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Abstract 
 
Recent years have seen a surge of interest in the use of UAVs for asset surveying applications 
including chimney stacks, power lines, wind turbines and other structural assets.  Most 
commercial systems available are manual, relying on a human operator to fly the UAV or 
drone, and a manual process of image stitching and analysis to check for faults and defects. 
Errors in the position of the inspection drone make guaranteeing full coverage and accurate 
defect registration particularly problematic with this approach.  This paper details our work 
at University of Strathclyde, conducted under the UK Research Centre in Non-Destructive 
Evaluation, in areas that are essential to improving the accuracy of such drone based 
structural asset inspection; we describe this set of approaches for improving the ability of 
drones to make such measurements.  We present the results of a study aimed at better 
understanding of the positional accuracy and stability of UAV’s when used in indoor and 
outdoor environments for inspection purposes, utilising high precision laser tracking and 
photogrammetric approaches.  Coverage path planning approaches were implemented to 
ensure full area coverage and provide accurate registration of faults.  Finally, using image 
stitching – it is possible to get both full area visualisation of the structure, and more 
importantly to reconstruct a 3D CAD model of the surface of the structure under inspection.   

 
1 INTRODUCTION 

Asset integrity inspection, surveillance and health monitoring are increasingly becoming 
popular application areas for UAVs and drones [1–7]. Guidance, navigation and control 
(GNC) of drones or arrays of drones is a critical task to enable real inspection tasks. 
Techniques depend on the performance required: long range UAVs, usually with fixed wing, 
perform their missions kilometers away from the base: position accuracy and obstacle 
avoidance are secondary when compared to turn planning [8] or the trajectory generation for 
these vehicles [9]. Rotating wing devices have shorter range but superior low speed 
performance, with the ability of hovering on the spot and maneuvering in small spaces – 
these are therefore the preferred platforms used for structural health monitoring. In this paper 
we consider different control architectures for both internal and external asset inspection 
applications.  For indoor inspection, a multicopter system was implemented that utilized a 
precision photogrammetric tracking system to provide positional feedback.  A kinematic field 
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approach [10] was adopted for control, employing a potential field approach for multi-UAV 
collision avoidance.  For external inspection the traditional approach is to utilize GPS for 
positioning information, but latency of measurements can be problematic for real time 
applications so we have employed a laser tracker to support these real time external 
measurements and compare with GPS.  A split control approach was adopted where heavy 
computational tasks were performed on a ground station and critical real time on the UAV 
platform.  A Lyapunov guidance vector field was implemented, widely used for fixed wing 
vehicles [11, 12], adapted to the vehicle. We present the performance of this algorithm using 
an ASCTEC Firefly 6 rotor drone [13] performing a raster scan over an external flat roof 
building.   

 

2 CONTROL ARCHITECTURES 
2.1 Indoor Control 
 

To provide autonomous control of the swarm a kinematic field was introduced that was a 
function of the drone’s positions with respect to a central target. It provided a highly 
nonlinear guidance law which was mapped to the control action through a linear controller. 
This arrangement generated smooth trajectories for multiple drones which is highly desirable 
for tasks including autonomous visual inspection. The control architecture is illustrated in 
Figure 1 where the guidance block was provided with the drone’s own position and the 
relative positions of the other drones in the field. Based on this information the local 
kinematic field of each drone was computed; producing the desired velocities in the 
horizontal plane of the external reference frame. These were passed to a linear controller that 
provided the pitch and roll angles to the on-board controller with desired yaw and vertical 
speeds also supplied. This in turn commanded the motors to execute the requested 
manoeuvre. The specifics of this control scheme are detailed in [10]. 

 

 
Figure 1:  Scalable control architecture for multi-copter control 

 
2.2 Collision Avoidance 
 

A popular way to perform collision avoidance in multi-agent systems is through mutual 
repulsive potential [14, 15]. This way each agent alters the kinematic field by producing a 
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short-range repulsive action on the other agents. This is an efficient but crude mechanism for 
performing collision avoidance; therefore a less disruptive approach was used that blends 
well with the global kinematic field. This new approach acts like an asymmetric repulsive 
function by modifying the kinematic field for one drone approaching another, initially 
reducing the magnitude of the field’s rotating component. In order to be effective, only the 
trailing drone was inhibited.  Identification of this drone was achieved by considering the 
scalar product of the relative position vector with the desired velocity vector. In reference to 
Figure 2  a binary variable, h , was defined on the basis of the scalar product with 

 
𝑉𝑉𝑑𝑑𝑑𝑑𝑑𝑑1 ∙ 𝑃𝑃2−1 ≥ 0 → ℎ = 1     (1) 
𝑉𝑉𝑑𝑑𝑑𝑑𝑑𝑑1 ∙ 𝑃𝑃2−1 < 0 → ℎ = 0     (2) 

 
Where P2-1 is the position vector of drone 2 with respect to drone 1 in the global reference 
frame. This enabled the kinematic field to be modified asymmetrically, i.e., only the trailing 
drone, where h=1, was affected. 
 

 

 
Figure 2:  𝐻𝐻(|𝑃𝑃2−1|)  plotted with ρ=1000 and ci = 2x105 – left and right plots show modified kinematic 

plots for corresponding varying H values. 
 
This asymmetrically modified field only occurred when drones were within close 

proximity, the term ( 𝐻𝐻(|𝑃𝑃2−1|)  ) that governed this proximity enabled a threshold distance 
to be defined, whereby passing this point resulted in a switch of direction for the rotational 
component of the kinematic field, as depicted in Figure 2. The modified field, therefore, 
enabled station keeping at the defined distance from the target until the leading drone moves 
on. The function used was in the form [10] 

 

𝐻𝐻(|𝑃𝑃2−1|) = |𝑃𝑃2−1|−𝜌𝜌
�|𝑃𝑃2−1|−𝜌𝜌�

+ 𝜌𝜌−|𝑃𝑃2−1|
�𝜌𝜌−|𝑃𝑃2−1|�

𝑑𝑑
−(|𝑃𝑃2−1|−𝜌𝜌 )2

𝑐𝑐𝑖𝑖    (3) 
 
where ρ defines the threshold distance between drones and ci is a scaling factor that 
influences the gradient of the function.  Figure 2 shows how the scaling of the kinematic 
field’s rotational component affects the modified field. This figure highlights that H = 0 at 
the threshold distance of 1m (ρ=1000), with the rotational component of the kinematic field 
acting in opposite directions either side of this distance.    
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2.3 Outdoor Control 
 

The control of the drone was composed of two separate software parts: an on-board and a 
ground segment. Figure 3 shows the task division and the communication between the 
ground and the onboard segment. Both the transmitted and received streams were broadcast 
using a universal asynchronous receiver/transmitter (UART) X-bee devices using a 
IEEE802.15.4 protocol [16].  The on-board segment implemented the Guidance, Navigation 
and Control functions through a straight line-following algorithm relying on the 
discretization of any trajectory as a sequence of parallel straight lines, linking waypoints. 
This was achieved by superimposing two desired velocity vector fields, the “across - 
perpendicular” field and the “along - parallel” field. The line-following algorithm was part of 
a more complex architecture. The GPS readings were translated into a local, metric grid 
which was then aligned and translated onto the line to follow. The control part of the 
algorithm compared the desired velocity with the actual one measured by the drone and 
produced a commanded velocity in the body reference frame. This was met by commanding 
a pitch and roll angle, for x-body and y-body velocities respectively, through a controller. 
The commanded pitch and roll angles were sent to the on-board, low-level electronics that 
controled the electric motors. The code transforming commanded angles into motor voltage 
was part of the ASCTEC proprietary software, hence not editable. 

 
The ground segment received telemetry via UART. For each pair of waypoints, only the 

destination one is passed together with the sine and cosine of the heading angle from the 
North, in order to save on-board computational resources. 

 

 
Figure 3: Interaction between Ground and UAV control architecture 

 
The guidance was implemented as a 2D velocity field. This is similar to [17], although 

modifications were needed to better meet the slow speed characteristics and the limited 
computational power. Every point in the horizontal plane containing a desired straight path 
could be identified by its distance with sign from the path in the orthogonal direction (x-
across or xac) and its distance from the final point of the path in the direction parallel to the 
path (x-along or xal ). The velocity field provided, for each (xal , xac), one along and one 
across velocity components, (val and vac respectively), whose vector sum returned the desired 
velocity for the drone to track at every position. To make the drone first approach and then 
follow the path, vac must dominate val at large distances, while, when on the path, val must 
dominate vac. Moreover, the along the path component should be constant on the path, 
reducing to zero when approaching the end of it.  Equations (4) and (5) produce this 
behavior: 

𝑣𝑣𝑎𝑎𝑐𝑐 = 𝑥𝑥𝑎𝑎𝑐𝑐
𝑐𝑐𝑎𝑎𝑐𝑐 +𝑘𝑘𝑎𝑎𝑐𝑐 |𝑥𝑥𝑎𝑎𝑐𝑐 |      (4) 
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𝑣𝑣𝑎𝑎𝑎𝑎 = 𝑥𝑥𝑎𝑎𝑎𝑎
𝑐𝑐𝑎𝑎𝑎𝑎 +𝑘𝑘𝑎𝑎𝑎𝑎 |𝑥𝑥𝑎𝑎𝑎𝑎 | 𝑑𝑑(𝑥𝑥𝑎𝑎𝑐𝑐 )    (5) 

Where |. |indicates the absolute value and 𝑆𝑆𝑎𝑎𝑐𝑐 = 1/(𝐾𝐾𝑥𝑥𝑎𝑎𝑐𝑐2 + 𝐶𝐶)  regulates the reduction in 
vac .  The values used for the constants were chosen simulating the dynamics and refined 
through a systematic best guess process and are: cac =1, kac =1, cal = 1, kal =1, C =0.5 and K 
=2.  By way of example, the functions in Equations (4), (5) and S(xac) are plotted in Figure 4 
along with the resultant vector field for a 45o  trajectory.   

 
Figure 4 : (a). Along and across the track desired velocities. (b) Vector field resulting from the guidance law 

for a straight trajectory heading 45o. 
 

Note that the along and across track velocities (Equations (4) and (5)) were further scaled 
to meet the advancing speed requirements. A GPS receiver was available and already 
integrated with the hardware on the ASTEC Firefly. Typical GPS horizontal accuracy with 
high quality receivers is down to 3.5 metres [18] with a significant improvement possible 
when using a differential GPS approach [19] with a fixed known reference base. The desired 
velocity was compared to the actual one and the difference transformed to commanded 
attitude angles by a proportional-derivative (PD) controller.  

 

3 INDOOR ASSET INSPECTION 
To demonstrate the principles of indoor UAV asset inspection, a sample comprising an 

intermediate level waste drum from the nuclear industry was selected as the asset. This had 
diameter 800 mm and height 1200 mm, and was constructed from 316 stainless steel.  Large 
numbers of such storage drums are utilized for waste storage, and long term issues relate to 
product leakage, drum distortion etc.  These problems typically manifest as clearly visually 
distinguishable features on the drum exterior, such that a vision based inspection, combined 
with 3D surface reconstruction of the drum provides extremely useful diagnostic information.  
Parrot AR.Drones V2.0 were used in the experiment, comprising a four rotor quadcopter, 
with a wingspan of 517 mm.  These drones included embedded 720p, 30fps cameras with a 
92o field of view.  A VICON MX motion capture system was used for positional tracking, 
providing coverage for a volume of approximately 6 x 3 m. The VICON system tracked 12 
mm spherical reflectors in patterns of 3 or more reflectors placed in a unique pattern for 
identification.  The system allowed tracking in 6 degrees of freedom at 100 Hz with an 
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estimated error of less than ± 3 mm throughout the coverage volume [20].   

 
Figure 5:  Generated CAD model of waste storage drum after vision inspection and image stitching 

 
Using the kinematic field described previously the drones were able to examine the entire 

circumference of the drum by always pointing towards its centre, before moving on to a 
different section and continuing the inspection. Each drone, therefore, recorded video of the 
target with the images first collated, before being processed by Autodesk’s 123D Catch [21] 
to create the 3D models shown in Figure 5. This software uses photogrammetric analysis to 
process the images, where common features are identified and images stitched together to 
provide an estimate of target geometry.  Automated feature matching was facilitated by the 
manual selection of common points appearing in at least three images. This process ensured 
that images were stitched in the correct location and common features were found, which was 
difficult in this case given the monochromatic and symmetrical nature of the drum. The 
model contains most of the drum’s features but had difficulty in areas of poor coverage, 
primarily the lid and the base of the drum. Inspection could be conducted with a single drone, 
but multiple drones provided faster coverage while offering redundancy in the system. To 
compare the coverage speeds, when using different swarm sizes, a flight time was recorded 
for filming five vertical coverage bands. The drones were required to have collectively 
achieved complete coverage around the circumference before transitioning to another band 
30cm below. For 1 drone this took around 160 s, this time decreased 104 s for 2 drones and 
was further reduced to 64 s in the 3 drone case. 

 
Errors in the re-construction were considered by generating models using a manual 

handled 24 Megapixel DSLR camera, the 720p camera handled manually, and the same 720p 
camera mounted on the UAVs. The reference CAD dimensions of the storage drum were 
available to dimensionally compare against.  Table 1 gives the errors from each of the three 
models where the Kolmogorov-Smirnov test determined that the data did not conform to 
standard normal distribution and, hence, was represented using interquartile range.  

 
 Two-vehicle 

flight 
Manual 720p 
camera 

Manual DSLR 
camera 

Interquartile range (mm) 14.4 7.57 6.69 
Q1 (mm) -14.9 -7.36 -8.07 
Q3 (mm) 13.8 7.78 5.30 
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Table 1:  CAD model reconstruction errors for storage drum 
Errors in the position of the inspection vehicles could be determined directly from the 

VICON tracking data and are listed in table 2 for 1 and 2 vehicle inspections at the nominal 
height bands used for the inspection around the drum. 

 
 Nominal Height (mm) 1500 1200 900 600 300 

1 UAV Radial error mean (mm) 134 168 202 219 197 
Height error mean (mm) 20 65 65 65 89 

2 UAV Radial error mean (mm) 205 167 201 160 206 
Height error mean (mm) 38 67 75 85 104 

Table 2:  Positional errors of 1 and 2 vehicle scan paths at discrete height bands around drum 
 

4 OUTDOOR ASSET INSPECTION 
For the outdoor inspection trial, a single ASTEC Firefly 6 rotor UAV was used to carry a 

downward facing GoPro camera operating at a resolution of 1280x960 pixels and 29fps.  The 
video stream was saved to SD card for post analysis following distortion correction using 
standard GoPro software.   Subsets of frames were extracted from the video to produce an 
image sequence covering the inspected area. The Scale Invariant Feature Transfrom (SIFT) 
was used to extract image features from these images [20]; features being used to estimate 
the homography matrix relating the images. This transformation was been applied with the 
assumption that the observed surface was approximately planar.  The flight path was tracked 
using on board GPS, and in parallel using a Leica AT901-B single point laser tracker 
(accuracy 0.2μm+15μm/m).  A standard prism reflector with an acceptance angle of ±50o was 
attached to the underside of the UAV such that line of sight to the tracker was maintained 
during flight. The tracker therefore provided 3D co-ordinates of ground truth trajectory for 
each flight. 

 
The asset under inspection comprised a private building with a flat roof.  Two separate 

raster scans of the roof were completed with a predetermined rectangular scan pattern of size 
14m by 15m with a stripe width of 2m.  Wind conditions during inspection were calm 
(velocity < 2 ms-1).  The 3D positions from the laser tracker were registered with the 2D (X, 
Y) positions from the GPS and the desired path to produce the comparative trajectory plots in 
Figure 6. The errors between the GPS and laser paths were computed by using the GPS as the 
reference and finding the closest point on the laser and desired paths. The errors expressed in 
terms of X and Y components are tabulated for runs 1 and 2 in Table 3. 

 
 Run 1 Run 2 
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Desired Path vs GPS (x axis) 71.5 367 145 73.4 71.5 1470 236 361 
Desired Path vs GPS (y axis) 12.5 4160 689 1220 2.40 3550 600 1030 
Tracker vs GPS(x axis) 0.10 3630 257 583 0.20 6270 350 751 
Tracker vs GPS(y axis) 0.20 613 9.20 42.6 0.30 693 6.60 37.6 

Table 3:  Positional errors measured in 2 inspection runs 
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Figure 6:  Path errors between programmed, GPS and laser tracker monitored path . 

 
 
It is apparent from Figure 6 and table 3 that the GPS based tracking algorithm allowed a 

reasonable apparent path following to be achieved with a maximum error of 4.16 m.  
However, when considering the absolute positional data available from the laser tracker, it is 
clear that large errors of up to 6.27 m were observed over the scan paths. 

 
For the asset visual inspection task, a subset of 5 frames was extracted and stitched [20] 

(with 50% overlap) to yield the composite image shown in Figure 7. For ease of inspection, 
an orthographic view of the roof was obtained through a homograpic transform of the 
composite image, this is shown in Figure 7c.  

 
 

   
Figure 7:  Aerial images, (a), Individual images, (b) Stitched Composite Image,  

(c) Leveled Composite Image 
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5 CONCLUSIONS 
This paper has provided an overview of current approaches to UAV asset inspection for 

indoor and outdoor assets undertaken at The University of Strathclyde.  Different control 
approaches have been introduced to illustrate multi-UAV inspection and tracking indoors, 
and a single UAV outdoor GPS tracking application.  A kinematic field approach was 
demonstrated for inspection of a nuclear waste drum indoors which could be scaled to 
accommodate multiple inspection UAVs.  A different approach based on 2D velocity field 
tracking incorporating onboard GPS sensors was implemented for the outdoor inspection.  In 
both cases independent tracking technologies (photogrammetry and laser tracking 
respectively) were used to quantify the positional errors associated with the tracking 
algorithms.  Path errors of up to 6.27m were observed for the GPS based outdoor approach 
when surveying a flat roofed building.   

 
Both techniques were used to deliver vision based asset inspection, based on individual 

camera frames which were post processed using commercial and proprietary image stitching 
approaches to generate reconstructed 3D CAD models of the assets under inspection.  For the 
indoor inspection, the exact dimensions of the sample were known, and therefore the 
reconstruction errors of the image stitching could be quantified – typical maximum errors of 
14.4 mm were measured on the drum of diameter 800 mm and height 1200 mm. 

 
Future work will address the implementation of differential GPS for the outdoor 

measurements, again comparing performance to the absolute measurements provided by laser 
tracking.  
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