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A B S T R A C T   

The condition of the road surface should be inspected to increase the service life of the road and to ensure safety 
and comfort. This study aims to automatically detect and measure road distress from unmanned aerial vehicle 
(UAV)-based images. The proposed methodology consists of three steps. First, images acquired from the UAV are 
used to generate the three-dimensional point cloud. Then, the road surface is extracted from the 3D point cloud. 
Finally, the developed algorithm is used to automatically detect and measure road distress. The accuracy 
assessment is conducted by comparing the analyses from point cloud data and measurements obtained from the 
traditional inspection method. The root mean square error values range from 2.09–6.72 cm. Finally, the out-
comes of the proposed methodology are compared with those of commercial GIS software. Both produce sta-
tistically similar results for detecting road surface distress.   

1. Introduction 

The service life, economy, and safety of road projects have an 
essential place in transportation engineering. In order to increase service 
life and maximise safety, timely maintenance and rehabilitation must be 
performed. Therefore, periodically monitoring road conditions to decide 
where, when, and how to implement these actions, is preferable. Addi-
tionally, on-time inspection may reduce repair costs before they become 
too high. 

Traditionally, an assigned person inspects road conditions manually 
and visually. However, traditional inspection methods are time 
consuming, labour intensive, and subjective [1–4]. Moreover, these 
methods are unsafe for the inspector and for primary users of the road, 
such as pedestrians and drivers. Over the years, new technologies and 
approaches have been introduced to overcome some of these drawbacks 
to improve the efficiency and accuracy of road inspection methods. 

Studies regarding road inspection methods can be summarised by 
different methods, namely, vibration-based methods, two-dimensional 
(2D) image-based methods, and three-dimensional (3D) model-based 
methods [1,3]. Eriksson et al. [5] and Yu et al. [6] used a vibration- 
based method to monitor road conditions. In the vibration-based 
method, the road condition is inspected with the help of acceleration 
sensors on a vehicle. The vehicle travels along the road, and vibration 

due to rough road conditions is analysed to inspect road conditions. 
Although the vibration-based method can be used in real-time, complete 
details of road conditions are not inspected, because roughness in the 
middle of the road is not detected. In the 2D image-based method, road 
distress is detected from images using traditional image-processing 
techniques [7,8]. However, in this case, the third dimension of road 
distress was not investigated. In the 3D dimensional method, the 3D 
surface model of the road is produced using several technologies, such as 
laser scanners [9], Kinect sensors [10,11], and stereo vision [12], which 
are integrated into mobile mapping systems (MMS) [13]. An MMS is a 
combination of navigational, camera, or laser systems that acquires 
comprehensive 3D road surface data. However, these technologies are 
costly and cumbersome, with time consuming post processing. 

Another technology used to derive a 3D model of a road surface is the 
unmanned aerial vehicle (UAV). UAV photogrammetry is one of the 
fastest-growing technologies used in road condition inspections 
[1,2,4,14,15], 3D terrain modelling [16,17], and other fields [18–21]. 
An easy and successful use of structure from motion (SfM) techniques to 
reconstruct terrestrial and aerial images from UAVs constitutes a 
particularly convenient method for different disciplines, such as preci-
sion farming [22], agriculture and forest monitoring [23], geological 
mapping [24,25], structure health monitoring [26], ecological moni-
toring [27], and topographic and archaeological mapping [28,29]. 
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Additionally, UAVs produce data more cost effectively, efficiently, and 
accurately than other aerial imaging platforms [18]. 

Saad and Tahar [2] used UAV technology to obtain several images of 
the road from two different altitudes (i.e., low and high altitude). Then, 
Agisoft Photoscan software was used to produce a 3D surface model of 
the road from those images. Several potholes and ruts were detected 
manually from the 3D road surface using Global Mapper software. Then, 
actual measurements of the potholes and ruts, which were obtained 
manually, were compared with 3D surface model measurements. Small 
errors were derived from low-altitude UAV images. A similar study was 
conducted by Zeybek and Biçici [4], which used images taken from UAV 
flight to produce a 3D surface model of the road using Pix4DMapper 
software. Then, a manual detection method was used to detect road 
distress using Global Mapper software. Although the 3D point clouds, 
surface model, and orthomosaics produced by UAV images contain 
abundant information, manual data processing is very time consuming 
and uneconomical. Therefore, automated methods that reduce manual 
processing time and produce more consistent results are required. 

Tan and Li [1] also used UAV technology to detect road distress. 
Their proposed method consists of the following steps: first, Pix4D-
Mapper software was used to derive a 3D surface model of eight different 
roads from UAV images; next, the road surfaces were extracted using a 
region-growing algorithm, which is a well-known image segmentation 
algorithm used in several studies [30–32]. Unlike Saad and Tahar [2] 
and Zeybek and Biçici [4], road distress was detected and measured 
automatically by the developed algorithm. Tan and Li [1] assessed the 
performance of the developed road distress detection algorithm by 
comparing field measurements and corresponding measurements ob-
tained from the developed algorithm, which successfully detected and 
measured road distress. However, Tan and Li [1] detected only single 
distress on smooth road surfaces. 

Several studies (some using satellite or aerial images) have been 
conducted to extract road surfaces and road surface features [33–36]. 
Only pixels and 2D information regarding road surfaces can be obtained 
from these images, which must, therefore, be high resolution. However, 
because of weather conditions or satellite services, images at the desired 
time and resolution may not be provided. UAV images have also been 
used in several studies to extract road surfaces and features [37–39]. 
Additionally, 3D point clouds obtained from light detection and ranging 
(LiDAR) and mobile laser scanning (MLS) have been used [40–42]. 
However, these studies did not address road distress detection. 

The primary contribution of this study is to present a new, efficient, 
and automatic method for detecting 3D point cloud-based road dis-
tresses produced by UAV images. Specifically, the road surface is created 
as a point cloud generated from directly georeferenced UAV images 
using a real-time kinematic method. Next, the road surface is extracted 
using the verticality feature of each point from the point cloud. Then, the 
developed algorithm automatically detects and measures road distress. 
Unlike Tan and Li [1], the algorithm was tested on a sloped road surface 
and successfully measured road distresses. The road distresses detected 
in this study are potholes, ruts, and small cracks. The accuracy assess-
ment was conducted by comparing the measurements obtained from the 
traditional inspection method and those from the proposed algorithm. 

The performance of the proposed algorithm was also investigated 
under different point cloud densities. First, several point clouds were 
produced under different densities. Second, the proposed algorithm was 
applied to each point cloud separately and independently to investigate 
the degree of sensitivity to the point cloud density. Third, the outcomes 
of the proposed algorithm were compared with the outcomes of the 
study in Zeybek and Biçici [4], as both works address the same study 
area using different methods-Zeybek and Biçici [4] used GIS software to 
detect road distress from a 3D point cloud. Therefore, the amount of 
improvement obtained using the proposed algorithm instead of the 
commercial software was also investigated in this study. 

The remainder of this paper is organised as follows. The study area 
and UAV platform are summarised in Section 2. Next, the overall 

proposed methodology is introduced in Section 3. The results and dis-
cussion are presented in Section 4 and Section 5, respectively. Finally, 
the conclusions are summarised in Section 6. 

2. Experiment data 

The overall study is illustrated in Fig. 1. Specifically, the UAV flew 
over the study area. Then, the proposed methodology-which consisted of 
three steps-was applied. First, 3D point clouds were generated with SfM 
pipeline software using UAV images. Second, the road surface from the 
point clouds was clustered according to verticality features. Finally, road 
distress was detected and measured automatically using the developed 
algorithm. 

2.1. Study area 

The study area is located in the city of Artvin, Turkey. Fig. 2 shows 
the location of Artvin, a small city in northeastern Turkey with a pop-
ulation of approximately 180,000. The condition of many roads in 
Artvin is not excellent because of physical and environmental effects 
[43]. Indeed, great efforts have been made by the city administration to 
improve road conditions. Because Artvin is located on a relatively steep 
hill, the roads can be affected by different forces and conditions related 
to slope stability. Road conditions are significantly affected by extreme 
environmental effects, such as heavy rain and severe cold weather. 

The selected sample is a local road with one lane in each direction 
and one of the busiest local roads in Artvin. It connects the Central 
Business District and several significant facilities, such as the Seyitler 
Campus of Artvin Coruh University (including several major de-
partments and the President’s Office), the most prominent high school in 
Artvin, a relatively large housing area (more than 70 apartments), and 
the principal police station. In this study, approximately 115 m of the 
selected road was inspected. 

Fig. 1. Flowchart of the overall study.  
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2.2. UAV platform 

The device used in this study was a DJI Phantom 4 RTK (P4RTK). 

Fig. 3 shows the device and a sample image taken using the device. The 
P4RTK is a compact and accurate low-altitude UAV platform used in the 
mapping industry [16,44]. Global navigation satellite system (GNSS) 

Fig. 2. The location of the study area within the borders of Turkey is given in the upper part of the figure. The study site street map and UAV-generated orthomosaic 
of the study area are presented in the lower part of the figure. 

Fig. 3. a) DJI Phantom 4 RTK [45], b) sample image with 60◦ camera angle at 10 m altitude above ground.  
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and inertial measurement unit sensors in the P4RTK device provide 
camera locations with centimetre-level accuracy. The accuracy values of 
the P4RTK device used in this study are listed in Table 1. These values 
were taken from the device user manual [45]. 

The DJI FC6310R camera was integrated into the P4RTK. The UAV 
has a particular stabilised control system for the camera. The angular 
vibration blocking range was ±0.02◦. The camera had a glass lens. Non- 
calibrated images were exported in jpg format, and the calibration pa-
rameters were estimated in the Pix4DMapper software library and 
optimised in the alignment step with ground control points (GCPs). The 
sensor dimensions of the camera are 12.833 [mm] × 8.556 [mm]. The 
resolution and focal length of the digital camera are 20 megapixels 
(5472 × 3648 pixels) and 24 mm, respectively. The camera has an 84◦

field of view (FOV) [45]. 
The UAV system used in this study has a reasonable cost and offers 

easy landing because of its suitable size and weight (1391 g. including 
the battery and camera). The diagonal distance of the UAV was 35 cm, 
and the maximum height above sea level was 6000 m. The horizontal 
control distance capacity was a maximum of 7 km. The flight battery has 
characteristics of 15.2 V, 5870 mAh, and a flight time of up to 30 min 
with this energy provided. The maximum flight speed was 31 mph. The 
UAV can fly up to 500 m above ground level, but here the maximum 
flight height was limited to 120 m, according to Turkish UAV regulations 
[46]. Although the UAV system can reach this degree of height, images 
must be obtained from low altitude to extract high-resolution road 
surface distress. This flight altitude should not be used, as it will produce 
reasonably low-resolution data (approximately 3 cm ground sampling 
distance) for imaging stresses on the road surface. Depending on the 
battery life and regulations, flights can be performed for a distance of up 
to 1 km. In sudden dangerous situations, the UAV should be paused for 
mapping operations and ordered to automatically return to the take-off 
location. This operation is possible, because the UAV has a high- 
accuracy GNSS receiver. Additionally, the return altitude value must 
be given, considering the obstacles between the remote controller and 
the UAV. For flight safety, flights should always be within the line of 
sight. 

2.3. Flight missions 

Flight plans can be performed via a map with the UAV ground control 
station. The path axis that needs to be examined with a predefined linear 
flight line is marked from the map. The UAV is capable of various 
autopilot flight operations. However, environmental conditions around 
the study area, such as overhead power-line cable and the tree canopy, 
prevented the use of autopilots for safety reasons. Thus, the flight 
mission was manually operated. Flight altitude directly affects the res-
olution. In this study, the flight altitude had to be lower than 35 m above 
ground level to ensure adequate resolutions and to successfully detect 
road distress. Road width, flight height, and camera overlap rates were 
defined in the field. 

In this study, the UAV was controlled manually and automated with 
a 2.4 GHz remote controller. The captured image overlaps were main-
tained over 70% side-lap and 80% forward-lap rates. The captured im-
ages can be seen in real-time with the DJI GS RTK flight control app. 
These images are also stored on an FAT32 file system memory card with 
a 32 GB capacity and transferred to the computer for evaluation during 
the data processing step after the flight mission. 

The DJI GS RTK application allows UAV pilots to control the P4RTK 
and gives a simultaneous view from the camera on the P4RTK. The 
mission workflow is observed with the built-in screen to view on a 5.5- 
in. HD display [45]. A DJI GS RTK application is used to control schemes 
for flight missions. 

The flight mission was performed in two passes over the road. In this 
way, the overlap ratio between the images increased, and the image 
alignment processes were performed smoothly, increasing the point 
cloud density and spatial accuracy. High resolution of the ground sam-
pling distance (GSD) is the distance between pixel centres measured on 
the ground. In this study, a GSD of 0.0027 m was obtained from a very 
low altitude of approximately 10 m. Because the road was on a slope, 
some parts were higher or lower than the 0.0027-m GSD value. The 
sampling distance of the points in the point cloud was resampled to 
5 mm to effectively use point clouds, and a voxel grid centring algorithm 
was applied to improve processing performance. 

Double-frequency GNSS measurements were performed to ensure 
the high accuracy of the geographical positioning of the produced data. 
GCPs were kept to a minimum, because direct georeferencing-enabled 
UAV was used. UAV platforms with a direct georeferencing system do 
not need GCPs. However, the use of GCPs is recommended to maintain 
systematic instantaneous disruptions in satellite systems at the mini-
mum level, especially for precise mapping purposes. On this road sur-
face, 26 natural targets were selected at random locations that were 
detectable on asphalt and in the images. Three were used as GCPs, and 
23 were used as checkpoints (CPs) for the assessment of the geographical 
absolute accuracy of the project (Table 2). In this way, both relative and 
absolute coordinates were analysed. 

A continuous GNSS monitoring system Cors-TR (Continuously 
Operating Reference Stations) connected to a real-time kinematic (RTK) 
network system was used for direct georeferencing of images [47]. The 
RTK system has an accuracy of ±2 mm in the horizontal and ±7.5 mm in 
the vertical [45,48]. In the receiver observation, georeferencing was 
analysed using the Cors-TR technique, which produced positional error 
within ±0.05 m and ±0.20 m in the horizontal and vertical directions, 
respectively. 

3. Method 

3.1. Image processing 

In terms of cost reduction and time saving, producing 3D data ob-
tained using UAV images with SfM algorithms is a potential alternative 
to traditional measurement techniques. SfM has recently become widely 
used technique that reveals the 3D structure of real-world scenes using 
images taken from different angles and overlapped in certain areas with 
bundle block adjustment techniques [1,17,49,50]. 

The SfM image-processing algorithm is based on similar generation 
photogrammetric principles of image bundle adjustment and the 3D 
spatial data extraction of each pixel [51,52]. The following three 
necessary processing steps enable 3D dense point cloud acquisition from 
images. (1) Matching input images: unlike photogrammetric operations, 
raw images begin with automatic image-processing algorithms. Well- 
defined keypoints are detected according to the camera view and light 
conditions of the images and robust and adjacent pixels [53]. Next, the 
algorithm matches these keypoints in different images. (2) Bundle 
adjustment: this step operates in a manner similar to photogrammetry 

Table 1 
GNSS accuracy specifications based on RTK system.  

Positioning Accuracy 

Vertical (RMS) 1.5 cm + 1ppm* 
Horizontal (RMS) 1 cm + 1ppm*  

* One ppm expresses the relative accuracy for every 1 km of 
movement from the aircraft. 

Table 2 
Checkpoints (CPs) and ground control points (GCPs) accuracy statistics.   

CPs (23 Points) GCPs (3 Points) 

Statistics X (m) Y (m) Z (m) X (m) Y (m) Z (m) 

Mean (m) 0.013 − 0.002 0.017 − 0.005 − 0.000 − 0.007 
Sigma (m) 0.007 0.007 0.015 0.018 0.003 0.024 
RMSE (m) 0.015 0.007 0.023 0.018 0.003 0.025  
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generation. The calculation of camera parameters can be supported by 
GCP marking (if used) or high accuracy, such as RTK based camera lo-
cations. The high grade of positional accuracy depends on the homo-
geneity of the reference points. (3) Implementation of dense 
reconstruction algorithms: multi-view stereo algorithms were applied to 
achieve a higher point cloud density. A triangulation method [53] es-
timates the position of the corresponding pixel. 

Some software packages (Pix4DMapper, Agisoft Metashape, 3D 
Survey, UASMaster, Photomodeler, etc.) may have variations between 
their optimised algorithms. However, the workflow used in the vast 
majority of mapping applications is similar to the three steps specified 
above. In this study, Pix4DMapper, which is a popular commercial 
software, was used to obtain a dense point cloud, digital surface model 
(DSM), and orthomosaic of the study area (Fig. 4). The fundamentals of 
3D reconstruction consist of feature extraction and matching, and a 
recursive SfM process. Obtaining 3D positional data from 2D images 
depends on the formation of the stereometric model. The operator in 
classical photogrammetry performed stereo pair matching. Because of 
the development of image processing and computer vision algorithms, 
these processes have become more robust, faster, and effortless. 

Overlapped images numbers obtained from the UAV flight are shown 
in Fig. 5. For example, red and yellow areas display a low overlap, 
whereas green space presents an overlap of over 5 images. Good over-
lapping image quality produces a good number of key-point matches for 
these green areas. 

In this study, the UAV flew at approximately 10 m, and 165 images 
were taken during the flight. Then, a 3D point cloud was produced, as 
mentioned above. The parameters for the alignment and reconstruction 

of the dense point cloud are listed in Table 3. Generally, default pa-
rameters provide acceptable dense surface points on the ground. How-
ever, in this study, the highest reconstruction parameters were used to 
increase the surface detail. Hence, a 5-mm point cloud sampling distance 
interval was used, which reveals extensive information about the road 
surface. 

Fig. 4. Georeferenced dense point cloud reconstruction: a) sparse point cloud used for image alignment; b) dense, reconstructed point cloud; c) selected checkpoint 
on images with projected rays; d) properties of the selected checkpoint. 

Fig. 5. Number of overlapping images in the study area.  
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Because the location of the road did not permit UAV flights over 35 m 
above ground level, we were unable to investigate the proposed algo-
rithm on the 3D point cloud derived from images taken above 35 m. 
Instead, the 5-mm point cloud sampling distance interval was resam-
pled. Specifically, 10-, 15-, and 20-mm point cloud sampling distance 
intervals were obtained from the 5- mm sampling distance interval. 
Therefore, the proposed algorithm was applied to each point cloud to 
investigate the performance under different point cloud densities. 
Table 4 presents the GSD values and their corresponding flight heights. 

3.2. Road extraction 

The road surface is extracted automatically from the point cloud 
before detecting road distress. Several studies use different methodolo-
gies to obtain road surfaces from dense point clouds [54–56]. In this 
study, the verticality feature is proposed for use in road surface 
extraction. Non-road object points from dense point clouds are recog-
nised using geometric feature extraction, which is called semantic 
classification [57,58]. One of these features is verticality. The verticality 
feature of each point is relevant to the local geometric structures 
belonging to neighbouring points. This feature is calculated from surface 
normals based on 3D point cloud neighbourhood relations on the z-axis 
normal. The z-axis surface normal (nz) of a point is calculated by the 
eigenvector. The mathematical formula for the verticality value of 
points is given as follows: 

V = 1 − nz (1)  

where V denotes verticality and nz indicates the projection of the surface 
normal unit vector onto the z-axis. 

The image-based point cloud does not have orientation-normals- 
information, which is important for examining the geometric structure 
of each point. The surface normal is calculated, taking into account 
neighbouring points and view directions. Different algorithms for esti-
mating the outer surface direction of points belonging to a local surface 
have been used in several studies [59,60]. The normals of each point 
were estimated according to the fitted plane with k-nn closest neighbour 
points [61]. Eigenvectors and eigenvalues of the covariance matrix C 
were used to calculate normals. The covariance matrix is given in Eq. 
(2). 

C =
1
k

∑k

i=1
(pi − m)(pi − m)

T (2)  

where pi is the i - th nearest-neighbour position, m is the query point 
location, and k is the number of neighbour points. The best estimation of 
the local plane normal vector is the eigenvector that corresponds to the 
minimum eigenvalue. 

In this study, the road surface was first extracted using a 5-mm 
sampling distance interval from the point cloud. Then, the boundary 
of the road surface was determined. Finally, other point clouds were 
clipped according to the boundary points to extract the road surface. In 
the 5-mm sampling distance interval of the point cloud, most points with 
verticality values less than 0.05 represent the road surface in this study. 
The 0.05 value was selected by trial and error. Any points corresponding 
to the road surface were not removed when using this verticality 
threshold. However, other roads may have different geometric condi-
tions to those of the road inspected in this study. The slope of the studied 
road was approximately 7%. However, small parts of the road have a 
slope of up to 13%. Height normalisation should be another method to 
use for very extreme slopes and high superelevation. Different thresh-
olds may be selected as another option. A distance-based Euclidean 
clustering extraction algorithm [62,63] was used to identify points 
representing the road surface. In some cases, the Euclidean distance- 
based clustering algorithm may combine the road-side levelled surface 
with the road in the case of a road without a raised kerb. In such cases, 
additional steps or manual clipping needs to be applied. However, the 
proposed approach seems to yield successful results in this study. Fig. 6 
presents the raw data and extracted road surface after these steps. Voxel 
grid filtering was applied to optimise memory and processing time. The 
grid distance was set to 0.1 m. The distance tolerance value between the 
clusters was 0.2 m. The convex hull algorithm [64] was applied to the 
points containing the largest cluster, and the road boundaries were 
determined. Finally, the raw data were clipped according to the convex 
hull boundary points. Similarly, other point clouds were also clipped 
according to the same convex hull boundary points. Table 5 presents the 
number of points in the point cloud after road extraction, the search 
radius of verticality, and the average density of the vertices for each 

Table 3 
Pix4DMapper point cloud generation parameters.  

Features Value 

Keypoints Image Scale Full, Image Scale: 1 
Matching Image pairs Aerial Grid 
Image Scale multi-scale 1 (Original image size) 
Point Density High 
Minimum Number of Matches 3 
Matching Window Size 7 × 7 pixels  

Table 4 
Resampled GSD and corresponding flight height.  

GSD (mm) Average flight height (m) 

5 18 
10 36 
15 55 
20 73  

Fig. 6. Extracted road surface points: a) raw high dense point cloud data; b) 
extracted road surface point data. 
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point cloud. 

3.3. Road distress detection and measurements 

In this study, the proposed algorithm was developed to automatically 
detect and measure road distress from a 3D point cloud. Point clouds at 
different densities were obtained, as discussed above. Then, the pro-
posed algorithm was applied to each point cloud. More processing time 
is required as the point cloud density level increases. Additionally, the 
processing time depends on the hardware specifications. Table 5 shows 
the processing times for each point cloud density when detecting and 
measuring the road distress in a 1.8 GHz Intel Core i5 MacBook Air 
laptop. 

To assess the performance of the proposed algorithm, the results are 
compared with the results obtained from field measurements, and ob-
tained from the commercial GIS software Global Mapper. Therefore, the 
road distress detection capability of the proposed algorithm is tested 
along with its sensitivity to point cloud densities. 

The methodology consists of four steps, as presented in Fig. 7. The 
primary inputs of the algorithm are the point cloud of the road surface 

and their corresponding verticality values. The primary outputs are the 
locations of the road distress and their measurements. To illustrate the 
proposed algorithm, a 10-m long road surface (out of 115 m) from a 20- 
mm point cloud distance sampling interval was used as an example for 
the rest of this section. The road in the study area was inclined. There-
fore, different parameters might be used for different parts of the same 
road. However, the overall idea to detect road distress is the same. 

After road surface extraction, approximately 1.7 million points 
represent the road surface in the 20-mm distance sampling interval of 
the point cloud (Table 5). The x, y, and z coordinates of the 1.7 million 
points with their corresponding verticality values were loaded as inputs 
in the first step. 

A threshold value was set to detect road distress in the second step 
and used to distinguish between the smooth road surface and the 
damaged road surface. In this study, we used the following approach to 
define the threshold value. First, the cumulative probability distribution 
(CDF) of the verticality values was developed. Fig. 8a shows the CDF of 
the verticality values obtained from the 20-mm distance sampling in-
terval of the point cloud. Then, the threshold value was read from the 
CDF, given the cumulative probability value, which represents per-
centages of smooth and damaged road surface. To select this value, 
expert opinions regarding road conditions are required. For example, we 
observed the study area and decided to use 0.90 as a cumulative prob-
ability value. Thus, 90% of the road surface is smooth and 10% is 
damaged. Then, the threshold value was determined as 0.005 (Fig. 8). 

Points were clustered according to their verticality values using a 
defined threshold. Fig. 9a shows the road surface with a different colour 
representing a different cluster. For example, points corresponding to 
verticality values lower than 0.005 (i.e., grey points in Fig. 9a) were 
considered one cluster, and points corresponding to verticality values 
higher than 0.005 (i.e., green points in Fig. 9a) were considered another 
cluster. Three potholes and one rut were detected (i.e., green points in 
Fig. 9a) for this part of the road condition. As mentioned before, 
selecting the threshold value requires knowledge of the road surface. 
Fig. 9b and c show point clouds under different threshold values. An 
improper threshold value may either ignore crucial road distress 
(Fig. 9b) or capture multiple insignificant distresses, as seen in (Fig. 9c). 

We prefer to use verticality values for the extraction of the road and 
the detection of road distress in the proposed methodology. However, 
the roughness feature may be an alternative method for these steps. 

In the next step, the detected road distresses were identified using the 
density-based clustering algorithm, DBSCAN [65], which is used for 
evaluating clusters and noises in spatial data using the density and 
distance values between them. This algorithm defines three types of 
point properties; cluster core point, clustering boundary point, and noise 
points (not included in the cluster). The DBSCAN algorithm applied in 
this study is the original algorithm proposed by Ester et al. [65] and has 
been used in several studies to identify dense clusters [66,67]. Two in-
puts are needed in the DBSCAN algorithm: the neighbourhood search 
radius and the minimum number of points required in the cluster. 
Keeping the neighbourhood search radius unchanged, a smaller mini-
mum number of points needed for the cluster produces more clusters 
with less dense data. These input values were considered according to 
the point cloud density level. The density of the 20-mm sampled point 
cloud was 2028.7 points/m2. In this study, the cluster search radius was 
10 cm, and the minimum cluster point size was 50 points. The number of 
points within a circle with a 10-cm radius is approximately 64 for 2028.7 
points/m2. However, 50 points was selected as the minimum cluster 
point size for the following reasons: first, the density level is not the 
same in every part of the road surface, and some parts have density 
levels less than or equal to 20,287 points/m2; second, choosing a smaller 
number as the minimum cluster point size allows the identification of 
smaller distresses. Fig. 10 shows three identified potholes and one 
identified rut in this step. 

Several measurements of road distress (perimeter, diameter, length, 
and depth) were measured in the final step. Each dense point cluster, 

Table 5 
Point cloud density versus verticality calculation distance.  

GSD 
(mm) 

Number of 
points 

Search radius of 
verticality (mm) 

Average density 
of vertices 
(points/m2) 

Processing 
time (s) 

5 mm 24,063,052 75 mm 29,167.3 549.51 
10 mm 6,342,737 150 mm 7697.4 457.93 
15 mm 2,905,279 225 mm 3521.5 117.42 
20 mm 1,669,669 300 mm 2028.7 26.27  

Fig. 7. Overall steps of the road distress detection algorithm.  
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which represents road distress, was identified in the previous step. The 
developed algorithm finds boundary points that enclose identified dense 
point clusters. Fig. 11 shows the boundary of four road distresses. The 
perimeter of the identified dense point cluster was calculated as the sum 
of the distances from one boundary point to the next. 

The study area contains several road distresses with irregular shapes. 
On the one hand, the maximum distance from one boundary point to 
another is called the diameter for circle-like shapes (i.e., pothole). On the 
other hand, the length is defined as the maximum distance and the road 
distress for long, slim shapes (i.e., rut). Fig. 11 shows the maximum 
distance as the diameter for the three potholes and as the length for the 
rut. 

The depth of the identified road distresses was calculated as the 
maximum distance from points in the dense cluster to the fitted plane 
surface. To fit the surface, points that were used in the surface fitting 
method were selected, and a buffer zone was created around the iden-
tified dense point cluster. In this study, a 0.5-m buffer around the 
identified dense point cluster was used. Fig. 12 shows four defined road 
distresses and their buffer boundaries. Only grey point clustered in the 
first step in the extended boundary were used to fit the surface. The 
bisquare weight (BW) method (a robust method) was used to fit the 
surface. The BW method uses iterative least square estimation and re- 
weight points that do not fit very well at each iteration [68,69]. For 
example, Fig. 13 shows three potholes with corresponding fitted planes. 
Finally, the distance from each point in dense clusters to the fitted sur-
face was determined, and the maximum distance was selected as the 
depth of the road distresses. 

3.4. Traditional and manual inspection methods 

To assess the performance of the proposed algorithm, the measure-
ments of the detected road distress from the proposed algorithm were 
compared with the measurements obtained from the traditional in-
spection method. Therefore, the traditional inspection method was used 
as a benchmark in this study. A surveyor inspected the road condition 
using a ruler, tape metre, spirit level, and rope in the traditional in-
spection method. The ruler was used to measure relevant road distress 
details, and the tape metre was used for long distances. The rope was 
used to measure the perimeter of the road distress, because the road 
distress was not well shaped. Therefore, data from the traditional in-
spection method were collected by in situ field manual measurements. 

The traditional inspection method is subjective, which might lead to 
significant human error. In this study, two surveyors measured road 
distress separately and independently to avoid human error as much as 
possible. The averages of the two field measurements were used. 

The results obtained from the manual inspection method were used 
in this study to provide insight into the performance of the proposed 

algorithm. As discussed in Section 1, several studies used the manual 
inspection method [2,4], which road distress was detected manually 
using commercial GIS software. Zeybek and Biçici [4] used the Global 
Mapper software to detect and measure the road distress in this study. 
Additionally, the performance of manual inspection of the traditional 
inspection method was evaluated in Zeybek and Biçici [4]. 

4. Results 

The 15 road distresses in the study area were detected using the 
proposed algorithm. Each type of road distress was classified visually in 
the field. Seven ruts and four potholes were classified. Examples of a rut 
and a pothole are shown in Fig. 14a and b, respectively. Additionally, 
four road distresses were determined as small cracking-an example of 
this is shown in Fig. 14c. 

The dense point cloud used for road distress detection was used in the 
creation of orthomosaics by eliminating perspective distortions and in 
the generation of the DSM (Fig. 15a and b, respectively). Road distresses 
can be detectable in the DSM. Moreover, Zeybek and Biçici [4] used the 
DSM to detect and measure road distress. Fig. 15c presents the locations 
of the road distresses detected using the proposed algorithm on the 
orthomosaic. Therefore, the road distress identified in the DSM were 
visually compared to the road distresses detected using the proposed 
algorithm. 

Different measurements were used for various types of road distress. 
For example, there were two measurements-length and depth-used for 
ruts, whereas diameter, perimeter, and depth were used for potholes. 
Only the diameter was considered for small cracks. The accuracy 
assessment was conducted by comparing the field measurements with 
those obtained from manual inspection and the proposed algorithm. 
That is, field observations are used as a benchmark. The measurements 
obtained from the manual inspection method are called “Global Mapper” 
for the rest of this paper. 

The proposed algorithm was applied to different point cloud den-
sities. For instance, the measurements were obtained using the proposed 
algorithm and 5-mm distance sampling point cloud interval and are 
called “UAV 5 mm”. Similarly, the measurements obtained using the 
proposed algorithm and 10-mm distance point cloud sampling interval 
are called “UAV 10 mm” and so on so forth. 

Eq. (3) shows the absolute error (E) between the field measurements 
and the measurements obtained from manual inspection and the pro-
posed methodology. Similar errors were defined in previous studies [2]. 

E = ∣MModel − MField∣ (3)  

where MField is defined as the measurement obtained from the traditional 
inspection method. MModel is defined as the measurement obtained from 
either the manual inspection or the proposed algorithm. Smaller 

Fig. 8. (a) The cumulative probability distribution (CDF) of the verticality values (b) Selecting the threshold value from the CDF of the verticality value.  
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absolute error values indicate a better measurement. Figs. 16, 17, and 18 
present error distributions across different road distresses for perimeter, 
diameter, and depth, respectively. 

The absolute errors for the perimeter range from 0.0784-0.6252 m 
(Fig. 16). The black distribution corresponding to the UAV 5 mm tends to 
be lower than the red, blue, and green distributions, which are for UAV 
10 mm, UAV 15 mm, and UAV 20 mm, respectively. Similarly, the green 
distribution tends to be higher than the black, red, and blue distributions 

indicating that as point cloud density increases, better measurements 
with respect to field measurements are obtained with the proposed al-
gorithm. The error distribution corresponding to Global Mapper is oc-
casionally better or worse than other error distributions, and at times, in 
between those distributions. Therefore, the measurements obtained 
from the proposed algorithm using different point cloud densities are in 
the same range as Global Mapper measurements. 

The absolute errors obtained when measuring the diameter (or 
length) range from 0.0020-0.4950 m (Fig. 17). In some cases the black 
distribution corresponding to the UAV 5 mm is lower than the other error 
distribution and the green distribution corresponding to the UAV 20 mm 
is higher than the other error distribution. Similarly, the error distri-
bution corresponding to the Global Mapper is in the same range. How-
ever, in two cases the Global Mapper error is much higher than other 
errors (i.e., pothole 2 and pothole 3). Human error, when identifying the 
direction of the potholes diameter, might cause these high errors, 
because the shape of the potholes is irregular. However, all five error 
distributions are in the same range and were obtained when measuring 
the depth range from 0.0001-0.0486 m. It is difficult to determine which 
error distributions are better and worse than the error distribution. 

Fig. 9. The road surface with colours representing different verticality clusters 
under different threshold values: a) 0.005, b) 0.01, c) 0.0005. 

Fig. 10. Three potholes and one rut identified using density-based clus-
tering algorithm. 

Fig. 11. Boundaries of three identified potholes and the rut and their maximum 
diameter (or length) distances. 
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To assess the performance of the proposed algorithm, the root mean 
square error (RMSE) is reported as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1

(
Mmodel − Mfield

)2

N

√

(4)  

where Mfield and Mmodel are described as above. N is the number of 
detected and measured road distresses in this study. Measurements ob-
tained from the traditional inspection method (Mfield) are used as 
benchmarks when calculating the RMSE values. Table 6 presents the 
RMSE values across different methodologies and types of measurement. 
Smaller RMSE values are obtained when using the proposed algorithm 
with a 5-mm sampling distance interval of the point cloud (UAV 5 mm), 
and RMSE values increase as the point cloud density increases. The 
RMSE values corresponding to the Global Mapper are between the RMSE 
values obtained when using UAV-based point clouds and the proposed 
algorithm. 

In addition to these discussions, a well-known hypothesis test was 
used to test if the mean of the differences between the two samples was 
equal to zero. Because the sample size is relatively small and the true 
standard deviation of the relative error is unknown, the t-test was 
selected. The null hypothesis, H0, and the alternative hypothesis, HA are 
as follows: 

H0 : μerror = 0
HA : μerror ∕= 0  

where μerror is the mean of the differences between the two samples. The 
null hypothesis is rejected when the absolute value of the test statistics 
∣ttest∣ is greater than or equal to the critical t-value tα/2, df, given a sig-
nificance level of α and degree of freedom. Similarly, the null hypothesis 
is rejected when the absolute value of the test statistics ∣ttest∣ is less than 
the critical t-value tα/2, df. 

The t-test was conducted for several scenarios; the results obtained 
when measuring perimeter, diameter, and depth are listed in Tables 7, 8 
and 9, respectively. For example, four measurements were obtained 
using the proposed algorithm and the 5-mm sampling distance interval 
of the point cloud (UAV 5 mm as sample 1), and four measurements 
obtained using the proposed methodology and a 10-mm sampling dis-
tance interval of the point cloud (UAV 10 mm as sample 2) as the 
perimeter. The t-test was used to test if the mean of the differences be-
tween the two samples was equal to zero. The null hypothesis was 
rejected (Table 8); 0 indicates “refused to reject null”, and 1 indicates 
“reject null” in Tables 7, 8 and 9. 

The null hypothesis does not refuse to be rejected when measuring 

the perimeter and diameter in any of the cases (Tables 7 and 8, 
respectively), strongly indicating that the null hypothesis may be true; 
thus, the mean of the differences between the two samples is zero and 
the measurements obtained from each method may be statistically 
similar. 

The null hypothesis is rejected when measuring depth in several 
cases. Specifically, comparing the Global Mapper measurements to those 
of the proposed algorithm reveals several cases in which the null hy-
pothesis is rejected. Additionally, the null hypothesis is rejected when 
comparing the measurements from the proposed algorithm for 10-, 15-, 

Fig. 12. Buffer‘s boundaries around each identified road distress.  

Fig. 13. Identified potholes with corresponding fitted robust plane (a) Pothole 
1, (b) Pothole 2, and (c) Pothole 3. 
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and 20-mm point cloud sampling distance intervals with those of the 
field measurements. These results may be due to the difficulties in 
measuring the depth. 

Manually and visually determining the deepest road distress point 
was very difficult when measuring the depth. Thus, the depth of the road 
distress with the surface is determined by creating a profile or an 
approximate point [70]. The direction of the profile must be made on the 
same curve, especially for the corresponding contour lines on the sloping 
terrain. The creation of contour lines requires extra time and perfor-
mance. The possibility of producing reliable results from these processes 
is not guaranteed. Therefore, the robust and automated methods pre-
sented in this paper are much faster and more reliable than manual in-
spections in Global Mapper software. 

5. Discussion 

The discussions summarised above strongly indicate that the mea-
surements obtained from the proposed algorithm and UAV-based point 
cloud produce consistent results when compared to the measurements 
obtained from the traditional field inspection method. Additionally, the 
measurements with respect to field measurements improved when using 
the proposed algorithm as the point cloud density increased. However, 
the improvements are relatively small and remain within the same 
range. 

The measurements obtained from the proposed algorithm and four 
types of UAV-based point clouds are also in the same range as the 
measurements obtained from commercial GIS software. However, 
detecting road distress on orthomosaics in the manual inspection 
method using GIS software is very challenging and time consuming. 
Additionally, simultaneously opening the two high-resolution data and 
performing the operator detection process for the manual inspection 
method with medium-quality computers may be difficult. Because of the 
difficulties in the manual inspection method, the proposed algorithm 
could be a better option for detecting road distress. 

Recent studies have investigated road distresses individually on 
different road segments [1,2] and usually detected only a single distress 
on smooth road surfaces. In this study, a single road, which is 

approximately 115 m long and contains different types of road distress, 
was investigated. Thus, the proposed algorithm successfully detected 
and simultaneously measured ruts, potholes, and small cracks. The study 
area demonstrated that the proposed algorithm works on sloped road 

Fig. 14. Examples of different road distress types: (a) rut, (b) pothole, and (c) 
small cracking. 

Fig. 15. Sample view of distress on orthomosaic and view of DSM, a) sample 
view of the produced orthomosaic, b) DSM, and c) detected sample of distress 
presented and located in the orthomosaic. 

Fig. 16. Error distributions across different methodology and road distress 
when measuring perimeter. 

S. Biçici and M. Zeybek                                                                                                                                                                                                                       



Automation in Construction 122 (2021) 103475

12

surfaces. 
Field operations are minimised by keeping GCPs to a minimum by a 

direct georeferencing UAV system according to other corridor mapping 
techniques where GCPs were used extensively. GCPs are not needed in 

Fig. 17. Error distributions across different methodology and road distress when measuring diameter (or length).  

Fig. 18. Error distribution across different methodology and road distress when measuring depth.  

Table 6 
Root mean square error (RMSE) across different methodologies and 
measurements.   

Diameter (cm) Perimeter (cm) Depth (cm) 

UAV 5 mm 4.41 2.09 0.03 
UAV 10 mm 8.53 4.18 0.03 
UAV 15 mm 16.29 6.08 0.03 
UAV 20 mm 20.38 6.72 0.05 
Global Mapper 7.03 5.89 0.03  

Table 7 
The t-test results at the 5% significance level when measuring perimeter (0 in-
dicates “refused to reject null”, and 1 indicates “reject null”).   

UAV 
5 mm 

UAV 
10 mm 

UAV 
15 mm 

UAV 
20 mm 

Global 
Mapper 

Field 

UAV 
5 mm 

– 0 0 0 0 0 

UAV 
10 mm 

– – 0 0 0 0 

UAV 
15 mm 

– – – 0 0 0 

UAV 
20 mm 

– – – – 0 0 

Global 
Mapper 

– – – – – 0 

Field – – – – – –  
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the proposed methodology if the relevant administration accepts abso-
lute accuracy values of ±10 cm and higher error rates. In the case of the 
proposed study, applicability increases in real-life applications. How-
ever, some errors are likely to occur when converting 2D images to 3D 
point clouds in image processing based on internal camera parameters, 
image settings, and software settings. These types of errors should be 
checked with GCPs or CPs. This case is within the limitations of the 
proposed method. Nevertheless, the acquired image processing was 
examined using CPs (see Table 2), the outcomes of the proposed algo-
rithm were compared to those of field surveys (see Table 6), and no 
errors were found. 

Flight altitude is directly related to GSD and point cloud density. 
Therefore, flight parameters must be determined according to the 
smallest detail sizes detected on the road surface. Image overlapping 
rates do not improve accuracy but increase flight time. The critical 
consideration for extracting the desired distress size is the image reso-
lution, as indicated in [70]. 

In this study, the verticality feature was used to extract and deter-
mine road distress. The road in the study area had more inclined and 
irregular surface slopes than standard roads. The experimental threshold 
for the verticality value was determined by trial and error, and the re-
sults are promising. Therefore, the verticality threshold value may need 
to be redefined for different road conditions. In some cases, more than 
one threshold may be required to detect road distresses, and extra 
geometric parameters may be added to the automatic extraction of the 
road surface and distress determination to improve the results. The re-
sults of this study could also be improved by dividing the road into small 
parts in the case of drastic changes in road geometry. For example, the 
transverse slope of the road is different in the superelevation part of the 
road than in other parts of the road. Therefore, we suggest that the su-
perelevation part of the road should be examined separately, and 
different parameters should be determined to detect road distress. 

Heavy on-road traffic may also affect the performance of the 

proposed algorithm, which works with a 3D point cloud derived from 
UAV images. On-road traffic may block road distress when taking UAV 
images, which leads to significant point cloud inconsistencies. In this 
study, the UAV flight time was selected to overcome this limitation. The 
minimal amount of traffic during the UAV flight did not affect the 3D 
point cloud quality. Closing the road could be another option if neces-
sary. The UAV flight is usually not long; therefore, closing the road 
would not significantly affect traffic congestion. 

6. Conclusion 

This study proposes an automated, efficient, feasible, and high- 
accuracy method for detecting road surface distress using point clouds 
generated from UAV photogrammetry. For this purpose, a high-density 
3D model of the road was created from UAV images with the SfM 
pipeline. Then, the verticality-based algorithm was applied to remove 
the irrelevant environment in a 3D point cloud. An algorithm was 
developed and applied to detect road distress over the extracted road 
surface and to determine the perimeter, diameter, length, and depth of 
the road distress. 

The results show that the proposed algorithm accurately and auto-
matically identifies road distress locations. The accuracy assessment was 
conducted by comparing the measurements from the proposed algo-
rithm with those from the traditional inspection method. The proposed 
algorithm produces consistent results with respect to the traditional 
inspection method and was also investigated under different point cloud 
densities. As the point cloud density increases, the measurements with 
respect to field measurements improve. However, the improvements 
were relatively small. Finally, the outcomes of the proposed algorithm 
were compared with those of the manual inspection, which used com-
mercial GIS Global Mapper software to manually detect and measure 
road distress. Both results were in the same range, but the proposed 
algorithm may be better, saves time, and is easier to implement than the 
manual inspection method. 

Several limitations were encountered during UAV flight over the 
study area. Significant inconsistencies appeared on point clouds when 
using the images taken above 35 m. In this case, the road surface became 
homogeneous, leading to image matching reduction. Therefore, the 
essential details of the road surface could not be obtained. However, 
low-altitude flight, especially in urban areas, poses a risk. There were 
power transmission lines, buildings, and trees that endanger the UAV 
flight. Thus, the UAV was visible to the naked eye at all times, and the 
flight height was kept below 35 m in this study. Overly bright and 
excessively shaded asphalt surfaces (because of insufficient sunlight) 
could also cause point cloud inconsistencies. As a future study, different 
camera parameters will be tried and improved and the extent of im-
provements obtained with the new parameters and the proposed algo-
rithm will be investigated. 

Finally, several improvements may be applied to the proposed al-
gorithm. For example, there are two inputs in the DBSCAN algorithm: 
the neighbourhood search radius and the minimum number of points 
required. An additional idea may be included to automatically select 
these inputs based on the point cloud density level. Similarly, verticality 
threshold values might be automatically estimated from road geometry. 

Another improvement may be applied to the road extraction step. In 
this study, the road surface is easily extracted automatically using the 
verticality value due to low-altitude flights. However, as the flight 
height increases, non-road surfaces such as the retaining wall, pave-
ment, buildings, and vegetation, increased in the point cloud. Therefore, 
additional pre-processing steps may be necessary to extract the road 
surface for different cases. Fully automated road extraction processing 
may be examined in a future study. 
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Table 8 
The t-test results at the 5% significance level when measuring diameter (0 in-
dicates “refused to reject null” and 1 indicates “reject null”).   

UAV 
5 mm 

UAV 
10 mm 

UAV 
15 mm 

UAV 
20 mm 

Global 
Mapper 

Field 

UAV 
5 mm 

– 0 0 0 0 0 

UAV 
10 mm 

– – 0 0 0 0 

UAV 
15 mm 

– – – 0 0 0 

UAV 
20 mm 

– – – – 0 0 

Global 
Mapper 

– – – – – 0 

Field – – – – – –  

Table 9 
The t-test results at the 5% significance level when measuring depth (0 indicates 
“refused to reject null”, and 1 indicates “reject null”).   

UAV 
5 mm 

UAV 
10 mm 

UAV 
15 mm 

UAV 
20 mm 

Global 
Mapper 

Field 

UAV 
5 mm 

– 0 0 0 1 0 

UAV 
10 mm 

– – 0 0 1 1 

UAV 
15 mm 

– – – 0 1 1 

UAV 
20 mm 

– – – – 1 1 

Global 
Mapper 

– – – – – 0 

Field – – – – – –  
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teknikleriyle belirlenmesi uzerine bir araştrma, Doğal Afetler ve Çevre Dergisi 5 (2) 
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