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Abstract—This paper shows an innovative approach to road
monitoring by integrating autonomous drones and sensor fusion
within a computer vision-based system. By employing different
sets of algorithms, drones equipped with cameras, GPS, and
ultrasonic distance sensors can efficiently detect and geolocate
road damages, providing crucial data for maintenance and
infrastructure management. The system’s key components
include automated planning, autonomous flight capabilities,
object detection, and sensor fusion techniques, enhancing
scalability and adaptability. The main objective is to use context
information to compute a flying plan where the subsequent
detection of defects allows us to expand and enhance GIS
data. The implementation of such a system holds significant
potential for improving road safety and optimizing maintenance
costs, marking a notable advancement in the convergence of
autonomous technologies, sensor fusion, and computer vision
for effective road surveillance.

Index Terms—Road surveillance, autonomous drones, sensor
fusion, computer vision, GIS data, infrastructure management,
automated planning, object detection.

I. INTRODUCTION

Detecting defects in roads poses a significant challenge
within the framework of road safety and the maintenance
of public and private infrastructures. Roads represent one of
the most important and relevant investments for the modern
society of the 21st century [1]. Their deployment across the
territory of any nation provides the structural basis upon
which vehicles travel comfortably and supports all terrestrial
transportation logistics. The scale of these structures becomes
colossal, and their maintenance proves to be a complicated
and often seemingly endless challenge due to the vast number
of kilometers these structures accumulate. The human factor
is crucial in the realm of maintenance, as it is responsible for
supervising the state of roads to locate defects and establish
compilations that capture the average state of the roads. The
cost of road maintenance represents a significant investment
for various government and management institutions since

the deterioration of these structures is constant, and their
maintenance is essential to ensure that roads continue to fulfill
their primary objective effectively and safely. Deterioration is
accentuated during the occurrence of violent weather events,
such as heavy rains, ice, earthquakes and the continous effects
of climate change [2]. The state of roads directly affects the
wear and tear rate of the vehicles that traverse them, making
their maintenance also a particular interest for users.

Recent works [3] related to road defect detection and
classification have been developed in recent years, and the
vast majority of them are entirely based on Machine Learning
techniques such as Convolutional Neural Networks (CNN) [4]
for detection, segmentation, and classification of the corre-
sponding defects. Recent literature aims at using deep learning
neural network architectures and, more precisely, from the
YOLO family [5].

The proposed system augmentates context information of
roads by detecting surface defects using UAV imagery, com-
puter vision and sensor fusion, producing an additional GIS
layer that could be used for further drone missions, road
monitoring, maintenance, defect classification and road safety
rankings based on the quality of the infrastructure.

II. PREVIOUS WORKS

The detection of road defects through deep learning tech-
niques and convolutional neural networks (CNNs) has under-
gone significant advancement in recent years. These method-
ologies have demonstrated their efficacy in automating and
enhancing precision in identifying defects on road surfaces,
thereby significantly contributing to maintenance and road
safety.

Semantic segmentation stands as a fundamental technique
in road defect detection. CNNs have proven effective in
precisely segmenting road images [6]–[8], and identifying
and categorizing various types of defects [9] such as cracks,
potholes, and pavement deformations.



The availability of specific datasets for road defect detection
has propelled the development of deep learning algorithms.
Datasets like CFD (Crack Forest Dataset) and RDD (Road
Damage Dataset) contain labeled images featuring diverse
defect types, facilitating the training of detection models with
high performance and generalization.

Architectures of convolutional neural networks specifically
tailored for road defect detection have been proposed. These
architectures typically incorporate specialized layers for defect
identification and classification, alongside attention mecha-
nisms to highlight relevant regions in images.

The utilization of transfer learning and fine-tuning has
proven effective in road defect detection, particularly in sce-
narios with limited datasets. By leveraging pre-trained models
on larger datasets, researchers can swiftly adapt models to new
road defect detection tasks with reduced computational costs.

Using drones and UAVs for data collection enabling the
application of detection algorithms has been extensively stud-
ied and developed in the past [10]. The low cost associated
with the energy consumption of commercial drones and the
ability to conduct remotely piloted flights have rendered drones
a pivotal technological asset in acquiring high-quality aerial
imagery. The applications of defect detection systems through
drone-captured images extend beyond the realm of roadways,
encompassing various infrastructural arrays [11] necessitating
analogous monitoring and maintenance mechanisms. Leverag-
ing the high computing capabilities embedded within onboard
drone computers, researchers have proposed real-time detec-
tion systems [12] capable of conducting flight and detection
processes online.

Autonomous drone control entails the utilization of flight
controllers (software) embedded within lightweight microcon-
trollers (hardware), facilitating the execution of flight mission
instructions defined by the user. The flight controller itself
manages sensor data by filtering the inherent noise present
in measurements, thereby enabling precise and finely-tuned
flight quality. Recent studies [13] demonstrate how handling
noise in these controllers is not a trivial task and its impact
on flight precision and quality. While not the primary focus
of this article, comprehending the presence of noise in sensor
measurements crucially underpins the evaluation of accuracy
in a data fusion system as proposed herein.

III. SYSTEM EXPLANATION

The proposed system aims to automate the process of
detecting defects in roads, thereby adding an additional layer
of contextual information to the original data. The primary
objective of the system is to serve as a fully automated com-
ponent within the context of road monitoring and maintenance,
as defined by the iterative cycle illustrated in Fig. 1.

The execution pipeline of the system (and by extension, of
an iteration) is delineated by five phases (Fig. 2):

1) Computation of suboptimal routes based on the original
contextual information.

2) Execution of the mission and data collection.
3) Detection of road defects.

Fig. 1. Basic context augmentation loop (equivalent to one iteration).

4) Fusion of sensor information.
5) Build a GIS layer containing information about the state

of the road infrastructure.

Fig. 2. System pipeline.

A. Base road context for automated planning

In the planning phase, our aim is to generate a graph
defining the road network upon which suboptimal planning
algorithms can be applied.

The original information on which the system relies is
based on XODR (OpenDrive) files [14], which accumulate
data regarding both the physical (dimensions, curvature, etc.)
and logical (number of lanes, direction of traffic flow, etc.)
characteristics of roads. XODR files provide a precise descrip-
tion of real roads, enabling the creation of a hyper-realistic 3D
reconstruction. This reconstruction serves as both a simulation
environment and a starting point for automated planning.

The road is described by sequences of vertices with local
Cartesian coordinates. However, the flight plans constituting
drone missions must be defined by global coordinates. Thus,
these local coordinates are transformed into global geodetic
coordinates using Eq. 1.
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Where Xp, Yp, Zp are the ECEF coordinates of the flying
object, Xr, Yr, Zr are the ECEF coordinates of the observer
and E, N, U are the local tangent coordinates of the flying
object.



ECEF → Geodetic
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Being a the equatorial radius and b the polar radius.

With geodetic coordinates, a set of scattered vertices de-
scribing the road is obtained, although the edges have not been
defined (Fig. 3). At this stage, the problem is approached as
a Traveling Salesman Problem (TSP) [15], where all previ-
ously mentioned vertices are connected to each other (except
themselves), and the ultimate goal is to find a pseudo-optimal
path traversing all vertices of the graph. The TSP problem is
formally defined as presented in equation 2.

min z =

n∑
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n∑
j=1

cijxij | i ̸= j

s.t.
n∑
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ui − uj + nxij ≤ n− 1 | 1 ≤ i ̸= j ≤ n

cij ∈ R, xij ∈ {0, 1}

(2)

Where Cij is the distance between vertices computed by
the haversine distance. Analytical methods exist for solving
the TSP problem and finding an optimal solution, such as
brute force resolution, which has a time complexity of O(n!).
Methods like the Held-Karp algorithm [16] employ a Dy-
namic Programming approach, achieving a time complexity
of O(n22n). Other approaches like the Branch and Bound
(B&B) algorithm are also quite popular for providing optimal
solutions to the TSP problem.

These optimal algorithms can solve the TSP problem for
small instances (up to 20, 40, or 200 vertices at most).
Assuming that the resulting graphs from the XODR files
will contain a much greater number of vertices than 200, the
selection algorithm for planning resolution was the Nearest
Neighbor (NN) algorithm [17]. This algorithm offers a subop-
timal solution returning a path that is, on average, 25% more

Fig. 3. Vertex-based road representation.

costly than the optimal one, and its operation falls within the
group of algorithms based on constructive heuristics.

The NN algorithm operates on a simple principle, which
involves moving towards the nearest vertex (taking into ac-
count edge weights) and repeating the process until all vertices
are visited (see Figure 4). The time complexity of the NN
algorithm is O(n2), and while it remains a significant cost, the
algorithm solves the problem (without guaranteeing optimal
solutions) in polynomial time. There exists a parameter to
be fixed in the generation of road vertices, known as the
separation distance. This distance separates vertices within a
road segment, such that if the distance is too short, the number
of vertices generated from the XODR increases substantially,
and vice versa. The effect of this separation distance on
planning is significant since excessive separation between
vertices of the same segment can result in routes taking on
a “Z-shape” (see Figure 5). This effect represents a huge
problem in terms of energy consumption since the drone needs
to manoeuvre too many times, accelerating and decelerating
persistently, which reduces the battery life and fligth stability.

Fig. 4. Simple execution of the NN algorithm.



Fig. 5. “Z-shape” problem occurs when the separation distance between road
segments is larger than lateral distance.

B. Data extraction

The data extraction process occurs during drone mission
execution. The flight plan, previously generated using the NN
algorithm, delineates the points (specified by their geodetic
coordinates) to which the drone must navigate. During the
transition between pairs of points, the drone captures images
at a specified frequency, facilitating overlap to prevent gaps in
road coverage and defect detection.

The drone-mounted camera is affixed to a gimbal articula-
tion system, positioned at a 90-degree angle to the ground’s
horizontal axis (see Figure 6). The flight altitude can be
statically set at the beginning of the mission or can be adapted
and modified as necessary to ensure that the drone never flies
too low or too high. With each image capture, a combination of
an ultrasonic distance sensor and GPS records values for that
moment, which are then stored as metadata within the image
for subsequent processing. The metadata header structure for
the images is illustrated in the table (see Table I).

Fig. 6. Gimbal orientation during flight.

C. Processing the data with Computer Vision and fusion

The data processing unfolds across three distinct phases
(Fig. 7): detection, fusion, and deployment. Detection is
achieved by employing a YOLOv8 neural network [18],
trained on road defect images, to yield TXT files containing

corresponding bounding-box data of said defects, stored in
YOLO format.

Fig. 7. Data processing phases.

The bounding box denotes a rectangular subset relative to
the original image, necessitating additional measurements for
its transformation into geodetic coordinates. This is where the
data fusion phase comes into play, leveraging the distance
sensor and GPS as supplementary sources of information. The
GPS records the corresponding coordinates at the moment
of image capture, precisely aligning with its center. In other
words, the geometric center of the image corresponds to the
drone’s GPS coordinates at the time of capture. Determining
the geodetic coordinates of the image corners necessitates the
distance sensor observation, which provides an approximation
(accounting for inherent sensor noise) of their locations (see
Fig. 8). In Eq. 3 we can observe how the computation of
absolute coordinates is done.
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Where F is the footprint (width of the image in meters),

H is the relative distance (height) measured in meters by
the distance sensor, FOV represents the field of view of the
camera (in degrees),

−−→
VUL represents the coordinates of the

upper-left corner and
−−→
VLR represents the coordinates of the

lower-right corner.



TABLE I
METADATA STRUCTURE FOR IMAGES

Field Description Space in bytes
Relative distance Measured by the ultrasonic distance sensor (in meters) 4 bytes (float)
GPS - Latitude Latitude measured in degrees 8 bytes (double)

GPS - Latitude (REF) Precision value. Default: 106 4 bytes (int)
GPS - Longitude Longitude measured in degrees 8 bytes (double)

GPS - Longitude (REF) Precision value. Default: 106 4 bytes (int)

Subsequently, the corners of defect bounding boxes (if
any) are computed from their relative coordinates and the
updated absolute corner information. The final deployment
step involves converting defect information into a rectangular
GIS layer, facilitating graphical visualization in geospatial data
management software.

Fig. 8. Drone’s geometry when taking images.

Ultimately, the processing integrates data from the camera
(including YOLOv8 detection), distance sensor, and GPS
to map and incorporate defects as supplementary contextual
information.

IV. EXPERIMENTAL RESULTS

For experimentation, AirSim was employed as a realistic
flight simulation software, coupled with PX4 as the flight
controller. A network of streets interconnected by a main
avenue in the vicinity of the Universidad de Alcalá (UAH)
in Spain served as the testbed (see Fig. 9). These streets were
meticulously replicated using Blender to construct a highly
accurate digital twin road.

To establish an extensive test battery, fifty random points
uniformly distributed along the roadway were selected to
reproduce road defects. Defects were pseudo-randomly gen-
erated at these points, and their bounding boxes were stored
in a JSON file, serving as ground truth. Mission planning was
computed based on the same XODR file used for generating
the 3D road model (see Fig. 10), yielding a total of 8514
images.

Image processing steps were executed offline, i.e., subse-
quent to mission completion, rather than concurrently. Follow-
ing the detection and fusion phase, results indicate a 100%
successful detection rate of defects, this means that every
single defect was captured and detected by the system. A

Fig. 9. Resulting mission plan (green) after applying NN algorithm.

Fig. 10. Example of a simulated road crack.

detected defect is considered when at least one predicted
bounding box is closer to a particular ground truth defect than
to the other defects. Some of those results are shown in Figs.
11, 12, 13 and 14 as illustrative examples. To evaluate the
quality of the results, we define a metric named mean centroid
distance (MCD), mathematically formulated as eq. 4 states:

MCD =
1

Npred

Npred∑
i=1

min
H

{H(Ci, Cj)} | j ∈ NGT (4)



Fig. 11. First system output example (green is ground truth and
blue are predicted bounding boxes).

Fig. 12. Second system output example (green is ground truth and blue
are predicted bounding boxes).

Fig. 13. Third system output example (green is ground truth
and blue are predicted bounding boxes).

Fig. 14. Fourth system output example (green is ground truth and blue
are predicted bounding boxes).

K(Ci, Cj) = sin2
(
∆ϕ

2

)
+ cosϕ1 · cosϕ2 · sin2

(
∆λ

2

)
H(Ci, Cj) = 2r arcsin

(√
K(Ci, Cj)

)
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Where Npred represents the number of predictions made
(predicted bounding-boxes), Ci, Cj represent the i-centroid
and the j-centroid of the predicted bounding-box and the
ground truth bounding-box respectively, H represents the
haversine distance computed as eq. 5 shows and NGT repre-
sents the number of ground truth bounding-boxes. The metric
of evaluation employed herein affords us the opportunity to
scrutinize the system’s quality, particularly the precision of the
final outcomes resultant from fusion. Although distances be-
tween points could be calculated using the euclidean distance
(and Earth’s curvature wouldn’t be significant), it is important
to note that the haversine distance operates directly with points
represented in global geodetic coordinates, so it is immediate
to use it as the preferred distance metric.

The overall result states that the system predicts the position
of defects with an average error distance of µ = 0.86m and a
standard deviation of σ = 0.43m. Plotting these errors into a
bar-plot and computing the corresponding normal distribution
density function shown in Fig. 15, we can assert that the error
is normally distributed which allows us to use µ = 0.86m as
a trustworthy statistical value.

V. CONCLUSIONS

The proposed system successfully addresses the task of
defect detection for which it was designed, with particular
emphasis on the automatic planning and autonomous flight
module, which entirely eliminates the need for human drone
operators. The utilization of position and distance sensors for
mapping and geolocating defects allows for the creation of GIS
information layers, thereby enhancing contextual information
about roadways. This enables ”second pass” missions to cor-
roborate or reconstruct defects, yielding more precise informa-
tion, thereby opening avenues for defect classification, study
of the optimal sequence for repairs based on damage severity
and distance, among others. While the proposed system is tai-



Fig. 15. Error distribution based on the distance that separates centroids
between ground truth and prediction bounding-boxes.

lored for monitoring road conditions, its applicability extends
to other infrastructures such as sidewalks, airport runways,
warehouse rooftops, bridges, dams, and more. In conclusion,
this article’s proposal harnesses the use of autonomous flights,
automatic planning, artificial vision algorithms, and data fu-
sion as key elements in road defect detection.

VI. FUTURE WORKS

As future work, we will consider the modification of
the system to enable real-time (online) detections, thereby
expanding the data collection system to distributed drone
swarms, facilitating quicker road scanning through imagery.
The utilization of commercial drones is constrained by bat-
tery duration, typically around 30 minutes. An improvement
approach would involve planning considering battery con-
sumption, including visits to recharge stations if necessary.
While the system’s quality in defect detection and geolocation
is more than reasonable, enhancements can still be made,
particularly regarding noise filtering in GPS and distance
sensors. Exploring the possibility of reconstructing defects
using LiDAR stands out as a primary enhancement, adding
additional layers of contextual information about the defects.
Validating the system with real world data (real images of road
defects) is also a major improvement that must be achieved in
the future.
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