusion of these points will bring 

uncertainties and deviations to subsequent registration, 

ultimately impairing the defect reconstruction performance. 

Even though learning-based semantic segmentation can 

automatically extract the SOI, they need to be trained with 

massive amounts of data, and thus are not suggested. 

Inspired by the model-assisted SfM concept in (Karsch et 

al., 2014), we proposed a BIM-assisted SfM pipeline to 

generate an as-is point cloud as “pure” as possible. First, 

pixels belonging to the SOI are extracted from a collection 

of aerial photographs. BIM represents the actual semantics 

and geometry of its real-world counterpart, and thus will be 

helpful to identify which parts on images belong to the SOI. 

We use the image-to-BIM registration approach in (Chen, et 

al., 2019) to recognize image regions of SOI. Next, binary 

masks are generated based on the image regions of SOI. 

With the binary masks, the SOI can then be extracted from 

the images. Finally, the collection of aerial photographs 

with SOI extracted will be used to generate a point cloud of 

the SOI. The generated point cloud is a “pure” one with as less 

irrelevant background objects as possible. 

 

 
FIGURE 1  As-is point cloud pre-processing: (a) Original point cloud generated by BIM-assisted SfM; (b) Denoised point cloud; (c) Clustering 

based on distance; (d) Point cloud after removing small clusters 
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3.2 Bundle aerial photograph-to-BIM 

registration 

A bundle aerial photograph-to-BIM registration 

algorithm is proposed to register the generated as-is point 

cloud (called query point cloud) to BIM of the target 

building (called reference model). Note that the mesh model 

of BIM has been converted to a point cloud format in 

advance for the convenient of registration (Bueno, et al., 

2018).  

3.2.1 Point cloud pre-processing 

Even though BIM-assisted SfM has greatly ensured the 

purity of the query point cloud, it is inevitable that noise 

may still exist, as shown in Fig. 1 (a). The point cloud is 

denoised with the method mentioned in (Rusu et al., 2008), 

as shown by Fig. 1 (b). The denoising operation can only 

remove sparse points that are far from their neighborhood, 

but fails to deal with clusters of irrelevant objects. To 

address the issue, the points are segmented into clusters 

according to their relative distance. Specifically, points with 

distance smaller than a designated threshold are considered 

belonging to the same cluster. After segmentation (Fig. 1 (c)), 

the cluster containing the most points is the one corresponding 

to the SOI (the red cluster). Removing irrelevant clusters, a 

high-quality query point cloud will be obtained with little 

sparse noise and very few irrelevant objects, as demonstrated 

in Fig. 1 (d).  

3.2.2 Scale initialization 

As shown in Fig. 2 (a), the query point cloud generated 

by SfM has undetermined scale relative to the referenced 

BIM model. In this step, the geotags associated with the 

aerial photographs are used to initialize the scale of the 

query point cloud. As illustrated by the schematic graph at 

the righthand side of Fig. 2 (a), corresponding to each aerial 

image there are two different coordinate systems describing 

the same camera pose, i.e., the geotag that describes the 

positions in a global reference frame, and the relative 

positions of the cameras in the reconstructed point cloud. 

Using camera poses of any two of the aerial photographs 

(e.g., image i and j), a scaling factor ,i j

init  can be calculated: 

2 2 2

geo geo geo geo geo geo,

2 2 2

0 0 0 0 0 0

( ) ( ) ( )

( ) ( ) ( )

j i j i j i

i j

init
j i j i j i

x x y y z z

x x y y z z


− + − + −
=

− + − + −

   (1) 

where 
geo geo geo( , , )i i ix y z  and 

geo geo geo( , , )j j jx y z  are geo-locations 

of photograph i and j, respectively; 
0 0 0( , , )i i ix y z   and 

0 0 0( , , )j j jx y z   are the corresponding camera positions 

reconstructed in the query point cloud. 

To mitigate potential influence by GNSS positioning 

error or SfM reconstruction deviation, multiple pairs of 

different photographs are taken to calculate the ,i j

init  (e.g., 

the drone icons connected by dash lines in Fig 2. (a)). Their 

average is used as the final scaling factor (
init ) to initialize 

the point cloud by applying the corresponding 

transformation matrix 
iniScaleT  . Fig. 2 (b) shows the 

expected result of scale initialization. The query point cloud 

 
FIGURE 2  Schematic diagram illustrating the proposed bundle aerial photograph-to-BIM registration algorithm: (a) Initial state of the query and 

reference point clouds; (b) Scale initialization; (c) Coarse registration using geotags; (d) Interception to obtain the upper parts of point clouds; (e) 

Precise registration based on scalable ICP 
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after scale transformation is denoted by PCiniScale. 

3.2.3 Rough alignment based on geotags 

After scale initialization, the query point cloud is 

coarsely registered to the referenced BIM based on the 

geotags, as shown in Fig. 2 (b) and (c). The coarse 

registration follows the general idea mentioned in (Chen, et 

al., 2022b). That is, it iteratively uses a subset of pre-

determined coarse poses as base points to transform the 

query point cloud. The transformation resulting in the least 

root mean square error (RMSE) with the reference point 

cloud will be selected (see Fig. 2 (c)). A major difference, 

however, exists in terms of the form of the geotags, which 

is usually represented as a vector of position coordinates and 

Euler angles  geo geo geo geo geo geo, , , , ,i i i i i ix y z     , deviated 

from the 4×4 transformation matrix required: 

coar
1

i

i

i

 
=  
 

R 0
C

t

                (2) 

where i
R   and it   are, respectively, the rotation matrix 

and translation vector for image i. The values of it   is 

straightforward, which is 
geo geo geo[ , , ]i i i ix y z=t . The calculation 

of i
R  relies on a series of rotation around different axes of 

the BIM reference system. In initial status, the camera look-

at direction is in line with the Z axis of the BIM coordinate 

system in Fig. 3 (a). The camera is first rotated around the 

XBIM axis by -90°; then it is rotated around the Y1 axis by 

geo

i , i.e., the yaw angle; next, it is turned by 
geo

i , i.e., the 

pitch angle, around the X2 axis; finally, the camera is spined 

around the Z3 axis by 
geo

i , i.e., the roll angle, which will 

lead to its final status in Fig. 3 (e). By combining the series 

of rotation, the rotation matrix i
R   can be obtained. 

Suppose i
R  is represented by: 

11 12 13

21 22 23

31 32 33

=

i i i

i i i i

i i i

r r r

r r r

r r r

 
 
 
 
 

R
               (3) 

then, its elements are calculated as follows: 

11 geo geo geo geo geo

21 geo geo geo geo geo

31 geo geo

12 geo geo geo

22 geo geo geo

32 ge

sin sin sin cos cos

sin sin cos cos sin

sin cos

cos sin sin sin cos

cos sin cos sin sin

cos

i i i i i i

i i i i i i

i i i

i i i i

i i i i

i

r

r

r

r

r

r

    

    

 

    

    



= +

= −

=

= −

= +

= o geo

13 geo geo

23 geo geo

33 geo

cos

cos sin

cos cos

sin

i i

i i i

i i i

i i

r

r

r



 

 
















= −

 = −

 =

      (4) 

Let i0 denote the final selected camera pose for coarse 

alignment, and the adopted transformation matrix is 0

coar

i
T . 

Applying it to PCiniScale, the coarsely registered 0

coar

i
PC  

will be obatined.  

3.2.4 Precise alignment by scalable ICP 

The coarse alignment should have transformed the query 

point cloud to a position close enough for ICP to work 

properly (Bueno, et al., 2018). The ICP aims to search for 

an optimal transformation matrix that can transform the 

query point cloud to a state closest the reference model 

(Besl and McKay, 1992). However, classic ICP only 

considers rigid transformation, ignoring scale of the point 

cloud. Even though in the second step, the scale of the query 

point cloud has been initialized to a magnitude comparable 

to the reference model, there might still be a certain level of 

deviations. Therefore, an adaptive algorithm called scalable 

ICP is used for the precise registration.  

As shown by Fig. 2 (c), some irrelevant background 

objects (e.g., trees) may be captured in the query point cloud. 

To avoid negative effects of these background objects, only 

upper parts of the reference and query point clouds (see Fig. 

2 (d)) will be used for the refinement based on scalable ICP. 

The two partial point clouds are referred to as PCR-up and 

0

coar-up

i
PC  , respectively. The 0

coar-up

i
PC   is scaled by 

  , 

which is determined by: 

1  = +                 (5) 

where    is the unit increment of the scale, which is 

specified as 0.01.    is an integer, and belongs to 

lim lim[ , ] − . 
lim  is specified as 15 in this study.  

The scaling operation is expressed as transformation 

matrix 
Scale


T . Applying it to 0

coar-up

i
PC , the resulted point 

cloud 0 ,

coar-up

i
PC

   is further transformed by a rigid 

transformation matrix 
ICP

j
T  , leading to 0 , ,

coar-up

i j
PC

  . The 

objective of scalable ICP is to find the optimal    and j 

(corresponding to 
Scale


T   and 

ICP

j
T  , respectively) that 

minimize RSME between 0 , ,

coar-up

i j
PC

   and reference point 

cloud PCR-up. The optimal scaling and rigid transformation 

matrices will be used to process 0

coar

i
PC  , which will be 

refined to a pose well aligned with the reference model, as 

shown in Fig. 2 (e). 

Using the series of transformation matrices that register 

the original up-to-scale query point cloud to BIM, coarse 

camera poses of the aerial photographs can be rectified to a 

state with higher precision. This can be done by multiplying 

the camera pose in the query point cloud with the above 

obtained transformation matrices. 
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3.3 Material-aware defect detection guided by 

BIM semantics 

3.3.1 Material recognition using BIM semantics 

With the rectified camera poses after bundle registration, 

BIM views { }i

bim
I  that are closely in line with the aerial 

photographs are rendered, from which semantic properties 

of building elements can be retrieved. Fig. 4 (a) shows basic 

computer graphic rationale in rendering BIM. The BIM 

model in 3D space is rendered onto a 2D viewport by 

perspective projection, which can be used to determine the 

corresponding building elements and their semantic 

properties (e.g., material types) of any arbitrary pixels on 

the rendered view. This study uses the JavaScript functions 

provided by Autodesk Forge Viewer to retrieve element 

properties related to each pixel. Materials of the elements 

are of primary concern, as concrete is most likely to suffer 

from problems such as cracks and spalling. Table 1 list a 

taxonomy of typical materials in building exterior 

inspection. By traversing over all pixels on a rendered view 

(denoted by i

bim
I ), a semantic map in terms of material types 

(i.e., i

material
I ) can be obtained.  

As the rendered BIM view i

bim
I   is aligned with the 

corresponding aerial photograph 
iP , the obtained material 

semantic map i

material
I   can be used to extract ROI (i.e., 

pixels corresponding to concrete):  

ROI { 1}i i

material
= ==Mask I           (6) 

roi ROI

i i

i= P P Mask              (7) 

where { _ }i

material code num ==I   gives a binary matrix 

where the ROI is one, and the remaining region is zeros. The 

“code_num” is one of the material code numbers in Table 1. 

3.3.2 Material-aware defect detection 

Concrete defects are detected from the extracted ROI. To 

do so, various semantic segmentation models can be trained 

and fine-tuned on different datasets, depending on the level 

of detail needed and the types of defects to detect. This study 

only intends to distinguish defective concrete areas (cracks, 

spalling, etc.) from those in normal condition. Therefore, it 

does not go further to classify specific defect types. Fig. 5 

shows the rationale of material-aware defect detection using 

U-Net. The aerial photographs after ROI extraction are first 

divided into small patches of square shape. The patch size 

is determined based on resolution of the used aerial images, 

so as to ensure defects inside the patches can appear clearly. 

 
FIGURE 4  (a) Rationale of computer graphics rendering, which 

can be exploited to correlate element properties with pixels on the 

2D rendered view; (b) Back-projection of detected defects to the 

real world. 

 
FIGURE 3  Rotation process and Euler angles that represent the camera orientation 

 

TABLE 1  Material taxonomy for building exterior inspection 

Material Code Num.  Description Examples 

Background 0 Image areas outside the structure of interest Trees and vehicles 

Concrete 1 Building elements made of concrete Walls 

Steel 2 Building elements made of steel Fence 

Window 3 Windows of the structure of interest / 

Door 4 Doors of the structure of interest / 

Others 5 Other materials not considered above Pipelines  
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During division, patch coordinates on the original images 

are recorded for later re-assembling.  

The detection is implemented on a patch basis. Only 

patches containing concrete regions will be forwarded to the 

U-Net for prediction. Note that the patches may contain 

non-concrete regions, which will be treated as pixels with 

color values of (0, 0, 0) for the convenience of processing. 

This simplification can result in falsely detected defects 

between boundaries of the concrete and non-concrete 

regions. Therefore, output predicted by the network is 

multiplied by an eroded ROI mask to remove the FPs at the 

boundaries. After all patches of an image are processed, the 

prediction results are re-assembled according to their 

original pixel coordinates, which will give a predicted 

defect map of the original input. 

 The primary evaluation metric is intersection over 

union (IoU), while false discovery rate (FDR) and false 

negative rate (FNR) are also adopted. Pixels correctly 

identified as defects are referred to as true positives (TP). 

On the contrary, defect pixels fail to be recognized are false 

negatives (FN). The three metrics are defined as follows: 

IoU = TP/(TP+FP+FN), FDR = FP/(TP+FP), and FNR = 

FN/(TP+FN). 

3.4 Back-projection for defect reconstruction 

The detected defects on 2D images are back-projected to 

their actual 3D positions on building surface with the 

rectified camera poses. As shown in Fig. 4. (b), the precise 

camera pose obtained after bundle registration for image i is 

prec

i
C . Suppose the pixel coordinates of a point recognized 

as defects are 
def def( , )u v  . Then, the real-world 3D 

coordinates 
def def def( , , )x y z   of the defect point can be 

expressed as follows: 

T T

c def def prec def def def

c

1
[ , ,1, ] [ , , ,1]iz u v x y z

z
= KC      (8) 

where K is the camera intrinsic matrix, which can be 

obtained by Zhang’s calibration method (Zhang, 2000). zc is 

a scale factor representing how far the object is away from the 

camera. As zc is unknown, the following constraints are 

required to make the equation solvable: 

def

def surface

def cammin( ( , ))dist



 p

p

p p
           (9) 

where 
defp  is defect world coordinates 

def def def( , , )x y z , 

which should be on the exterior surface of the building 

(denoted by 
surface  ). 

def cam( , )dist p p   represents the 

distance between 
defp  and the camera position 

camp . 

Re-iterating the above back-projection to other defect 

pixels, a cloud of defect points (referred to as defect point cloud, 

DPC) in 3D world space will be obtained. 

4 IMPLEMENTATION 

As shown in Fig. 6, the proposed approach was 

evaluated with a 10-story residential building near the 

University of Hong Kong (HKU). The building occupies an 

area of around 26 m × 13 m, and is about 31 m tall. DJI 

Mavic Mini, a drone equipped with a 24 mm and 

4000×2250 resolution camera, was used to take 260 aerial 

photographs in the experiment scene. Positions of the 

collected photographs are shown in Fig. 6 (a). The used 

computation hardware is an OptiPlex 7080 computer with 

Intel(R) Core (TM) i7-10700 CPU and NVIDIA GeoForce 

RTX 2070 SUPER GPU. 

4.1 Results of bundle registration 

The collected aerial photographs were processed by 

BIM-assisted SfM to generate an as-is query point cloud of 

the building. Fig. 7 (a) to Fig. 7 (d) show BIM and the 

generated point clouds. Compared with the one generated 

by traditional SfM (Fig. 7 (b)), the BIM-assisted SfM 

provided a “purer” point cloud with few irrelevant objects 

presented (see Fig. 7 (c)). The point cloud was processed by 

the pre-processing algorithm in Section 3.2.1, which further 

removed noise from the cloud, as shown by Fig. 7 (d). 

 
FIGURE 5  Material-aware defect detection based on U-Net: only patches with concrete regions will be processed, and defect detected inside 

the non-concrete regions will be masked out 
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The bundle registration process is shown from Fig. 7 (e) 

to (j), wherein camera poses provided by the geotags and 

reconstructed by the SfM operations are highlighted in 

yellow and red, respectively. The deviation between the 

 
FIGURE 6  Experiment scene to evaluate the proposed approach: (a) Profile of the residential building and positions of the collected aerial 

photographs on Google Map; (b) Drone shot of the building 

 

 
FIGURE 7  Results of bundle registration : (a) BIM; (b) Point cloud (PC) generated by traditional SfM; (c) PC generated by BIM-assisted SfM; 

(d) Denoised PC; (e) Original status before registration; (f) Scale initialization; (g) Coarse registration; (h) Precise registration; (i) Errors of coarse 

registration; (j) Errors of precise registration  
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geotags and reconstructed cameras are visualized by white 

dash lines. Fig. 7 (e) intuitively demonstrates the up-to-scale 

nature of point cloud generated by SfM, which is barely 

visible compared with the real-scale reference point cloud. 

After scale initialization, the query point cloud was 

successfully resized to a scale comparable to the reference 

point cloud, as shown in Fig. 7 (f). Thereafter, geo-tagged 

information corresponding to the aerial photographs was 

used to register the two point clouds. As presented in Fig. 7 

(g), the reference and query point clouds are roughly aligned. 

However, significant deviation can still be observed if 

looking into details (Fig. 7 (i)). The deviation was finally 

rectified by the precise registration based on scalable ICP, 

as demonstrated in Fig. 7 (h) and (j), which considerably 

reduced the RMSE to around 500 mm. The transformation 

matrices during the bundle registration were used to rectify 

the camera poses of the aerial photographs, which lays the 

foundation for material-aware defect detection and 

geometry reconstruction. 

4.2 Results of semantic retrieval 

The aerial photographs were captured at various distance, 

from which only those with a distance close enough to the 

SOI should be considered. This is because defects on aerial 

photographs far away may appear too small to be detected. 

To automatically rule out “far-away” images, the method 

mentioned in Section 3.1 is applied to calculate the pixel 

proportion of SOI accounting for the entire image. Only 

those with a proportion higher than 60% are considered 

close enough to allow meaningful detection. After this 

screening operation, the remaining 57 images were used for 

the evaluation of semantic retrieval and defect detection. 

Fig. 8 shows some examples of the semantic retrieval 

results, which demonstrates a high level of alignment 

between the retrieved material semantics and the actual 

material types. The results were quantitatively evaluated 

with mean IoU (mIoU), which is frequently used for 

semantic segmentation evaluation in the computer science 

community. The value of mIoU ranges from zero to one, 

reflecting to which extent a collection of predicted semantic 

maps are in line with the ground-truths. The higher the 

mIoU, the better the alignment. To obtain the ground-truth 

semantic maps, the data samples were manually annotated 

according to the taxonomy specified in Table 1. As the class 

“steel” and “others” are extremely rare, we only considered 

the class of “background”, “concrete”, “window”, and 

“door” for evaluation.  

Table 2 presents the results of quantitative evaluation, 

which recorded a mIoU of 58.4%. Among the specific 

classes, the “background” and “concrete” show the highest 

performance (with mIoU of 76.3% and 81.2%, respectively). 

This is not surprising: as these two types of materials 

account for the largest proportion in the images, they are 

less sensitive to registration errors. The satisfactory 

performance (81.2%) in extracting “concrete” lays a solid 

foundation for subsequent concrete defect detection. As for 

“window” and “door”, their mIoU values (i.e., 29.0% and 

47.2%) are relatively low, which can be related to their 

comparatively small proportions on the images. Because of 

such small proportions, even subtle deviation of the 

recovered camera poses can lead to severe misalignment 

with the ground-truths. Another reason could be related to 

the deviation of the as-is building condition from the as- 

designed status due to renovation works.  

 
FIGURE 8  Examples of semantic retrieval results 

TABLE 2  Precision of the retrieved material semantic maps 

Material_gt* 
Num. of pixels predicted as … 

mIoU 
Background Concrete Window Door 

Background 109,332,775  11,207,066  1,057,796  203,333 76.3% 

Concrete  20,969,015 303,085,645 19,995,654 2,121,383 81.2% 

Window    306,236  12,031,603 13,769,443   43,844 29.0% 

Door    165,514   3,774,123   240,879 5,856,941 47.2% 

mIoU      58.4% 
* Ground-truth labels of materials 
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4.3 Results of defect detection 

The retrieved material semantic maps were used for the 

material-aware defect detection. A U-Net with VGG16 

backbone (Simonyan and Zisserman, 2014) trained on 

11,200 images (khanhha, 2020) is applied. The patch size is 

set as 250×250 pixels. Three groups of experiments were 

implemented: 

First, the U-Net (khanhha, 2020) was directly used to do 

inference without any finetuning on data collected from the 

experiment scene. The inference was on a patch basis, 

following the method in Section 3.3.2. The row #1 and #2 

in Table 3 compare the results with and without material 

awareness. It is evident that the material awareness, which 

is enabled by the semantics retrieved from BIM, can reduce 

FPs, resulting in a decrease of FDR from 88.2% to 80.8%. 

Even though this is accompanied by a growth of FNR (from 

59.2% to 64.7%), the degree of change is surpassed by that 

of the FPs, leading to a 4.1 % improvement of the overall 

IoU from 10.1% to 14.2%. The second column of Fig. 9 

demonstrates the differences vividly with three examples. 

Without using material semantics to filter out irrelevant 

non-concrete areas, noise in these areas (tree limbs, road 

curbs, other buildings, etc.) were mistaken as defects, 

impairing the performance. Meanwhile, if the material 

awareness is applied, the detection yielded much better 

results. Table 4 shows detailed composition of the FPs, 

wherein false alarms induced by different materials are 

quantified. The “steel” and “others” material types are not 

 
FIGURE 9  Defect detection results of three examples, where the first column on the left presents raw images and the corresponding ground-

truths obtained by manual annotation, and the three columns on the right are the predictions given by different experiment settings 
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considered because of their small proportion. It is observed 

that the application of material awareness can significantly 

reduce (if not totally remove) FPs raised by non-concrete 

regions. 

Second, the U-Net model without finetuning was used 

for image-based detection to investigate the influence of 

scale. Unlike the patch-based approach, the image-based 

detection directly inputs an entire aerial photograph to the 

defect prediction network. Unsurprisingly, the resulting IoU 

is low. As listed in row #3 and #4 in Table 3, no matter if the 

material awareness was used, the IoU is lower than 1%. The 

third column of Fig. 9 show corresponding results of the 

three examples, from which it is difficult to perceive 

meaningful information. The poor performance indicates 

the importance of scale consistency in defect detection (Li, 

et al., 2018; Tang and Chen, 2020). Particularly, aerial 

photographs are usually in large scale, wherein concrete 

defects, especially cracks, appear relatively small. However, 

most of existing defect detection models, including the one 

used in this study (khanhha, 2020), were trained with small-

scale images where the defects appear much larger. 

Therefore, when a model trained on small-scale images is 

used to process large-scale aerial photographs, the visual 

features of defects are overwhelmed by other more salient 

features, jeopardizing the overall performance. 

Third, the U-Net was finetuned with our data, and then 

applied in patch-based defect detection. Even though 

experiment #1 and #2 (see Table 3) have demonstrated the 

effectiveness of material-awareness in reducing FPs, the 

level of decrease appears rather mild, and the overall IoU is 

relatively low. This group of experiments aim to explore if 

the performance can be improved by model finetuning. A 

dataset of the residential building with defect labels was 

prepared for the finetune. The dataset contains a total of 

3,176 patches with size 250×250. The number of epochs 

was set to 15, and the learning rate and batch size were 0.001 

and 4, respectively. The fourth column of Fig. 9 show defect 

detection results by the finetuned model. As listed in Table 

3, compared with the original model (row #1 and #2), the 

finetuned model (row #5 and #6) has resulted in significant 

improvements concerning all metrics of interest (IoU, FDR, 

and FNR). Using the finetuned model, the FDR is 14% 

lower when the material awareness was applied, 

plummeting to 56.8%. This improves the IoU from 23.9% 

to 30.3%. The drastic improvement can be partially 

explained by the change of the FP composition. As shown 

in Table 4, the proportion of FPs raised from the background 

and the concrete, respectively, increase and decrease when 

the finetuned model was used (row #6 compared to row #2). 

As in theory our method can only remove FPs from non-

concrete regions such as background, a higher proportion of 

FPs induced by the background naturally led to a more 

considerable level of reduction concerning FDR (14% as 

compared to 7.4%). 

4.4 Results of defect reconstruction 

The 3D positions and geometries of the detected defects 

are calculated in this section. The 3D reconstruction was 

performed with the best defect detection results (i.e., 

experiment #5 in Table 3). To reduce computation 

complexity, the back-projection was implemented every 

five pixels, which resulted in a DPC of 50,772 points. 

As shown in Fig. 10, the generated DPC was visualized in 

BIM and compared with the ground-truth defects manually 

annotated by humans. Autodesk Forge Viewer was used to 

publish BIM with a light-weight format that can be browsed 

online. Then the particle system of Three.js (Leefsma, 2017) 

was used to load the 3D defect points into the Web-end BIM 

viewer. It is found that most of the defects observed in the real 

images have been successfully reconstructed in the BIM model. 

TABLE 3  Performance evaluation of material-aware defect detection 

exp_ID If_finetune 1 Scale 2 Mat-aware 3 IoU FDR FNR 

#1 N Patch based Y 14.2% 80.8% 64.7% 

#2   N 10.1% 88.2% 59.2% 

#3 N Image based Y  1.3% 97.5% 97.4% 

#4   N  0.9% 98.7% 97.2% 

#5 Y Patch based Y 30.3% 56.8% 49.7% 

#6   N 23.9% 70.8% 42.9 

1. Whether the defect detection model has been finetuned on our dataset, where Y and N stand for “yes” and “no”, respectively 

2. Scale of the data used for defect detection, where “patch-based” and “image based”, respectively, mean separate patches and entire images are input to the network 

3. Whether the material awareness is applied, where Y and N stand for “yes” and “no”, respectively 

 

TABLE 4  Composition analysis of FPs in different experiements 

exp_ID 1 Total of FP pixels 
Background Door Window Concrete 

Num. 2 Per. 3 Num. Per. Num. Per. Num. Per. 

#1  6,792,897   173,108  2.5%  9,091 0.1% 211,331 0.3% 6,221,739 91.6% 

#2 13,821,749 3,393,167 24.5% 44,798 0.3% 665,875 4.8% 9,203,133 66.6% 

#5  3,009,831   73,584  2.4%  1,608 0.1%  59,945 2.0% 2,824,945 93.9% 

#6  6,302,507 1,976,302 31.4%  4,295 0.1% 252,167 4.0% 3,933,034 62.4% 

1. The experimenta ID corresponds to the exp_ID in Table 3 

2. Number of pixels 

3. Accounting proportion 
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For example, there is a lengthy crack (i.e., defect #2) right 

above the glass sliding door in Fig. 10 (a), which has been 

correctly identified and reconstructed in BIM. Similarly, 3D 

geometry of defects #1, #3, #4, #5, #6, #7 were properly 

recovered as well. For defects #8 and #9 in the real image in 

Fig. 10 (c), counterparts with similar geometry can also be 

found at correct positions in the BIM model. The analysis 

demonstrates the effectiveness of the proposed approach in 

reconstructing 3D geometry of concrete defects. 

5 DISCUSSION  

5.1 BIM as an enabler for defect detection and 

reconstruction  

This study proposes a bundle 3D registration approach 

to aligning a sequence of aerial photographs with BIM of 

the inspection target. The precise alignment allows the 

retrieval of both semantic and geometric information from 

BIM, enabling defect detection and reconstruction from 

three aspects: 

First, it enables rectification of the aerial photograph 

geo-tagged information, which is crucial for subsequent 

defect detection and reconstruction. The geotags of aerial 

photographs are subject to severe deviation due to GNSS 

positioning errors and external interference (occlusion, 

magnetic field disturbance, etc). As shown in Fig. 11 (a), 

direct registration based on the original geotags has led to 

dramatic misalignment, with registration RMSE ranging 

from 2,139 mm to 7,377 mm. After applying our bundle 

registration approach, the RMSE drops sharply to 535 mm, 

as shown in Fig. 11 (b). The transformations throughout the 

registration process were used to rectify the geotagged 

information, resulting in camera poses with higher precision, 

e.g., the “DJI_0408” in Fig. 11. 

Second, it enables material-aware defect detection, and thus 

boosts detection performance by alleviating FPs raised by 

irrelevant image regions. With rectified camera poses after the 

bundle registration, material semantics (concrete, steel, 

background, etc.) corresponding to each pixel on the aerial 

photographs can be extracted from BIM. Such awareness of the 

material semantics is used to confine detection within areas that 

are prone to defects, significantly reducing the chances of FPs. 

In our experiments, the FDR before and after applying the 

material awareness is 70.8% and 56.8%, respectively. The 

results indicate that the BIM-enabled material-aware defect 

detection can effectively reduce FPs by up to 14.0%. As FP is 

one major issue encountered by defect detection (Hsieh and 

Tsai, 2020), reducing the occurrence of FP improves the 

overall performance. 

Third, it enables defect reconstruction, thus associating the 

detected defects with their physical entities in the real world. 

BIM contains all necessary geometric information to represent 

the overall profile of its physical counterpart. With the rectified 

camera poses at hand, the detected defects on aerial 

photographs can then be back-projected to 3D points on the 

surface of BIM. A large set of the 3D points then forms a defect 

point cloud, which conveys enormous information of the 

defects concerning their 3D positions, scale, dimensions and 

geometry in the real world. This new stream of data is 

significant. In a practical sense, it will facilitate follow-up 

 
FIGURE 10  Visualization of the reconstructed defects in BIM (left column), a comparison with the ground-truths (middle column), and the raw 

aerial photographs (right column) 
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engineering practices such as maintenance and renovation. 

From a theoretical point of view, it will enable future defect 

modeling research using open data standards such as IFC.   

5.2 Erroneous cases and source analysis 

Despite the promise of the proposed approach, there are 

some worth-mentioning erroneous cases. This section 

discusses typical errors encountered during the experiments. 

Sources of the errors are analyzed, and possible solutions 

are provided. 

5.2.1 Errors of defect detection 

The errors of defect detection can be divided into two 

major categories, i.e., FPs and FNs. Fig. 12 shows typical 

defect detection errors resulting from different sources. One 

source of FPs is the deviation or even failure of the 

registration. As depicted by Fig. 12 (a), it can be observed 

from the right-hand column that the aerial photographs have 

not been well registered with the BIM model, leading to a 

significant deviation of the retrieved material semantics. As 

the material-aware detection is guided by the retrieved 

semantics, the deviation means that certain image 

background areas will be mis-recognized as “concrete”. 

This subsequently leads to many FPs induced by irrelevant 

objects (e.g., vegetation, and road curbs), as shown in the 

left column of Fig. 12 (a). The main cause of the registration 

deviation is the incorrect camera poses recovered during the 

SfM. To avoid such errors, future research is suggested to 

ensure sufficient overlap between the captured aerial 

photographs, which is an important prerequisite for precise 

SfM.  

Another source of FPs is the numerous foreground 

objects on the surface of the building. On the rooftop, there 

are abandoned furniture, pot plants, and many other gadgets. 

Around the building façade, there are pipelines, air-

conditioning chassis, and some steel frames. Our approach 

can only retrieve semantics of as-design objects such as 

windows and doors. For these foreground objects that are 

not modeled in BIM, our approach fails to exclude them 

from defect detection. The presence of foreground objects 

confuses the detection model, which then resulted in many 

FPs, as shown by the left column of Fig. 12 (b). A way to 

address the issue is to further train the defect detection 

model, improving its robustness against foreground noise. 

This, to some extents, has been proved by our experiments, 

which showed that the model finetuned on our dataset 

yielded less FPs (right column of Fig. 12 (b)) than the 

original one. At the meantime, devising tailor-made deep 

learning structures for defect detection can also be expected 

to improve the performance. Another possible way may be 

the use of an up-to-date as-is BIM. With the rapid 

development of digital twin technology, it might not be too 

difficult to obtain such an as-is BIM in the near future. 

Using it as the registration target, image regions 

corresponding to the irrelevant foreground objects can be 

recognized and then excluded.  

The defect detection results also include some FN errors. 

The images on the left of Fig. 12 (b) show examples of these 

FNs, which may be attributed to the insufficient 

generalizability of the model. The pretrained crack 

segmentation model (khanhha, 2020) is not readily 

generalizable to sophisticated defect types (e.g., spalling 

and stains) in the experiment scene. Further finetune of the 

model with data in context can mitigate the problem, as 

shown in the right column of Fig. 12 (b). 

5.2.2 Errors of defect reconstruction 

The errors of defect reconstruction reflect the extent to 

which the estimated defect position/geometry is deviated 

from the ground-truth. As it is difficult to directly measure 

the actual defect position/geometry, an indirect manner is 

used. That is, we incrementally increase the number of 

aerial images involved in the reconstruction by k times. 

Some of the aerial images are mutually overlapped, and 

depict the same defects. The number of these overlapped 

images increases with the growth of k. If there are errors in 

the reconstructed defect geometry, then the back-projected 

point clouds of the same defects will deviate from each other. 

To an extent, this deviation reflects the errors of defect 

reconstruction. 

Fig. 13 shows the results of defect reconstruction with 

different number of involving aerial images. With the growth 

of k, the recovered defect points become denser and denser, and 

present more chaotic patterns. This, in part, is due to the fact 

 

 
FIGURE 11  Level of alignment with BIM showing (a) the deviation of original geotags and (b) the improvement after bundle registration 
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that more images used in the reconstruction mean more FPs 

will be recovered as 3D points. Another reason is the 

aforementioned reconstruction errors — because of such errors, 

the same defects on different images will not be projected to 

the exact same positions, but scatter around their ground-truth 

positions. To have a quantitative understanding, the defect 

above the sliding door at the 10th floor is used as the 

investigation object, as shown in the oval bubbles of Fig. 13. 

When k = 1, there is only one line of defect points. With the 

increase of k, more and more lines appear in parallel. The 

distribution ranges of the lines along vertical direction are 0.2 

m and 0.3 m, respectively, for k = 2 and k = 3. The ground-truth 

position is likely to be in the middle, and therefore the defect 

reconstruction error is approximately 0.1 m to 0.15 m. 

The defect reconstruction error may come from two 

sources. On the one hand, there may be deviation of camera 

poses recovered by the SfM. Our bundle registration approach 

can only rectify all the cameras as a whole, but cannot fix the 

camera poses relative to each other. This relative pose deviation 

has led to errors in defect reconstruction. On the other hand, the 

registration itself has not resulted in perfect alignment. As 

shown in Fig. 7 (j), the RMSE after registration is 535 mm, 

indicating a certain level of misalignment, which contributes to 

the reconstruction errors as well. 

5.3 Implications and future research 

directions 

This study reveals several potential directions for future 

studies, which are illustrated as follows: 

(1) Cross-scenario/scale generalizability of defect 

detection models. In this research, a crack segmentation 

model trained on other datasets was first applied, which 

records a relatively low IoU (i.e., 14.2%) compared with the 

IoU of 46.9% obtained on the original dataset. The 

performance degradation implies how difficult it is to 

directly transfer a model trained with data from one scenario 

to another. In addition, a plummet of performance (from 

14.2% to 1.3%) was also observed when model input was 

switched from small-scale patches to large-scale images. 

The model deficiency to generalize to unseen scenarios and 

scales indicates the importance of open sharing of defect 

datasets, which will facilitate continuous improvement of 

the generalizability and robustness of defect detection 

models. This argument is supported by our experiments 

where the IoU was improved to 30.3% if the model was 

finetuned with data collected from the application scene. 

(2) Enriching the defect point clouds with semantics. 

The detection model, in its current form, only distinguishes 

the abnormal regions with defects from the normal regions. 

In the future, more advanced semantic segmentation models 

can be trained to distinguish specific categories of defects 

 
FIGURE 12  Source analysis for defect detection errors: (a) FPs 

induced by registration deviation; (b) FPs and FNs given by the 

original (left) and finetuned (right) models 

 

 
FIGURE 13  Analysis of defect reconstruction errors by using k times of the original number of images in back-projection: (a) k = 1; (b) k = 2; 

(c) k = 3 
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(e.g., cracks, spalling, and stains). Such categorical 

information can then be related to the reconstructed DPC, 

enriching them with useful semantics.  

(3) Clustering the defect point clouds into defect 

instances. The DPC obtained by our approach represents a 

new data stream that can potentially enable defect clustering 

or modeling. An analogy is the point cloud data of building 

facilities (Wu et al., 2021), which, in its original status, does 

not convey too much meanings. However, after certain 

processing, the points can be clustered into components 

such as walls, columns, and slabs. Similarly, the defect point 

clouds can be clustered into individual instances with 

specific geometry and semantic meanings. 

(4) Defect information modeling with universal data 

formats. One step further after defect instance clustering 

might be modeling the defects with universal formats such 

as IFC. Many studies have explored the modeling of defect 

information with the IFC (Artus and Koch, 2020; Hüthwohl 

et al., 2018; Isailović, et al., 2020), which, however, are 

mainly confined to manual processing of the defect data. 

Our defect detection and reconstruction approach based on 

UAV demonstrates promising potential to streamline the 

entire workflow by automation. 

6 CONCLUSIONS 

The catastrophic outcome of building failure underlines 

the importance of proactive maintenance, which relies on 

timely awareness of concrete defects. Numerous vision-

based methods have been developed to apply UAV and 

artificial intelligence for defect detection. However, further 

deployment of these methods suffers from two challenges: 

(a) the plaguing false positive issue and (b) the absence of 

3D information of the defects to guide maintenance work. 

As an attempt to address the challenges, this study proposes 

a novel bundle aerial photograph-to-BIM registration 

approach for defect detection and reconstruction. The 

approach aligns a batch of geotagged aerial photographs 

with BIM, from which material semantics is retrieved to 

identify potential defective areas. The material awareness 

significantly reduced the false discovery rate from 70.8% to 

56.8%, resulting in an IoU 6.4% higher than that of the 

traditional method. The registration effectively rectifies 

camera poses corresponding to the aerial photographs, 

allowing defect 3D reconstruction with a deviation ranging 

from 0.1 m to 0.15 m. The reconstructed defects are in a 

form of 3D point clouds, which provides a new stream of 

data for defect information modeling with open data 

standards such as IFC. The approach can be deployed at 

scale to enable urban renewal and structure numerical 

simulation.  
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