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Abstract 

In recent years, unmanned aerial vehicles (UAVs) and Big Data analytics have both 

emerged as increasingly important approaches in advanced traffic monitoring. UAVs pro-

vide high-resolution spatial data and operational flexibility, supporting automated vehi-

cle detection and the construction of origin–destination (O/D) matrices through video pro-

cessing. Conversely, Big Data offers a passive and non-invasive approach based on heter-

ogeneous sources such as mobile devices, satellite navigation systems, and digital appli-

cations, ensuring continuous temporal coverage for mobility pattern analysis. This study 

evaluates the combined use of UAVs and Big Data for traffic flow monitoring as an 

alternative to traditional manual methods. Focusing on two case studies in Trapani (Italy), 

the research assesses the advantages and limitations of each technology and their 

complementary use. Results show that Big Data effectively captures large-scale temporal 

dynamics but lacks accuracy for detailed O/D estimation, while UAVs provide precise 

spatial and behavioural information despite operational constraints. A key objective of 

this study is to investigate the potential complementarity between UAV observations and 

Big Data traffic monitoring technologies, highlighting the main strengths and limitations 

of each method under complex study sites and challenging operational conditions for 

traffic data acquisition using UAVs. 
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1. Introduction 

The article examines the current state of traffic detection technologies, offering a de-

tailed discussion of the use of UAVs and Big Data. The primary objective of the study is 

to assess the advantages and limitations of both approaches in the context of traffic flow 

monitoring and analysis. In this regard, the research aims to outline an operational strat-

egy and a reference system structure capable of integrating multiple technological ap-

proaches for road infrastructure monitoring [1,2]. This study presents a comparative anal-

ysis of heterogeneous data sources in traffic monitoring, focusing on UAV-derived data 

and Big Data methodologies, which are generally treated as separate approaches in the 
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literature, highlighting their complementary strengths and limitations under specific op-

erational conditions. The collection of vehicle flow data is generally a fundamental com-

ponent of urban planning, traffic management, and road safety improvement [3]. 

The Federal Highway Administration (FHWA) [4] identifies several traditional vehi-

cle flow detection devices. The traditional devices consider pneumatic tubes, inductive 

loops, ultrasonic sensors, active infrared sensors, and cameras. Detection methods com-

prise manual techniques based on direct observation, the use of mobile devices, and con-

tinuous monitoring through permanent stations [4]. 

Traditional survey methods include traffic counts, traveller surveys, and traffic be-

haviour surveys. Traffic counting refers to recording the number of vehicles passing a 

specific road section during a defined time interval. Traveller surveys collect data on users’ 

travel preferences and habits through mathematical models estimating mobility demand 

or through direct interviews with a sample of users [5]. Traffic behaviour surveys aim to 

analyse driving patterns, typically conducted using cameras [6]. Recent technological ad-

vancements, including UAV-based video acquisition, Big Data analytics, and AI-en-

hanced image processing, now enable the automated extraction of traffic counts. The pre-

sent study focuses on three closely related research aspects: the complementarity between 

UAV-based observations and Big Data traffic-monitoring technologies, the extent to 

which such complementarity can help overcome the limitations associated with the indi-

vidual use of each approach, and the reliability and practical applicability of the resulting 

traffic-flow estimates when validated against manual traffic counts in two real-world case 

studies. 

2. Literature Review 

Over the last two decades, rapid technological evolution has fundamentally reshaped 

the monitoring of vehicular traffic flows. Traditional data-collection methods, such as 

manual traffic counts, pneumatic tubes, inductive loops, and other fixed intrusive sensors, 

provided essential baseline information but were inherently limited in scope, accuracy, 

and operational flexibility. Manual counts were labour-intensive, prone to human error, 

and restricted to short observational intervals. 

Similarly, inductive loops and pneumatic tubes, though widely deployed, often re-

quired disruptive installation procedures, incurred recurrent maintenance costs, and of-

fered data constrained to single cross-sections of the roadway. These legacy technologies, 

while historically important, were unable to capture the dynamic and multidimensional 

nature of modern mobility systems. Contemporary digital technologies have significantly 

simplified and enhanced the monitoring of traffic flows, enabling more efficient, scalable, 

and accurate systems. Big Data analytics, in particular, constitutes a paradigm shift in mo-

bility observation. 

The increasing ubiquity of smartphones, connected vehicles, digital navigation plat-

forms, and mobile-network infrastructures has led to the continuous generation of vast 

amounts of anonymised mobility data. These datasets allow analysts to infer traffic vol-

umes, speeds, congestion levels, and origin-destination patterns with unprecedented tem-

poral continuity and network-wide coverage. Unlike traditional point-based sensors, Big 

Data provides a systemic understanding of mobility behaviour, supporting predictive 

modelling and proactive traffic-management strategies. Furthermore, its passive and non-

intrusive nature eliminates the operational disruptions typically associated with hard-

ware-based monitoring devices. 

In parallel, advancements in camera technologies and computer-vision techniques 

have introduced powerful tools for the real-time monitoring of road networks. Fixed road-

side cameras equipped with automated detection algorithms can perform continuous ve-

hicle counting, classification, trajectory extraction, and behavioural analysis. Compared 

with earlier visual-based methods, current camera systems offer higher accuracy, robust 
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performance in complex environments, and the ability to scale across large urban net-

works. In this study, fixed roadside cameras were considered only as a reference technol-

ogy within the literature review for comparative purposes; however, they were not im-

plemented or tested as part of the experimental methodology. 

2.1. Innovative Technological Approaches for Enhanced Traffic Monitoring and Road 

Infrastructure Management 

The increasing complexity of road transportation systems and the growing variabil-

ity of mobility patterns have accelerated the demand for more sophisticated, accurate, and 

adaptive methodologies for traffic monitoring and infrastructure management. Tradi-

tional data collection tools, such as inductive loops, pneumatic tubes, and fixed roadside 

sensors, have historically supported traffic flow measurement. However, their inherent 

constraints in terms of spatial uniformity, temporal continuity, and operational flexibility 

increasingly limit their suitability for modern mobility environments. As urban areas 

move toward smart city paradigms and transportation agencies embrace data-driven gov-

ernance, the integration of multiple sensing technologies has become a strategic impera-

tive. 

UAVs provide high-resolution aerial perspectives capable of capturing detailed traf-

fic interactions, origin-destination movements, conflict patterns, and fine-grained trajec-

tory data. However, UAV operations remain subject to regulatory constraints, weather 

conditions, limited battery life, and the need for qualified personnel. 

Fixed roadside camera systems complement UAV observations by offering continu-

ous, long-term data collection and enabling automated traffic monitoring through com-

puter-vision algorithms. These systems support classification, speed estimation, queue 

detection, and behaviour analysis. Their limitations relate mainly to occlusions, lighting 

variability, privacy constraints, and maintenance requirements. Conversely, Big Data 

sources, including anonymised mobile phone locations, GNSS traces, smart-card logs, and 

application-based mobility data, provide extensive spatiotemporal coverage, enabling 

macro-scale traffic behaviour assessments, long-term pattern detection, and population-

level mobility analytics. Although these datasets support broad trend analysis, their ag-

gregation and anonymisation may restrict the granularity required for micro-level traffic 

evaluations. 

2.2. Benefits and Criticalities of Using Video Cameras for Vehicular Traffic Flow Monitoring 

Video cameras represent one of the most widely adopted technologies for traffic 

monitoring due to their ability to capture rich, continuous, and high-resolution infor-

mation about vehicular movements. In [7], the authors present a survey on traffic conges-

tion management techniques in intelligent transportation systems (ITS), covering estima-

tion and control methods based on machine learning, optimisation, fuzzy logic, and hy-

brid approaches. However, despite their extensive capabilities, the use of video surveil-

lance systems also presents significant technical, operational, regulatory, and environ-

mental challenges. 

In consideration of the data summarised in Table 1, it is evident that video cameras 

provide high-resolution traffic monitoring capabilities [6]. In addition, their coverage area 

is limited when compared to Big Data approaches [8,9]. 
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Table 1. Benefits vs. limitations of video cameras for vehicular traffic monitoring. 

Category Benefits of Video Cameras Limitations/Criticalities 

Data Quality and 

Resolution 

• High spatial/temporal resolution 

for detailed trajectory analysis. 

• Simultaneous extraction of multi-

ple key traffic parameters. 

• Performance degradation under ad-

verse weather and lighting. 

• Susceptibility to vehicle, vegetation, 

or infrastructure occlusions. 

Operational Perfor-

mance 

• Continuous, non-intrusive moni-

toring of roadway infrastructure. 

• Real-time detection of congestion 

and traffic incidents. 

• Requires precise camera installation, 

calibration, and alignment. 

• Restricted coverage due to limited 

field of view. 

System Integration 

and Automation 

• Seamless compatibility with com-

puter vision and AI. 

• Native integration into ITS and 

smart-city frameworks. 

• High computational demands for 

processing video streams. 

• Substantial bandwidth needed for 

real-time video transmission. 

Deployment and 

Maintenance 

• Installation requires no roadway 

excavation or closures. 

• Leverages existing poles, commu-

nication networks, and power. 

• Vulnerable to environmental expo-

sure, degradation, and vandalism. 

• Necessity of periodic cleaning, 

maintenance, and recalibration. 

Regulatory and 

Ethical Aspects 
• Visual documentation for valida-

tion and incident audits. 

• Privacy concerns regarding licence 

plates and pedestrian faces. 

• Data retention restricted by GDPR 

and local regulations. 

Scalability and Cov-

erage 
• Target-appropriate for intersec-

tions, roundabouts, and bottlenecks. 

• Low cost-effectiveness for large-

scale, network-wide monitoring.  

• Inferior spatiotemporal coverage 

compared to Big Data sources. 

2.3. Benefits and Limitations of UAVs for Vehicular Traffic Monitoring 

The use of UAVs for monitoring vehicular traffic flows has gained increasing atten-

tion due to their flexibility, rapid deployment, and ability to acquire high-resolution spa-

tiotemporal data over wide roadway segments. Their aerial vantage point allows for col-

lecting detailed trajectory data that would be difficult or impossible to obtain using 

ground-based sensors. However, UAV-based monitoring presents several operational 

and regulatory challenges. Flight endurance is limited by battery capacity, reducing usa-

ble mission time and requiring multiple sorties for extended coverage. Weather conditions 

such as fog, wind, and rain can significantly affect data quality and operational safety. 

Moreover, UAV operations are subject to stringent airspace regulations, particularly in 

urban environments, which may restrict flight altitude, proximity to populated areas, and 

permissible mission frequencies. Data processing also requires advanced computer vision 

algorithms and robust communication links to ensure real-time transmission and synergy 

with other monitoring technologies. 

As demonstrated in Table 2, UAVs provide high-resolution traffic monitoring, ac-

cessing areas that are inaccessible to fixed sensors [10–12]. However, their functionality is 

limited by regulatory requirements, operational complexities, and environmental factors 

[13–15]. 
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Table 2. Benefits vs. limitations of UAVs for traffic flow monitoring. 

Category Benefits of UAVs Limitations/Criticalities 

Spatial Perspective 

and Coverage 

• Wide-area aerial perspective for 

multi-lane and intersection monitoring. 

• Flexible deployment in areas inac-

cessible to fixed sensors. 

• Limited flight endurance (typically 

20–40 min per mission). 

• Continuous coverage requires re-

peated missions or multiple UAVs. 

Data Resolution 

and Quality 

• High-resolution imagery for ad-

vanced tracking and trajectory reconstruc-

tion. 

• Effective for analysing traffic dy-

namics and safety-critical events. 

• Imagery highly sensitive to adverse 

weather and lighting. 

• Advanced processing (AI/computer 

vision) required for data interpretation. 

Operational Flexi-

bility 

• Rapid deployment capabilities for 

emergencies and inspections. 

• Adjustable altitude, angle, and flight 

path for dynamic monitoring. 

• Necessity of skilled operators and 

rigorous mission planning. 

• Potential communication interfer-

ence in dense urban environments. 

Regulatory Envi-

ronment 
• High regulatory compliance in rural 

or controlled airspace. 

• Strict urban regulations limiting alti-

tude and population proximity. 

• Mandatory regulatory 

authorisations may delay emergency de-

ployments. 

• Escalating costs for multiple UAVs 

or advanced payloads. 

Cost and Sustaina-

bility 

• Cost-effective alternative to wide-

spread fixed infrastructure. 

• Minimises the necessity of hazard-

ous physical inspections. 

• Costs increase when multiple UAVs 

or advanced payloads are needed. 

• Battery production and replacement 

carry sustainability impacts. 

2.4. Benefits and Limitations of Big Data for Vehicular Traffic Monitoring 

The complementary use of Big Data in vehicular-traffic monitoring represents a fun-

damental evolution in the way mobility systems are analysed, predicted, and managed. 

Unlike traditional sensor-based approaches or direct observational methods, Big Data an-

alytics exploits large-scale, heterogeneous information sources, such as mobile-network 

cell data, GPS probe data, floating-car data, crowdsourced platforms, and connected-ve-

hicle streams, to generate continuous, system-wide insights into traffic conditions. These 

data enable real-time estimation of traffic volumes, speeds, and congestion patterns, of-

fering significantly broader spatial and temporal coverage than conventional monitoring 

technologies. However, as highlighted in the following table, the adoption of Big Data 

also raises several methodological and operational challenges. 

As illustrated by Table 3, Big Data sources offer extensive spatial and temporal cov-

erage that extends well beyond the capacity of fixed sensors [8,9]. However, challenges 

such as data heterogeneity, dependency on third-party providers, and privacy regulations 

have been identified as significant obstacles to data harmonisation, availability, and ana-

lytical precision [5,16,17]. 
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Table 3. Benefits vs. limitations of Big Data for traffic flow monitoring. 

Category 
Benefits of Big Data (Mobile Networks, 

GNSS, App-Based Data) 
Limitations/Criticalities 

Spatial and Tem-

poral Coverage 

• Extensive city-wide and regional 

coverage exceeding fixed sensor ranges. 

• Continuous long-term monitoring 

for temporal trend and pattern identifica-

tion. 

• Spatial resolution dependent on 

tower density and device penetration. 

• Aggregated datasets preclude obser-

vation of individual vehicle movements. 

Data Volume and 

Richness 

• Large datasets for robust statistical 

and machine-learning applications. 

• Enables wide-area extraction of 

Origin-Destination (O/D) matrices. 

• Captures multimodal mobility pat-

terns across different transport modes. 

• Data heterogeneity across multiple 

vendors requires complex harmonisation. 

• High data volume demands substan-

tial computational and storage resources. 

Operational Effi-

ciency 

• Passive, non-intrusive data collec-

tion without physical roadside installa-

tions. 

• Effective traffic monitoring in areas 

lacking fixed sensor infrastructure. 

• Dependency on third parties affects 

cost and data continuity. 

• Limited control over acquisition 

methods and update frequencies 

Real-Time and Pre-

dictive Capabilities 

• Near-real-time congestion detection 

and mobility trend forecasting. 

• Supports adaptive traffic manage-

ment and strategic emergency planning. 

• Data latency varies significantly de-

pending on provider pipelines. 

• Real-time accuracy compromised by 

filtering and low penetration. 

Privacy and Regula-

tory Compliance 

• Anonymised, aggregated datasets 

reducing direct privacy risks. 

• Avoids capturing identifiable fea-

tures like faces or licence plates. 

• Strict privacy regulations constrain 

retainable levels of detail. 

• Excessive anonymisation reduces util-

ity for traffic-engineering applications. 

Scalability and Cost-

effectiveness 

• Highly scalable analyses from 

neighbourhood to national levels. 

• Minimises the necessity of manual 

surveys and sensor deployments. 

• Acquisition of large-scale proprietary 

datasets involves significant costs. 

• Commercial reliance limits long-term 

flexibility and methodological transparency. 

2.5. Strengths and Limitations of Traffic Monitoring Technologies 

As illustrated in Table 4, fixed cameras provide continuous data and support auto-

mated analysis, but their effectiveness is affected by environmental conditions and 

maintenance needs [6]. Unmanned aerial vehicles allow for high-resolution and adaptable 

traffic monitoring. However, their deployment is constrained by regulatory, environmen-

tal, and operational limitations [11,12,15]. On the other hand, Big Data approaches provide 

large-scale, non-intrusive mobility monitoring with extensive spatiotemporal coverage; 

however, this is achieved at the cost of reduced spatial granularity and micro-level accu-

racy due to data aggregation and anonymisation [5,8,9]. 
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Table 4. Benefits vs. limitations of each technology. 

Technology Key Benefits Main Limitations/Criticalities 

UAVs 

• High spatial resolution and 

flexible deployment.  

• Captures conflicts and 

origin-destination patterns 

• Effective for inspecting inac-

cessible infrastructure 

• Restricted by regulations and 

weather.  

• Limited autonomy and need for 

trained operators.  

• Not suitable for continuous long-

duration monitoring. 

Fixed Roadside Cameras 

• Continuous, uninterrupted 

data collection.  

• Automates AI-based detec-

tion, classification, and analysis 

• Effective for monitoring in-

tersections and bottlenecks 

• Susceptible to occlusions, lighting 

issues, and vandalism.  

• Needs maintenance and stable 

power/connectivity.  

• Limited perspective versus aerial 

observations 

Big Data 

• Large-scale, passive, non-in-

trusive data collection.  

• Extensive spatial and tem-

poral coverage.  

• Enables long-term trends 

and population assessments. 

• Lower spatial granularity due to 

data aggregation.  

• Uses anonymised data, reducing 

micro-level accuracy. 

• Needs analytics and governance 

The manual counting activity for traffic detection presents several critical challenges, 

including the subjective interpretation of data by operators and the difficulty of systemat-

ically replicating measurements. In this context, sensors such as magnetic loops, piezoe-

lectric cables and pneumatic tubes can be integrated into the road surface, while micro-

wave and ultrasonic sensors, installed on the road, detect the presence of vehicles as they 

enter the detection area [18]. 

2.6. Advantages of Traditional Detection Methods 

Traditional methods, of which the collected traffic data constitute a statistically rep-

resentative sample, are relatively simple to implement [8]. According to the Traffic Moni-

toring Guide [4], pneumatic tubes offer several advantages, including the ability to detect 

vehicle axle counts, low cost, and minimally invasive installation. Detection using induc-

tive loops is notable for its insensitivity to weather conditions and its capability to provide 

key parameters such as volume, presence, occupancy, speed, headway, and gap when a 

pair of consecutive loops is installed. Moreover, this method ensures high accuracy in data 

collection. Ultrasonic and active infrared sensors also provide the advantage of operating 

across multiple lanes and offer the benefit of non-intrusive installation [4]. 

2.7. Disadvantages of Traditional Detection Methods 

The main disadvantages associated with conventional sensing methodologies in-

clude the high time and economic demands of data processing, significant investment 

costs, and limited spatial and temporal coverage. The investment costs of traditional sys-

tems are highly dependent on the area to be monitored due to the limited mobility of the 

sensors [8,19]. Furthermore, these devices present critical installation and maintenance 

challenges that could interfere with traffic flow, as well as a limited capacity to detect a 

wide range of parameters. 
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According to the Traffic Monitoring Guide [4], the detection system through induc-

tive loops has several limitations. These include the need to temporarily close lanes for 

installation and maintenance, reduced detection accuracy in the presence of diverse vehi-

cle classes, and the inability to directly detect the number of vehicle axles. Similar limita-

tions can be observed in the case of the pneumatic tubes, which also require lane closures 

for installation and maintenance, cannot measure overall vehicle length, and exhibit re-

duced efficiency under conditions of high, slow, or congested traffic. The functionality of 

ultrasonic and active infrared sensors can be impacted by meteorological conditions. In 

the case of sensors installed on the roadway, lane closures for maintenance purposes are 

necessary. 

In the view of Khan et al. [11], collecting traffic data using traditional technologies, 

such as manual counters, induction loops, and fixed cameras, is both costly and complex. 

This process requires the installation of numerous sensors or devices, or the involvement 

of a significant number of operators to ensure comprehensive coverage of the entire net-

work. Moreover, such data are not sufficient to estimate densities or to analyse more com-

plex traffic flow dynamics, such as queue accumulation and dissipation processes at in-

tersections. 

2.8. The Survey of Road Flows: Fixed Camera Survey Techniques 

As observed by Harikrishnan et al. [18], visual detection systems have achieved a 

notable level of popularity in recent years due to their advantageous characteristics, such 

as ease of installation, maintenance and management. These systems have found applica-

tion in a variety of domains, including vehicle tracking, tracing, counting and classifica-

tion. In these systems, the movement of vehicles is treated as foreground objects against a 

static background. Conventional methodologies for separating foreground and back-

ground include frame difference, background subtraction, and optical flow. Once the fore-

ground is extracted, techniques such as contour detection or connected component anal-

ysis are applied to accurately determine the spatial boundaries of vehicles. The coordi-

nates of these boundaries, extracted from frames, play a key role in precise vehicle track-

ing [18]. 

In the field of vehicle detection methodologies, Perafan-Villota et al. [6] used a con-

volutional neural network (CNN) to detect vehicles recorded by traffic cameras. Subse-

quently, vehicles were tracked using an algorithm developed by the same authors and 

based on Kalman filters. 

2.9. Advantages of Fixed Camera Detection Methods 

A video-based detection system enables a non-intrusive implementation, eliminating 

the necessity for direct operations on the roadway. This method facilitates the simultane-

ous monitoring of multiple lanes and provides comprehensive and detailed traffic data 

[4]. In the domain of automated toll collection and traffic flow monitoring, the identifica-

tion of vehicle licence plates using artificial intelligence-based techniques, such as deep 

learning, plays a crucial role [20]. Furthermore, the ability to record traffic scenes enables 

images to be reviewed after the event, including subsequent analysis and further investi-

gation when necessary. 

2.10. Disadvantages of Fixed Camera Detection Methods 

As the Traffic Monitoring Guide [4] reports, the use of fixed cameras for traffic mon-

itoring has certain limitations. The main disadvantages include the need for temporary 

lane closures during installation and maintenance, especially for cameras installed on the 

road, and exposure to adverse weather conditions which can influence system perfor-

mance. In the context of a non-automated monitoring system, the deployment of a larger 
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number of cameras necessitates more frequent human intervention, consequently imped-

ing traffic authorities’ capacity to optimise the utilisation of the information collected by 

these cameras [6]. Cameras, in contrast to other monitoring systems, are unable to directly 

provide the value of the traffic flow without the implementation of a suitable system for 

the processing of the collected data. Alternatively, the processing of data may require a 

high level of expertise and involve significant costs. Finally, this methodological approach 

does not allow the number of vehicle axles to be determined [4]. 

3. Methodology 

The technological developments of the last two decades, especially in communication 

networks and mobile device localisation, have enabled the development of transport man-

agement applications [9]. In this context, Willumsen L. [8] underlines that Big Data, de-

rived from mobile phone data, public transport smart cards, mobile applications, naviga-

tion systems, Bluetooth and Wi-Fi technologies, is revolutionising the management and 

optimisation of transport systems. According to the author, the two main data sources for 

tracking door-to-door movements are those related to the data generated by the mobile 

network operator and those coming from the GNSS (Global Navigation Satellite System) 

microchip integrated in all smartphones, including GPS, which is the most widely used 

satellite navigation system. With regard to data sources from mobile applications, many 

smartphone apps use location data to improve the service itself [8]. 

An example of the application of Big Data to estimate the average daily traffic volume 

on sections of the Maryland road network was used by Yang et al. [9], obtaining a good 

correlation from the calibrations conducted on traffic volumes according to the type of 

road considered. 

Big Data has the potential to significantly enhance soft mobility planning. In Seattle, 

Big Data has been used to calibrate estimation models for pedestrian and bicycle traffic 

volumes [16]. These models incorporate pedestrian and cyclist flow data, GPS-based ap-

plication information, and variables related to land use, road infrastructure, and socioec-

onomic factors. Additionally, data from the Strava Metro app (https://metro.strava.com/) 

was integrated to support bicycle traffic estimation. This application anonymously collects 

and aggregates GPS data, providing valuable insights for mobility analysis. In addition, a 

comparison was conducted between a cycling model integrated with Strava data and 

other models based on alternative data sources. The results obtained from both models 

showed high similarity. However, the integration of Strava data enhanced the alignment 

between estimated and actual data, demonstrating a significant improvement in predict-

ing the annual average daily number of cyclists. According to the authors, the integration 

of Big Data with traditional traffic sensing methodologies enabled the development of 

more accurate and robust prediction models [16]. In a different study, Tan et al. [21] uti-

lised Big Data to predict customer affluence in future commercial activities, highlighting 

the scalability advantages of this approach compared to traditional field sensing methods. 

Specifically, pedestrian mobility data came from GPS-enabled devices, while road net-

work information was derived from OpenStreetMap (OSM). The integration of these two 

datasets resulted in more accurate and reliable estimates of customer affluence, signifi-

cantly improving predictions compared to conventional methods. 

In the area of soft mobility and the relationship between vehicle traffic flow and air 

pollutants, Big Data was used in Dublin to identify the most environmentally sustainable 

itineraries for pedestrians and cyclists. Air quality data provided by Google Air Quality 

and data collected by an electric vehicle equipped with an air pollution detection platform 

were used. Sensors installed on the vehicle recorded pollution levels on roads at one-sec-

ond intervals as the vehicle travelled at normal traffic speeds [22]. In the context of 

optimising energy consumption, Ijemaru et al. [23] applied Big Data to waste management 
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by simulating a large-scale wireless sensor network typical of future smart cities. The 

adoption of a waste management model based on Big Data, integrated with vehicle mo-

bility models, has the potential to reduce the traffic impact caused by waste collection 

vehicles, decreasing air pollution and optimising data collection and transmission pro-

cesses compared to traditional battery-powered sensors. However, the implementation of 

these sensors is limited by their memory, processing, and storage capacities, which com-

promise the efficient management of significant data volumes associated with waste man-

agement in smart cities [23]. 

In the context of implementing enhanced strategies for the charging of plug-in hybrid 

electric vehicles, Andrenacci et al. [24] conducted a study aimed at ensuring the stability 

and efficiency of the urban electric grid. In this study, large datasets from a company 

specialising in the collection and processing of vehicle operation data were analysed. Each 

monitored vehicle was equipped with a GPS receiver, an accelerometer, and a GSM/GPRS 

transceiver for transmitting data to a control centre. The system recorded trip start and 

end times, as well as vehicle location data, with variable sampling frequencies: typically, 

every two kilometres on urban roads and every 30 s on highways. 

Big Data has been used to monitor abnormal traffic conditions, such as the impact of 

adverse weather conditions on mobility. In the US, for example, Big Data was used to 

analyse the spatial and temporal impact of a winter storm on road conditions [17]. A speed 

limit of 45 mph was used to assess this impact. According to the authors, vehicles 

travelling on interstate highways at speeds below this threshold were likely influenced by 

the adverse weather conditions caused by the storm. The use of Big Data enables scalable 

monitoring of traffic on road infrastructure of different importance, reducing the tradi-

tional dependence on sensors to detect traffic conditions [17]. In the context of abnormal 

traffic conditions, [25] developed an artificial neural network to predict travel times in 

work zones using Big Data for calibration. The model integrated different types of data, 

including environmental, meteorological, traffic and time data. It also used data from sen-

sor vehicles, such as those collected by applications like Google and Waze, to estimate 

travel times during work based on historical data. The travel time estimates were gener-

ally found to be accurate in most cases, although some inaccuracies were found in areas 

with poor mobile network coverage or problems with the accuracy of the positioning sys-

tem [26]. 

In the context of processing data from mobile phones, mobile network operators and 

smartphone applications, according to Willumsen L. [8], there are five key stages, each of 

which contributes significantly to the accuracy and reliability of the final result. Specifi-

cally, the first stage involves pre-processing and data cleaning, which is removing incon-

sistent or irrelevant information to provide the dataset for subsequent analysis. The next 

step is the selection of a representative sample, excluding phones that do not generate 

relevant or significant data for the study context. The third step is to detect motion se-

quences and user activities to reproduce individual behavioural patterns. Once this anal-

ysis is complete, the fourth stage consists of extending the sample to represent the entire 

population. During this phase, techniques are applied to correct any possible biases in the 

initial data. Finally, in the fifth stage, the data—now representative of the entire popula-

tion—is post-processed to generate the required outputs, such as origin-destination ma-

trices, with the necessary spatial and temporal resolution to meet the research objectives. 

In the context of data processing, artificial intelligence techniques have been applied 

by various researchers. For example, as previously mentioned, Morshedzadeh et al. [25] 

developed an artificial neural network to predict travel times in work zones. Furthermore, 

map-matching techniques and statistical inference can be implemented to determine both 

the mode of transport and the itinerary chosen by users [8]. For the purposes of this re-

search, traffic flow analysis was conducted using GPS probe data. These data are collected 
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from GPS-enabled devices, including smartphones and in-vehicle navigation systems. 

The GPS probes considered in this study include all devices that traverse the study inter-

section. 

GPS probe data are collected from heterogeneous sources at a high temporal sam-

pling rate (one-second intervals). Their spatial representation is not directly point-based 

but is derived through map-matching and data-fusion procedures applied to the road net-

work, resulting in traffic information aggregated at the road-segment level. Consequently, 

spatial granularity depends on probe density, data source, and processing steps rather 

than a fixed spatial resolution. In this case, both spatial and temporal resolutions vary due 

to the heterogeneity of data sources (smartphones and vehicles). The data are available in 

real time and are used to analyse the study intersection at 60 s intervals, providing esti-

mates of delays, usual delays, queue lengths, travel times, usual travel times, free-flow 

travel time, estimated hourly volume, and sample size. 

3.1. Advantages of the Big Data Approach 

Tools that manage and process large volumes of data in real time provide a compre-

hensive and detailed view of traffic conditions throughout large areas, offering a level of 

detail and speed that surpasses traditional monitoring methods. Data derived from loca-

tion-based systems such as Wi-Fi, Bluetooth, mobile phone towers and GPS probe data 

provide a higher level of detail due to their ability to provide frequent and continuous 

updates [9]. One of the main advantages of Big Data is its ability to automatically analyse 

large datasets, facilitating the monitoring and analysis of road networks on a large scale, 

ensuring extensive and detailed spatial coverage. Furthermore, access to historical da-

tasets enables a more advanced analysis of mobility both during the planning phase and 

during the execution of events [17]. Data from mobile phones can be collected and vali-

dated in a relatively short time. Considering the increasing popularity of such devices and 

the fact that they are generally carried by users while on the move, the information de-

rived from them represents a valuable resource for door-to-door movement analysis [8]. 

3.2. Disadvantages of the Big Data Approach 

Cellular data has certain limitations regarding spatio-temporal resolution, as its ac-

curacy is influenced by the density of towers and user behaviour [9]. In the case of the 

exclusive use of Big Data, it is not possible to determine the representativeness of the mon-

itored sample in relation to the universe of users. Privacy management, in alignment with 

the processes of data cleansing and validation, constitutes a fundamental consideration 

[5]. To ensure the integrity of personal data, a procedure of anonymisation is employed 

to mitigate any potential risk of re-identification [8]. 

In recent years, an increase in the use of UAVs has also been observed in the civil 

field. This development has generated increasing interest from companies around the 

world in this technology. In traffic engineering, UAVs emerge as a promising tool for 

monitoring traffic flow. 

UAVs are unmanned aircraft whose flight is managed by a remote pilot through a 

dedicated control system. The use of UAVs is well-established in both military and a va-

riety of civil applications due to their versatility and efficiency. A crucial component for 

the operation of these systems is the battery, generally of the LiPo (lithium polymer) type, 

which offers a high ratio of power output to weight, thus ensuring efficient powering of 

UAVs. Among the onboard sensors, the GPS receiver is fundamental for the continuous 

monitoring of the UAV’s position, being particularly useful when the radio link with the 

control station is temporarily interrupted due to environmental factors or distance. 
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Under the European Union Aviation Safety Agency regulatory framework, UAVs are 

divided into five classes (C0–C4) according to their maximum take-off mass, ranging from 

less than 250 g to 25 kg [13]. 

Regulation (EU) 2019/947 further categorises UAV operations into three operational 

classes—open, specific, and certified—based on the level of operational risk and the cor-

responding safety requirements [14]. 

UAVs are widely discussed in scientific literature. Kampf et al. [12] suggest that 

UAVs can be used for traffic flow monitoring through video recording. However, the use 

of UAVs necessitates that the remote pilot be in possession of the required permissions 

for research purposes. In cases where operations occur in areas with restrictions or prohi-

bitions on UAV usage, it is obligatory to obtain authorisation from the National Civil Avi-

ation Authority. In addition, adherence to UAV flight regulations is essential, including 

maintaining a safe distance from buildings, roads, and areas with high human traffic. 

When monitoring is conducted in proximity to infrastructure such as highways or rail-

ways, it is necessary to establish a designated safe area for UAV take-off and landing [12]. 

Bachechi et al. [5] proposed the installation of a network of traditional sensors for 

urban traffic monitoring, providing data on traffic flows and average speeds. However, 

traditional technologies, such as inductive loops, have limitations related to their installa-

tion in fixed and specific locations. In contrast, a system based on UAVs and cameras of-

fers greater flexibility in detection, overcoming the spatial limitations of traditional solu-

tions [5]. 

In order to achieve continuous sensing with UAVs, Kampf et al. [12] developed an 

experimental system using a UAV designed to record 3 h-long videos from a height of 20 

m. This configuration involved a UAV, a camera stabilisation system, a ground power 

unit equipped with a voltage converter, a mechanism for managing the connection cable, 

and other accessories. The implemented solution necessitated a constant connection be-

tween the UAV and the ground station via cable, which poses a significant challenge when 

considering the implementation on an industrial scale due to the physical presence of the 

cable. 

As asserted by Khan et al. [11], one of the foremost challenges associated with UAVs 

regards the longevity of their batteries. The authors employed a UAV to analyse traffic 

flows over the duration of a 15 min video, excluding the time required for take-off and 

landing manoeuvres. It was observed that under conditions of increasing wind intensity, 

necessary to ensure the stability of the aircraft, and varying propeller sizes, a possible im-

pact on battery consumption was observed. Given the continuous and growing techno-

logical development of UAV batteries and propulsion systems, it is widely anticipated 

that detection durations of more than 15 min will become a reality soon. Consequently, 

there is a strong probability of a significant expansion in the use of UAVs for traffic mon-

itoring operations. As flight altitude increases, it becomes essential to use high-resolution 

data to obtain useful information for analysing vehicle trajectories, lane-change manoeu-

vres and vehicle interactions [10]. The shapes and orientations of filmed objects vary sig-

nificantly at different altitudes and camera angles, necessitating specific techniques for 

their management [15]. The camera installed on the UAV is subject to involuntary rota-

tions and movements during recording [27]. To ensure the stability of the images during 

filming, specific devices have been developed that can maintain the high stability and 

quality of the captured images. 

According to Li et al. [26], the performance of vehicle detection and counting systems 

at night is inferior to those recorded under daytime conditions, mainly due to variations 

in lighting conditions. 

One potential application of UAVs involves the monitoring of vehicular traffic 

through the acquisition and analysis of video records obtained from an on-board camera. 
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This technique facilitates the acquisition of detailed information on traffic flows and the 

behaviour of road users, offering a strategic and non-invasive vantage point. The follow-

ing steps delineate the process of AI-based traffic monitoring using UAVs: image/video 

acquisition, data processing, processing using AI/DL techniques, and output to specified 

users or management centres [28]. 

In this work, commercial software was used for video processing. The utilisation of 

video-processing software enabled the classification of the vehicles.  

3.3. Advantages of the UAV Video Approach 

Compared to traditional ground-based methods, the UAV detection methodology 

has significant advantages, including a reduction in video systems, radar and ultrasonic 

sensors [29]. In addition, recording from a UAV in flight over a specific road area allows 

objective data to be obtained without influencing driver behaviour. Other significant ad-

vantages include high flexibility of use, excellent manoeuvrability, high operational effi-

ciency and superior spatial resolution [30], the number of personnel required, wider ter-

ritorial coverage and the absence of interference with the flow of traffic. Its mobility and 

significantly lower operating costs compared to manned systems make it a more cost-ef-

fective solution than traditional technologies such as inductive loop detectors.  

3.4. Disadvantages of the UAV Video Approach 

In the context of operational limitations, as highlighted by Zhu et al. [10], video re-

cording by a UAV at low altitude over urban areas poses significant privacy issues. Oper-

ational conditions for detection are strongly related to atmospheric conditions [12]. Lim-

ited capacity and restrictions imposed by flight operations regulations may be further lim-

itations of this methodology. The presence of intensive traffic may complicate vehicle 

tracking, increasing the probability of errors [31]. Battery life could also be a limiting factor 

[11]. 

Table 5 summarises the main characteristics of the tracking methodologies discussed 

in this scientific research. 

Table 5. Comparison of different detection methodologies. 

 
Manual Counts or 

Automated Sensors 
Camera Big Data UAV Video References 

Data Accuracy High High Variable (1) Variable (7) A 

Temporal Resolution Variable (2) High High High (3) B 

Coverage Area Very low Low Very high Variable (4) C 

Cost Efficiency Low Low High High D 

Real-time Capabilities Variable (5) Low (6) High Low (6) E 

A [4,8–11,15,18,31]; B [4,6,10,17]; C [4,5,8,9,15,29]; D [4,8,12,15,16,18]; E [4,6,11,13,14,17,20,25]. 

The qualitative performance indicators (High, Low, Variable) are based on a synthe-

sis of the literature cited in the “References” column. 

Specifically, Table 5 shows that the accuracy of Big Data is strongly related to the 

representativeness of the analysed sample (1). The temporal resolution is very low in man-

ual counting methods, while it is medium-low when using automated sensors (2). In the 

case of UAVs, temporal resolution is high because the data is acquired at a high frequency 

(3); however, due to their high flexibility, they enable monitoring of areas with varying 

extensions (4). Real-time data acquisition capability is very low in manual counting meth-

ods, whereas it is medium-low when employing automated sensors (5). Additionally, traf-

fic flow analysis through cameras or UAVs requires a data processing phase, which results 

in limited real-time operational capacity for these techniques (6). 
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The case studies analysed highlighted that the accuracy of data obtained through 

UAV video-processing software is dependent on the camera angle and, consequently, on 

the UAV’s position. The positioning of a UAV in a direction that is not aligned with the 

vertical axis passing through the centre of the road intersection introduces perspective 

distortion, which has the potential to significantly impact data accuracy. Conversely, data 

accuracy is maximised when the UAV is optimally positioned (7). 

From an analysis of the scientific literature, it is observed that traffic flow surveys 

have been conducted both with Big Data and with UAV video. Despite this, no study has 

been found that compared the outputs of the two methods. In this work, the results of 

both methods have been compared, identifying some limitations of these methodologies. 

Furthermore, a comparative analysis was conducted between traffic flow estimates ob-

tained from Big Data sources, those generated by UAV video-processing software, and 

those derived from manual counting of UAV video footage. 

Table 6 provides a summary of research works by various authors. 

Table 6. Research works by various authors. 

Authors Research Work 

[9] 
Application of Big Data to estimate the average daily traffic volume on sections of the 

Maryland road network 

[16] 
Big Data has been used to calibrate estimation models for pedestrian and bicycle traffic 

volumes 

[21] Application of Big Data to predict customer affluence in future commercial activities 

[22] 
Big Data was used to identify the most environmentally sustainable itineraries for pe-

destrians and cyclists 

[23] 
Development of a smart waste management framework using Big Data and wireless 

sensor network simulation 

[24] 
Investigation into strategies for enhancing the stability and operational efficiency of 

urban power networks through Big Data analytics 

[17] 
Investigation of road condition variations during a winter storm through Big Data 

analysis 

[25] Development of an artificial neural network for travel time prediction in work zones 

[5] Proposed installation of traditional sensors for urban traffic monitoring 

[11] 
UAV-based traffic flow analysis with observations on wind intensity and propeller 

size affecting battery consumption 

[12] Development of an experimental UAV-based system 

Figure 1 shows a flowchart comparing the three different traffic survey methodolo-

gies analysed in this study. 
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Figure 1. Flow chart for comparing different traffic survey methodologies. 

4. Data Sources and Traffic Flow Detection Technologies for the Case 

Studies 
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In this study, two case studies were examined. The TomTom Move platform 

(https://move.tomtom.com, accessed on 20 June 2026) has been used to collect the Big Data. 

In both cases, traffic flows were analysed using Big Data derived from GPS probe data. 

GPS probe data is collected, validated, and integrated from various sources, including 

TomTom devices, automotive systems (Daimler, BMW, Audi, Toyota), truck fleets (Sygic, 

Webfleet), and apps (TomTom, Uber). The data is recorded at one-second intervals and 

shared with TomTom for the calculation of real-time speeds. Key steps in the process in-

clude map matching, where GPS data is aligned with TomTom’s internal map to filter out 

outliers, and real-time speed calculation, which combines current and historical data to 

determine the accurate speed of each road segment. GPS probe data also detects traffic 

jams, identifying congestion locations, delay times, and start/end points. Finally, it pre-

dicts the duration of traffic jams by analysing historical patterns and real-time traffic data. 

Automated actions are carried out every 30 s, ensuring that the data remains current and 

accurate for optimal route planning. The expansion from sampled probe observations to 

aggregated traffic volumes is performed within the TomTom Move data processing envi-

ronment, which relies on proprietary data fusion and scaling algorithms. Since these al-

gorithms are not publicly disclosed, the study does not provide explicit formulations for 

determining expansion factors. 

In this study, the IntuVision VA software, a commercial tool with undisclosed recog-

nition algorithms (https://www.intuvisiontech.com/, accessed on 20 June 2026). For clarity 

and consistency, the video-processing software used in this study is hereafter referred to 

as ”UAV video processing software”. A specific timestamp marking the start of the man-

ual counting was established, corresponding to the video recording start time as indicated 

by the timestamp embedded in the 4K video file. The same timestamp was also used for 

the TomTom Move application. The comparison time window for each method was 20 

min for the first case study and 19 min for the second case study. For each detection tech-

nology, the comparison time window was the same across both case studies. 

Battery life constraints, together with the overall survey costs (including equipment 

depreciation, pilot fees, and ENAC authorisations), suggest that video-based surveys may 

be restricted to the critical observation period only. The limited duration of video record-

ings is also attributable to current technological constraints related to the battery capacity 

of commercially available UAVs. For each case study, absolute and relative errors were 

calculated between the manual counts and the automatic counts in order to quantify the 

accuracy of the traffic flow detection technologies. Vehicle counting based on video re-

cordings ensures data repeatability. Specifically, the manual counts were performed in-

dependently by four authors, each of whom examined the entire video to ensure con-

sistency in the results. Subsequently, a fifth author compared the counts to identify any 

discrepancies. The level of agreement among the counters exceeded 95%, with discrepan-

cies limited to a small number of observations. In cases of divergence, the counts were re-

evaluated until a final consensus was reached, and the agreed-upon counts were used as 

the reference values for all subsequent analyses. For an aggregated assessment of estima-

tion accuracy, the Mean Absolute Error (MAE) and the Mean Absolute Percentage Error 

(MAPE) were computed. The absolute error was defined as the absolute value of the dif-

ference between the estimated count (obtained via UAV video processing or Big Data) 

and the manual reference count. The relative error, in turn, was expressed as the percent-

age deviation with respect to the manual count. The MAPE allows quantifying the relative 

deviation between estimated and observed values in a normalised form. However, MAPE 

values can become disproportionately large when the reference count is very low, since 

even small absolute differences may result in high percentage errors. For this reason, 

MAPE results associated with low-count observations should be interpreted with caution. 

The MAE was also adopted because it does not depend on the observed value in the de-
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nominator and is therefore more stable and less sensitive to very low heavy-vehicle flow 

volumes. Importantly, the research conducted within this study aims to conceptualise a 

comprehensive complementary use of UAV observations and Big Data in order to identify 

potential limitations of the systems under specific operational constraints. 

5. Case Study 1 Results 

The first case study consists of a roundabout intersection bounded by “Libica Street” 

to the north, “Motorway link road” to the east, and “Provincial Road 21” to the south 

(Figure 2). A pre-analysis was conducted from 15 January 2025 to 20 January 2025 to un-

derstand which were the peak hours. The knowledge of the peak hours was useful to 

determine when to carry out the UAV detection. The effective flight duration, excluding 

time allocated for landing, take-off, and UAV positioning, was 20 min. The UAV video 

was conducted in stationary flight at an altitude of 30 metres. Specifically, the UAV video 

recording was initiated at 08:43 and concluded at 09:03 on 26 February 2025 (Wednesday). 

The UAV deployed had an MTOM (Maximum Take Off Mass) of 720 g. 

 

Figure 2. Case study framework (source: Google Map Satellite). 

Figure 2 offers a detailed illustration of the intersection of the case study. 

This study deployed a simplified nomenclature for intersection legs (Figure 3). For 

the purposes of clarity and conciseness in the analysis, “Motorway link road”, “Libica 

Street” and “Provincial Road 21” have been relabelled as A, B and C, respectively. 
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Figure 3. UAV camera shot. 

The case study is represented by a 3-leg roundabout intersection. In legs B and C, 

there is only one entry lane, while in leg A, there is a bypass. In Figure 3, vehicles ap-

proaching Leg A are categorised into two distinct traffic flows: flow A*, representing ve-

hicles entering the circular roadway, and bypass flow, comprising vehicles utilising the 

direct bypass route. Furthermore, the red lines represent the trajectories of the vehicles 

identified by the software. 

5.1. Big Data Results 

A real-time updated traffic flow database was employed. Traffic flows, delays, and 

queue lengths are provided for a sample of the overall traffic demand. 

A preliminary analysis of vehicular flow characteristics at the different intersection 

approaches was carried out by processing GPS probe data over multiple days of a generic 

week, with the purpose of identifying peak traffic hours that could be used for UAV-based 

surveys within a single day and understanding the distribution of flows over the course 

of a week (Figure 4). This preliminary analysis enabled the identification of optimal timing 

for a UAV-based survey. In order to ensure a consistent comparison between the two 

methodologies, data collection was conducted within the same time interval. To ensure 

clarity and conciseness throughout the analysis, the road segments were previously re-

named A, B, and C, respectively. It has been observed that significant peaks can be seen 

in the evening hours on Saturdays and Sundays. In contrast, weekday peaks are concen-

trated in the morning, from 8:00 to 9:00, and in the lunchtime period, from 12:30 to 13:30. 

 

Figure 4. Distribution of daily flows from Big Data. 

The analysis produced time-series diagrams illustrating vehicular delay (Figure 5) 

and queue length (Figure 6). 
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Figure 5. Delay from Big Data. 

 

Figure 6. Queue length from Big Data. 

In the analyzed case, non-zero queue lengths are observed only for approach B. The 

remaining approaches have zero queue lengths; therefore, their curves overlap in the 

figure and cannot be distinguished. 

Tables 7 and 8 present the sample representativeness in terms of the origin–

destination matrix and at the level of each individual approach, respectively. 

Table 7. O/D matrix—Sample representativeness. 

 A C B 

A 0% 5% 3% 

C 5% 0% 9% 

B 7% 6% 0% 

Table 8. Approaches—Sample representativeness. 

A 4% 

C 8% 

B 7% 

Table 9 reports the number of vehicles estimated by the TomTom Move platform. 
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Table 9. O/D matrix—Volume from Big Data (from 8:43 to 9:03 local Italian time). 

 A C B 

A 0 18 73 

C 37 0 91 

B 33 48 0 

Table 10 is based on the origin–destination matrix structures obtained from both the 

manual counts and the Big Data estimates. It also reports the corresponding absolute and 

relative errors between the two methodologies, which are used to compute the MAE and 

MAPE metrics. 

Table 10. Error analysis of Big Data estimates with respect to manual counts for the O/D matrix. 

Manual Count  Big Data Absolute Error  Relative Error  Manual Count  

O → D Total Veh. Total Veh. Total Veh. Total Veh. 

A → C 78 18 60 77% 

A → B 127 73 54 43% 

C → A 107 37 70 65% 

C → B 170 91 79 46% 

B → A 65 33 32 49% 

B → C 92 48 44 48% 
   MAE MAPE 
   57 55% 

In Table 11, the MAE and MAPE metrics were computed for the entire set of ap-

proaches with respect to the Big Data approach. 

Table 11. Error analysis of Big Data estimates with respect to manual counts at the approach level. 

  Manual Count  Big Data Absolute Error  Relative Error  

Approaches Total Veh. Total Veh. Total Veh. Total Veh. 

A 205 91 114 56% 

C 277 128 149 54% 

B 157 81 76 48% 

      MAE MAPE  

      113 53% 

5.2. UAV Video and Manual Count Results 

With regard to the UAV video, the utilisation of video-processing software enabled 

the classification of the vehicles. 

In the following study, the manual counting of vehicles was employed as a reference 

methodology. The manual counting of vehicles was performed due to the area covered by 

the video UAV, which ensured visibility of all turning movements. 

Table 12 presents the origin–destination matrix derived from the manual count of all 

vehicles. 

Table 12. Total O/D matrix from manual count. 

 A C B 

A 0 78 127 

C 107 0 170 

B 65 92 0 
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The manual counts were performed by four authors, each of whom independently 

examined the entire video to ensure consistency in the results. Subsequently, a fifth author 

compared the data collected by the various authors to identify any discrepancies or errors. 

In case of any divergences, the counts were re-evaluated until a final consensus was 

reached. In this work, vehicles were classified into two main categories: car and truck. The 

truck category included long trucks, trucks with trailers, buses, vans, and cars with trailers. 

While video-processing software can typically discriminate a more detailed vehicle clas-

sification, this simplified categorisation was adopted to align with the study’s objectives. 

Table 13 is based on the origin–destination matrix structures derived from both the 

manual counts and the UAV video-processing software estimates. It provides a detailed 

vehicle-class disaggregation (cars and trucks) and reports the corresponding absolute and 

relative errors between the two counting methods, which are used to compute the MAE 

and MAPE metrics. 

Table 13. Error analysis of UAV video-processing software estimates with respect to manual counts 

for the O/D matrix. 

 Manual Count UAV Video-Processing Software Absolute Error Relative Error 

O → D Car Truck Total Veh. Car Truck Total Veh. Car Truck Total Veh. Car Truck Total Veh. 

A → C 68 10 78 53 14 67 15 4 11 22% 40% 14% 

A → B 119 8 127 45 67 112 74 59 15 62% 738% 12% 

C → A 102 5 107 81 11 92 21 6 15 21% 120% 14% 

C → B 165 5 170 117 18 135 48 13 35 29% 260% 21% 

B → A 58 7 65 3 4 7 55 3 58 95% 43% 89% 

B → C 90 2 92 25 7 32 65 5 60 72% 250% 65% 

        MAE MAE  MAE  MAPE  MAPE  MAPE  

              46 15 32 50% 242% 36% 

Very high relative errors were observed for some truck origin/destination pairs (e.g., 

up to 738%), which can be observed in Table 13. It is evident across all three approaches 

that the UAV video software has significantly overestimated the number of heavy vehicles. 

When a UAV captures images of vehicles from a non-vertical angle, the geometry of the 

resulting image becomes distorted. As the vehicles move within the scene, their projection 

onto the image plane continuously changes. Depending on their position relative to the 

camera and the angle of capture, they may appear longer, wider, or partially distorted. 

This variability has created challenges for accurate recognition and classification. For total 

vehicles, the UAV video-processing software provided results with errors ranging from 

12% to 21% for all O/D pairs not affected by vegetation (shadowed areas). 

Due to authorisation restrictions, the UAV could not be flown directly over the inter-

section and was instead positioned in the southeastern area of the site. This operational 

constraint may represent a methodological limitation, as the oblique viewing angle could 

affect data accuracy. 

Table 14 reports the number of vehicles estimated by UAV video processing software. 

Table 14. O/D matrix from UAV video-processing software. 

 A C B 

A 0 67 112 

C 92 0 135 

B 7 32 0 

The results reported in Table 15 show that the UAV video-processing software 

achieved lower errors for total vehicle counts than for individual truck origin/destination 

streams. 
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Table 15. Error analysis of UAV video-processing software estimates with respect to manual counts 

at the approach level. 

 Manual Count 
UAV Video-Processing 

Software 
Absolute Error Relative Error 

Approaches Car Truck 
Total 

Veh. 
Car Truck 

Total 

Veh. 
Car Truck 

Total 

Veh. 
Car Truck 

Total 

Veh. 

A 187 18 205 98 80 178 89 62 27 48% 344% 13% 

C 267 10 277 201 31 232 66 21 45 25% 210% 16% 

B 148 9 157 61 38 99 87 29 58 59% 322% 37% 

              MAE MAE  MAE  MAPE  MAPE  MAPE  

              81 37 43 44% 292% 22% 

The heat map illustrated in Figure 7 was generated using video-processing software 

and represents the intensity of traffic flows during the UAV video recording (20 min). In 

particular, red areas indicate the highest traffic flow intensities. 

 

Figure 7. Heat map from UAV video-processing software. 

5.3. Flow Comparison 

A comparative analysis of the two traffic volume detection methodologies is pre-

sented in Figure 8. 

 
Figure 8. Flow comparison. * The graphic in Figure 8 developed with reference to the duration of 

the UAV video (20 min). 

https://doi.org/10.3390/su18136593


Sustainability 2026, 18, 6593 23 of 33 
 

https://doi.org/10.3390/su18136593 

It has emerged that there is a discrepancy between the traffic volume estimated with 

Big Data algorithms and that determined manually. This outcome is attributable to the 

intrinsic relationship between the data accuracy of Big Data and the representativeness of 

the analysed sample. With regard to the UAV video-processing software, it is possible to 

observe some discrete correlations. However, significant gaps are evident for some turn-

ing movements (B towards A and for B towards C), probably because the UAV was not 

optimally positioned. In consideration of the acquisition configuration, an angle of about 

50° was found between the vertical axis, passing through the centre of the intersection, 

and the UAV observation point. In reference to this last concept, several vehicles were 

obscured by vegetation. Vegetation obstructions caused temporary occlusions of vehicles, 

decreasing tracking algorithm accuracy. 

6. Case Study 2 Results 

The second case study focuses on a four-arm approach at the roundabout. To the east, 

it is bordered by the “Alcamo—Trapani link” (C); to the west, by the “Motorway link road” 

(E and F); and to the north and south, by “Erice Mazara Street” (A and D). The roundabout 

has four bypass lanes. Figure 9 highlights the directions of the roundabout’s flow of traffic. 

 

Figure 9. Case study framework (source: Google Map Satellite). 

The “Alcamo—Trapani link” involves two separate one-way carriageways, each with 

two lanes. The Erice Mazara Street has a single carriageway with two lanes for bidirec-

tional traffic. The western branch comprises three carriageways that connect to the round-

about. The central carriageway has two lanes for two-way traffic and merges directly into 

the circulatory ring. Each lateral carriageway has two lanes and is only accessible in one 

direction. In addition to connecting to the roundabout, they are equipped with bypass 

lanes that link to adjacent branches. 

The outer diameter of the roundabout is 100 metres. The second case study is more 

complex than the first due to the inclusion of an additional junction, a larger roundabout 

diameter, and the presence of four bypass lanes. 

6.1. Big Data Results 

Prior to conducting the UAV-based survey, a preliminary analysis was conducted 

using GPS probe data to identify peak traffic hours specific to the selected case study. The 
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analysis covered the period from 12 to 18 May 2025. The resulting traffic trend graph is 

presented in Figure 10. 

 

Figure 10. Distribution of daily flows from Big Data. 

Big Data analysis was used to understand how delays (Figure 11) and queues (Figure 

12) vary over time. The present phase concentrated on the time interval between 16:00 and 

17:00 on 4 June 2025. 

 

Figure 11. Delay from Big Data. 

 

Figure 12. Queue length from Big Data. 

Figure 10 shows the identified peak traffic hours. For the analyzed case, non-zero tail 

lengths are observed only for approaches D and E. The remaining approaches exhibit zero 

tail lengths; therefore, their corresponding curves overlap in the figure and cannot be dis-

tinguished. For the UAV-based survey, the time interval between 16:00 and 17:00 was se-
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lected (Italian time zone). The UAV footage was recorded on Wednesday, 4 June 2025, 

from 16:34 to 16:53 (Table 16). 

Table 16. Peak hours from Big Data. 

Peak Hours–Trapani Roundabout (Erice Mazara Street/Motorway Link Road) 

Monday 6:30–7:30  17:00–18:00 

Tuesday 6:30–7:30 12:30–13:30 16:30–17:30 

Wednesday 6:30–7:30 12:30–13:30 16:00–17:00 

Thursday 7:00–8:00 12:30–13:30  

Friday 6:30–7:30 12:30–13:30 17:00–18:00 

Saturday 10:00–11:00  18:00–19:00 

Sunday 10:00–11:00  17:30–18:30 

For the vehicle counting analysis, approaches E and F were combined into a single 

approach, denoted as E*. A detailed explanation of E* is provided in Section 6.2. Tables 17 

and 18 present the sample representativeness in terms of the origin–destination matrix 

and at the level of each individual approach, respectively. 

Table 17. Approaches—Sample representativeness. 

A 10% 

C 14% 

D 11% 

E* 14% 

Table 18. O/D matrix—Sample representativeness. 

 A′ C′ D′ E′ + E″ 

A 0% 19% 11% 5% 

C 14% 0% 9% 16% 

D 12% 19% 0% 7% 

E* 10% 21% 4% 7% 

Table 19 reports the number of vehicles estimated by the TomTom Move platform. 

Table 19. O/D matrix—Volume from Big Data (from 16:34 to 16:53 local Italian time). 

 A′ C′ D′ E′ + E″ 

A 0 54 42 31 

C 8 0 2 18 

D 26 7 0 9 

E* 72 153 6 7 

Table 20 is based on the origin–destination matrix structures obtained from both the 

manual counts and the Big Data estimates. It also reports the corresponding absolute and 

relative errors between the two methodologies, which are used to compute the MAE and 

MAPE metrics. 
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Table 20. Error analysis of Big Data estimates with respect to manual counts for the O/D matrix. 

 Manual Count Big Data Absolute Error Relative Error 

Origin → Destination Total Veh. Total Veh. Total Veh. Total Veh. 

A → C′ 49 54 5 10% 

A → D′ 67 42 25 37% 

A → E′ + E″ 97 31 66 68% 

C → A′ 34 8 26 76% 

C → D′ 12 2 10 83% 

C → E′ + E″ 69 18 51 74% 

D → A′ 45 26 19 42% 

D → C′ 9 7 2 22% 

D → E′ + E″ 26 9 17 65% 

E* → A′ 76 72 4 5% 

E* → C′ 89 153 64 72% 

E* → D′ 25 6 19 76% 

E* → E′ + E″ 21 7 14 67% 

   MAE MAPE  

   25 54% 

In Table 21, the MAE and MAPE metrics were computed for the entire set of ap-

proaches with respect to the Big Data approach. 

Table 21. Error analysis of Big Data estimates with respect to manual counts at the approach level. 

  Manual Count  Big Data Absolute Error  Relative Error  

Approaches Total Veh. Total Veh. Total Veh. Total Veh. 

A 213 127 86 40% 

C 115 28 87 76% 

D 80 42 38 48% 

E* 211 238 27 13% 

      MAE MAPE  

      46 49% 

6.2. UAV Video and Manual Count Results 

The survey’s flight altitude was estimated to be approximately 50 metres. Also in this 

case, the flight was conducted within the airspace defined by the NOTAM (Notice to Air 

Missions). 

The UAV video was recorded from 16:34 to 16:53 (Italian time zone) on Wednesday, 

4 June 2025. The UAV was positioned off-centre with respect to the axis passing through 

the roundabout’s centre. An angle of about 50° is evident in relation to the vertical axis 

passing through the centre of the roundabout intersection. Figure 13 illustrates ap-

proaches A, C, D, E, and F. 

 

Figure 13. UAV camera shot. 
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It is also important to highlight that approaches E and F were aggregated into a single 

approach, called E*, for the purpose of vehicle counting. This decision was motivated by 

the spatial proximity of the approaches; being physically very near to each other, the data 

collected through Big Data technologies revealed an overlap in the detected traffic flows. 

This overlap rendered it challenging to accurately distinguish vehicles belonging to each 

individual approach, causing ambiguity in flow estimation. The aggregation based on E* 

was applied consistently to the manual counts, the results of the UAV video-processing 

software, and the Big Data traffic flow estimates, ensuring that all methods were com-

pared on the same basis. 

The UAV camera view is shown in Figure 13. 

Table 22 reports the number of vehicles obtained from manual counts. The manual 

count was conducted using the video recorded by the UAV. The manual count was con-

ducted between 16:34 and 16:53 (Italian time zone) on Wednesday, 4 June 2025. The utili-

sation of an aerial point of view facilitated the identification of the origin-destination pair 

for each vehicle approaching the roundabout. 

Table 22. O/D matrix from manual count. 

 A′ C′ D′ E′ E″ 

A 1 49 67 5 92 

C 34 0 12 14 55 

D 45 9 1 0 26 

E 21 30 0 1 4 

F 55 59 25 1 15 

E* 76 89 25 2 19 

Given the unreliable results of the first case study, we decided not to rely on the full 

O/D matrix and instead focus exclusively on the evaluation of the approaches. 

In Table 23, the MAE and MAPE metrics were computed for the entire set of ap-

proaches with respect to the UAV video-processing software approach. Even in this case 

study, the UAV video-processing software clearly overestimates heavy vehicle counts due 

to perspective distortion from non-vertical camera angles. 

Table 23. Error analysis of UAV video-processing software estimates with respect to manual counts 

at the approach level. 

 Manual Count  
UAV Video-Processing 

Software 
Absolute Error  Relative Error  

Approaches Car Truck 
Total 

Veh. 
Car Truck 

Total 

Veh. 
Car Truck 

Total 

Veh. 
Car Truck 

Total 

Veh. 

A  208 6 214 84 38 122 124 32 92 60% 533% 43% 

C 112 3 115 26 12 38 86 9 77 77% 300% 67% 

D 80 1 81 16 26 42 64 25 39 80% 2500% 48% 

E* 204 7 211 190 7 197 14 0 14 7% 0% 7% 

        MAE MAE MAE MAPE MAPE MAPE 

              72 17 56 56% 833% 41% 

In Table 23, the data processing confirmed a good estimate for approach E*, likely 

due to reduced angular distortion. For the remaining approaches, the percentages range 

from 43% to 67%. Based on the obtained results, it can be observed that the UAV camera 

position strongly influences the estimation of traffic flows. 
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6.3. Flow Comparison 

A comparative analysis of the two traffic volume detection methodologies is pre-

sented in Figure 14. 

 

Figure 14. Flow comparison. * The graphic in Figure 14 developed with reference to the 

duration of the UAV video (19 min). 

7. Discussion 

The discussion is framed around three closely related research aspects: the comple-

mentarity between UAV-based observations and Big Data traffic-monitoring technologies, 

the extent to which such complementarity can help mitigate the limitations associated 

with the individual use of each approach, and the reliability and practical applicability of 

the resulting traffic-flow estimates when compared with manual traffic counts. The find-

ings from the two case studies are discussed in relation to these aspects. 

A comparison of the traffic flows estimated using the two methodologies with those 

obtained through manual counting indicates a certain degree of discrepancy between the 

data derived from Big Data and those recorded manually. This discrepancy occurs be-

cause the Big Data approach analyses a sample rather than the entire population. Conse-

quently, the statistical representativeness of the sample determines the accuracy of the 

results. 

For the UAV-based survey, the study compared the counts produced by the UAV 

video-processing software with those obtained manually. In the interest of operational 

simplicity, this study has focused exclusively on two vehicle categories. The terms “car” 

and “truck” are used in this text to represent vehicles. 

For the first case study (roundabout with an outer diameter of 40 m), a greater per-

spective distortion can be observed for approach B. The traffic movements involving ap-

proach B (B → A and B → C) were also affected by temporary vehicle occlusions caused 

by vegetation. 

The second case study was selected to avoid potential issues in the video-processing 

software due to vegetation. However, in both case studies, it was not possible to eliminate 

the negative effects related to perspective distortion because of regulatory constraints, 

namely the prohibition of flying directly over road infrastructure and limitations on the 

maximum flight altitude. In the second case study, approaches A, C, and D show a higher 
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degree of perspective distortion. This resulted in difficulties in vehicle recognition, as 

changes in vehicle shape negatively affected the performance of the video-processing soft-

ware. Consequently, perspective distortion prevented the tracking of the origin-destina-

tion (OD) matrix for the second case study. Despite the complexity of the roundabout 

intersection (outer diameter equal to 100 m), approach E* exhibits lower perspective dis-

tortion, yielding results that are engineering-wise meaningful. Overall, the analysed case 

studies highlight that current UAV flight regulations represent a significant limitation to 

the large-scale replicability of this methodology. The study demonstrates that the utilisa-

tion of Big Data does not enable vehicle classification. The complementary use of UAVs 

and Big Data has been shown to support the optimisation of traffic flow estimation pro-

cesses, contributing to more informed urban mobility management. In this study, two 

UAV flights were conducted with a viewing angle of approximately 50° from the vertical. 

The determination of optimal acquisition angle thresholds is left to future research. It 

should also be noted that regulatory constraints often prevent ideal UAV positioning (e.g., 

directly above the roadway), which may affect data accuracy in similar studies. 

The concepts of scalability and replicability are of particular importance in this con-

text. In terms of scalability, the use of Big Data allows for the extension of analyses to large 

and diverse territorial contexts. Conversely, single UAV technologies are subject to greater 

variability, influenced by factors such as operating conditions, flight duration, and visual 

coverage of the area of interest. 

Regarding replicability, the Big Data approach offers a high degree of methodologi-

cal replicability, as it enables the acquisition of comprehensive and continuously updated 

datasets through a standardised processing framework. This facilitates the timely assess-

ment of traffic conditions and supports the identification of appropriate mitigation 

measures. However, the traffic volume estimates derived from TomTom Move depend on 

proprietary data-fusion and expansion algorithms whose formulation is not publicly dis-

closed. Consequently, the absolute traffic volumes reported in this study cannot be inde-

pendently reproduced from the underlying probe observations, representing a limitation 

of the reproducibility of the Big Data-derived results. Furthermore, the combined use of 

the analysed technologies may present additional constraints in data acquisition, as meas-

urements can be influenced by external factors such as weather conditions, physical ob-

stacles, or operational limitations. Given the small sample of approximately 20 min for 

each traffic flow video, the application of statistical tests may not be appropriate. There-

fore, the comparison between traffic flow detection technologies was primarily conducted 

through qualitative analysis, highlighting general trends and instances of agreement or 

divergence between manual and automatic counts. In the future, it is recommended to 

collect a larger sample in order to apply rigorous, standardised quantitative tests with 

greater reliability and to generalise the results. For the use of Big Data in constructing 

origin–destination matrices, it is necessary to consider a statistically significant time inter-

val. OD matrices derived from only 20 min of observation do not constitute a sufficiently 

representative sample, as the estimated flows exhibit considerable variability. To ensure 

greater robustness, longer observation periods are recommended in order to improve data 

quality. 

The comparison among the methods, in addition to enabling the estimation of origin–

destination (OD) matrices, suggests that their combined use may also find application in 

safety-related assessments. Similarly, the complementary use of the three approaches can 

be framed within the broader context of economic sustainability, as it may potentially re-

duce the time required compared to traditional survey techniques. However, these aspects 

should be regarded as potential fields of application rather than outcomes directly demon-

strated in the present study. 
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Local regulations can also impact the repeatability of the survey under identical con-

ditions. Consequently, the scalability and replicability of the combined approach are 

highly dependent on the UAV technology and its application to varying contexts and 

boundary conditions. This study relies on commercial licences. In the case studies, the 

UAV flight altitude ensured privacy protection by preventing the identification of vehicle 

licence plates and individuals’ faces. 

8. Conclusions 

The use of Big Data is characterised by the ability to rapidly process large, heteroge-

neous datasets, enabling the identification of macroscopic traffic patterns and temporal 

dynamics. Conversely, UAV-based monitoring provides high spatial resolution and sup-

ports the real-time observation of localised and complex traffic behaviours. 

Big Data analytics supports the identification of peak-period demand and the extrac-

tion of kinematic flow descriptors. In parallel, UAV-based video analysis, when processed 

using the IntuVision VA software adopted in this study, provided vehicle classification 

and counting estimates whose reliability depended on the quality of the video acquisition 

conditions. The advantages associated with the combined use of technologies highlight 

their complementarity in enabling the optimal use of outputs from vehicle flow monitor-

ing. 

Technological advances in the UAV image acquisition phase, such as improved an-

gular resolution, will strengthen the correlations between manual vehicle counting and 

automated UAV-based video processing outputs. For future methodological extensions, 

congestion phenomena may be qualitatively assessed through heat-map visualisation. 

One implementation involves thermal imaging cameras, which detect infrared radiation 

independently of lighting conditions. Applied to transportation systems, thermal imagery 

allows the identification of highly congested areas. In this context, Li et al. [26] employed 

heat maps generated by Baidu using Big Data, integrating air-pollution monitoring data 

with population-speed and density metrics to derive spatiotemporal distributions of av-

erage population concentration. UAVs equipped with infrared sensors represent a prom-

ising solution for high-fidelity traffic monitoring, enabling detailed and dynamic assess-

ments of operating conditions. 

Big Data facilitated the identification of daily peak periods. However, it proved in-

sufficient for constructing a statistically meaningful O/D matrix. Consequently, the com-

plementary use of UAV-based traffic-flow surveys is recommended. The complementary 

use of Big Data methodologies and UAV-derived video processing makes it possible to 

overcome the limitations associated with each individual traffic monitoring technology, 

helping to fill the gaps. Additionally, UAV footage supports real-time visual inspection 

and offers a level of repeatability unattainable through manual surveys. The aerial field of 

view ensures complete coverage of all entry and exit movements at the roundabout, a 

prerequisite for generating a reliable O/D matrix. In the second case study (Section 6), 

significant discrepancies were observed between Big Data-derived traffic estimates and 

field-measured flows. Due to the limited duration of the UAV video, the proportionality 

across O/D pairs could not be verified, further confirming that Big Data alone cannot ac-

curately infer O/D distributions. Despite these limitations, the analysis of large datasets 

remains valuable for extracting kinematic features of vehicular flows (e.g., queue lengths, 

delays) and for identifying peak periods, thereby informing the planning of UAV-based 

surveys. Even without advanced video-processing software, UAV footage provided com-

prehensive visual information on the roundabout geometry and traffic movements, ena-

bling O/D matrix reconstruction (Section 6.2). However, manual processing of UAV foot-

age is generally onerous; in the second case study, analysing a 20 min video required ap-

proximately 18 continuous hours. UAV recordings typically span approximately 60 min 
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due to battery-replacement constraints occurring every 30 min. This reinforces the imprac-

ticality of manual counting for large-scale or complex scenarios. Although automated im-

age processing substantially reduces this burden, the resulting estimates were reliable ex-

clusively for approach E*, whereas other approaches suffered from perspective distortion 

due to camera-positioning constraints imposed by flight-authorisation protocols. Video 

processing requires downloading a CSV file containing extracted vehicle trajectories and 

performing subsequent analysis. The temporal requirements of Big Data analysis are 

largely associated with data preparation within a database, where a CSV file is down-

loaded and pre-processed prior to analysis. Once the dataset is structured, computation 

is rapid. From an economic standpoint, Big Data applications incur costs related to dataset 

acquisition, whereas UAV-based surveys involve expenses linked to flight operations and 

the acquisition of video-processing software. Manual surveys incur costs that scale with 

the size and complexity of the study area, often requiring larger field teams and compli-

cating O/D matrix reconstruction. Likewise, deploying fixed cameras or traditional sen-

sors necessitates a large number of devices when monitoring complex geometries. An ap-

propriate UAV positioning aimed at reducing perspective distortion, together with the 

analysis of less extensive and complex intersections or infrastructure elements, would 

likely allow the achievement of globally engineering-significant results. 

In conclusion, the findings of this study confirm the complementary nature of UAV-

based observations and Big Data traffic-monitoring technologies while highlighting the 

conditions under which such complementarity can mitigate the limitations associated 

with the individual use of each approach. Considering the MAE and MAPE values ob-

tained in the two case studies, together with the specific survey conditions under which 

the data were collected, the results indicate that the benefits of this complementary use 

are not universal but strongly depend on the quality and suitability of the information 

provided by each technology. UAV-based monitoring provides reliable traffic-flow meas-

urements under favourable survey conditions, particularly when perspective distortions 

and vehicle occlusions are limited. Conversely, the accuracy of Big Data estimates is in-

fluenced by the representativeness of the sampled population, although such data remain 

valuable for characterising mobility patterns, identifying peak traffic periods (Sections 5.1 

and 6.1), and supporting survey design. Therefore, the combined use of these approaches 

should be regarded as context-dependent, with their integration offering the greatest po-

tential when UAV surveys can be conducted under suitable observation conditions. 
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