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Abstract—This paper presents a real-time system for surface
inspection which is essential in structural health monitoring. The
system uses multiple unmanned aerial vehicles (UAVs) coordi-
nated in a specific formation to collect data of the inspecting
objects and the Internet of Things (IoT) as the communication
platform to transmit data. The UAV formation is obtained via
using the angle-encoded particle swarm optimisation to create the
inspecting path and redistribute it to each UAV. The communica-
tion is implemented by installing an IoT board to each component
of the system to equip them with network and data processing
capabilities. Through the network, collecting data is transmitting
in real time to remote computational units where an enhanced
thresholding image processing technique is implemented to detect
defects/damages in real time. Various simulations, experiments
and comparisons have been conducted to verify the validity and
performance of the proposed system.

Index Terms—UAV formation, Internet of things, surface
inspection, structural health monitoring, particle swarm optimi-
sation.

I. INTRODUCTION

Continuous monitoring health conditions of built infrastruc-
ture is essential for their safe operation and long-term ser-
viceability. Due to the nature deterioration of structures which
reveals through the surface appearance, the foremost task to be
conducted in monitoring is typically surface inspection. This
task can be carried out by three main approaches including
using foot patrol, ground vehicles, and flying-assisted robots.
While the first two approaches are more common, the use
of flying vehicles like UAVs is receiving increasing interest
thanks to their flexibility in operating environment, versatility
in task allocation and capability of conducting non-instructive
inspection [1]], [2]. For instance, UAVs have been used for
periodical inspection of critical infrastructures such as oil-gas
pipelines, wind turbine blades and power lines [3], [4]. They
also have been employed to collect data for defect/damage
recognition such as crack, rust or structural misalignment [35]],
l6l, [0, (3]

To fulfil the surface inspection tasks, developments at var-
ious layers of the UAV system are often required. At the top
layer, the UAV is programmed to fly closely to the inspected
objects to collect data. The data is then post-processed to de-
tect damages/defects via techniques such as photogrammetry
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[9l], [1Q], Haar-like features extraction [3], self organizing map
optimization [8] and dense structure-from-motion [11]]. The
middle layer relates to the generation of trajectories used to
collect data. Here, classic path planning algorithms such as A-
star, Dijkstra, rapidly-exploring random tree and probabilistic
roadmap can be employed [12], [13], [14], [15]. However,
algorithms specifically designed for UAVs such as the quasi-
autonomous programming based algorithm [16] or iterative
viewpoint resampling [[17] are typically more efficient as they
optimise the inspecting path considering the coverage among
waypoints. At the lowest layer, low-level control algorithms
are used to track the generated paths. Various techniques have
been proposed such as backstepping techniques, PID control
or sliding mode control [18], [19] with sufficient performance.
As using single UAVs has proved its applicability in in-
spection, recent works started to study the coordination of
a group of UAVs to achieve higher time efficiency, superior
performance and durable resilience [20], [21]], [22]. Deng et
al. developed a multi-platform UAV system for power line
inspection tasks [20]. The experiments show that the time
to inspect 70 km of power line can be reduced to 3 hours
compared to a week as with the traditional inspection method.
In [21]], a power network damage assessment system using
multiple UAVs was presented allowing the minimization of
operating time and cost. Other studies addressed different as-
pects of multiple UAV coordination such as formation control,
collision avoidance, and data acquisition [23]], [24], [25].
Through the literature, it is recognisable that UAV-based
inspection systems require the synchronization in control, path
planning and data processing not only between layers within
single UAVs but also among them. For real-time inspec-
tion, extra communication channels are needed among UAVs,
ground control stations (GCS), and other remote computational
units (RCU) such as server computers or cloud computing
systems to tackle the high demand of data fusion and process-
ing. Those requirements pose the need for a homogeneous
communication platform that allows all components of an
inspection system to be integrated. The current use of radio
transceiver modules with a pulse mode modulation 2.4GHz
uplink and 2.4/5.8GHz downlink is insufficient as they can
only form a private network among on-site devices [26]. Some
studies suggested to deploy additional UAVs as communica-
tion relay stations to extend the network [27], [28]. Although
this approach is suitable for tasks that cover a certain structure
or area, it is ill-use for structures located in remote areas like
bridges, power line or wind turbines which require hundreds-
of-kilometre communication range. Several studies proposed
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to use satellite communication to overcome this problem [20],
[29]. It is however expensive, complex and not always feasible.

Our approach in this study is using the Internet of Things
(IoT) as the communication platform to interconnect UAVs
and devices in order to efficiently perform inspection tasks.
Based on this platform, a robust low-lever controller is in-
troduced for each UAV to track the inspection path under
harsh working conditions. The high-level control is then
developed to coordinate multiple UAVs via formation and
path-planning modules. The formation configuration is decided
based on the results of mission assessment and defect detection
requirements. A multi-objective particle swarm optimisation
algorithm using angle-encoded PSO (6-PSO) is exploited
to generate an optimal path for the centroid of the group.
This path is finally translated into individual trajectories for
UAVs to follow. The images captured during the flight are
then streamed to remote RCU where they are processed to
detect defects. A detection algorithm based on thresholding
analysis is proposed for the image processing tasks. Extensive
simulations and experiments have been conducted in real and
practical scenarios to evaluate the validity and feasibility of
the proposed approach.

The remaining structure of the paper is organised as follows.
Section [II| presents the overview and data communication
structure of the system. Section [III| introduces the control and
data acquisition processes. The image processing algorithm for
defect detection is illustrated in section Section |V| presents
the experimental results. The paper ends with discussion and
conclusion presented in sections [VI] and

II. SYSTEM OVERVIEW AND DATA COMMUNICATION

Figure [I] presents an overview of the proposed inspection
system. Its core includes three UAVs equipped with vision
sensors to collect data of the inspecting structure. The UAVs
fly cooperatively and share data in real-time with GCS via
a wireless communication gateway. The gateway relays the
data via the Internet to RCU where the data will be processed
to detect defects. The localisation for UAVs is conducted
via GPS modules combined with inertial measurement units
(IMUs) that monitor internal states of UAVs. Depending on the
inspection task, real-time kinematic (RTK) GPS modules will
be used to improve the positioning accuracy. The operation of
each UAV is monitored via its accompanied remote controller
which will take over the control in emergency situations.

In the system, the communication among UAVs, GCS
and RCU are carried out via the IoT. The idea is to equip
each device of the inspection system with processing and
network capabilities so that it can connect to the Internet
to communicate with others via common protocols such as
the transmission control protocol (TCP) and user datagram
protocol (UDP). In our system, we used the IoT boards based
on the the ATmega32u4 and Atheros AR9331 processors as
shown in Fig. [I] These boards provide devices capabilities
to not only connect to the wifi network but also process
the receiving data via Atheros AR9331 processor with the
Linux operating system installed. The ATmega32u4 enables
the device to work with other low hardware interfaces such as

voltage/current interface, AD/DA converter, PWM, etc. The
boards thus turn normal devices into smart ones that can be
integrated into the Internet protocol (IP) based networks. To
obtain the Internet access, we utilised the mobile broadband
networks through wireless gateway routers that have SIM
card slots. As mobile broadband networks present almost
everywhere, this approach allows the inspection system to be
deployed for any structure without the need for relay stations
nor satellite communication.

III. CONTROL AND DATA ACQUISITION

Given the data communication framework, we propose
an architecture for control and data acquisition consisting
three layers: task assessment, high-level control and low-level
control as shown in Fig. [2| Details are described as follows.

A. Task assessment

Given the task to be conducted, the task assessment layer
determines requirements for data collection. For vision-based
surface inspection, requirements typically include the area to
be covered, the resolution of collected images and the over-
lapping between images sufficient for stitching and detecting
defects. Let sy be the resolution required to distinguish the
smallest features. The field of view of the camera is computed
as:

1
Qfoy = §Tc3f7 (1)

where 7. is the camera resolution. Thus, the distance d ; from
the ith UAV to the inspecting surface can be found as:

. afovf
s

dy,i 2
where f and s, are respectively the focal length and sensor size
of the camera. That information is fed to the high-level control
layer to determine the formation configuration for UAVs.

B. High level control

The high-level control layer consists of two modules, path
planning and formation control. The path planning generates
the inspection path that fulfils requirements computed from the
task assessment. The formation control bases on the generated
path and target shape to compute trajectories for each UAV.

1) Path Planning: When producing a path for the desired
motion of multiple UAVs in a group, a number of constraints
are required to maintain the formation, UAV maneuverability,
operating space, and obstacle avoidance. In this work, all
constraints will be incorporated into a multi-objective function.
The path planning problem then can be simplified to creating
a feasible path for the formation centroid. Since our goal is to
construct optimal paths for all UAVs in the group, it is essential
to speed up the convergence of the optimization process for
the whole formation. Therefore, we propose to use the angle-
coded PSO (6-PSO) [30].

In 0-PSO, a set of particles is generated, each seeks for
the optimum solution by moving in a way that compromises
between its own experience and the social experience. Initially,
each particle is assigned a random position, x;. This position
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is represented by a phase angle 6; of the UAV. The particle
motion is then updated by the following equations:

Aeﬁl = wAO; + errfy (Al — 05) + corf (AE; — 6F)
Ot = 0F + AL (i =1,2,...,N;j =1,2,...,5)
1
k _

T =5 (Tmaz — Tmin)Sin (9{3) + Tmaz + xm’in:| )

3)

where 0;; € [-n/2,7/2] and AG;; € [—n/2,7/2] are
respectively the phase angle and phase angle increment of
the ith particle in dimension j; Ay = [Ag1, Ag2, ..., Ags] and
Ai = [Mit, Aig, -, A\ig] are respectively the global and personal
best positions; N is the swarm size; S is dimension of the
searching space; w is the inertial weight; r; and ro are two
pseudorandom scalars; c¢; and co are the gain coefficients;
Tmaz and x,,;, are the upper and lower restrictions of the
search space; and subscript & is the iteration index.

In Eq. (@), it can be seen that a solution of a particle is the
three alternative options: to track its private trajectory A6,
to follow its best prior position \;, or to move toward the
global best position Ag. The correlation among them depends
on three coefficients w, ¢; and co. The values of A; and A\, are
evaluated based on the cost function in the following form:

3
Te(Tei) = Budu(Trs), )
n=1

where Tp; is the formation path; (3, is the weighting factor
indicating the corresponding threat intensity; and J,(TF;),
n = 1,2,3, are the costs associated with the path length,
collision violation and flying altitude, respectively. The cost
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function (@) forms by two major evaluations, the length and
violation cost of the path. The former helps to minimize the
total travelling distance of the path whereas the latter is to
avoid collisions of UAVs with each other and with obstacles.
In inspection, the UAVs also need to maintain certain distances
to the surface as described in (2)). Thus, the constraint in flying
attitude is added to form the multi-objective cost function (@).

2) UAV Formation: Given the path generated by the 6-PSO
for the formation centroid, it is necessary to produce a specific
path for each UAV so that the shape of the formation during
the flight can be maintained. Those paths can be computed
based on the PSO’s generated path and the desired relative
distances among the UAVs.

Figure [3 shows the inertial and formation frames that
represent a triangular UAV formation used in this study. All
measurements are referred to the inertial frame O with axes
To, Yo and zo. Positions of UAV,, ¢ = 1,2, 3, in the inertial
frame are denoted as P; = {z;,y;, z; }. The formation frame,
{zF,yF, zr}, is defined such that the origin Pr is coincident
with the centroid of the triangle. This allows to determine the
centroid of the formation respected to the fixed inertial frame
as:

Pp = %Zpi. (5)

The rotation matrix which represents the relation between
the formation and inertial frames is given by:

CypCo  CpSeSp — SypCh  CopSeCeH 1 Sy S
Ror = | syCo SyS95¢ + CyCy  SyS9Cs — CySy |, (6)
—Sp CoSop CpCy

where s, = sin(x), ¢, = cos(z), and ¢, § and ¢ are Euler
angles of the shape.

Let P, g = [®i.a,Yid, 2i.4)" be the desired position for each
UAV during the flight and P; = [x;,7;, 2] be the actual
position, P; can be obtained from the GPS data of the UAV.
We then define the relative position errors of the ith UAV
during the flight in the inertial frame as:

€ix Tid — L4
€y | = | Yi,d—Yi @)
€iz Zid — %

Fig. 4: Mission Planner incorporating Google Satellite Map to
create initial information and an inspection plan

Using the rotation matrix in @, with Rro(t) = Rgp(t), the
errors in (7) can be converted into the errors in the formation
frame as:

CixF Cix
eiyr | = Rro(t) | ey (8)
€izF €iz

The customized path for each UAV then can be represented
in term of trajectory control command as:

Tir =T, + AT;, €))

where T, is the trajectory command of the centroid and
AT; is the amount added to direct the UAV away from
the centroid. AT; is calculated based on the desired relative
distances among the UAVs and the relative position errors in
, AT; = [eimp7 €iyF, eizF]T. The output Tr; will be fed to
the low-level controller of UAVs for trajectory tracking.

3) Path planning and formation implementation: The im-
plementation starts with choosing the operation space of UAVs
and the infrastructure to be inspected. This can be done by
using a navigation map with satellite images. For example,
here a monorail bridge as a testbed subject to inspection can
be loaded on the Mission Planner, as shown in Figure E} The
obstacles are also identified based on this map. Furthermore,
range sensors such as lidars can be used to form a 3D map
of the environment as in our previous work [31]. Based on
those inputs, the cost function together with constraints can
be defined as described in the previous section. The 6-PSO
algorithm will then be run to obtain the desired path. Figure
[5] present the pseudo code for path generation process.

Given the desired path, the formation flight starts with
an initialisation phase in which each UAV needs to reach
its desired initial position from an arbitrary location without
collision. While UAVs typically can take off automatically
based on the built-in software, their movements to the desired
initial positions require a number of checks as follows:

e Crossing check: verify whether or not the path of a
UAV;, crosses the paths of other UAVs taken into account
marginal clearance ranges;

o Conflict check: verify whether or not a UAV; enters the
conflict region of other UAVs at a same time instant;

o Deadlock check: verify whether or not a UAV;, enters the
assigned location of another UAV in the formation.
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/+ Preparation: */
Determine the inspection surface;
Identify the upper and lower boundaries of the working space, start
and target positions of the swarm;
Identify obstacles in the working space, check and adjust
obstacles’ parameters if needed ;
Group all the above data and save in a common file (init file);

D=

w

IS

/* Initialisation: */
5 Initialise the working environment by loading the init file to global
memory;

6 Initialise the 8-PSO parameters, i.e., w, swarm_population, and
swarm_iteration and generate a random path to connect the start
and the target points;

7 Set the range of constraints for each particle’s phase angle and
angular increment in [7/2, 7/2];

/* 6-PSO: */

8 foreach ¢ < (swarm_iteration) do

9 foreach j < (swarm_population) do

10 Calculate new phase angle increment value in the range of
limitation; /* using lst equation in () */

11 Calculate new phase angle value in the range of limifation;
/* using 2nd equation in (3) =/

12 Calculate new position; /* using 3rd equation in
(B

13 Check Violation cost;

14 Evaluate each path based on the Best_Closts and
Violation cost;

15 Update each particle_personal_best and the global_best
positions;

6 end

7 Update global_best and Violation costs;

18 end

19 Save global_best and Violation cost;

/* Path generation: */
po  Final path is chosen as the maximum number of iterations is
reached.;

pt Generate individual paths for UAVs using (I1I-B2);

Fig. 5: Pseudo code for path generation process.

|

Crossing check No

Yes

Conflict check

Fig. 6: Initialisation process for UAV formation.

Those checks can be implemented by introducing a binary
action variable ¢; to each UAV. The value of ¢; = 0 implies
the UAV; stop to avoid the collision whereas the value of
¢; = 1 enables it to continue to fly. Denoting AT; as the
remaining flight time to the desired initial position of UAV,,
the initialisation process represented via the value of ¢; that
avoids the collision between every two UAVs is then presented
as in Fig. [6]

After the initialisation, the low-level control is applied to
UAVs based on (9) to maintain the shape. During the flight,
on-board computers calculate the inverse kinematics (the for-
mation variables based on the positions of UAVs), and then

compare it with their neighbours and the formation centroid
to obtain position errors. Those errors are then eliminated by
the tracking control action generated.

C. Low-level control

The aim of low-level control is to derive the control laws
that apply to each UAV to reach the desired position and
attitude. The derivation is based on the mathematical model
of the quadcopter with two main frames, i.e., the inertial
frame (xg,yg,2r) and the body frame (xp,ys,zp). The
translational motion of the quadcopter in the inertial frame
is determined by its position, £ = (x,%,2)7, and velocity,
f = (&,9,%)T. The UAV attitude is described by Euler angles
roll, pitch, and yaw, © = (¢, 6,%)T with the corresponding
angular rates © = (d), 0, @Z))T Letw = [p,q,]7 be the angular
rate of the quadcopter in the inertial frame, i.e.,:

1 0 —Sp )
w=1|0 cg co5¢ | O, (10)
0 —S¢  CeCy

The transformation from the body to earth frames is then
determined by the same rotation matrix as in ().

In this study, the position of the UAVs is controlled by
the built-in PID controller of the flight controller whereas the
attitude is governed by the adaptive twisting sliding mode
control. In this case, only torque components for orientation
of the UAV are considered. They include the torque caused
by thrust forces 7, by body gyroscopic effects 73, by propeller
gyroscopic effects 7, and by aerodynamic friction 7,. In our
system, the gyroscopic and aerodynamic torques are consid-
ered as external disturbances. Thus, the control inputs mainly
depend on the thrust torque 7 = [ 79 Ty]7. Let us denote
the control inputs u = [u¢,u9,u¢,]T, where ug, ug and uy
respectively represent the roll, pitch and yaw torques.

The quadcopter dynamics then can be represented as fol-
lows:

X =X,

Xo=I"1[f(X)+u+d], b

where X; = O, X, = O, X = [X1, X5]T is the state vector,
d = [dy,dg,dy]T is the disturbance vector, and f(X) is the
matrix represented as

(Iyy - IZZ)qT
f(X) = (L. — La)pr (12)
(IM - Iyy)pq

Based on this dynamic model, we use the adaptive twisting
sliding mode control to derive the control law of the form:

u(t) = teg(t) +ur(t), (13)

where ey (t) = (teq)T and ur(t) = (ur,)t, i = 1,2,3,
are respectively the equivalent control and the discontinuous
part containing switching elements. Given the desired angle
reference X145 = {¢a,04,%a4}", the sliding surface equation
is chosen as:

o =&+ Ae, (14)
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where A = diag(Ag, Ag, Ay) is a positive definite matrix being
designed, and e is the control error, e = X7 — X14.

The time derivative of ¢ is then found as:
&=—Xia+ I [f(X)+u] + Aé. (15)

When the sliding mode has been induced, u can be considered
as the equivalent control u.4. The equivalent control rule can
be obtained by driving ¢ to zero, as follows:

Ueg = 1 (de - Aé) — F(X).

The discontinuous control in our work is the twisting
controller [32], ur;, i =1,2,3 is adopted here as:

(16)

if 0','(:1'1‘ < 0

= { Hacisien(eg) o a7
’ if o;6; > 0,

—aysign(o;)

where p; < 1 is a fixed positive number and «; > 0 is the
control gain. To improve the control transient and tracking
performance, the gain «; in could be selected to satisfy
the following condition for the one-stage accelerated twisting
algorithm [33]):

o :max{a*,i,%|0i|pi}a (18)

where ., ;, v; and p; are positive constants. Given that fixed
time stability is required over a large operational region of
the UAV, and motivated by the simplicity of the one-stage
accelerated twisting algorithm mentioned above, we propose
to adjust the gain «; in adaptively as in [34], [35], to be
constructed based on the following equation:

. (477;’0'2'(0\)7t)| sign(|a,-(w,t)|p'i — 67;) if o > Qi
Q= .
i if a; < ayy,
(19)

where w;, €; and 7; are positive constants and «, ; is an
adaptation threshold, chosen to be greater than o, ;. By
assuming that the disturbance d is bounded, the convergence
of the system is found [36].

IV. SURFACE INSPECTION

Through the data acquisition, photos of the inspected surface
are taken and sent to RCU for defect detection. Due to the
large amount of data to be processed, a fast yet effective image
processing algorithm is required. In this work, we propose a
thresholding-based approach that can accurately detect defects
in real time.

According to our observation, defects normally appear to be
darker than the surrounding area on a gray scale image and
hence, can be extracted by selecting a proper threshold. The
threshold can be determined automatically by a binarization
algorithm, such as the global (Otsu) [37]], valley emphasis (VE)
[38]], adaptive (Sauvola) [39], iterative (ITTH) [40] and slope
difference distribution (SDD) [41] thresholding technique.
Sauvola’s algorithm is widely used in binarization applications
due to its adaptability to the content of the images. The
threshold in Otsu is calculated by minimizing the within-class
variance between the foreground and background objects and
might lead to segmentation error when one of the classes

6
Bright region Background
Grayscale L Region for L] Otsu Region contrast
histogram thresholding binarization larger than a
threshold?
Y
Dark region Defect object

N

Fig. 7: Flowchart of the proposed thresholding method.

has a large variance. VE is an improved version of Otsu’s
method that focuses on a threshold with a small probability
of occurrence and its effectiveness on various defect detection
applications has been demonstrated. ITTH are claimed to over-
come the limitation of Otsu when segmenting weak objects
or fine structures by iteratively applying Otsu’s method on
the third class between the foreground and background until
a preset criterion is met. SDD has been recently proposed
based on the slope difference distribution of the histogram
peaks to deal with the thresholding selection of different type
of vision-based applications. In the case of defect detection,
when the ratio between the defect and the background is
small, the aforementioned techniques are unable to deliver a
good segmentation. In this study, we propose an enhanced
thresholding technique that continuously focuses on the lower
intensity range of the image histogram taken into account the
contribution of defect pixels.

The flowchart of the proposed algorithm is presented in Fig.
Specifically, the threshold derived by Otsu method is first
applied to the histogram of the input image to segment it into
the dark and bright regions. The contrast between those regions
is then calculated and compared with a pre-defined threshold
to determine whether the dark region can be considered as
a defect object. If the stop condition has not been met, the
thresholding and segmentation process on the dark region will
be iterated whereas all pixels in the bright region will be
assigned as the background. At iteration k, the Otsu algorithm,
denoted as an operator F' applying on the dark region Rf’l,
generates a threshold T such that:

TF = F(RF1). (20)
This threshold segments RF'~! into RF and R} so that:
R = RFURY, 21

where R} is the bright region to be treated as the background.
To detect defects through the iteration, we use the concept
of interclass contrast which is defined as a measurement
to evaluate the quality of segmentations assuming that the
pixels inside one class have the same intensity as the average
intensity of that class [42]]. For region Rf_l, the interclass
contrast C¥ is calculated as:

ok e =]

i ; (22)
pF + pp

where p¥ and pf are the intensity means of RY and RF,
respectively. As the number of pixels in the thresholding region
decreases after each iteration, the denominator in 22) will
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decrease leading to the increase of CF. A large value of C¥
thus indicates a sharp difference in the intensity between the
segmenting classes or in another word, the existence of defect-
like objects. Let Cs be the threshold for that occurrence, the
pseudo code of our algorithm is then presented as in Fig. [g]

Input : R?: histogram of the input image
Output: T7,: ultimate threshold to segment defect from the image

background
1 k<0
2 repeat
3 k++
4 Tik — F(Rf_l) ; // Compute new threshold
5 Rf — Rffl(Rffl < Ti’“) ; // Define the region of

interest

6 | RE<RINTF<=RI"'<1F ) // set
background region
7 uF + Average(RE), pF + Average(RE); // Compute

intensity mean

8| CF |l = |/uf + p s
contrast

9 until (CF > Cy);

0 Ty« TF

// Compute interclass

Fig. 8: Pseudo code for defect detection.

V. RESULTS

We have conducted a number of surface inspection tasks to
evaluate the performance our proposed approach. Details are
as follows.

A. Experimental setup

The UAVs used in this study is the 3DR Solo drone shown
in Fig.[9] It has three processors, two are Cortex M4 168 MHz
running Pixhawk firmware for low-level control and the other
is an ARM Cortex A9 running Linux operating system for data
processing and high-level control. The UAV is retrofitted with
a RTK compatible GPS receiver, an IoT board, a detachable
antenna, a camera, a 3D gimbal and other sensors for data
acquisition.

The camera used is a Hero 4 Black with the focal length of
34.4 mm, resolution of 12 megapixels, and wireless network
capability. It is attached to a three-axis gimbal with one degree

; I Qsp_ephon 3.axis
Cam’era A glmbal ; \

4O

Fig. 9: The 3DR Solo Drone with retrofitted components
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of freedom for controlling its elevation (pitch) angle. The
photos taken by using this camera will be streamed to RCU
where the thresholding algorithm is run to detect defects.

The IoT board is attached to the accessory port of the drone
and interfaced with the embedded Linux operating system via
USB protocol. A 6 dBi detachable antenna is attached to the
IoT board to extend the wireless communication range. The
gateway router is a TPLink wireless N 4G LTE router that has
a SIM card slot to use mobile broadband networks. The RTK
compatible GPS receiver is based on the u-blox NEO-MS§P-
2-10 module. It periodically updates the correction data from
the base GPS station to improve the positioning precision.

The task assigned in experiments is to inspect surfaces
of monorail bridges using three UAVs. The Mission Planner
ground control software is used to collect initial information
about the structure and its surrounding environment based on
Google satellite maps (GST). The operation space is chosen
with the dimensions of 141 m x 10l m x 40 m equivalent
to the GST coordinates of {—33.87601,151.191182,0} and
{—33.875086,151.192676, 40}, as illustrated in Fig. El The
initial and final positions are chosen as P; = {40.0,8.0,30}
and Py = {64, 108, 34}, respectively. Therein, ten obstacles
are identified, each with a different radius.

In our path planning algorithm, the number of particles,
waypoints, and iterations are respectively selected as 150, 10,
and 300. Parameters of the three quadcopters with respect to
the centroid of the formation are ATy = (0,0,2) m, AT, =
(3,0,—1) m and AT5 = (—3,0,—1) m.

B. High-level control results

The path planning and formation results are presented in this
subsection, whereby it is expected that the designed method
can generate collision-free paths for the three UAVs with
sufficiently fast convergence using the proposed algorithm. For
this, let us first compare the performance of the proposed 6-
PSO with a conventional PSO algorithm. Figure [I0] shows the
cost values over iterations. It can be seen that although both
algorithms are convergent, the #-PSO introduces a faster and
more stable conversion. The results are confirmed as recorded
in Table [ which shows the average cost value and convergence
iterations.

TABLE I: PSO and 6-PSO performance comparison

Algorithm | Min cost | Max cost | Iterations
PSO 112.43 143.0 102
6-PSO 111.02 142.84 68
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Fig. 11: Bridge inspection with UAV formation

Given the generated path, we have conducted field-test
experiments in which the triangular formation automatically
navigated along the inspected surface, as depicted in Fig.
[IT} The 3D trajectories generated from that of the formation
centroid path are shown in Fig. [I2] where it can be seen that
the three UAVs can take off, reach to their individual alti-
tude set-point, descend and finally arrive their target position
at almost the same interval, while maintaining the desired
triangular shape. This result can be further verified via the
altitude time responses of the three UAVs as recorded in Fig.
[13] It is clear that the UAVs are capable of avoiding obstacles
and preserving the desired formation configuration during the
inspection task. For further evaluation, Fig. [T4] shows the error
between the planned and flown paths computed by selecting
the closest coordinates of the flight trajectories to the reference
points. Those small errors imply the feasibility and reasonable
smoothness of the generated path for the deployment of UAV
formation.

40
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Fig. 13: Altitudes of the three UAVs in the formation test

C. Low-level control results

Performance of the controller is judged under disturbances
and parametric variations. In our experiments, the UAV was
initially staying at the steady state in the air, where all angles
and angular velocities are zeros. To test with the real inspection
situation, some sudden and significant change in reference
values are added as ¢ = —10°, § = 10° and ¢ = 45°
at time 0.5 s, 1 s and 2 s, respectively. Results in Fig. [13]
illustrate that ATSM effectively rejects disturbances by driving
the three angles to their reference values within 2 seconds.
Other comparison and evaluation results can be found in our
previous work [36]].

D. Surface inspection results

The effectiveness of our proposed defect detection algorithm
has been tested on images taken by the camera mounted on
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Fig. 14: Errors between the planned and flown paths
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Fig. 15: Angular velocity and angle responses in the presence
of disturbances.

UAVs. The results have been compared with other methods
including Otsu, ITTH and Sauvola. Figs. [16] and [T7] present
some examples from our experiment where the input images
are taken at different light conditions with various levels
of background complexity, e.g. uniform background (Image
1 and 2), patterned background (Image 3), noisy to very
noisy background (Image 4 - 10). Image 3 was taken at
the monorail bridge mentioned in the experimental setup,
whereas the remaining ones were obtained at a suburban
bridge in New South Wales. Notably, Otsu and ITTH return
a high level of noise on all test images except on Image 1
where the contrast is high and the background is uniform.
Sauvola and VE return a proper segmentation on Images 1-3
where the contrast between the object and the background
is still obvious but fails to distinguish the crack and the
background on other images when the contrast decreases. As
SDD treats bigger classes more favorably, the defect features
might be mis-detected on noisy images (e.g Images 5-8).
Thus, our algorithm outperforms those methods in all test
cases of different background complexity and image contrast.
Those results can be quantitatively evaluated via F-measure,
a compromise between recall and precision. Let ¢p, tn be the
correctly reported positive and negative results, fp and fn the
falsely reported positive and negative results, the F-measure
for binary classification is calculated as:

F = M’ (23)

p+r

where p and r denote the precision and recall measure defined
respectively as:

tp
=—, (24)
b tp+ fp
tp
- 25
" tp+ fn 25

Table [IIj reports the F' values obtained for each method which
clearly shows the superiority of our proposed algorithm.

We also evaluated the processing time executed by using
MATLAB R2018b on an Intel(R) Core(TM) i5-5300U CPU
@2.30 GHz with 64 bit Windows 7. The average processing
time is 50 ms per image or 20 frames per second which is
sufficient for real-time inspection.
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Fig. 18: Network delay during the inspection

VI. DISCUSSION

While the inspection system has been implemented suc-
cessfully, it is worth to discuss on problems during the
development for further investigation. The first issue relates to
the communication between UAVs and the gateway router. As
most current IoT boards are designed for indoor applications,
their built-in antenna is insufficient for outdoor communication
in inspection tasks. A high gain external antenna is therefore
needed to extend the communication range as well as provide
stable signals, especially for moving objects like UAVs. Nev-
ertheless, the communication range between UAVs and the
gateway router is still limited to approximately 100 m due
to the transmitting power of the IoT board. While this range
is sufficient for inspecting structures like buildings or wind
turbines, it may be ill-use for long structures like bridges. A
possible solution is to use more gateway routers as repeaters.

Another issue relates to the network latency. It is interesting
that the average transmission delay in our experiments is
71 ms, which is even larger than the processing time to
detect defects. Moreover, the network jitter is also quite large
with the standard deviation of 45 ms as shown in Fig. [I§]
In the worst case, the delay together with the processing
time limit the real-time capability of the inspection system
to 4 frames per second. The rationale is the use of mobile
broadband networks which require wireless data transmission
via multiple intermediate relay stations. Further investigation
is thus necessary to improve the real-time response.

The final issue relates to the formation of UAVs. In rigid-
body structure, the shape is preserved during the inspection
process and thus is relevant for structures with clear flying
paths. For more complicated structures, for example with cor-
ners and varied/narrow passages, a flexible formation structure
is often required [43]]. In this case, the UAVs need have
capabilities to do online path planning as well as communicate
with other UAVs to determine its role in the new formation.
Another approach is to pass all the sensing information to
the RCU for calculating new paths and re-upload them to the
UAVs. In either approach, extra complication is added to the
system which may pose further issues.

VII. CONCLUSION

In this paper, we have introduced a system for inspecting
structural surfaces in real time using the IoT and UAV for-
mation. Our contributions include: (i) a new communication
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TABLE II: Comparison in defect detection between the proposed method and Sauvola, Otsu, VE, ITTH and SDD methods

Image Our method  Sauvola Otsu VE ITTH SDD
Image 1 0.9889 0.9163 0.8800 0.9206 0.9416  0.6881
Image 2 0.9774 0.9743 0.5101 09736 0.5112  0.7626
Image 3 0.9818 0.9547 05083 0.9818 0.5076  0.8534
Image 4 0.9542 0.6251 0.5141 0.5203 0.5147 0.6974
Image 5 0.9451 0.5239 05071  0.5119 0.5069  0.4965
Image 6 0.9140 0.8256  0.5183 0.8774  0.5208 0.5198
Image 7 0.8693 0.6776 05117 0.6371 0.5125  0.5017
Image 8 0.8685 0.7333 0.5214  0.6809  0.5244  0.5029
Image 9 0.8474 0.7876  0.5197 0.8367 0.5208 0.5730
Image 10 0.7537 0.6893 05179 0.7362  0.5222  0.5706
platform based on the Internet of Things which can exploit [12] F. Ducho, A. Babinec, M. Kajan, P. Beo, M. Florek, T. Fico, and

vast processing capabilities of RCU and remove the burdens in
communication distance; (ii) a multi-layer architecture allow-
ing various modules of a complicated system to be integrated
to fulfil a common inspection task; (iii) a new formation
algorithm for UAVs based on the angle-encoded PSO that can
create optimal flying paths constrained to the requirements in
data acquisition; and (iv) an enhanced thresholding algorithm
to detect defects in real time at high accuracy. A number of ex-
periments have been conducted with real defects detected from
the acquired data. Comparisons and discussions have been also
presented to evaluate the performance of the proposed system
and address issues for future investigation.
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Image 4

Fig. 16: Image segmentation results. First row: image name, original image, ground truth, our result, Sauvola; second row:
segmentation respectively by Otsu, VE, ITTH and SDD.
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Image 10

Fig. 17: Image segmentation results. First row: image name, original image, ground truth, our result, Sauvola; second row:
segmentation respectively by Otsu, VE, ITTH and SDD.
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