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Abstract—Unusual pattern extraction and crowd dynamics
and analysis has been receiving a constantly growing attention
in the recent years contributing to safety, crisis management
andsituational awareness applications. Traditional video-based
systems in this field that are exclusively monitored by human
agents, are error-prone and present limited human
performance. In thiscontext, the design and implementation of
an integrated tethered Unmanned Aircraft System (tUAS),
namely INtelligentUxV  Surweillance-Unusual  Pattemn
Extraction (INUS-UPE) platform for crowd dynamics and
unusual pattern extraction is presented. The INUS-UPE
platform adopts a combination of key featuresand state-of-the-
art technologies such real-time processing in the edge, video-
based pattern analysis for object detection, multiple object
tracking, and unusual pattern extraction, web-based user
interface (Ul) for visualization and possibility of information
sharing related the extracted events to external systems such
common operational pictures (COPs), Command & Control
(C2) platforms, and Human Machine Interfaces (HMIs).

Keywords—unusual pattern, crowd dynamics, object
detection, object tracking, deep learning, tethered drone, UAS

l. INTRODUCTION

Unusual pattern extraction and crowd dynamics and
analysis has been receiving a constantly growing attention in
the recent years. Many studies have been conducted to
understand crowd patterns withina crowded scene [1] [2].
Besides the theoretical interest, a realistic modeling,
understanding and monitoring of crowd pattern may lead to
several societal benefits, e.g., improved design of buildings,
aircraft, and ships or cost of transportation, pollution, and
improving the population’s quality of life, etc [3].
Furthermore, such approach can contribute to safety and
security to smart cities [4] [5] or in surveillance zones to
identify threats that compromise the safety of a crowd and
infrastructures in several applications such civil protection,
natural disasters, emergency situations and evacuation,
optimized crisis management of a crowd during gathering
events, minimization of risk particularly in highly crowded
incidents, situational awareness, etc [3] [6]. There are various
interpretations of situational awareness; nevertheless, the
most prevalentis the one from[7], which categorizes it to the
following main steps: (i) perception of the current situation,
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(i) comprehension of said situation, and (iii) projection of the
future condition.

Recent works seized the importance of exploiting crond
pattern analysis via video surveillance and human-conputer
interaction [8] [9]. In this context more and more cities and
security agencies are setting up surveillance systems based on
video-protection cameras [10]. Traditional video surveillance
systems for situational awareness, that are exclusively
monitored by human agents, are error-prone and present
limited human performance by fatigue and waning
concentration when continuously watching a video feed [1].
To this end, technological advancements in situational
awareness apply several state-of-the-arttechnologies, such as
machine/deep learning frameworks and advanced image
processing and computer vision methods. In recent years,
there are many approaches that have been proposed that
provide object detection and tracking via cameras sensors,
used in several applications such as self-driving vehicles,
unusual pattern extraction during surveillance, search and
rescue, etc. Withthe recentupsurge in the use of deep leaming
frameworks in computer vision there are several efficient
object detectionand object tracking algorithms that have been
developedsuch as convolutional neural networks (CNNs) [11]
and multiple object trackers (MOT) [12] respectively.
Although the complexity of such architectures and high
computational costs, they provide several advantages,
compared to traditional methods, in terms of learning ability,
high variability, and generalization [9].

Furthermore, recenttrends in situational awareness and in
the development of intelligent applications in Internet of
Things (IoT) adopt moderntechnologies such edge computing
that appears to decrease latency and computational processing
as well as Unmanned Aircraft Systems-UAS (free flight or
tethered) [13] [14] [15]. UAS have high mobility, are easily
deployed, and capable of real-time monitoring by utilizing
multi-sensor-based detection and remote sensing of objects
[16]. Also,are considered as flexible solution, enabling to fly
to places that are inconvenient or inaccessible to humans for
data collection, having also the capability toacquiring fast and
low costs, high-resolution images and videos. On the other
side, tethered drones are able to provide long-term missions
compared to free flight drone whose their total flight tine is



under1hour [17]. A tethered UAS (tUAS) usually consists of
one of two scenarios: (i) a drone (or else well known as
Unmanned Aircraft Vehicle-UAV) that is kept powered by a
ground station or terrestrial platform (that may be an
Unmanned Ground Vehicle-UGV) by use of a cable that can
transmit energy, data, and provide mechanical support
between the air and ground operations and (ii) one or more
free-flying drone attached toa load through a tether thatserve
only as a mechanical connection betweenthevehicles and the
load [17].

Il.  RELATED WORK

There are two main approaches for crowd dynamics
depending on how objects are considered in relation to the
crowd they belong to. Such approaches are the microscopic
(or bottom-up) and the macroscopic (or top-down) [18]. In
microscopicapproaches the crowd is treated as a collection of
objects. Objects’ dynamics are studied individually, and
afterwards the knowledge about these objects is used to infer
information at crowd level. In macroscopic approaches the
crowd is treated as a whole single entity. Independently of
whether a microscopic or macroscopic approach is followed,
the pipeline for crowd pattern analysis through a video
streaming feed canbedivided in the following four stages [17]
[18]: (i) object detection stage, (ii) object tracking stage, (iii)
feature extraction stage (to compute a set of features and
metrics that describe the dynamics, topological structure and
affective state of the crowd), and (iv) identification of crowd
unusual pattern stage (to recognize particular pattems and/or
unusual events in video sequences).

In the bibliography several terrestrial systems have been
proposed foridentifying unusual patterns in dense crowds. In
[19] a new method for the detection and classification of
unusual patterns in dense crowds has been proposed. A two
stream network was proposed that uses crowd density
heatmaps and optical flow information to detect panic and
fight events. Additionally, in [20] a CNN-based approachwas
presented that efficiently detects and classifies if a video
involves crowd unusual patterns. Their approach implemented
a two-streamarchitecture using two separate 3D CNNs to
acceptavideoandan optical flow streamas input to enhance
the prediction performance.

Related to UAS, in [21] the authors provided a
comprehensive review froma crowd monitoringand analysis
perspective concluding the significance of the use of drones in
public safety and security applications. In [6] a new testing
procedure was introduced to detect the crowd features from
UAS taken from different camera orientations and
positions. Theauthors of [13] proposed a light-weight schenme
of a fully-CNN for crowd detection in aerial images using
spatial graphs and combining nimble computations and
effectiveness. In [16] the authors discussed several
component’s information related to a real-time drone
surveillance systemfor violentcrowd patterns fromUAS. The
authors of [22] proposed a crowd flow detection method for
video sequences shot bya UAS. Their method was based ona
fully-CNN that learns to performcrowd clustering in order to
detect the centroids of crowd-dense areas and track their
movement in consecutive frames.

I1l. OuRrR APPROACH

In this paper, we aimto contribute to the aforementioned
growing research with the design and implementation of an
integrated tUAS, namely INtelligentUxV Surveillance-

Unusual Pattern BExtraction (INUS-UPE) platform, that
focuses oncrowd dynamics and unusual pattern extraction for
enhanced situational awareness applications. The INUS-UPE
platform adopts a combination of key features and state-of-
the-art technologies such: (i) a modular and flexible
architecture with the potential to exploit several types of
drones and camera sensors, (ii) real-time processing in the
edge, (i) a backend following the microservices architecture
design paradigm, (iv) a video server from multiple video
streaming, (v) a pattern analysis module that performs object
detection, multiple object tracking via tracking-by-detection
(TBD), and unusual pattern extraction, (vi) a geolocalization
module, (vii) a user interface (UI) for parameter setting and
drawing line/polygons for unusual pattern cases, for the
display of message events and the geolocation of the
detected/tracked objects as well as for the visualization of the
raw and processed video, (viii) information sharing related the
extracted events as well as video streaming to external
systems, common operational pictures (COPs), Command &
Control (C2) platforms, Human Machine Interfaces (HMIs),
or other middleware brokers (e.g., Apache Kafka [23], etc.),
(iX) adoption ofa customdata modelor other data model for
enhanced situational awareness (e.g., e-CISE model). In
figure 1, the INUS-UPE platform’s architecture is depicted.
The INUS-UPE platform consist of several hardware and
software components described in detail in the next sections.
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Fig. 1. INUS-UPE platform architecture
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The INUS-UPE platformis controlled by authorized
operators with related authorized access such: (i) a certified
drone pilot who is responsible to operate the drone througha
related remote controller, and (ii) the intelligence officer who
operates a related workstation that performs in real-time the
patternanalysis process in the edge and incorporates the UL It
should be noted that the related EASA’s regulations are
considered.



The backend ofthesystemis divided into multiple loosely
coupled modules that handle data acquisition, processing,
presentationand integration with other systems. Each of these
modules is developed in a separate dockerized service that
communicates with therestof the systemvia an MQTT broker
ora WebRTCvideoserverdepending on the data exchanged
(json/video). Theaforementioned microservices are managed
by a Kubernetes open source container orchestrator that
oversees deploymentand configuration.

IV. HARDWARE

The INUS-UPE platform consists of several hardware
components as follows:

A. Drone

The DJI Mavic 3T EU Enterprise drone (figure 2-left)
(Max Takeoff Weight: 1,050 g and dimensions when is
unfolded without propellers: 347.5 mm x 283 mm x107.7
mm) with GNNS (Galileo, GPS, BeiDou, GLONASS) and the
related RTK module is utilized equipped both with RGB and
thermal camera.

B. Tethered station

The used compatible tethered station is the V-line Pro
(dimensions: 470 mm x 365 mm x190 mm and weight: 17kg)
(figure 2-right). Also, a portable power bank with capacity of
2016 Wh is utilized.

C. Intelligence officer’s workstation

Is a computing device that performs in real-time the
patternanalysis process at theedge. The intelligence officer’s
workstation is operated by the intelligent officer and it is
equipped with a GPU that is capable to execute in real-time
deep learning tasks, and to provide video streams. Ako,
incorporates the Ul though which relevant information (raw
and processed video streams, events, etc) are displayed.

All the aforementioned equipment is able to provide
flexibility as it can be easily transferred and installed. Ako, is
able to provide either a continuous flight operation by constant
charging (i.e., directly fromthetethered station) ora long-tine
flight (viathe power bank) in inaccessible areas or areas with
unavailable power supply.

Fig. 2. Utilized drone and tethered station

D. Drone controller

The DJI Mavic 3T Enterprise drone is controlled by the
DJI RC Pro remote controller. It can achieve a communication

range of up to 15 km with a 2T4R antennasystemand is
capable of sending a 1080p/60fps live feed with latency aslow
as 120 ms. More importantly is that has a mini-HDM I video
output and supports the DJI Cloud API. The later enables
integration with remote cloud services and retrieval of
information regarding the drone’s location, camera attitude,
battery remaining, etc., whichis utilized by the INUS-UPEto
provide information to the system operator for the drone and
aids in the associated localization.

V. SOFTWARE

The INUS-UPE platform consists of the following
software components:

A. Video streamingserver

The systemutilizes an opensource WebRTC based video
server, Janus. The inclusion ofa video server provides foran
endpoint where internal components of the system and
external systems can source video streams in a one to many
distribution fashion. Video delivery through WebRTC leads
to reduced latency in comparison to traditional web video
distribution protocols suchas DASHand HLS, owning to the
peerto peer connections usedto deliver the video content.

B. Paternsanalysis module

1) Object detection:Inthe bibliography there are several
approaches for object detection such the ones in [24].
Considering the object detection frameworks, there are
various robust and efficient published deep learning networks,
such YOLO in several versions [25] [26] and Single Shot
MultiBox Detector (SSD) [27]. The INUS-UPE platform
exploits the pre-trained version of YOLOvSI which &
responsible for the objectdetection process.

2) Multiple object tracking via TBD: Recent developed
and efficient TBD algorithms arethe FairMOT [28], DeepSort
[29], and ByteTrack [30]. It should be noted that, in TBD
process, the performance of the detector and the data
association algorithm affect the tracking accuracy and
robustness. In any case, both object detection and object
tracking algorithms are mainly influenced by the used carreras
sensor (e.g., spectrum capabilities, pixel resolution, etc.),
viewing perspective of the objects, and complexity of the
scene, such as occlusions, shadows, light conditions, and
scene background. The INUS-UPE platform exploits the
ByteTracktracker forthe TBD process. It should be notedthat
the ByteTrack tracker does not implement a re-identification
process, thus, the id tracking number of a tracked object will
be remaining the same till the tracker failures. If the tracker
fails (e.g., due to algorithm, occlusion, color appearance and
illumination, background environment, etc.), a new id
tracking number is assignedto the new detected object.

3) Unusual pattern extraction: In [18], some features
referred that are crusial to be calculated for crowd pattem
analysis/dynamics such: (i) direction (number of main
directions of movement followed by the crowd), (i) density
(proximity of the objects in the crowd, determining how dense
the crowd is), (iii) collectiveness or cohesion (degree of
objects acting as a union in collective motions), (iX) valence
(measures the positive and negative affect of the crowd), (¥
arousal (monitors how calmed or excited the crowd is), and
() velocity (average speed at which objects or crowds are



moving). On the other hand, the nature of the unusual may be
diverse and is not applies to all cases, thus the approach to
consider this may differs according tothe application and use
case. In [18] the authors identified some types of unusual
patterns such: (i) unusual appearance (occurs when a non-
recognised object enters the scene), (ii) unusual action
(understanding of the usual patterns of the objects in thescene,
and the extraction of non-common ones) (iii) unusual position
(unusual position of an object in the scene), and (iv) unusual
movement (unexpected trajectory or velocity of an object or
group in the scene).

It should be noted that due to the INUS-UPE platfoms’
modular architecture, the adoption of other existing or other
new object detection or tracking algorithms is capable.
Considering the aforementioned, the INUS-UPE platform
adopts a feature extraction and a rule-based process for
unusual pattern extraction for two cases under a situational
awareness aspect. The first unusual pattern extraction case is
an object that is in/out-of-bound i.e., from a defined line or
polygon (drawn by the intelligence officer through the UI).
Such case is under the type of unusual position pattern e.g.,
when a non-authorized object () enters a restricted/prohibited
area, or a is detected on a dangerous zone. For the polygon
paradigm, a 2D-array is initialized once with the same
dimensions as a video frame, with values of 0. The polygon s
used toupdate allthe values of thearray with any value other
than 0, as well as the polygon’s area. Finally, when an
object(s) is detected with image coordinates xy, the array is
queried given the coordinates and if the value is not equal to
0, the objectis in-bound. If the valueis O, the object is out-of-
bound. Depending to the application, the related unusual
pattern event is extracted when an object (s) is in/out-of-
bound.

The second unusual pattern extraction case is an object
which velocity isabove a predefined threshold (defined by the
intelligence officer through the UI). Such case is under the
type of unusual movement or action e.g., when an object (or
objects) move faster or slower; and direction, when
predominant flows exist and the movement of an object
deviates from these trends. Here, the object’s velocity &
calculatedas pixels per frame. Considering a constantaltitude
and fixed position of the drone, a constant video resolutionand
a constant view angle, an unusual magnitude of velocity
threshold can be derived after examining multiple video
footage with an object that increases and decreases its
velocity. Once the object’s velocity surpasses that threshold,
its movement is identified as unusual, and thus an unusual
patterneventis extracted.

An example of the two considered use cases are depicted
in fig. 3and 4using the free available datasets of OKUTAMA
[31] and VisDrone [32].

case #1:

Fig. 3. Unusual pattern Objects that are out-ofbound
(OKUT AMA dataset). Where: (i) the detected and tracked objects are with
colored bounding boxes superimposed to the video frames a to e, (ii) the
yellow line is the bound, and (iii) the green bounding boxes indicate that the
objects are in-bound, while the red ones indicate that the objects are out-of-
bound (and thus an unusual pattern event is extracted).




Fig. 4. Unusual pattern case #2: Objects which velocity is above a threshold
(VisDrone dataset/ video frames a to c) and (OKUTAMA dataset /video
frames d-f) . Where: (i) the detected and tracked objects are with colored
bounding boxes superimposed to the video frames, and (ii) the green
bounding boxes indicate that the object’s velocity is not above the threshold
while thered ones indicate that object’s velocity is above the threshold (and
thus an unusual pattern event is extracted).

C. Geolocalizationmodule

All the detected objects are localized in an absolute
reference frame (i.e., latitude and longitude in the WGS’84
system) by the geolocalization module. The module receives
input from the MQTT broker regarding the position and
orientation of the drone’s camera and combines this
information with the pixel coordinates of the centroid of each
detected object, which are translated to angle offset from the
center of the camera [33], and finally to estimate the related
geolocation. The geolocalization information is embedded in
the event messages generated by the system.

D. Eventextraction
The INUS-UPE platform extracts three types of events,
that is, object detection event, object tracking event, and

unusual pattern extraction event. The supplementary
information included to the related data model is the
following: (i) image coordinates related the bounding box of
the detected object (s), (ii) object detection and tracking
confidence level (in percentage), (iii) id’s of the tracked
objects, (iv) geolocations of the detected/tracked objects and
ofthe drone, (v) objects’s velocity, and (vi) type of theunusual
pattern extraction event.

VI.  USER INTERFACE
In figure 5, a sample ofthe Ul of the INUS-UPE platform
is depicted. The Ul provides in real-time the following
capabilities to the intelligence officer: (i) activation of up to

two assets (i.e., two drones, two (potential) terrestrial canmera
systems, or one drone and one terrestrial camera system) from
which is able to visualize the related videos (and from a
potential list of several available video streamings from
different camera sensors) and to display telemetry drone data
(height, battery, and communication signal power) or other
data such sensors that potentially installed to the drone, (ii)
drawing tool to draw the line or polygon directly to the
visualized videoas well as to provide parameter setting for the
object in/out-of-bound and object with velocity above a
threshold unusual pattern cases respectively, (iii) selectionto
visualize either only the raw video or the extracted
information as superimposed layers related to the object
detection (i.e., the bounding boxes), object tracking (i.e.,
object id’s or potentially their tracking trajectories), the
calculated velocity of the tracked objects, and drawn polygons
or lines, (iv) map in which the geolocations of the
detected/tracked objects and the geolocation of the drone are
displayed, and (v) display information related the extracted
events coming fromthe selected assets. It should be noted that
the Ul is web-based, thus, it is able to be shared to other
external systems, C2 platforms, COPs,and HMIs.

Fig. 5. Sample of the Ul of the INUS-UPE platform

VII.  CONCLUSIONS

Recent technological advancements in safety, crisis
management, and situational awareness applications adopt
machine/deep learning frameworks, advanced image
processing and computer vision, and crowd dynamics
methods. In this context, this paper introduces an integrated
tUAS, namely INUS-UPE platform, for video-based crond
dynamics and unusual pattern extractionthat exploits several
key features and state-of-the-art technologies. The related
architecture and hardware and software components were
described as well as representative experiments from free
available datasets were performed. Dueto the modular design
and flexibility of the INUS-UPE platform, several extensions
and enhancements canbe made in futurework for adaption to
several applications and to adopt more types of unusual
pattern cases or to include multiple objects of interest and
types ofthem. Also, additional experiments will be perfomed
in future work for several: (i) types of scenes via extended
real-time flights, (ii) light conditions (e.g., night, day), (iii)
types of camera sensors (e.g. RGB, thermal), and (iv) viewing
perspectives.
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