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A B S T R A C T   

For next-generation smart cities, small UAVs (also known as drones) are vital to incorporate in 
airspace for advancing the transportation systems. This paper presents a review of recent de-
velopments in relation to the application of UAVs in three major domains of transportation, 
namely; road safety, traffic monitoring and highway infrastructure management. Advances in 
computer vision algorithms to extract key features from UAV acquired videos and images are 
discussed along with the discussion on improvements made in traffic flow analysis methods, risk 
assessment and assistance in accident investigation and damage assessments for bridges and 
pavements. Additionally, barriers associated with the wide-scale deployment of UAVs technology 
are identified and countermeasures to overcome these barriers are discussed, along with their 
implications.   

1. Introduction 

The use of small Unmanned Aerial Vehicles (UAV), commonly known as ‘drones’, is increasing in all sectors. UAVs can perform air 
operations that manned aviation struggle with, and their use results in evident economic savings and environmental benefits whilst 
reducing the risk to human life. According to Business Inside Intelligence report (Joshi, 2019), commercial and civilian drones’ market 
is growing at a compound rate of 19%. Association for unmanned vehicle systems international (AUVSI) economic report forecasted 
that in the US alone by 2025 more than 100,000 jobs will be created with an economic impact of $82 billion in the commercial drone’s 
market (Jenkins and Vasigh, 2013). 7 million small UAVs are already deployed in air space for commercial use in various domains 
including real states, insurance and agricultural. Chamola et al. (2020) discussed the deployment of UAVs all over the world to manage 
the recent COVID-19 outbreak. This deployment was in relation to crowd surveillance, public announcements. screening masses, 
spraying disinfectants and delivery of medical supplies and other essentials. Over the years, the technology has been improved. 
However, there are still various challenges to overcome, such as safety of humans in cases of UAVs failure especially beyond visible line 
of sight, battery life, lack of clear government regulations and load carrying capacity (Barmpounakis et al., 2017; Mualla et al., 2019; 
Chamola et al., 2020). 

Within, transportation field, there are a wide variety of ways this technology is being used and progress is being made to explore 
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ways to benefit from the technology. Majority of the efforts are based on collecting traffic and driving behaviour data captured via 
cameras mounted on UAVs. This data is then used for a variety of purposes such as surveillance and monitoring, recognizing traffic 
violations, aid in managing traffic congestion, signal optimization and extracting vehicle trajectories to answer research questions in 
relation to accident risk assessment etc. (Barmpounakis et al., 2017; Gu et al., 2019; Menouar et al., 2017; Pham et al., 2020). Recently, 
the auto insurance industry and police departments have been exploring the potential of drones in traffic accident investigation (such 
as capturing traffic accident scene and using image mapping softwares to reconstruct imagery and markup maps). Drone-based so-
lutions are being developed and tested to increase the efficiency of the claim process (Kure, 2020). Because of the many advantages of 
the technology, US Congress in the year 2012 passed a regulation that requires the Federal Aviation Authority (FAA) to integrate small 
drones into airspace by 2015. At around similar times, industry giants such as Amazon announced the use of drones for packages 
delivery in 2013 (Rakha and Gorodetsky, 2018). These events resulted in increased funding being made available for this technology 
and as a result, a significant increase in the UAV-based scientific literature is noted. This is also true in relation to the application of this 
technology in the transportation domain. This indicates the requirement of synthesizing the recent advancements and efforts that have 
been made within the transportation domain using UAV. We noticed a study from Barmpounakis et al. (2017) that summarized the 
literature on UAV applications in the transportation domain. However, since this study a significant advancement has been made as the 
number of research efforts increased many folds, therefore, it is important to perform a systematic review of literature, to understand 
1) in what ways the UAV technology has been utilised to achieve specific objectives of a particular research/product in a transportation 
domain, 2) what advantages UAV technology has offered over the traditional method, 3) What barriers are associated with the wide- 
scale implementation of UAV technology for specific objectives and ways to overcome such barriers 4) Key areas to improve the current 
limitations of UAVs technology. 

The focus of this paper is to review the research efforts that utilized UAVs in relation to three different domains of transportation 
such as road safety, traffic monitoring and management, highway infrastructure management. A systematic effort was made to gather 
and compile all the relevant materials available online. The reviewed documents include journal papers, conference papers, policy 
papers, technical reports, project deliverables, book chapters and webpages. Table 1 presents used keywords in each domain, the 
number of screened articles and included articles within this review. The articles were searched for the publication year range from 
2000 to 2020 in the SCOPUS and Google Scholar databases. The obtained studies/resources were screened based on their relevance to 
the specific transport domain. Patents are not explicitly considered in the review. We have summarised the research efforts for different 
domains in tables, especially in cases where the number of research efforts is higher. This is done to explicitly highlight the evolution of 
methods/methodologies and technology. However, if the number of research efforts is smaller, we described them in the text. In 
addition to that, this review focused on applications that have been made from small drones that are usually equipped with propellers 
which allows them to fly from any point rather than fixed wing type UAVs that require certain facility such as runways. 

This paper is structured as follows: Section 2 describes the manner in which UAV technology has been employed in the road Safety 
domain. Section 3 presents a comprehensive review of the UAVs based application in relation to traffic monitoring and management. 
Section 4 discusses the research efforts in relation to the use of UAVs for the management of highway infrastructure management. 
Section 5 provides an account of barriers associated with the wide-scale use of UAVs technology and what efforts are being made to 
overcome them along with future scenarios of UAVs application and acceptability. Section 6 concludes the paper. 

2. Road safety 

Road safety-based application of UAVs includes detailed accident investigation, risk assessment and overall surveillance of road 
network. In this section, we focused only on accident investigation and risk assessment. Details about road network surveillance are 
highlighted in Sections 3 and 5. Risk assessment efforts are characterised by the detailed analysis of vehicle trajectories extracted from 
UAV-based videos. It includes identification of potential conflicts and risky lane changes manoeuvres etc. Accident investigation 
studies are characterised based on methods, systems and application of vision algorithms to reconstruct accidents scenes using 
footages, photographs acquired from drones. The main challenges lie in the process of information extraction from the videos as well as 

Table 1 
Keywords and online resources.  

Domain Keywords Screened Included 

Road Safety UAV/drones and accident OR accident management and drones/UAVs OR safety and 
UAVs/drones OR auto insurance and UAVs/drones 

Journal: 25 
Conferences: 19 
Others: 15  

Journal: 13 
Conferences: 
07 
Others:02 

Traffic Monitoring and 
Management 

Congestion and UAVs/drones OR Signals and UAVs/drones OR Vehicle trajectories and 
drones/UAVs OR traffic behaviour and drones/UAVs OR traffic monitoring and drones/ 
UAVs OR Surveillance and drones/UAVs OR traffic rules violations and drones/UAVs 

Journal: 45 
Conferences: 64 
Others: 21 

Journal: 23 
Conferences: 
17 
Others: 08  

Highway Infrastructure 
Management 

UAVs/drones and road design OR UAVs/drones and civil infrastructure OR UAVs/drones 
and bridge inspection OR UAVs/drones and the road surface OR UAVs/drone and 
highway infrastructure OR UAVs/drones and road mapping 

Journal: 24 
Conferences: 21 
Others: 09 

Journal:15 
Conferences: 
09 
Others: 07   
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deploying a system that is foolproof so that drones can carry out their function. Mehmood et al. (2018) compared the use of UAVs with 
three other alternatives in response to incident management by applying a multi-criteria decision analysis (MCDA) method. These four 
options are manned drone, UAV, helicopter and vehicle of the incident commander. UAV costs less than helicopters and manned 
drones and it is faster than the incident commander’s vehicle. The analysis based on three important parameters of response time, cost 
and availability of the option to reach the scene of a crash in most of the conditions, reveals that UAV is the best option. 

2.1. Accident investigation 

Traffic incident scene generation to help accident investigation from photogrammetry is being studied since the 1990s, however, 
there were several challenges, which has been overcome with the advancement of technologies especially with the advent of drones 
(UAV) (Cooner and Balke, 2000), that make them cost-efficient. Majority of the research efforts come under this theme of road safety 
are proposals, systems, software tools and image processing methodological advancements that help reconstruct the accurate accident 
scene and therefore assist in accident investigation. Table 2 present a summary of the key research efforts. It is very clear from the 
progress of research that earlier efforts were focused more on the exploration of image processing results on the basis of external factors 
on controlling the drone to capture images such as shooting angle, altitude, glaring etc (Ardestani et al., 2016; Su et al., 2016). 

Table 2 
Research efforts in accident scene generation and investigation.  

Reference Research Type Hardware Software Application Scale Findings 

Ardestani 
et al. 
(2016) 

Prototype UAV system for 
3D reconstruction of 
accident scene 

UAV with GPS sensor, 
high resolution 
camera, HD 
transmitter, Ground 
station for 
communication 

Mission Control and planning 
tool, 3D photogrammetry 
software (No mention of 
specific package/algorithm) 

Experimental (testing 
of prototype) 

Shooting altitude, angle, 
Glares on smooth surface, 
Geo-tagging and GPS signals 
have impacts on quality of 
scanning results 

Liu et al. 
(2017) 

Method to improve UAV 
image processing (Image 
mosaic technology) for 
road traffic accident scene 

NA Algorithms used for image 
registration, image fusion, a 
method is proposed for image 
automatic ranging 

Used already captured 
images to apply 
methods 

Proposed methods produced 
better results, however, 
efficiency is low. 

Su et al. 
(2016) 

UAV-based mapping 
system to acquire scene 
diagram (with a focus on 
camera calibration and 
image accuracy) 

Quadcopter, Gopro 
Hero 3 Camera 

Authors own designed 
mapping software 

Comparative analysis 
is performed with 
traditional and 
proposed method on 
one real traffic 
accident site 

Proposed method is 40% 
more efficient than 
traditional hand drawing 
method. 

Liu et al., 
2019b 

Proposed method to use 
UAV photogrammetry to 
reconstruct traffic accident 
scene 

DJI Inspire 1 UAV, 
FC350 Camera with 
GPS functionality, 

Structure-from-Motion (SFM) 
algorithm is used for 3D 
reconstruction, Patch-based 
Multi-View Stereo algorithm is 
used for dense 3D point cloud 
model generation, Model 
optimisation (meshing and 
texturing) is done via Poisson 
surface reconstruction 
algorithm 

A simple accident 
scene for testing the 
method 

Reconstruction quality 
assessment is done via Peak 
signal-to-noise ratio (PSNR) 
and structural similarity 
(SSIM). PSNR = 41.62. 
SSIM = 0.9475 (Indicate 
that quality is effective) 

Škorput 
et al. 
(2020) 

Proposed method to use 
UAV photogrammetry to 
reconstruct traffic accident 
scene 

DJI Phantom 4 UAV, 3D and orthophoto computer 
models (No mention of 
specific package/algorithm) 

A simple accident 
scene for testing the 
method 

Error reported under − 5% 
to +2% in several 3D model 
measurements from with 
real data 

Pérez et al. 
(2019) 

Proposed method to use 
UAV photogrammetry to 
reconstruct traffic accident 
scene with a claim that it is 
low cost and simplified 

S500 Quadcopter, 
Gopro Hero 4 Black, 
Controller, GNSS 
Receiver, Ground 
control station, 
Monitor 

Agisoft Photoscan Pro along 
with manual tagging of 3 
control points 

A simple accident 
scene for testing the 
method. Deployed at a 
height of 65 m 

Planimetric accuracy of 7.5 
cm is obtained by using the 
ASPRS standard. 

Raj et al. 
(2017) 

A protype system to 
recognise the vehicle 
involved in accident along 
with accident scene 
creation. 

Parrot AR Drone 2.0, 
Two cameras for front, 
downward facings, PC 
is used to control take- 
offs, landings 

AR Drone LabVIEW Package 
for communication with UAV, 
background subtraction and 
Haar cascade classifier 
algorithms for vehicle 
detection, Image stitching 
technique 

A simple accident 
scene for testing the 
method 

95.81% accuracy is 
obtained for the proposed 
LabVIEW based vehicle 
detection 

Serhani 
et al. 
(2019) 

Proposed a method to use 
drone captured images to 
estimate accident’s 
damage cost 

Images dataset, 
accident images from 
drones, asset cost 
database 

Classification algorithm 
(Convolution neural network 
CNN), Cost estimation 
algorithm 

Few (two) accident 
images were analysed 
and cost estimated 
with the proposed 
method. Validation is 
also done 

Image classification 
accuracy was around 0.79 to 
0.94 and damage cost 
estimation accuracy was 
around 100% based on 
expert opinions.  
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However, as the drone technology becomes improved and flights are more stable, now focus is more on advancing software capabilities 
to improve the methods used in image processing and scene reconstruction. Almost all of the studies/efforts are applied on a limited 
scale for testing and validation. Additionally, research efforts (Liu et al., 2019; Ardestani et al., 2016; Raj et al., 2017; Pérez et al., 2019; 
Škorput et al., 2020) have proposed systems that are based on key modules such as:  

1) UAV flight planning and control  
2) Capturing video data from UAV on the accident site at various heights, angles  
3) Video data transfer mechanism to the ground station  
4) Image processing (rectification, mosaicking, 3D model generation and its optimization)  
5) System application and validation, Accuracy measurement framework. 

The large-scale implementation of these proposed systems is still lacking. Furthermore, there are no studies available that compare 
different functionalities of modules discussed above to see which one is better off compared to another specifically for the recon-
struction of the accident scene. In relation to accuracies of scene reconstruction, studies reported different indices to measure it. For 
example; Liu et al. (2019b) reported peak signal-to-noise ratio and structural similarity, Pérez et al. (2019) reported planimetric 
accuracy and Škorput et al. (2020) reported errors in percentage for various measurements. These studies claimed that their proposed 
methodologies are effective and have reasonable accuracies in reconstructing the scene. 

2.2. Risk assessment 

There are a limited number of studies that can be grouped under this domain of road safety. Use of UAVs in these studies has 
facilitated the accurate extraction of vehicle trajectories so that analysis could be made at a microscopic level. Additionally, from 
traditional video data collection methods there were several limitations such as limited view because of the height of the physical 
structure where the camera is mounted, the tilt angle of the camera that results in inaccuracies in trajectories, lack of physical 
structures especially in interchange areas where safety problems are more severe. Zhang et al. (2013) proposed algorithms that detect 
collisions happened already or dangerous events that may result in collisions by analysing vehicle trajectories obtained from UAV 
based traffic video data. The most notable recent research effort is from Gu et al. (2019), where they developed an analysis framework. 
This was based on the extraction of vehicle trajectories using UAVs based video data to analyse mandatory-lane-change-related crash 
risk at freeway merging areas. A method was suggested that measure the crash risk between the merging vehicle and its surrounding 
vehicles by estimating a merging behaviour model that incorporates time-to-collision (safety measure). 

A few research efforts, however, advance the use of UAV technology in detecting the risk by incorporating on-board vision pro-
cessing mechanisms. Kim and Chervonenkis (2015) studied on-board automatic detection of emergency and abnormal traffic situations 
with UAV artificial vision system. They proposed a system that detects stationary and moving vehicle based on UAV video data, and 
then at the same time, detect abnormal situations and classify them to aid the operator for making informed decisions. Algorithms 
developed in their study, however, are limited to recognised only a few abnormal situations. A study from Sharma et al. (2017) 
proposed a multi-UAV coordinated vehicular network to analyse driving behaviour for improvement of road safety. The motivation of 
their work was based on the notion that infrastructure-based vehicular ad hoc networks (VANETS) are constrained by traffic itself and 
therefore, limited in their scope. The formulation of VANETs using multiple UAVs make the system independent of roadside units and 
enhanced smooth communication and therefore vehicle tracking is more accurate. Their system used Decision Making Trial and 
Evaluation Laboratory (DEMATEL) approach (Wang et al., 2012) for computation driver behaviour ratings, vehicle ratings and overall 
reputation values to detect driving behaviour. These rating computations were carried over onboard devices installed on each UAV. 
Authors compared the proposed system with benchmark approaches in relation to communication efficiency of the collaborative 
network of UAVs and VANET and also for driving behaviour detection. On both accounts, they concluded that their proposed system 
outperformed the existing state of the art approaches. Iglesias et al. (2019) acquired a UAV based video data based on double grid UAV 
flights for appropriate assessment of sight distances. Structure from Motion Multi-view Stereo software was used to process a dense 
cloud point, which is further classified to produce a terrain model and a 3D- object model. Sight distances are calculated from the 
resulting environment model. 

It is inevitable that with more use of the UAVs, the data would be available in abundance and risk assessment methods will be 
improved in future. 

3. Traffic monitoring and management 

This section presents a review of research efforts that use UAVs technology in relation to online and offline extraction of traffic 
parameters from video data using vision processing methods so that traffic surveillance and monitoring mechanisms are improved. 
Furthermore, research efforts are also presented that improved the traffic flow analysis methods based on data collected from UAVs. 
These are in nature similar efforts as presented under offline risk assessment studies (i.e. collected data is used to improve analysis 
methods). 

3.1. Vehicle detection and extraction of traffic parameters 

Majority of the research efforts that utilise and promote the use of UAVs can be grouped within this section. These research efforts 
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Table 3 
Research efforts in vehicle detection and extraction of traffic parameters.  

Reference Hardware Software Findings 

Kaaniche et al. 
(2005) 

UAV (Fixed wings), Autopilot and 
communication module, video 
camera 

Algorithm to detect vehicles based on Common 
fate law using a graph cut formulation with a 
verification step 

Algorithm is fast and can work in real time. Able 
to recognise vehicle. 

Lin et al. (2006) Aerial video footages from fixed 
wing UAVs 

Image processing tools to convert video footage 
into traffic information 

A conceptual paper 

Heintz et al. 
(2007) 

UAV (Yamaha RMAX helicopter), 
Colour and thermal camera, 

DyKnow a stream-based knowledge processing 
middleware is used. 

Algorithm is fast and can work in real time. Able 
to recognise vehicle. 

Li (2008) UAV colour images from fixed 
wing UAV 

Fuzzy segmentation algorithm that combines 
Fuzzy c-partition, genetic algorithm and colour 
histogram 

Algorithm is able to recognize the vehicles and 
their position in the imagery. 

Cheng et al. 
(2009) 

UAV (Fixed wings), onboard 
camera, GPS/INS system GCP 
information for validation 

Video frame matching algorithm (track the pixel 
from consecutive video frames) 

Algorithm is able to recognize the vehicles and 
their position in the imagery. 

Braut et al. 
(2012) 

UAV based images Background model (track the pixel from 
consecutive frames) 

OD matrix at intersection was estimated with 
good accuracy 

Gao et al. (2014) UAV (Radio controlled 
quadcopter model, HERO 3 
camera, image transceiver system 

Camshift algorithm to follow the tracks of target 
vehicles 

Trajectories of vehicles are accurate enough to 
use for traffic performance analysis. 

Wang et al. 
(2014) 

Fixed wing UAV, Consumer grade 
camera, 

Software developed by the team can estimate 
dynamic position of vehicles from consecutive 
frames 

100 m long trajectory of around 8 vehicles, with 
general accuracy is of the order of 10 cm 

Lee et al. (2015) Phantom 2, Gimbel base for 
camera stabilization, Ground 
station, FPV video transmitter 

General quality of video data is discussed with no 
special vision processing 

Recommended and suggested to improve video 
quality and camera stabilization 

Ke et al. (2015) UAV video data Interest point tracking based on optical flow 
method (KLT) and Velocity clustering approach is 
used for average velocity determination 

Yields good results with average error less than 
12%. 

Barmpounakis 
et al. (2016) 

DJI 7 Spreading Wings S900 
hexacopter, Onboard Camera 
offers 4 K 30 quality, 

Method used involves application of 
stabilization, Calibration and coordinates 
extraction 

Vehicle and pedestrian trajectories are extracted. 
OD table data is also estimated 

Wang et al. 
(2016) 

Quadcopter (DJI Phantom 2), 
onboard camera (GoPro 3 Silver) 
and image transfer system 

Image registration, image feature extraction 
(Edge (Prewitt edge detection), Optical flow 
(KLT) and Local feature point (SIFT) used for 
vehicle shape detection and vehicle tracking 
methods are employed for trajectory data 

More than 96% quality and completeness criteria 
are achieved with 100% correctness. Vehicle 
tracking error is 0% at 90 m altitude. 

Ke et al. (2017) UAV video data Interest point tracking based on optical flow 
method (KLT) and Velocity clustering approach is 
used for average velocity determination 

Bi-directional traffic parameters are obtained. 
Error rates were around 17% 

Xu et al. (2017) UAV-based Video data Faster R-CNN method was used and compared 
with other techniques 

In all criteria, method obtained higher accuracy 
compared to others. 

Khan et al. (2017) Argus-One UAV, onboard camera 
(4-K resolution at 25 fps) 

Method proposed Use of stabilization process, 
Geo registration, Optical flow tracking (KLT- 
based), Background subtraction and Blob 
analysis for vehicle detection and tracking 

A streamlined methodology for extracting 
trajectory from video data 

Barmpounakis 
et al. (2019) 

DJI 7 Spreading Wings S900 
hexacopter, Onboard Camera 
offers 4 K 30 quality 

Similar method as used in Barmpounakis et al., 
2016 

Comparative study of microscopic traffic data 
obtained via UAV with OBD II data. 
Errors are in the range of − 3 to 5% for average 
speed, increase in altitude did not cause the 
increase in error. Stabilization and 
georeferencing are key to obtain higher accuracy. 

Ke et al. (2018) UAV video data (20,000 video 
clips) 

Vehicle detection via Haar Cascade and CNN. Use 
of optical flow (KLT) for extracting vehicle 
parameters like volume, density and speed 

Method is claimed to be used in congested 
conditions. Precision of the method is around 
0.995 and recall is 0.957. 

Niu et al. (2018) 3DR Solo Quadcopter, Onboard 
GoPro 4 Camera, transmitter 
device, Web Application interface 

Trained Haar Cascade Algorithm for vehicle 
detection and then frame-by-frame tracking 
algorithm for vehicle motion 

83–90% Accuracy in vehicle detection, tracking 
accuracy is 100%. 

Kyrkou et al. 
(2018) 

UAV video data Haar Cascade and CNN for vehicle detection, 
Frame differencing for motion of vehicles, 
Background model for road mask detection in 
HSV colour. Heat map produce for more robust 
detection 

Vehicle count, speed could be determined. 

Zhu et al. (2018) Video data for calibration of 
model (manual annotated 
vehicles) 

Advanced deep Neural network model was 
trained for vehicle detection, localization, 
tracking and vehicle counting over time. 

Deep learning technologies are more effective 
than traditional vision-based algorithm. Ultra- 
high-resolution videos enables more accurate 
results compared to low resolution contents. 

Zhao et al. (2018) UAV, onboard camera, 
transmitting device 

Existing proposed algorithm are used for vehicle 
detection 

Battery limitations, instability, data transmission 
and flight attitude are challenges to acquire 
accurate traffic data 

(continued on next page) 
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are mainly part of developing a set of algorithms, methods to extract meaningful information from video data. Accident scene 
reconstruction is also one such application (reviewed in Section 2.1) of these research efforts that have been originated lately. 
However, vehicle detection, their tracking and extraction of traffic flow parameters such as speed, density etc. is the prime focus since 
UAVs technology has started to use for civil applications. Table 3 presents a synthesis of these research efforts. 

Before 2014–15 most of the studies were conducted using fixed-wing type UAVs having lesser manoeuvrability compared to rotary- 
wing small drones. These drones were heavy, significantly larger in size and required professional skills for their operation and control. 
Additionally, they do not support vertical take-off and landing and also their application is costly. However, these drones have larger 
flight time and a more stable flight. With the advent of small drones and their availability on a cheaper price, efforts were focused more 
on utilising them to capture aerial videos. The studies used different vision process algorithms such as Image feature extraction, frame 
difference and Kanade-Lucas-Tomasi (KLT), background subtraction methods used in various key processes such as stabilization, 
vehicle detection, vehicle tracking etc. Khan et al. (2017) described that chain of processes through which raw UAV video is required to 
undergo so that appropriate trajectory of vehicles is obtained. Almost all studies presented their algorithm test in an offline mode (i.e. 
applied on collected video data) with a claim that it can also be used in a real-time setting to extract traffic parameters. These research 
efforts proposed algorithms/methods with a view-point that UAVs are installed with onboard video cameras that capture video and 
send it to ground station where these videos can be processed and extracted information on traffic parameters for further transfer of 
this information to a central control station. A series of work from Ke et al. (2015, 2017, 2018, 2020) presented a good example of how 
the vision processes have been evolved in extracting key traffic parameters. This has started with vehicle detection and average speed 
determination to lane level microscopic traffic parameters such as headway, lane-specific speed and individual vehicle speed and 
trajectory etc. In terms of algorithms, the focus has been shifted towards the application of machine learning and deep learning models 
(such as Haar cascade, R-CNN, Mask R-CNN, advanced DNN) for vehicle detection. However, for motion detection KLT approach is 
dominant apart from one effort (Liu et al., 2019a) that uses the Kalman filter approach. Barmpounakis et al. (2019) has evaluated the 
result from OBD-II (onboard diagnostic devices installed in vehicles) devices with processed data from vision algorithms (traditional) 
applied on UAVs-based video. They concluded that results from vision algorithms are having an error in the range of − 3 to +5% with 
OBD-II data and a key to reducing these errors is the control over stabilization and geo-registration processes. Zhu et al. (2018) showed 
that deep learning models are more effective than traditional vision algorithms. However, these models require good and large quality 
of video/images data for their training but once the models are trained they can provide results more efficiently in the application 
environment. In comparison to the above, Ahmed et al. (2020) used a manual process to extract the required information (travel mode- 
specific outflow rate when the traffic signal indicates green) for the video data collected from UAV. They highlighted the fact that 
current vision algorithms are not suited for application in heterogeneous traffic environment which is characterised by the high 
presence of motorbikes and the traffic streams following a weak lane-discipline. Additionally, it is also mentioned that UAV video data 
is more appropriate for such analysis because of the bird eye-view, which is required to accurately capture the lateral movements of 
motorbikes that effect their travel time. 

3.2. Traffic flow analysis 

This section discusses research efforts that advance the use of traffic parameters extraction processes from UAV-based data to 
further utilising it in various traffic flow analysis method. These analysis methods include the performance of different road geometries 
(such as a roundabout, signalized intersections, non-signalized intersection), different traffic flow behaviours (such as shock wave 
analysis, lane change behaviour, gap acceptance analysis), Car-following models with their calibration and validation for use in 
microscopic simulation packages. 

Coifman et al. (2004) based on some UAV field trials indicated the possibility of using UAV for tracking vehicle movement in an 

Table 3 (continued ) 

Reference Hardware Software Findings 

Zhang et al. 
(2019) 

UAV (Mavic Pro Platinum Model, 
Dji Company), onboard camera 
with 24 fps. 

Mask RCNN approach is used for vehicle 
detection and recognition. 

Complexity introduced due to presence of 
motorcycles and algorithm can recognize but 
errors are high in vehicle counts. 

Liu et al. (2019a) UAV video data R-CNN model was used to vehicle detection, 
Kalman filtering as a tracking method 

Better results compared to YOLOv3. 

Ke et al. (2020) UAV video data Three interconnected process streams that uses 
ensemble-based classification (Haar cascade +
CNN) for vehicle detection, optical flow (KLT) for 
motion detection and modified Canny + Hough 
transformation for lane boundary detection 

Lane-level microscopic traffic parameters such as 
time/space headway and lane specific speed, 
density and volume along with individual speed 
and trajectory. 
Accuracy is also increased based on the metric 
defined as % of total frames with false positive 
and false negative. 

Ahmed et al. 
(2020) 

DJI Phantom 3, video camera 4 k 
resolution, flight time 15 min 

Heterogenous vehicle stream data is acquired 
(especially motorcycles). Data is extracted using 
a program that allows recording of manual key 
board strokes with a time stamp for certain 
events as the video progresses. 

Traffic flow dynamics within a green time was 
captured i.e. an outflow rate (veh/hr) during a 
green time for each type of vehicle. In weak lane- 
discipline environment traffic flow during green 
time contains significant variations compared to 
traffic stream that is characterised as strictly 
lane-discipline  
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intersection, observe congestion on the network, monitoring parking lot utilization directly from the video. However, with the advent 
of vision processing algorithms, it is now a possibility that vehicle trajectories can be obtained and several in-depth analyses can be 
made. Salvo et al. (2014) used the vehicle trajectory data acquired from UAV video for analysing gap acceptance for an urban 
intersection that does not contain traffic signal and regulated using STOP sign. For vehicles that have accepted gap of less than 6 s in 
order to enter into the main road, three types of driving behaviours (i.e. aggressive, neutral and cautious) are identified based on a 
function of waiting time at the intersection entrance and number of gaps rejected. They have analysed this based on manually 
observing the UAVs videos. Khan et al. (2018a) extended their work presented in Khan et al. (2017) in relation to further processing of 
acquired vehicle trajectories from UAV data. Vehicle trajectories are processed in relation to obtaining critical points in the trajectory 
to classify them under various flow regimes i.e. uniform motion, accelerated/decelerated motion or stationary regime. The resulting 
trajectories are then analysed to identify shockwaves generated within the proximity of signalized intersection. For each flow regimes, 
different traffic flow parameters were also obtained (speed, density, flow) and resulting fundamental diagrams used to obtain other 
unknown traffic parameters. Using space–time diagrams and fundamental flow diagrams, traffic performance was also analysed at an 
intersection using indicators such as queue lengths and time required for dissipation of queue. Validation was also done using the 
ground truth data and it was mentioned that mean error was in the range of 7.5%. Khan et al. (2018b) further extended their traffic 
analysis work to study traffic behaviour for a roundabout. Their performance evaluation methodology includes the estimation of OD 
matrices for each leg of the roundabout and then using this as input to analyse gap acceptance behaviour of drivers. The critical gap 
was estimated as 3.83 s, which was found slightly less than the average specified value in Highway Capacity Manual (HCM, 2010) 
which is 4.1 s. This helps in estimating the level of service of roundabouts. Hao et al. (2019) develop a Deep Belief Networks (DBNs)- 
based machine learning model to analyse aggressive lane change of the drivers with dataset extracted from UAV-based videos. The 
aggressive lane change is modelled as a function of driving-related parameters (such as speed, distance to lead and rear vehicles, 
acceleration/deceleration), vehicle information (such as vehicle model), and driver information derived via registration number plate. 
The model provides an accuracy of around 80%. Ahmed et al. (2020) empirically explore the queue-jumping phenomenon of mo-
torcycles by extracting information of outflow rate and travel times during the green time of traffic signals. This phenomenon is 
prevalent in heterogenous traffic stream that also has a property of weak lane discipline. Their exploration indicates that high variation 
of outflow rate exists during the green time and therefore, microscopic simulation models should incorporate this to better simulate 
traffic condition for signalized traffic intersection. 

Barmpounakis et al. (2020) presented the results from large-scale field experiments that use a swarm of drones (10 drones) for 
collecting such data that provide details of congestion propagation in urban networks. Their work was first of their kind to collect such 
data for congestion analysis that covers more than 100-km lanes of the road network, around 100 busy intersections, many bus stops 
and around 0.5 million trajectories. The paper discussed various possibilities to understand the mechanism of congestion formation 
and propagation in congested multimodal environments such as: 1) estimation of dynamic OD matrices at network level through a less 
costly and computationally efficient way, 2) estimation of joint distributions of travel times for successive links that provide an 
appropriate travel time reliability measure, 3) lane changing phenomenon usually modelled using gap analysis, however, the data will 
provide an opportunity to understand this in more detail as it is not understood well around the vicinity of traffic light especially in 
congested urban environments even simulation models are not calibrated and validated with this level of detail. 4) Revisiting 
fundamental flow diagram with this large scale of data even from small roads, 5) Impact of stop and go characteristics of service 
vehicles (such as Taxis, Bus and delivery vehicles in causing local disturbances in traffic flow and how this could further propagate 
congestion, delays etc. 6) study of network-level emission with the incorporation of effect of local disturbances due to lane change and 
stop and go behaviour of vehicles. Barmpounakis and Geroliminis (2020) further used this data and developed a methodological 
framework to identify lane-changing manoeuvre identification, they used Azimuth as the main concept for this. Based on the use of 
high-resolution data and time-series analysis tool, their algorithm predicted lane-changing manoeuvre with higher accuracy of 95%. It 
was also made clear that there with more exploration of this data, many new traffic flow phenomena can be discovered which cannot 
be studied previously due to limited data sets. 

4. Highway infrastructure management 

Another very important area of application of UAVs technology within the transportation domain is to use them for monitoring and 
management of highway physical infrastructure. Two areas i.e. bridge inspection and monitoring and pavement distress recognition 
have been given a significant consideration and a variety of field experiments/trials are done to establish the protocol, methods and 
algorithms. In this section, such efforts are highlighted in detail in Sections 4.1 and 4.2. Apart from these efforts, there are a few noted 
that applied UAVs in relation to road design. A research effort from Zulkipli and Tahar (2018) is notable. They used small UAV (Quad- 
Rotors, Phantom 3 Pro) for engineering surveys to develop a small-scale map that can be used for road design. The UAVs images are 
processed using the UAV Agisoft PhotoScan, that finally generates the x, y, and z coordinates of the entire areas of interest. Their study 
used 4 K camera and its parameters are provided to image processing software. They also carried out a traditional mechanism in 
parallel to analyse the accuracy of the mapping and road design process (that involves elements like horizontal curves, superelevation 
etc.). Errors noted in the coordinates of important points are in the of +/− 0.2 m in the horizontal plane. Authors recommended the use 
of GCP points used for image processing from the precise engineering surveys for better results. 

4.1. UAV as monitoring tool for bridge inspection 

Research efforts and field trials-based studies are advocating the case of using UAVs for bridge inspection and monitoring. Otero 
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et al. (2015) presented a proof of concept of utilising UAV for bridge and high mast luminaires. They performed several experiments in 
controlled conditions for testing UAV response in relation to wind conditions. Further, image quality in different flight scenarios, low 
light conditions, altitude and payload. In general, their results are in favour of using this technology, not just in terms of saving man- 
hours but also detecting the damages. Zink and Lovelace (2015) demonstrated the application of UAVs for four (04) bridge inspection 
throughout Minnesota, USA. They identified several advantages of using UAVs e.g. this technology can offer saving from reduced or 
eliminated traffic control and reduced use of under bridge inspection vehicle and lifts. In their investigation, they rely on infrared 
photos of various elements of the bridges for detecting any defects. Gillins et al. (2016) also reported the use of UAVs and their benefits 
to develop a cost-effective methodology for bridge inspection. Seo et al. (2018) reported use of a drone (DJI Phantom 4) to perform the 
bridge inspection. Resulting images were checked with those available in the past inspection report from the South Dakota Department 
of Transportation (DOT). Authors reported successful and efficient identification of different types of structural damages on the bridge. 

Yin et al. (2015) proposed a prototype system for bridge inspection. For crack detection, they argued that traditional edge detection 
algorithms are limited in a sense that they require a threshold of the detector when the scale of the image is unknown, which is usually 
proportional to the distance between the structure surface and onboard camera. They proposed a Gaussian image pyramid algorithm 
that provides enhanced results for the crack area. Lei et al. (2018) also reported the similar shortcoming of traditional edge detection 
algorithms (Prewitt algorithm, Canny algorithm, Sobel algorithm) and proposed crack central point method to address the short-
comings. Their proposed algorithm is based on the characteristics of the fracture in the pre-processing images without the interference 
of noise. In the pre-processed image, the grey value at the centre of the crack is minimum and therefore, it is used to characterise the 
crack area in the enhancement process of the image. Their proposed algorithm outperformed traditional edge detection and also K- 
mean clustering even with lesser number of images. Wu et al. (2018) reported coupling of UAV images with deep learning models for 
bridge and pavement condition assessment. UAV that carrying a high-resolution camera and an infrared thermography camera was 
used to collect a large amount of data from the bridges and pavements. This data was used for training of deep neural network for 
damage classification and condition assessment. Only preliminary application was reported where model validation accuracy reached 
to around 79%. They mentioned that the use of UAV for a large-scale bridge can be tricky as special skills required, further, a powerful 
Raspberry Pi tiny processor is required to facilitate the development of autonomous and real-time infrastructure condition assessment. 

4.2. Pavement condition and road distresses monitoring 

Periodic assessment pavement conditions and distress monitoring is usually a norm and therefore, transportation agencies and local 
governments have the mechanism and inventories in placed so that required repair works are carried out. Traditional mechanisms 
involve visual inspection and then in-situ tests to assess road distress, unevenness, rutting, cracks widths and their depth etc. Use of 
UAVs to help carried out part of this work is still in the development phase and not yet in practice. Highlights of some research efforts 
are and field trials are mentioned below. 

Zhang (2008) developed the UAV based photogrammetry mapping system for assessing road condition, especially for unpaved 
roads. Their image processing system includes camera calibration, integrated sensor orientation, digital 3D road surface model and 
orthoimage generation, automated feature extraction and measurement for road condition assessment. However, the accuracy of their 
proposed method is not discussed in detail, as only photographic evidence was provided that shows the identification of washboarding 
ridges. However, later in another paper (Zhang and Elaksher, 2012) presented a similar system with some minor improvement in detail 
and provided a comparison of onsite measurements of distress with derived 3D information from processed UAV images. They found 
differences around 0.5 cm, which they mentioned that they are acceptable for unpaved road conditions. Dobson et al. (2013) proposed 
a similar system to generate a 3D road surface model using SFM vision processing algorithm for unpaved roads as a phase I of the 
project. In phase II, they reported improvement of their processing system which include a blurred image filter that removes blurred 
imagery before being processed for 3D reconstruction. This is to ensure high-quality outputs. Another important development was the 
independent distress detection component so that it provides flexibility in achieving commercialization goals (Brooks et al., 2016). To 
obtain more accuracy in damage assessment, Themistocleous et al. (2014) proposed the use of a range of tools and their integration. 
UAV images are proposed to be integrated with satellite imageries and the use of in-situ measurements from ground penetration radar 
(GPR) and field spectroscopy in an attempt to develop a sound methodology that is non-intrusive. However, the real demonstration of 
the integration of these technologies in assessing damages is not discussed. Knyaz and Chibunichev (2016) presented two photo-
grammetric techniques for road surface analysis (i.e. deformation/unevenness etc.) using images obtained from UAV (Geoscan 401) 
equipped with Sony- RX1 digital camera. They also used Agisoft PhotoScan image processing software along with various reference 
and control points. They concluded that measurement precision meets the requirements to extract road surface parameters extraction. 
Shaghlil and Khalafallah (2018) presented the requirement (obtained from Virginia and North Carolina Departments of Trans-
portation) for UAV images and image processing tools to identify road cracks of as small as 0.00317 m (1/8 in.) in depth and 0.00635 m 
(1/4 in.) in width. They proposed an automated system based on the processing of drone images, however, they did not rigorously 
validate their proposed system accuracy in fulfilling the requirements. On a similar notion, Leonardi et al. (2018) proposed an 
automated method using UAV for road condition assessment. They reported sufficient accuracy of their 3D mapping data to identify 
pavement distress. 

Lee (2019) reported use of DJI Mavic 2 Pro that carrying a 4 K high-resolution camera to obtained UAV videos and then further 
processing it for appropriate detection of potholes with all its features to develop a comprehensive GIS-based database. Pix4Dmapper 
was used for image processing and usual steps followed for the point cloud generation. For 3D reconstruction, point cloud data was 
used in CloudCompare, Autodesk Recap Pro and Civil 3D in a sequential way to obtain geometrical features of potholes. The accuracies 
of potholes measurement were in the range of +/− 2.0 in.. Li et al. (2019a, 2019b) in their retracted article used low altitude UAV with 
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light detection and ranging (UAV LiDAR) system to generate point cloud data and then random forest classification model for iden-
tifying different type of distresses (i.e. cracks, potholes, rutting and filler). They first reported the distress identification accuracy of 
92.3%, however, later in the retraction, they have mentioned that it is around 89% owing to a reduction of 14 extracted features from 
the images. Tan and Li (2019) acquired road images from UAV and process those to reconstruct 3D models derived from Pix4Dmapper 
photogrammetry. Pavement surface was extracted by the application of region growing algorithm from the derived 3D model. They 
developed an algorithm to detect pavement distress and their corresponding dimensions. Their algorithm based on three steps, in the 
first step reference plane, was established using windows, which is required due to upslope and downslope of the road cross-section. 
The next step involves finding deviating points from the reference plane. In the third step, features are extracted based on road distress 
point clouds and the corresponding reference plane parameters. An error of around 1 cm was found when compared the results with in- 
situ measurements for road distress such as potholes, piling up and corrugation. Efficiency in relation to computing time is also 
determined based on the hardware used, which is around 3 to 6 min for distress detection. 

5. Wide-scale deployment of UAVs: Barriers, solutions and implications 

5.1. Airspace regulations/guidelines and their evolvement 

Use and control of drones in the urban environment have become a hot discussion topic and this issue is considered as a major 
barrier for their wide-scale deployment. Majority of research efforts discussed above did not specifically mention the regulations 
applicable to their data acquisition flights. Authorities are trying to develop regulations that ensure safety, privacy and noise concerns 
of the citizens and at the same time increase the efficiency of the services provided by UAV technology. It is possible that drones can be 
equipped with a system that can recognize any failure or unpredicted change in weather conditions and the system automatically abort 
the operation using some mechanisms such as the deployment of UAV parachutes, navigate back to the base (Barmpounakis et al., 
2017). However, it means additional sensors and equipment that further increase the weight. UAVcoach.com (UAV Coach, 2020) has 
summarized the regulations in relation to various use type of UAV for many countries. At the moment most of the nation’s space 
monitoring agencies (such as Federal Aviation Authority (FAA from the US), European Aviation Safety Agency (EASA, EU) allow the 
use of drones with some restrictions, and the most critical restriction that is considered as a barrier of their wide-scale use is the 
operation of drones remain under the visual line of sight (VLOS) of the operator. Additional restrictions include weight, sensors and 
equipment (such as a camera), day-only operations, altitude, professional training and certification, registration of drones and prior 
permissions for using the air space especially in controlled flying space (FAA News, 2016). 

FAA has a special waiver application process to relax a few strict conditions and also making continuous amendments in their 
waiver program especially in relation with flying over people and moving vehicles, and night time operation etc. (FAA, 2019). Beyond 
visual line of sight (BVLOS) is something which poses a higher risk, however, there are strong indications that with onboard detect- 
and-avoid system FAA can generally include this in their waiver program (Choi, 2020). Some countries allow BVLOS flights, however, 
they do so after special consideration and exceptional approvals. Spain, France and Nigeria are in the list of those countries where 
regulations are less strict and express approvals are granted in relation to BVLOS flights (Stöcker et al., 2017). Civil Aviation 
Administration of China introduced a cloud-based system that is able to collect e-identification of UAVs in real-time for air traffic 
management. UAVs operating BVLOS and have weight more than 7 kg much be connected with this system (EASA, 2020). Recently, 
European Union Aviation Safety Agency (EASA) has published guidelines and regulations as Opinion 01/2020 (a proposal to the EU 
Commission for Adoption) on the use and control of UAVs in the urban environment which is a high-level regulatory framework for the 
U-space (EASA, 2020). This Opinion document will be subject to discussion and a first regulatory step to further evolve the UAV system 
and U-Space technologies in a harmonised manner across the EU. 

5.2. Technological constraints and solutions 

UAVs operations are limited by their battery life, which causes the shortening of the time UAV can fly and remain in the air. Flight 
time of the drones can vary based on the battery and type of drones, usual flight time is around 25–30 min provided that no other 
sensor mounted on UAV is taken power from its battery. Majority of the research efforts mentioned above in Sections 2–4 are based on 
the flight time of around 25–30 min. Researchers are trying to improve battery life of drones such as enhanced lithium-ion batteries 
and hydrogen fuel cells, more energy-efficient designs of UAVs, and the use of alternative energy sources such as solar energy to extend 
flight missions, UAVs may fly on the order of several hours in the future (Menouar et al., 2017). However, such drones tend to be 
costlier. The flight time (i.e., battery lifetime) of a UAV depends on several factors such as the energy source (e.g., battery, fuel, etc.,), 
type, weight, speed, and trajectory of the UAV (Mozaffari et al., 2019). When a single UAV is deployed, these factors can be optimized 
to increase the flight time. However, more research is now focused on using the UAV to enhance communication (i.e. transmitting 
signals to other devices such as ground stations, cloud platform etc,) and therefore, these communications also consume power along 
with the propulsion function of UAV. Researchers have done different experiments to enhance communication to the ground user by 
minimizing the flight time of multiple drones (Mozaffari et al., 2017). A range of routing protocols (Path Planning) and algorithms are 
also developed so as to minimize energy consumption and maximise the coverage/observability for traffic surveillance and 
monitoring. 

Liu et al. (2013) for traffic surveillance in the sparse road network, developed an algorithm for UAV deployment considering with/ 
without UAV continuous flight distance. They used a K-means clustering algorithm to decompose the UAV cruising area into a number 
of sub-areas and further applied a simulated annealing-based solution algorithm. The multi-objective optimization model proposed by 
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Liu et al. (2016) aims to minimize UAV cruise distance and minimize the number of UAVs being used. Mersheeva and Friedrich (2012) 
adopted a metaheuristic variable neighbourhood search algorithm, and Sundar and Rathinam (2012) presented a mixed-integer 
programming model for UAV route planning with refuelling depot constraints. A study by Ning et al. (2014) specifically considers 
the mobility constraints of traffic sensors, and a measure of traffic information acquisition benefits was used to evaluate the sur-
veillance performance. Their proposed hybrid two-stage heuristic algorithms include both particle swarm optimization and ant colony 
optimization components. Zhang et al. (2015) using the time geography perspective, presented a linear integer programming model to 
maximise spatial and temporal coverage of traffic state detection under various UAV speed, admissible airspace, and operational 
budget constraints. Ghazzai et al. (2017) mentioned that due to their energy-limited capacity, UAVs are employed for temporary 
missions and, during idle periods, they are placed in stations where they can replenish their batteries. They proposed a method to 
determine the best locations for a given number of docking stations that the operator aims to install in a large geographical area. Based 
on average road network statistics, two essential conditions are imposed in making the placement decision: i) the UAV has to reach the 
incident location in a reasonable time, ii) there is no risk of UAV’s battery failure during the mission. Two algorithms, namely a 
penalized weighted k-means algorithm and the particle swarm optimization algorithm, are proposed. Results show that both algo-
rithms achieve close coverage efficiency in spite of their different conceptual constructions. Chow (2016) based on increasing need to 
monitor at a city level, proposed a method to systematically deploy drones over multiple periods using approximate dynamic pro-
gramming algorithm. Liu et al. (2019c) based on the notion that previous studies are focus on static or deterministic UAV path 
planning, proposed a method that solves real-time UAV rerouting problem. In their algorithm, they identified existing visited targets 
and remaining unvisited targets, further, with the consideration of time window and developed a multi-objective optimization. 
Karaduman et al. (2019) proposed a routing algorithm of UAV using aerial road images captured in real-time. Their experimental work 
used already captured videos and simulation approach to validate their algorithm. Two methods are utilised for road detection. These 
are K-Nearest neighbour and Hough transformation. Their algorithm provided a heading direction for UAV so that UAV can follow a 
route. Elloumi et al. (2019) based on the opportunistic method with learning detected the highest number of events and at the same 
time minimizing the energy consumption of UAVs by limiting their travelled distance. 

5.3. UAVs future and emerging scenarios in transportation 

One of the building blocks for any smart city is its reliance on Intelligent transport systems (ITSs). Emerging mobility paradigms 
that are based on connected and autonomous vehicles (CAV), UAV, Mobility as a service (Maas) can serve as enabling technologies that 
paved the way for enhanced transportation experiences (Nikitas et al., 2020). Autonomous and connected vehicles are one aspect; 
however, other facets of transportation also need to move towards automation such as highway maintenance, traffic police agents etc 
(Menouar et al., 2017). Wide-scale deployment of UAVs along with concepts/methods and algorithms discussed in Sections 2, 3, 4 and 
5.2 can enable such automation. Roadside Units (RSUs) are envisaged to support communications (i.e. reliable internet access con-
nectivity, emergency notification and other safety notifications) to achieve the goal of ITS. UAV based ITS, can be utilised for a 
dedicated short-range communication interface to better support vehicle-to-vehicle (V2V) and vehicle to infrastructure (V2X) com-
munications. Use of UAVs in such a collaborative framework not only provides an opportunity of overcome technological constraints of 
RSUs (such as loss in line of sight communication, packet loss, latency, retransmission overhead and multiple target tracking of ob-
jects), but also support other adhoc communication networks by sharing some of their tasks. 

Use of UAVs as mobile aerial RSUs is now considering by many researchers as an advancement in adhoc vehicular networks 
(VANET). Oubbati et al. (2016) studied the cooperation of UAVs with VANET on the ground in assisting the routing process and 
improvement in the reliability of data delivery by enhancing the communication network. Their simulation shows encouraging results. 
Hadiwardoyo et al. (2018, 2019a, 2019b) presented a similar work, where UAVs are communicating with ground vehicles (UAV-to-Car 
communication). They mentioned that obstacles like hills, mountains are obstacles to such communication, therefore, their simulation 
model incorporates those features (i.e 3D space enabled communication) to test the performance of such communication. Their results 
show great degrees of similarities with those obtained in real conditions. However, it is required to be careful about security and 
privacy in the case of cyber-attacks. Furthermore, when UAVs are deployed at a larger scale swarm of UAVs may be simultaneously 
operating in different part of the cities. Human interference (operator) and UAVs automated management system should provide a 
balance for the seamless movement of UAV traffic in the sky. Raj and Palanichamy (2020) proposed an Air intelligent Relay-Road Side 
Unit (AIR-RSU) to determine the network connectivity and stability at every time instant. Lucic et al. (2020) extended the vision of 
RSU/UAV joint planning solution by adding a renewable energy component into the problem specification to offset the on-grid 
electricity cost. Their problem investigates the optimal placement of RSUs and UAV stations, RSU activation schedules if solar 
panels are attached and their coverage during each time period. 

Further research in UAVs technology will open doors for their wide-scale applications in considered domains in this article. These 
are e.g. Introducing collision avoidance system in autonomous UAVs, avoidance of cyber-attacks, integration of more sensors to record 
other relevant data along with the integration of video data with other geospatial information such as Point of interest information etc. 
In addition to the above, acceptance of society is also a big challenge. Kellermann et al. (2020), reviewed the literature in relation to 
drones application in parcel delivery and passenger transportation. They concluded that literature often appeared oversimplified and 
lack scientific validation when it makes claims about traffic and travel time reduction and environmental benefits. Additionally, much 
of the debate about the technology ignore citizens as a stakeholder. They asserted that without public acceptance future developments 
and application of the technology will be slower. For example; in upscaling projects social equity needs to be considered which relate to 
concerns like availability of drones for a segment of the population, location of drone ports and increased noise/night time distur-
bances near areas who are not able to afford drone specific facility, visual integrity of skies and addressing public attitude like not-in 
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my backyard (Schechtner et al., 2018). Efforts of the International Transport Forum (ITF) can be proved vital, where preparation of 
recommendations for transport ministries are ongoing for the integration of drones into the transport system (ITF, 2020). UAVs 
deployment, performance analysis, path planning, resource allocation, flight time optimization, energy efficiency are other key 
challenges that required more research efforts (Mozaffari et al., 2019). Conventional fields such as optimization theory, machine 
learning, game theory, stochastic geometry and transport theory can provide tools/method to overcome these challenges. 

6. Conclusion 

Recent applications of UAV in the transportation field especially in Road safety, traffic monitoring and highway infrastructure 
management have been critically reviewed and classified. Vision algorithms and image processing is found as a key element where 
progress is made that results in the advance application of UAVs in extracting key information that can be used in accident investi-
gation and assessment, traffic flow analysis and damage assessment for bridges and roads. The bird eye-view angle of the camera 
provided by the UAVs is considered important as it allows extracting of vehicle trajectories with more accuracy in lateral distances, 
that significantly helps improvement in the traditional methodologies and models used in traffic analysis. The use of UAVs in 
communication networks alongside RSUs to support the goals of ITS has emerged as a profound solution, which is tested well and 
results are encouraging. Barriers for wide-scale deployments, such as airspace use regulations, technological constraints (battery life, 
flight range etc.) are discussed and how these issues are tackled so far and their implications are presented in detail. Future scenarios 
are also discussed along with the emphasis on public acceptance for more developments and application of UAVs. 
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