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Abstract:

Unmanned aerial vehicles (UAVs) are increasingly applied
in traffic flow monitoring due to their mobility, wide-area
coverage, and cost-effectiveness. Compared with traditional
fixed sensors, UAVs enable real-time, multi-dimensional
traffic data collection and violation detection. This study
reviews UAV-based traffic monitoring technologies,
including vehicle detection algorithms (inter-frame
difference, background difference, and template matching)
and tracking methods (generative and discriminative
approaches). Case studies from China, France, the UK, and
the USA demonstrate practical applications in congestion
management and traffic law enforcement. Key challenges
such as environmental adaptability, endurance, and real-
time algorithm performance are also discussed.
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1. Introduction

1.1 Background Information

dynamic analysis of multi-dimensional traffic param-
eters (e.g. speed, density, trajectory), thereby con-
straining their extensive application in ITS.

The advent of Unmanned Aerial Vehicle (UAV)

The development of Intelligent Transportation
Systems (ITS) has been rapid in recent years, and
traffic flow monitoring is now considered to be of
great significance to the enhancement of road access
efficiency, the alleviation of congestion, and the op-
timisation of traffic management. Traditional traffic
monitoring methods principally rely on fixed sensors
(e.g. ground induction coils, radar, cameras, etc.), but
they have limitations such as limited coverage, poor
dynamic adjustment capability, and susceptibility to
environmental interference. Moreover, conventional
techniques are challenging to implement real-time

technology has engendered a novel solution for the
monitoring of traffic. The three principal advantages
of UAVs are as follows: firstly, mobility, which is
characterised by the capacity for flexible adjustment
of flight paths in order to adapt to different scenarios;
secondly, wide-area coverage, which is exemplified
by the capacity of a single aircraft to monitor a wide
range of areas; and thirdly, low cost, which is evi-
denced by a significant reduction in deployment and
maintenance costs when compared with traditional
fixed equipment. For instance, as Kampf et al.[1]
demonstrate, the capacity of UAVs to analyse traffic
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at complex intersections was validated by the continuous
acquisition of traffic video at 20 m altitude by a tethered
UAS in Ceske Budejovice. This succeeded in extracting
spatial-temporal trajectory data for 2,516 vehicles. In
addition, Ke et al.[2] carried out experiments on a motor-
way using visible and infrared sensors carried by a UAV
and achieved real-time estimation of the mean traffic
flow parameters by means of the Kanade-Lucas-Tomasi
(KLT) tracker with the K-means clustering algorithm.
The correctness rate reaches about 96%. The cases under
consideration demonstrate that UAVs have the capacity to
overcome the static deployment limitations of traditional
methods, whilst concomitantly enhancing data robustness
through multimodal sensing fusion.

1.2 Typical Application Scenarios and Cases

Utilising drones or unmanned aerial vehicles (UAVs), this
technology has recently been adopted by a number of po-
lice agencies across the globe, as shown in Table 1.1. The
key challenge in detecting traffic violations is the need for
evidence. The evidence must be present at the time and
place of the violation. Several countries have adopted the

use of drones on the roads. Drones equipped with cameras
and wireless communication devices are very effective
in recording traffic violations, identifying vehicles and
drivers, and notifying the police of violations. Among
other use cases, drones can also be used to detect crimes
in progress, terrorist activities, drivers texting or talking
on the phone while driving, suspected drivers for driving
under the influence of alcohol (DUI), and investigations
following road accidents.

For example, during the May Day holiday in 2025, 27
drones were deployed at congestion-prone road nodes on
highways by the Jiangsu Provincial Traffic Comprehen-
sive Law Enforcement Bureau’s direct detachments for
monitoring highway operations and easing congestion.
When the highway is slowed down or congested, the com-
bination of fixed video monitoring and drone monitoring
can more accurately determine the congestion situation
and quickly report the relevant information to the com-
mand centre, providing strong support for decision-mak-
ing, thus shortening the incident disposal time, reducing
the spread of congestion, and enhancing the overall opera-
tional efficiency and safety level of the road network[3].

Table 1 Details of the application of drones for traffic detection on roads.

Country |Remarks
The French city of Bordeaux has started using drones to catch drivers who break traffic rules. The drones, because they

France allow police to see dangerous drivers on the road, but will not be seen by the drivers, giving police the oversight and
safety precautions they need[4].

UK Police forces in the UK use drones equipped with high-definition cameras, night vision or thermal imaging for a range
of police activities such as monitoring major incidents and event and traffic management[5].

USA The Wentzville Police Department is using unmanned drones for a variety of purposes. For example, the drone captured
drivers who failed to stop at a sign at an altitude of 250 feet[6].

China Drones are used to detect traffic offences in Jinan, the capital of east China’s Shandong province. They can monitor driv-
ers for offences such as using mobile phones and devices while driving and take clear video footage[7].

2. The Core Technology of UAV in
Traffic Flow Monitoring

2.1 Conventional traffic flow detection tech-
niques

Traditional traffic flow detection techniques rely on fixed
sensors, with core methods including: radar detection

technology, toroidal coil vehicle detection and ultrasonic
inspection technology.

2.1.1 Radar detection technology

Vehicle detection radar measures vehicle speed by Dop-
pler effect, analyzes time difference, frequency change

and other characteristics in combination with echo signal,
and calculates vehicle position, speed and other related
information.

The radar is not affected by rain, snow, fog and other
adverse meteorological conditions as well as light condi-
tions, and can operate stably in a wide range of weather
conditions, ensuring good detection and tracking even at
night. However, in practical application, radar detection
may produce interference because of its technology.

2.1.2 Toroidal Coil Vehicle Detection

Toroidal coil vehicle detection uses a few turns of met-
al wire wound into a toroidal coil as a sensor, which
is buried in the road. When a vehicle passes over the
ground-sensing coil, it changes the magnetic field around



it, which causes a change in the inductance of the coil,
obtaining the real-time traffic flow data required by the
adaptive signaliser control system.

Coil detectors are more accurate and the technology is
more mature. They are currently used more often. Howev-
er, they require a certain degree of excavation of the road
surface during installation, and construction and mainte-
nance costs are relatively high. At the same time, datum
drift can seriously affect detection accuracy.

2.1.3 Ultrasonic Inspection Technology

Ultrasonic detection technology uses the propagation
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properties of sound waves in materials to determine the
presence of a target by emitting high frequency sound
waves and receiving their reflected signals.

Ultrasonic detectors do not require road damage, the use
of the effect is not limited by the quality of the road sur-
face, with the advantages of convenient installation, mo-
bile, long use time and so on. In determining the passage
of vehicles, ultrasonic detectors can also show high accu-
racy. Its shortcoming is that its detection range distance is
short, due to the temperature or windy and stormy weath-
er, affecting the distance detection accuracy.

Table 2 Advantages and Disadvantages of Detector Technologies

Radar detection technology

Toroidal coil detection technology

Ultrasonic Inspection Technol-
ogy

Basic Princi-
ple

Using the principle of electromagnetic
wave reflection, by transmitting high-fre-
quency electromagnetic waves and receiv-
ing the target echo, calculating the distance,
speed and other parameters

Based on the principle of electro-
magnetic induction, the toroidal coil
buried on the road surface generates
an inductive change when a vehicle
passes, triggering a signal

Transmit high-frequency acous-
tic waves and detect the posi-
tion of the target by the time
difference between the received
and reflected echoes.

Detection ac-
curacy

High (accurate speed and distance measure-
ments, but limited detection of stationary
vehicles)

Medium (high detection accuracy ex-
ists but is susceptible to construction/
weather)

Low (significant environmental
interference)

Environmen-
tal adaptabili-

ty

High (all-weather operation, anti-electro-
magnetic interference)

Medium (not affected by weather, but
requires regular maintenance)

Low (receipt of weather factors
evident)

Installation|Medium (higher equipment costs, but flexi- | High (high cost of road breaking con- | Low (easy to install, no need to
costs ble installation) struction and complex maintenance) | break the road)

. . o . . . . . Low (low failure rate, but re-
Maintenance | Medium (regular calibration required, high | High (susceptible to failure due to| . .

. . . . : ) quires environmental compen-
cost immunity to interference) construction/ageing, short life) .
sation)
Multi-lane Medium (single point detection
. High (supports multi-lane dynamic track- | High (single point detection, multiple (single p .

detection ca-|, ) . . at close range, multi-sensor re-

. ing) coil combinations required) . .
pability quired for multiple lanes)

2.2 Technical Analysis and Application Evalua-
tion of UAV Vehicle Detection Methods

UAV vehicle detection is a core technology in the fields
of intelligent transportation, security monitoring, etc., and
its methods are mainly divided into traditional image pro-
cessing algorithms (background difference method, optical
flow method, template matching method, and inter-frame
difference method) and deep learning models (e.g., Faster
R-CNN and its optimisation variants).

2.2.1 Vehicle Detection Algorithm Based on In-
ter-Frame Difference

In the technical system for vehicle detection using
UAV-mounted visual sensors, the Frame Difference Meth-

od (FDM) is a classic motion target detection algorithm
that has become an important and fundamental technical
approach due to its simple principle, high computational
efficiency, and potential for real-time processing.

The core idea of this method is to extract the contour in-
formation of the moving target by analysing the differenc-
es in pixel values between two or more adjacent frames in
a video sequence. This method is based on the grey scale
change characteristics of the static background and the
moving target within the dynamic scene over time.

In this implementation, the video stream captured by the
UAV is first pre-processed. This includes image greying to
reduce the data dimension, Gaussian or median filtering to
suppress noise interference, and image alignment to com-
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pensate for vibration caused by the UAV platform. This
ensures consistency between adjacent frames within the
spatial coordinate system.

Assuming that the grey values of each pixel of the current
k th and k—I[th frame images in the video image are

1,(i,j) and I, (i, ) respectively, their difference image

1S

Dy (i,7) =1 (1) = 1 (1) )
For the differential image obtained as described above,
individual pixel points in the image are judged by setting
a threshold T to extract the motion region in the video
image:

LD T
Mk(i,j)={"(”) (61) ()

0,D,(i,j)<T
The motion target detection method based on inter-frame
difference method is more anti-interference and has better
adaptability to the environment[8].
The UAV aerial photography scene has significant char-
acteristics of a high-altitude perspective, and the road
texture, changes in lighting (e.g. tree shade and cloud
shadows) and the camera’s own motion (e.g. tiny jitters
when the UAV hovers) will interfere with the results of
differencing. To improve robustness, three-frame differ-
encing[9] is often used in practical applications. This in-
volves combining the differencing results of three frames
of images into a single image for a logical sum operation,
thereby reducing the detection voids caused by discontin-
uous target motion in single-frame differencing.
The formula for the three-frame difference method is:

Dl(xﬂy):‘fk(xay)_fkfl(x’y)’ (3)
D, (x,3)=|fon (x.3) = fi (x.7)| )
LD, (x,y)=T

E (x.y)= {0’ D((fci )) o )
l,Dz(x,y)BT
Ey(x,y) {O,Dz(x,y)<T ©
B l,El(x,y)mEz(x,y)zl
E(x’y)_{O,El(x,y)r\Ez(x,y)zo M

Where f,_,(x,»), fi(x,y)and £, (x,y)denote the grey
values of the pixel points of the k—1th, kth, and k+1
th frames of the image, D, (x,y) and D, (x,y) denote the
corresponding difference results, £ (x,y) and E,(x,y)
denote the binarisation results, and 7'is the threshold of

the pre-set point. E(x,y) denotes the final detected target

image[10].

Video image sequence

Any three frames of
images
fi=15 fi and fisq

Background extraction

Frame Frame Adaptive
difference difference threshold
results of Dif fpi between
three background
framesDif fi, frame and Background
and Dif f3 middle frame f, update

Do "AND" operation between Dif f1, and Dif fpg
and between Dif f>3 and Dif fgg respectively, then
do "OR" operation on the results

Morphological erosion and dilation processing to
obtain moving targets

Figure 1 Flowchart of the detection
algorithm for the three-frame difference
method

2.2.2 Vehicle Detection Algorithm Based on Back-
ground Difference Method

In UAV vehicle detection technology systems, the back-
ground difference method is a classic motion target de-
tection technique. Its core idea is to extract the motion
target region by constructing a background model of the
dynamic scene, then performing a pixel-by-pixel differ-
ence between the current frame image and the background
model. Theoretically, this method can effectively detect
stationary or low-speed moving vehicles, overcoming the
limitations of the inter-frame differencing method, which
cannot detect stationary targets. This makes it valuable for
applications such as UAV traffic monitoring and intelli-
gent inspection.

The background difference method subtracts the corre-
sponding pixel points of the target image from the back-
ground image, and when the grey level difference between
the pixel points of the target image and the background
image is greater than a certain threshold, this pixel point
is considered to be a foreground pixel point, and on the
contrary this pixel point is considered to be a background
pixel point[11].
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Figure 2 Background difference method process

The differential equation is:

D, (x,y):’Bk (x,y)—tk (x,y)’ )
0,7 (x, 7,
F(y):{lT((x))/}));T ©)

In the formula, B, (x, y) represents the background image,
t,(x,y) represents the kth frame image, 7, (x,y)rep-

resents the difference image, while the value of F, (x,y)

reacts to its motion, which is equal to 1 to reflect that the
area where the pixel point is located is the motion area,

and F, (x, y) is equal to O to represent the background,

and T is the set threshold.

The background difference method first requires a static
background model[12]. Traditional methods usually use
Gaussian mixture model (GMM) or inter-frame differ-
encing to initialise the background. Taking the Gaussian
mixture model as an example, the hybrid Gaussian back-
ground model is a weighted sum of a finite number of
Gaussian functions, which is capable of describing the
multi-peak state of the pixels (unimodal (single-peak),
multimodal (multi-peak)).

Assuming that the pixel observations at each point in the
image are independent of the observations at other pixel
points, at a certain moment ¢, let the pixel observation be

X,, then the probability that the observation at moment ¢

is X, can be modelled by a mixed Gaussian model with

K Gaussian distributions[13].

P(X,)= Zk:w¢(XuZ) (10)

1
¢(Xt’ui,t’zi,r) B — Y

2 n/2 .
(22)""|2, an
1 T <
xexp{—g(){t—ui’t) ;(Xt—ui’t)}
2., =8 (12)

K is the number of Gaussian distribution modes, ., is

it

the weight of the ith Gaussian distribution, the weight of

k
the ith Gaussian distribution at moment ¢ and Za)i,t =1,
i=1

u; ,is the mean of the ith Gaussian distribution at moment

t; Z” is its corresponding covariance matrix; ¢ is the

probability density function of the Gaussian distribution.
0,, 1s the variance and [7is the three-dimensional unit ma-
trix.

2.2.3 Vehicle Detection Algorithm Based on Template
Matching

In UAV vehicle detection technology, the template match-
ing method is a classical detection method based on tar-
get appearance features, and its core idea is to locate the
position of the target vehicle by matching the similarity
between a preset vehicle template and a local region in the
real-time image. The method does not rely on the motion
characteristics of the target, but uses the a priori visual
features of the vehicle (e.g., silhouette, colour, texture,
etc.) to achieve detection, which is suitable for scenarios
where the target type is known (e.g., specific car models,
specific coloured vehicles), and has a unique value of
application in tasks such as capturing traffic violations by
UAVs and tracking of special vehicles.
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Figure 3 Flow chart of template matching method

2.2.4 Comparative analysis of interframe differencing, background differencing and template matching methods

Table 3 Comparison Table

Methods Advantages

Disadvantages

Interframe Difference Method |- Unaffected by changes in light

- High real-time performance

- Simple calculations for real-time processing

- Unable to detect stationary vehicles
-Low-speed vehicles are easy to miss
-Noise sensitive, need morphological treatment

| f the target
Background Difference Method fatarea of e fatee
- Adapt to complex background

- Better real-time performance

-High detection accuracy, preserving the inter-

-Sensitive to changes in light
-Frequent updating of the background model
-High computational complexity

- High noise immunity
Template Matching Method
- Simple to realise

- Suitable for standardised targets

- Computationally intensive and time-consuming
for low-resolution images

- Sensitive to changes in lighting and viewing an-
gle

- Cannot handle dynamic deformation

2.3 Methods for drone vehicle tracking

2.3.1 Generative Methods

The core idea of the generative method is to search for the
region most similar to the template in subsequent frames
as the tracking result by learning a feature template of the
target itself. The method focuses on the intrinsic repre-
sentation of the target and is suitable for scenes where the
target structure is clear.

2.3.1 .1 Technical Principles and Processes

Probabilistic models (e.g. Gaussian mixture models) or
templates (e.g. feature histograms) are constructed from
the target’s appearance features (e.g. texture, edges, colour
distribution). In the UAV view, target rotation, scale varia-
tion and light interference need to be considered.
Optimisation algorithms (e.g. particle filtering, gradient
descent) are used to maximise similarity functions (e.g.
Bhattacharyya coefficients) within the search region. For
example, particle filtering works by generating multiple
candidate frames and calculating their match with the
template.

2.3.1 .2 Typical Algorithms and Technology Enhance-
ments

Generative Adversarial Network (GAN) has import-
ant applications in many fields. The generator is able
to synthesise complex samples such as occlusions and

deformations, and the corresponding discriminator is re-
sponsible for distinguishing between real and synthetic
data, through which the model’s adaptability to occlusion
situations is effectively improved. For example, Iterative
GAN successfully achieves facial attribute editing and
reconstruction by parsing hidden variables using inverse
regression, and when this technique is migrated to vehi-
cle tracking scenarios, it can also cleverly deal with local
occlusion problems. Meanwhile, the fusion of attentional
mechanisms also plays a key role, like combining SENet
or CBAM modules, which can enhance the weights of tar-
get critical regions (e.g., vehicle silhouette) and suppress
the interference of background [15].

2.3.2 Discriminative Methods

The discriminative approach treats tracking as a binary
classification problem, where the importance of contextual
information is emphasised by training classifiers to distin-
guish between target and context.

2.3.2 .1 Technical Principles and Processes

In the field of target tracking, techniques such as classi-
fier design, online update mechanism and feature fusion
strategy are closely coordinated to ensure the tracking
performance. Classifier design is based on support vector
machine (SVM), correlation filter (DCF), or deep learning
model (e.g., Siamese network), and the classifier is trained
with positive samples in the target area and negative sam-



ples in the surrounding area, which lays the foundation for
accurate tracking. Meanwhile, the online update mecha-
nism is crucial, which can dynamically adjust the classi-
fier parameters to adapt to the target appearance changes,
in which the DCF accelerates the computation through the
cyclic matrix, which powerfully achieves real-time update
so that the classifier can match the target state in time [15].

2.3.2 .2 Typical Algorithms and Technology Enhance-
ments

Typical algorithms and techniques enhancements cover
correlation filters (DCF), contrast learning enhancements
and hybrid architectures. The correlation filter (DCF) effi-
ciently trains filters in the frequency domain by minimis-
ing cyclic correlation loss, especially in UAV scenarios,
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and the ECO algorithm achieves a balance between ac-
curacy and speed by compressing the feature dimensions
[15]. Contrast learning enhancement, on the other hand,
uses video sequences to generate positive and negative
sample pairs, and brings the feature distance between tar-
get frames closer through contrast loss to improve the ro-
bustness of the model under occlusion and deformation. In
addition, the use of hybrid architectures is also notewor-
thy, for example, the ASKCF algorithm combines KCF
and particle filtering, KCF locates the target position, and
particle filtering estimates the scale change, which effec-
tively solves the problem of target size adaptation.

2.3.3 Comparative analysis of generative and discrimi-
nant methods

Table 4 Comparison Table of generative and discriminant methods

Generative method

Discriminant method

Core idea .
tion

Target feature modelling and similarity optimisa-

Target/contextual categorisation decision-making

C tational effi-
'Ompu ationat et Lower (bulk sampling required)
ciency

Higher (frequency domain optimisation, matrix opera-
tions)

Occlusion resis-
tance

Weak (relies on target’s own characteristics)

Strong (background context-assisted decision-making)

Back d inter-
ac groun. ,”,1 e High (ignores background)
ference sensitivity

Low (explicitly distinguishes background)

Real-time Limited (e.g. particle filtering)

Excellent (e.g. DCF)

Training data de-
raining data de Synthetic data can be generated

pendency

Large number of labelled samples required

3. Realistic Dilemmas and Technologi-
cal Research Directions

Currently, drone-based intelligent traffic monitoring faces
numerous practical challenges. The incomplete technology
of professional equipment makes it difficult for drones to
fully meet traffic requirements in terms of payload, flight
control, endurance, telemetry, data (image) transmission,
and response. Insufficient environmental adaptability
may lead to high detection error rates due to complex
lighting conditions, obstructions, and extreme weather.
Traditional radar detection technology performs poorly in
adverse weather conditions and cannot accurately measure
parameters such as vehicle height and length. In terms
of supporting mechanisms, the development of drone
applications varies across regions, and there is a lack of
unified standards for pilot training and drone equipment,
necessitating further research. In terms of deployment and
maintenance, drones typically have a short single flight

time, making it difficult to meet the demand for long-term
continuous monitoring. There is also a lack of training for
maintenance and service personnel, which can easily limit
the functionality of drones due to mechanical failures. In
complex traffic scenarios, drones need to avoid collisions
and adjust their flight paths in real time, placing extremely
high demands on algorithm real-time performance.

Addressing the issue of drone traffic flow, it is neces-
sary to promote the research and development of drone
technology, deepen cooperation between police and en-
terprises, and drive technological upgrades in line with
practical needs to meet requirements for tasks, safety, and
environmental considerations. Simultaneously, we should
establish a supporting institutional management system,
formulate equipment management standards, and establish
a comprehensive support system to break down barriers
to drone application. Furthermore, we must create diver-
sified application scenarios, promote the deep integration
of drones with traffic work, and cover daily patrol flights,
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vehicle inspections, accident investigations, and other
business operations.
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