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Abstract— Quality assessment during postconstruction of
buildings is an indispensable procedure in construction industry.
This paper describes the design and development of a
quality inspection and assessment robot (QuicaBot) that can
autonomously scan the entire room using cameras and laser
scanners to pick up building defects, such as hollowness, crack,
evenness, alignments, and inclination. A robotic system consisting
of four types of sensors and a mobile platform as well as the
corresponding five types of assessment algorithms is proposed.
To the best of our knowledge, this paper is the first attempt
to have a complete robotic system for postconstruction quality
assessment of buildings. The aim of the developed system is
twofold: first, to systematize the manual inspection work through
automation resulting in more reliable and objective inspection
reports, and then, to speed up the inspection process resulting in
a more efficient end product. Based on our experimental on-site
tests, the developed novel robot takes only half of the manual
inspection time when inspecting the same room. We have also
observed that the autonomous assessment results have better
inspection accuracy when compared to manual assessments. Last
but not least, the results provided by QuicaBot have more
consistent measurement accuracy when compared to a manual
assessor. Motivated by the initial successful on-site tests and as
being a practical mechatronic system illustrating how sensing,
sensor fusion, and actuation can be integrated to achieve an
intelligent system for building defects assessment, we believe that
the QuicaBot-like robots are going to become an integral part of
construction industry in the near future.
Note to Practitioners—This robotic system has the capability of
simultaneously assessing five types of defects occupying 80% of
the total common defects for the construction quality assessment.
It can be used in assessing a building quality during and after
the construction process, which can assist the constructors to
construct a building with high quality. This proposed system
significantly decreases the assessment time and increases the
assessment accuracy and consistency. In fact, this system is developed with the main purpose of applying in practical construction
automation-related engineering applications.
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I. I NTRODUCTION

P

OSTCONSTRUCTION quality assessment of buildings
is an indispensable procedure in construction industry
which is currently executed by the manual inspectors.
According to the building and construction authority (BCA) of
Singapore [1], which is responsible for manual assessment
of all the buildings in Singapore, in a standard daily quality
inspection operation, at least two inspectors, one for using
the manual assessment tools and the other is for preparing
reports, are needed to complete the manual operation. Such
a manual assessment procedure may import several errors
into inspection because of executing the operation in incorrect
way or the use of inaccurate inspection tools. What is more,
the manual inspector may get tired after some time and
the inspection accuracy may decrease over time. Last but
not least, in most of the time, manual inspection has to
be done during daytime. Considering this time-consuming,
tiresome, and unexciting procedure [1], and motivated by
huge market requirement of construction robots referring to
UNESCO Science Report [2] and World Economic Forum,
we propose an automated postconstruction quality assessment
robotic system consisting of a mobile robot, a 2-D laser
scanner, a color camera, a thermal camera with heater, and an
inclinometer. Although there are many other defects, which are
being inspected by manual inspectors in today’s technology,
we consider only the following five defects for the designed
robot in this paper.
A. Hollowness
Hollowness problems, which can possibly lead to a broken
tile because of nonuniform stress on it, may be seen under
wall or floor tiles due to improper workmanship of the use
of wrong adhesives between the surface and tile. In the
current manual assessment procedure, an inspector needs to
drag a metal rod on the assessed tiles inch by inch while
maintaining a full contact. Hollowness defects can be detected
by distinguishing the sound difference generated by a tile with
and without hollowness. With the recent developments on its
technology, infrared thermography [3], [4] has been validated
for its successful assessment of hollow defects. Motivated
by its successful applications, a thermal camera is used to
capture a thermal image after heating the assessed environment
for a short time. Because the temperature of the tile with
hollow defect is higher than that of without defect, an image
processing algorithm is proposed to extract the hollow features
from the captured thermal image.
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B. Crack

D. Alignment

The second type of defect considered for quality inspection and assessment robot (QuicaBot) is cracks on walls,
ceiling, or floor. Conventionally, inspectors need long time to
visually check the whole room. For autonomous crack assessment, a number of different algorithms have been proposed
for specific environments, such as subway tunnel [5], flexible
pavement surfaces [6], bridge decks [7], and underwater
dam cracks [8]. Especially in [9] and [10], an autonomous
robotic system with nondestructive evaluation (NDE) sensors
has been proposed for outdoor bridge deck inspection. The
NDE technologies of the robotic system mainly focus on
four types of defects, including cracks, delamination, concrete
elastic modulus, and corrosion of the bridge deck, which
are quite different from the listed defects in this paper.
They have proposed a crack detection method [10], [11] by
using the Laplacian of Gaussian algorithm, which requires
far fewer arithmetic operations. Comparing with these normal
image processing methods, many learning methods for crack
training, such as support vector machine [12], artificial neural
network [13], and deep learning method [14], have been
developed to have more robust classification results. In these
learning methods, support vector data description (SVDD) has
been validated as an efficient and accurate one-class feature
classifier [15]. To inspect cracks on lime walls, floor tiles,
and ceiling of a newly constructed building, a standard color
camera is mounted on a pan-tilt device to cover a larger
assessment area and a crack detection algorithm based on
SVDD is proposed to extract and classify the cracks from
these images.

The fourth defect addressed in this investigation is whether
any two walls meet at right angles (a right angle is an angle
with a measurement of 90°) that correspond to the alignment
problem. Traditional alignment assessment of walls is done
by checking the gap distance between one of two edges of a
set square and a wall when the other edge is tightly contacted
with the second wall. Beyond doubt, measurement error is
imported into the operation during the assessment process,
because it is a challenging task for inspectors to accurately
keep the set square horizontal. In this investigation, the novel
robotic system also proposes an assessment methodology that
can give the angle between two walls accurately. To calculate
this angle, a number of plane extraction methods are proposed
in literature [20] in order to extract a plane from sensor data.
However, because the line segments are extracted from sensor
data in the assessment process of evenness, a novel plane
extraction and filter method is proposed to constitute planes
from the line segments extracted from the scans at different
translation heights or different tilt angles.

C. Evenness
The third type of defect conducted in this research is
evenness of floor and walls. A spirit level is generally used in
a manual inspection procedure to indicate whether the surface
is perfectly horizontal (for the case of ground) or vertical (for
the case of walls) which corresponds to an evenness problem.
Even for a single room, this task is time consuming for manual
inspections. What is more, the manual inspector may even
need to move a ladder or any lifting device many times to
assess the upper parts of a wall. To automatically assess the
evenness of a wall or a ground, a 2-D SICK laser scanner
is selected for the robotic system designed in this paper
because of its high measurement accuracy. This laser scanner
is mounted on a rotating mechanism, which is used to cover the
whole area of the ground, the wall, and the ceiling in a single
room unit. After obtaining a 2-D scan, evenness is assessed by
checking the deviation of the extracted line segments, which
have been mostly used to build a 2-D environment map and
localize a mobile robot [16]. Different from the tradition line
extraction methods, a novel method based on the summing
parameters [17] is proposed to not only extract the correct line
segments from raw sensor data but also derive the geometrical
parameters of a 3-D line segment. In addition, this rotated
2-D laser scanner can also be used to approximately express
the 3-D model of the test site [18], [19] after the whole
assessment procedure.

E. Inclination
The last defect addressed in this paper is the ground
inclination, which is carried out by observing the liquid
column inclination of the spirit level in the manual inspection.
Another method is the use of strain sensors with Fourier
series representation to estimate ground inclination [21]. In this
investigation, an inclinometer from POSITAL is used to assess
the ground inclination.
The main contributions of this paper are not only the previously described sensor selection strategy and the proposed
assessment algorithms for the five aforementioned defects
but also the customized design of the mechatronic system,
consisting of the necessary mechanical mechanisms as well as
the electrical system, for reaching the corresponding assessment requirements. To the best of our knowledge, this robotic
system is the first attempt to have a fully autonomous inspection system for the postconstruction quality assessment of
buildings. To validate the theoretical claims motivated from
practical problems, a customized test bed containing all the
five types of defects is constructed to verify both the measuring
precision of the sensors and the robustness of the proposed
novel assessment robot. By testing the robot system at both this
constructed test bed and a standard assessment room provided
by a government construction authority of Singapore, these
experimental results show that the assessment accuracy with
this proposed robot system is beyond the assessment standard
of manual assessment. Compared with the assessment time
of two inspectors, this robot takes only half of the manual
assessment time to complete the whole assessment procedures
if the same room is assessed. In addition, an assessment
report with exact defects location is immediately generated
once the assessment is done, which is more convenient than
manual assessment, because the inspectors need to upload the
assessment results manually after their assessment.
Paper Organization: The rest of this paper is organized
as follows. The system description, including a comparison
of traditional assessment tools and automated assessment
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be tightly contacted with a wall. While the corner must be
located on the intersection points of two walls, the maximum
gap between the second edge with a length of 300 mm and
the second wall must be smaller than 4 mm. A gap bigger than
this threshold value is considered as poor alignment quality.
In a manual assessment, it might be quite difficult to keep
the set square horizontal for the inspector according to the
feedback of BCA of Singapore [1], in particular after long
working hours.
B. QuicaBot Sensors

Fig. 1.
Manual inspection tools and their corresponding automated
assessment sensors for QuicaBot.

sensors, mechanical design, and system control, is introduced
in Section II. The assessment algorithms for the five types of
defects are presented in Section III. The experimental results in
both constructed test bed and construction quality assessment
system (CONQUAS) room are given in Section IV. Finally,
some conclusions are drawn from this paper in Section V.
II. S YSTEM D ESCRIPTION
A. Manual Inspection Tools
In manual assessment, it is very critical not only to choose
the correct assessment tools but also to have experienced and
well-trained inspectors to guarantee the assessment quality of a
building. The importance of having an experienced inspector
is that the inspector can recognize the cracks on walls and
grounds without using any tools by only using their eyes.
For the manual inspection of the five aforementioned defects,
an inspector needs to use some manual assessment tools,
as shown in Fig. 1. Hollowness of ground and walls is
assessed by using a metal rod that is generally around 1 m
long. As explained earlier, in the current manual assessment
procedure, an inspector needs to drag a metal rod on the
assessed tiles inch by inch while maintaining a full contact,
and the friction between the rod and its contacting object
will generate different sound characteristics. Since the sound
is different for the ground or wall with and without hollow,
inspectors have to distinguish the difference. According to the
feedback of BCA of Singapore [1], this procedure might cause
an incorrect assessment result after a long assessment time.
Evenness of ground and walls is assessed by using a 1.2-m
spirit level according to the CONQUAS standards [22]
formulated by BCA of Singapore. The maximum gap between
the spirit level and assessed ground or wall must not be larger
than 3 mm; otherwise, it is considered as an uneven object.
The spirit level can also be used to assess ground inclination.
Alignment assessment is done by using a set square that must
always be kept horizontally, and one of its two edges must

The selected sensors for QuicaBot are shown in Fig. 1, i.e., a
thermal camera, a color camera, a 2-D laser scanner, and an
inclinometer. The field of view for the FLIR thermal camera is
25 × 18.8° and its capture frequency is approximately 30 Hz.
This thermal camera is used to capture the thermal images after
heating the assessed environment for a short time by using a
heater. The dimension of a captured thermal image is 2 m×2 m
when this thermal camera is 2 m far away from an assessed
wall or floor. Based on the thermal images, the hollow defects
can be extracted to assess the hollowness quality. For crack
assessment, a standard color camera with a high resolution of
2048×2048 pixels is selected to capture the color images. The
calibrations for both the thermal camera and color camera are
not necessary while having different thickness of walls in a test
room, because only the temperature difference for the titles and
the surface images is needed for the hollowness assessment
and crack assessment, respectively. In addition, a fixed distance
between robotic system and assessed objects is always kept
during the whole assessment process, the size of a detected
hollow defect or crack defect can be roughly approximated
based on this distance and the corresponding parameters of
field of view for these two cameras.
A SICK LMS500 laser scanner is selected to assess ground
and wall evenness as well as the alignment of walls. This
laser scanner has a scanning range of 190° and a maximum
measurement distance of 80 m with a maximum measurement
error of 6 mm. Based on the instruction manual and our
real tests, the laser beam with shorter measurement distance
definitely has smaller errors. According to our assessment
environment and assessment principles, this laser scanner is
accurate enough for both the alignment assessment and the
evenness assessment. In our following set of experiments,
we choose the angular resolution of 0.3° with the working
frequency of 50 Hz. In addition, ground inclination angle
also needs to be inspected especially in wet areas. Having a
correct inclination angle is the basic condition to disembogue
water to the sewage system. In the proposed robotic system,
an inclinometer is used to measure the ground inclination
angle that can simultaneously obtain the inclination angles in
both X- and Y -axes. This inclinometer has a measurement
resolution of 0.001° and measurement accuracy of 0.01° with
the measurement range of 8°.
C. Mechanical Design
To enlarge the measurement range of the thermal camera
and color camera, two motors are used to design a pan-tilt
mechanism, as shown in Fig. 2(a). The rotation range of this
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Fig. 2.
Designed mechanisms for QuicaBot. (a) 3-D model design for
the whole movable trolley. (b) QuicaBot without cover (left) and with
cover (right).

mechanism is from −90° to +90° in horizontal direction and
from −60° to +60° in vertical direction. To keep the balance
of the cameras when they are not stationary, a fabricated shaft
is installed at one end and a gear box is installed at the other
end. The two motors are controlled to rotate slowly to avoid
jerking and blurry images. Furthermore, these two cameras
move simultaneously, because they are mounted on the same
mechanism.
It is to be noted that a 2-D laser scanner can collect only
the 2-D information of an object unless there exists a movement mechanism. To assess ground and walls in 3-D, a 2-D
laser scanner must be able to translate and tilt. Such a requirement leads us to design the mechanisms shown in Fig. 2(a),
in which the two motors are mounted onto the base to realize
the translational and rotational movements. One motor is used
to drive a linear actuator moving up and down about 400 mm.
Two limit switches are installed to stop the linear actuator
when it moves to the two limit positions. Based on the
translation of the linear actuator, two parallel scans can be
obtained from the scanned objects. The extracted planes from
these two scans can be used to assess hollowness defects.
Meanwhile, the second motor is used to tilt the laser scanner
that enlarges the measurement range for both ground and
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walls. An absolute encoder is installed to get the exact rotation
angle during its movement. This angle is important to initialize
the pose of the laser scanner. One additional function with this
angle is that this 2-D laser scanner can be used to construct a
3-D model with continuous tilt movements.
In Fig. 2(a), a movable trolley with four wheels is also
designed to carry all the sensors, industrial PC, batteries,
mechanisms, and other hardware. Such a design also functions
to make the connections to the mobile robot. To avoid vibration
during its movements, appropriate dampers are installed on
each wheel. The thermal camera, color camera, and laser
scanner are mounted on the two sides of the linear actuator
to keep the balance of the overall system. A heater with the
power consumption of 3 kW/h is mounted on the back of
the trolley with a linkage mechanism that allows the heater to
turn left, right, tilt up, tilt down, and move backward. It can be
used to alter the heating direction for different environments.
To provide electrical energy to the sensors and the industrial
PC, a battery with a charge capacity of 4.5 kWh and a
converter are mounted on the top of the trolley. This battery
can support this whole system for 12 h, while around 70% of
its electricity was consumed in many experimental tests. The
industrial PC and data acquisition devices are mounted on the
left and the right sides, respectively.
The real fabricated robot is shown in Fig. 2(b), where the
trolley and mobile robot are connected at both the back part
and the front part. A differentially driven AXON mobile robot
is used to drive this whole system, and a MXE-5400 industrial
PC equipped with a fourth generation i7 quad-core processor,
a 256-GB SATA-III SSD, a 16-GB memory card, and an
Ubuntu operating system is selected to integrate all the hardware as well as control the mechanisms. A HOKUYO URG
04LX laser scanner installed on the top of the long rod
of the mobile robot is used to simultaneously localize the
robot and construct a 2-D map of the environment. Multiple
sonar sensors installed in the middle of the rod are used to
avoid obstacles during the movement. A small mechanism is
designed to connect the front part of the trolley and the rod
for reducing the waggle of the rod. Finally, the robotic system
with its fabricated cover is shown in the right.
D. Control Framework
In addition to the aforementioned sensors, motors, and
designed mechanisms, a logical control framework is necessary to effectively coordinate the movements of the mechanisms and systematically realize the five types of assessments
in an autonomous manner. A flowchart for the control of
the system is shown in Fig. 3 which describes the detailed
assessment process at a fixed location. When this robot is put
in a test room, the environment map is first constructed for
system localization and navigation. Detailed descriptions of
mapping, localization, and motion planning methods adopted
for automatic assessment are discussed in Section IV. In the
beginning of a whole assessment process, the walls need to be
heated around 1 m to generate the temperature difference if the
thickness of a tile is more than 10 mm. Then, the assessment
process begins and it repeats at every location to cover the
whole environment.
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Algorithm 1 Hollowness Assessment Algorithm
input : a thermal image T
output: percentage of all the hollowness areas
1 Blur I mgae ← blur (T );
2 Max Red ← Fi nd Max RG B(Blur I mage);
3 for i-th row in Blur I mage do
4
for j-th column in Blur I mage do
5
if Blur I mage(i, j ) < (Max Red − thr eshold)
then
6
Blur I mage(i, j ).Set W hi te();
7
else
8
Blur I mage(i, j ).ReduceContr ast;
9
end
10
end
11 end
12 Blur I mage.bor der.Set W hi te();
13 Blur I mage.T op H at ();
14 Gr ey I mage ← Color T oGr ey(Blur I mage);
15 NewBlur I mage ← blur (Gr ey I mage);
16 Contour Set ← Contour E xtr acti on(NewBlur I mage);
17 H ollow Ar ea = 0.0;
18 for i-th contour in Contour Set do
19
if
Contour Set[i ].i sclosed()&&Contour Set[i ].si ze() >
Li m Num then
20
T. plot (Contour Set[i ]);
21
H ollow Ar ea+ = Contour Set[i ].ar ea();
22
end
23 end
Fig. 3.

Flowchart of the proposed system.

At each location, two parallel threads in the control framework simultaneously begin, one for controlling the motors and
cameras for the hollowness assessment and crack assessment
and the other for controlling the motors and the laser scanner
for the alignment assessment and evenness assessment. In the
first thread, both the thermal camera and color camera capture
25 images in different heading directions with two loops.
In the second thread, four 2-D scans are obtained to assess the
alignment of the two walls twice. When the alignment assessment is completed, the laser scanner rotates to an initialization
angle and begins the scanning for evenness assessment. The
movement style of the laser scanner adopts a scan-rotate-stop
strategy. It means that the number of the scanning sampling
can be justified for different sizes of the testing environment.
The inclination assessment begins when both of the two
threads are completed. Once the whole assessment procedure
is completed, the robot navigates to the next location and
repeats the same assessment procedure until the whole room
is covered. During this process, the raw image and raw sensor
data are processed with corresponding algorithms which are
discussed in Section III.
III. A SSESSMENT A LGORITHMS
A. Hollowness Assessment
After heating, temperature distribution characteristics on
tiles are significantly different with and without hollow
defects. Therefore, captured thermal images can be used to

extract the hollowness feature. In Algorithm 1, the pseudocode
of the proposed hollowness assessment algorithms is
presented. Some sample images from the algorithm can be
seen in Fig. 4(a). The original image is shown in Fig. 4(a-i),
where the maximum red value of the image is obtained
due to the fact that the red represents the high temperature.
After blurring the image, the pixels with lower temperature
are set as white and the contrast of the remaining pixels is
reduced, as in Fig. 4(a-ii). Here, thr eshold is used to limit the
temperature difference, which is obtained from experimental
test and not changed for different environments.
To obtain the closed boundaries for hollow defects,
the T op H at method [23] is used and the contours of the
corresponding gray image are extracted. However, even though
the image is blurred, not all the extracted contours are closed,
as shown in Fig. 4(a-iii). As a matter of fact, the contour
of a real hollow area should be closed after filling the image
borders as white. A closure state checking method is developed
to check whether the extracted contour is closed or not by
calculating the pixel gap between the ending pixel of a contour
and its starting pixel or a pixel of a close contour. If this gap
value is acceptable by comparing with a threshold value, this
contour is considered as closed or two contours are joined as
one. In case that only partial hollow area leading to an open
contour is captured in an image, the border pixels are also
considered as a contour to close this kind of contour. When
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Fig. 4. (a) Hollowness assessment. (i) Original thermal image. (ii) Pixels
with high temperature. (iii) Extracted contours. (iv) Final contours plotted on
the original image. (b) Crack assessment. (i) Original color image. (ii) Blurred
image with extracted line segments. (iii) Extracted features in a binary image.

Algorithm 2 Crack Assessment Algorithm
input : a color image C
output: a set of extracted cracks with classification flags
1 Color I mage ← C.copy();
2 Blur I mage ← blur (Color I mage);
3 Gr ey I mage ← Color T oGr ey(Blur I mage);
4 EdgeI mage ← EdgeDetecti on(Gr ey I mage);
5 Li neSet ← Li neE xtr acti on(EdgeI mage);
6 Color I mage. plot (Li neSet);
7 Color I mage.Black H at ();
8 NewBlur I mage ← blur (Color I mage);
9 Bi nar y I mage ← Gr eyT oBi nar y(NewBlur I mage);
10 Patch Set ← Patch E xtr acti on(Bi nar y I mage);
11 I n f or Set = ∅;
12 for i-th patch in Patch Set do
13
if Patch Set[i ].si ze() > Li m Num then
14
a ← Get Mi n Rect (Patch Set[i ]);
15
b ← Get AveGr ey(Patch Set[i ]);
16
c ← Get Pi xel Di s(Patch Set[i ]);
17
f lag = Classi f y SV D D(b, c);
18
I n f or Set. push(Patch Set[i ], a, b, c, f lag);
19
end
20 end

the contour is closed and its length is bigger than a limit value,
the area in the interior of this contour is considered as hollow
defect. The hollow areas are simultaneously summed for the
features satisfying the previous hollow conditions. Finally,
the original image with plotted hollow contours is shown
in Fig. 4(a-iv). Based on the extracted contour, the hollow area
with respect to the whole image can be obtained and used to
evaluate the severity of the corresponding hollow defect.
B. Crack Assessment
When compared to hollowness assessment, crack assessment is more challenging because of the small size of the crack
features. A detailed image processing algorithm for crack
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extraction is proposed in Algorithm 2, and the corresponding
example for illustrating the process is shown in Fig. 4(b). One
of the biggest problems is that the joining of two adjacent
tiles is a confusing feature, because it has a similar size and
color with a real crack. It may lead an incorrect assessment
result that the joining might be considered as a crack feature.
To ignore these types of features, line segments are first
extracted from the image in Fig. 4(b-i) and plotted onto the
original image, as shown in Fig. 4(b-ii). In the line segments
extraction process, a blurred color image is first converted into
a gray image and the edges for this image are detected. These
extracted edges are considered as the inputs to the process of
the line extraction.
Based on the image in Fig. 4(b-ii), a Black H at method
is applied to extract crack-related features. To reduce the
redundant features, the output image is converted to a binary
image by comparing the pixel gray value with a threshold
value. The binary image with the extracted features is shown
in Fig. 4(b-iii), from which it can be seen that some segments
are incorrectly considered as cracks. All the patches with
continuous pixels are extracted for the following training.
All the tiny patches with a pixel number smaller than 100 are
not considered in the following process. To find the correct
cracks, SVDD algorithm is applied in this paper to define
a spherically shaped decision boundary for classifying the
real cracks and fake cracks. SVDD algorithm [24] is a
support vector learning method for a one-class classification
problem, which is one of the best well-known outlier detection
and novelty detection methods. Throughout the training of
SVDD, the training data for only the normal features are
necessary, whereas they are optional for the abnormal features.
Considering a training set D consisting of objects oi ∈ R D ,
a minimum spherical boundary containing as much training
data as possible can be expressed with center a ∈ R D and
radius R. These parameters can be obtained by solving the
following equations:
min L (R, a, ξ ) = R 2 + C

N


ξi

i=1

s.t. oi − a2 ≤ R 2 + ξi , ξi ≥ 0, i = 1, . . . , N

(1)

where the variable C gives the tradeoff between volume of
the sphere and the number of rejected target objects. The
slack variable ξi represents the penalty associated with the
i th training data rejected by the boundary.
To train the extracted cracks from the image with SVDD,
the average gray value of the each crack patch is calculated
by considering the gray value of each pixel pi = (x i , yi )
corresponding to the gray image, and the standard deviation
for the pixel distribution is calculated by using the following
equation:
N 
1 
(x i − x c )2 + (yi − yc )2
σ =
N
xc =

1
N

i=1
N

i=1

xi ,

yc =

N
1 
yi
N
i=1

where x c and yc are the center of the crack patch.

(2)
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Fig. 6.

Fig. 5. Training result of the average gray value and standard deviation of
the pixel distribution for the cracks by using SVDD.

The distributions of the average gray value and standard
deviation of the pixel distribution for 79 true cracks and
126 fake cracks are obviously different without any intersection, as shown in Fig. 5. After training these two features
of the cracks with SVDD, a decision boundary plotted with
green curve is obtained to classify the true cracks and fake
cracks. This boundary rejects all the fake cracks plotted with
red square and contains most of the true cracks except one.
It means that the training accuracy for the true cracks is
almost 98.7%. A new crack can be classified with the support
vectors and other parameters defining the boundary. A true
crack will be seen in the interior of the boundary or on the
boundary, and vice versa.
C. Evenness Assessment
Even if the raw sensor data of a 2-D laser scanner can be
used to measure the distance to an object, the line segments are
needed for the evenness assessment. An extraction method is
proposed in this paper to extract a line segment from a group
of raw sensor data. This method is an extension of the 2-D line
extraction method [17] which derives geometrical parameters
of line segments from defined summing parameters. The
summing parameters for 3-D data points { pi = (x i , yi , z i )}
are expressed as follows:
Sx =
Sx x =
Sx y =

N

i=1
N

i=1
N

i=1

xi , Sy =

N


yi , Sz =

i=1
N


x i2 , Syy =

N


zi

i=1

yi2 , Szz =

i=1
N


x i yi , Syz =

i=1

N


z i2

i=1

yi z i , S x z =

N


xi zi .

(3)

i=1

Given the summing parameters along any two axes in
axis set {x, y, z} of a 3-D coordinate system, two geometric

Intersected 3-D line segment of two 2-D line segments.

parameters of a 2-D line segment, for example, in coordinate
plane X OY , can be derived as


2Sx y − 2 N1 Sx Sy
1
αx y = arctan


2
Sx x − S yy − N1 Sx2 − Sy2
rx y =

1
[cos α ∗ Sx + sin α ∗ Sy ].
N

(4)

Based on these two parameters, the line segment can be
expressed as y = K x y ∗ x + C x y , where

π
K x y = tan αx y +
2
C x y = K x y ∗ x + r x y ∗ sin αx y − r x y ∗ K x y ∗ cos αx y . (5)
Therefore, the parameters K zx , C zx and K zy , C zy for the 2-D
line segment, respectively, on coordinate plane Z O X and
Z OY can be derived by using the above-mentioned principle.
From a mathematical view, the equation for a 2-D line segment
can be considered as a plane equation in 3-D space. What
is more, a 3-D line segment is an intersection result of two
3-D planes. It means that the equation of 3-D line segment
can be obtained by solving two previously derived equations
of 2-D line segments as in Fig. 6. By solving the equations
of line segments on coordinate planes Z O X and Z OY , it can
be obtained that the direction vector for a 3-D line segment
in 3-D coordinate system can be expressed as (K zx , −K zy , 1)
and this line pass through a point (C zx , −C zy , 0). A detailed
procedure for evenness assessment with this line extraction
method is described in Algorithm 3.
When a 2-D scan is obtained by scanning a room, its raw
sensor data should be first divided into different groups for
different walls or objects. In Algorithm 3, in the beginning,
a group of raw data are separated into two groups under
two cases: one is when measuring distance of two contiguous
points have a big difference and the other one is that the angle
of two vectors constituted by four contiguous points is beyond
a limit value. A line segment is extracted by using the above
equations for each group of raw data. The average deviation
between the extracted line segment and all the raw data points
is calculated, and the point having a maximum deviation is
selected. Each data group is further segmented as two at this
selected point when the corresponding average deviation is not
less than a limit value.
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Algorithm 3 Evenness assessment algorithm
input : a 2D sensor scan s
output: line segments with eligible or ineligible flag
1 Gr oupSet ← Gr oupSegment (s);
2 while i-th group in {Gr oupSet} do
3
T empLi ne ← Li neE xt (Gr oupSet[i ]);
4
if T empLi ne.AveDev < Li m Dev then
5
Li neSet.add(T empLi ne);
6
else
7
(g1, g2 ) ← Fur ther Segment (Gr oupSet[i ]);
8
Gr oupSet.swap(Gr oupSet[i ], [g1, g2 ]);
9
i = i − 1;
10
end
11 end
12 Li neSet ← Li neMerge(Li neSet);
13 Li neSet ← Fur ther Merge(Li neSet);
14 while j-th line l j in {Li neSet} do
15
if l j .Max Dev > Li m Max Dev ||
l j .AveDev > Li m AveDev then
16
l j . f lag = tr ue;
17
else
18
l j . f lag = f alse;
19
end
20 end

After extracting a line segment for each group of sensor
data, contiguous line segments need to be merged to avoid
oversegmentation if these line segments belong to the same
wall or ground. This merging process is realized by checking
the minimum distance and angle of two line segments.
However, short line segments extracted from less than five
data points may exist in the previous segmentation. Short
line segments and its neighboring line segment may lead to a
large angle, but actually these two line segments may belong
to the same scanned object. In further merging process, two
noncontiguous line segments satisfying the merging conditions
are merged as one if at most two short line segment in the
middle of these two line segments.
When the previous merging steps are finished, the evenness
of the scanned object can be assessed by checking the average
deviation or maximum deviation of the corresponding line
segment. If one of these two deviations is beyond the corresponding limit value, this wall or ground will be considered
as uneven. The check of maximum deviation is used to find
the small sharp convexity, depression, or deep cracks.
D. Alignment Assessment
Two 2-D scans in different translational heights or tilt angles
are needed for alignment assessment with a laser scanner.
In Algorithm 4, we assume that the two scans are obtained
and line segments are extracted from each scan by using
Algorithm 3. In the beginning, line segments of each scan
with the length longer than 0.5 m are selected, because narrow
walls are also neglected in manual inspection. Then, planes
are constituted based on these two groups of line segments,
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Algorithm 4 Alignment assessment algorithm
input : two line sets Set One, Set T wo
output: all possible angles AngleSet
1 NewSet One ← Li neSelect (Set One);
2 NewSet T wo ← Li neSelect (Set T wo);
3 for j-th line l j in {NewSet T wo} do
4
d j . f = f alse;
5 end
6 for i-th line l i in {NewSet One} do
7
for j-th line l j in {NewSet T wo} do
8
f1 ← I s OnSame Plane(li , l j );
9
f2 ← I s Overlap(li , l j );
10
di j ← Mi n Di s(li , l j );
11
if f 1 && f 2 && (di j < d∗ ) && (!d j . f ) then
12
New Plane ← PlaneE xt (li , l j );
13
PlaneSet.add(New Plane);
14
d j . f = tr ue;
15
break;
16
end
17
end
18 end
19 for k-th plane pk in {PlaneSet} do
20
t = k + 1;
21
for t-th plane pt in {PlaneSet} do
22
f ← I sClose( pk , pt );
23
T emp Angle ← Cal Angle( pk , pt );
24
if f && T emp Angle < Li m Angle then
25
AngleSet.add(T emp Angle);
26
end
27
end
28 end

and each line segment in this process is only used once. Line
segments, which are used to construct planes, will be disabled
in the following constitution process.
For two spatial line segments, coplanarity is first checked
by calculating the distance between one of their four endpoints
and a plane constituted by other three endpoints. If this point
is far from the temporarily constructed plane, these two line
segments cannot constitute a plane. For a wall having an
opening like a door, two line segments are extracted from
raw sensor data by scanning the door part. If both scans
are obtained from the door part, it is not correct that the
coplanarity condition for all combinations of these four line
segments is satisfied. To avoid this case, two line segments
having overlapping segment can constitute a plane. However,
for two parallel walls, extracted line segments from two
parallel scans obtained in different translational heights may
incorrectly construct a plane. To avoid this case, minimum
distance of two line segments is calculated, because the two
line segments far from each other may form two different
walls. When all these conditions are satisfied, a new plane is
extracted from two candidate line segments.
With the extracted planes, the angles between a plane and its
two neighbor planes can be calculated. In the previous plane
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Fig. 8.
Hollowness assessment results for the test bed. (a) Hollowness
area: 14.62%. (b) Hollowness area: 23.14%.

Fig. 7.

Constructed test bed with A-CONQUARS.

extraction process, four corners of each plane are obtained
by projecting four endpoints of two line segments onto the
extracted plane. To guarantee that the two planes are close to
each other, minimum distance of these two planes is obtained
by calculating the distances between the four corners of one
plane and that of the other plane. Even though all possible
angles of any two close planes are obtained, only selected
angles are stored, because the angle of two walls in alignment
assessments is closer to right angle. It needs to be emphasized
that the walls without right angle are not required in the
assessment list of the CONQUAS standard.
E. Inclination Assessment
The ground inclination is assessed when all the previous
assessments are finished. This is because the inclinometer
needs some time to stable itself after the movements of the
robotic system. The output of the inclinometer is the inclination angle on X- and Y -axes. To have a more accurate inclination assessment result, many groups of inclination angles
on both the two axes are obtained and their average value
is considered as the inclination angle at the fixed location.
Finally, the inclination status of this location is assessed by
comparing the inclination angle with a threshold inclination
value that is defined based on the experimental results.
IV. E XPERIMENTAL R ESULTS
A. Assessment of a Constructed Test Bed
To test the designed robot and to validate the proposed
algorithms in this paper, a test bed consisting of two walls with
a size of 2 m×2 m each and a floor with a size of 2.2 m×2.2 m
is constructed, as shown in Fig. 7. The defects of this test bed
are manually generated throughout the construction process.
The hollow defects and cracks are manually constructed at
predefined positions. These predefined artificially generated
problems on the test bed are the ground truth data for the
proposed algorithms. It needs to be emphasized that the robot
does not need to drive over the entire surface for checking
bulges, because the laser scanning covers the entire surface of
the floor in the evenness assessment process.
Before the autonomous assessment procedure starts, the two
walls are heated for 30 s, and then the thermal images are
captured while the thermal camera is 1.5 m far away from

the walls. The extracted contours for the thermal images are
shown in Fig. 8 and the percentages of the hollowness areas
with respect to the whole image are also described. As can
be seen from the images in Fig. 8, the tiles with hollowness
have higher temperature value than the perfect walls, which
means without any hollowness. During these tests, even though
the thermal camera is capable of assessing a tiny hollow
defect, the hollow areas with a size of 0.01 m × 0.01 m to
2 m × 2 m are considered as hollow defects while considering
the CONQUAS standard. These results are motivating in a way
that a thermal camera is one of the efficient ways of assessing
hollowness. It is to be noted that the required heating time
may vary from one material to another.
When capturing the thermal images, color images are simultaneously captured. An example for a color image with crack
features is shown in Fig. 9(a-i) to check the classification
accuracy of the SVDD boundary obtained by training many
crack features. It can be found that the cracks on the image
are quite thin and its color is quite close to the joining color
and the shadow color. By using the Algorithm 2, all the
extracted crack candidates are expressed as a binary image
in Fig. 9(a-ii). Some candidates with a small number of pixels
are neglected by comparing with a threshold value. Only
two candidates have survived after this filter process, which
are expressed as in Fig. 9(a-iii) with different colors. Their
minimum rectangles containing all the pixels are shown in
blue. The crack having a bigger pixel number, plotted with
green, is marked as crack one, and the other one plotted with
red is marked as crack two for the following description.
For both of these two cracks, the average gray value is
derived while putting all these pixels corresponding to their
location in the binary image, and the standard deviation for the
pixel distribution is also calculated. With these two parameters,
these two cracks are classified by using SVDD in Fig. 9(b)
that also include all the previous training data. The crack
one is represented with a pink triangle and the crack two is
represented as a dark hexagon. The two small squares plotted
with orange dashed line are used to highlight their locations.
It can be clearly seen from the figure that the crack one is
in the SVDD decision boundary, whereas the crack two is
outside of the boundary. This means that only the crack one
is a real crack, which is the true situation for the provided
image. The smallest crack of the finally filtered cracks is
around 0.01 m which meets the CONQUAS standard. To avoid
the reduplicative description and show the detailed assessment
procedure, the experimental results for evenness assessment,
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Fig. 9. Crack classification result with SVDD. (a) Crack assessment for
the constructed test bed. (i) Original color image. (ii) All extracted crack
candidates in a binary image. (iii) Two extracted cracks with their minimum
rectangle. (b) Classified result of two newly extracted cracks with SVDD.

alignment assessment, and inclination in a whole unit are
presented in Section IV-B.
B. Assessment of the Whole Unit
For the inspection of a whole unit, a 2-D map for the
test environment is first constructed by using a grid mapping
method [25] before beginning the whole assessment process.
An example including a simulated test environment and its
constructed map in robot operating system [26] for QuicaBot
is illustrated in Fig. 10(a). Based on this map, the assessment
locations can be manually selected in advance as in the right
of Fig. 10(a). Then, the robot moves to the locations in
sequence and does the assessment at each location. When
the assessment process is finished in one room, the robot
will move to the next room and repeat the same procedures.
In addition, a wall-following method [27] can also be used
to plan the assessment path for the rooms with normal size.
This is because the sensors can cover the whole area for a
normal room during the robot movements of wall following.
The accurate positioning for the robot system can be done with
the grid mapping method throughout the entire assessment
procedure. With this principle, the designed robot is further
validated in a CONQUAS room that is used to train the
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Fig. 10. (a) Simulated test environment (left) and example of the constructed
map for this test room by using grid mapping algorithm (right). (b) Six
different assessment locations (test site of CONQUAS room).

inspectors for the manual assessment. However, due to the
perfect dry walls, only the evenness, alignment, and inclination
can be assessed. Based on the constructed map mentioned
earlier, six location points are selected to assess the whole
room unit. The experiment environment at all six locations and
the movement trajectory are shown in Fig. 10(b). During this
assessment process, the two cameras always facing to the
assessed walls capture nine images, respectively, with the help
of rotation mechanism, whereas the mobile robot stops at a
distance of 2 m to the scanned walls for taking full advantages
of thermal camera. When the hollowness assessment and
crack assessment are running, evenness assessment, alignment
assessment, and inclination assessment are simultaneously
running in a parallel thread. Due to the large scanning area of
laser scanner and less requirements of inclination samples, this
arrangement of assessment procedure can cover a relatively
large assessment area in a more efficient way. This robotic
system follows the walls and stops every 3 m, then the
assessment process of five types of assessments repeats at each
location. For a larger assessment environment, not only the
environment map but also some critical assessment locations
need to be input to the robotic system for having a better
performance of the quality assessment.
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the rotated 2-D laser scanner can cover the entire wall but
some parts of the ground. With the movements of the mobile
platform, the extracted line segments at all six locations are
drawn in Fig. 11(b). A 3-D map of the room is simultaneously
built based on the accurate robot location and these extracted
line segments.
In Fig. 11(c), the alignment assessment results of the
CONQUAS room at the first location are shown, where two
assessment tests are done based on four 2-D scans. These
scans are obtained at different heights by controlling the
linear actuator. The angles of adjacent extracted planes are
also included, which shows the consistent measurement angles
of these two tests. It is considered as an alignment defect
when the alignment angle of two walls is out of the range
of 90° ± 0.5°. In Fig. 11(d), all the extracted planes at six
different locations are plotted with an increased height to
have a clear view. At each location, the extracted planes of
the two tests are plotted with pink and green, respectively.
Due to the different scanning directions of the laser scanner,
the number of the extracted planes at six locations is different.
Similarly, the alignment of the walls is assessed by calculating
the intersection angle of the two adjacent planes.
Finally, 20 groups of inclination angles are obtained at each
location. The raw sensor data obtained for the X-axis at first
location are shown in Fig. 11(e), from which it can be seen that
the measurement error is within ±0.01°. The average values
for both X- and Y -axes at all six assessment locations are
shown in Fig. 11(f), which shows that the variations of the
inclination angle in both X- and Y -axes are within 1°. The
inclination value beyond ±1° is considered as an inclination
defect. Such an accuracy cannot be achieved in a manual
inspection by using the spirit level.

Fig. 11. Assessment results for the CONQUAS room. (a) Evenness assessment at the first location. (b) Evenness assessment at all the six locations.
(c) Alignment assessment at the first location. (d) Alignment assessment
of the CONQUAS room. (e) 20 tests for the X-direction of first location.
(f) Average inclination angle at six different locations.

The evenness assessment result of the CONQUAS room
at the first location is shown in Fig. 11(a), where red line
represents unevenness and green line represents evenness.
Here, the threshold value of average deviation for a line
segment is 3 mm. As can be seen from Fig. 11(a) that

V. C ONCLUSION
Visual inspection of a new building is an intensive effort
that takes two inspectors, so we have designed a robot to
assist a human inspector to do his job in about half the time,
saving precious time and manpower. The proposed robotic
system is designed and prototyped for the postconstruction
quality assessment of newly constructed buildings and its
corresponding assessment algorithms with four sensors to
automatically inspect five types of defects: hollowness, crack,
evenness, alignment, and inclination. The prototype is tested
both in a constructed test bed and a CONQUAS room to
validate the robustness and accuracy of the proposed methods.
All these autonomous assessments have a close even better
inspection accuracy with the ones in manual assessments.
When compared to manual assessment, the proposed assessment system has higher effectiveness and more consistent
measurement accuracy. Moreover, a few of these robots
working together will make building inspection a breeze,
as they can feed data back to the human operator who can then
inspect critical and complex defects that are not considered by
the robot.
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