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A B S T R A C T

The growth of data-driven approaches typical of Machine Learning leads to an ever-increasing need for large
quantities of labeled data. Unfortunately, these attributions are often made automatically and/or crudely, thus
destroying the very concept of ‘‘ground truth’’ they are supposed to represent. To address this problem, we
introduce HUM-CARD, a dataset of human trajectories in crowded contexts manually annotated by nine experts
in engineering and psychology, totaling approximately 5000 hours. Our multidisciplinary labeling process has
enabled the creation of a well-structured ontology, accounting for both individual and contextual factors
influencing human movement dynamics in shared environments. Preliminary and descriptive analyzes are
presented, highlighting the potential benefits of this dataset and its methodology in various research challenges.
1. Introduction

The integration of intelligent systems within human environments
is a reality that encompasses a wide range of domains and aims to
become increasingly pervasive. In this context, one of the most ex-
citing challenges is being able to transfer to such intelligent systems
the ability to identify and understand human behaviors within real
environments. In fact, humans show a natural ability to anticipate
others’ movements, avoiding potential dangers and obeying to social
rules as greetings, group synchronous movements, avoiding collisions,
etc. This ability is almost instinctive and linked to complex and not
yet understood learning mechanisms, which inevitably fail to generate
adequate mathematical models.

In recent years there has been a growing interest within the scien-
tific community for these issues, linked both to purely research fields
and their applicability within social and industrial domains as: ab-
normal behavior detection [1], emergency responses management [2–
4], infrastructure design [5], transportation systems development [6,
7], autonomous navigation systems [8], socially aware robots [9],
and more. The interest is mainly supported by the incredible results
achieved in the field of Machine Learning, particularly through Deep
Neural Networks. Despite great strides, even the most modern sys-
tems [7,10,11] currently show a marked inability to capture human
behaviors in complex scenario. In particular, crowded environments
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still prove to be particularly challenging, mainly because the increase
in persons’ density causes occlusions and overlaps as well as producing
additional constraints among the various agents to be modeled. One
of the main problems in this area is related to the lack of adequate
video datasets on which to train and evaluate intelligent systems.
Indeed, many of the existing video datasets do not consider crowded
scenes and/or show semi-automatic and incomplete labeling. Further-
more, despite representing fundamental traits for understanding the
scene [12–14], no one seems to have ever considered the psychological
aspects linked to the heterogeneity of humans’ conducts.

This work develops within the Socially-Aware Learning through
Interactions in Crowded Environments (SALICE) project, whose ob-
jective is precisely to overcome the previous limitations by adopting
a multidisciplinary approach. Aiming to combine social and techni-
cal expertise, this paper presents the HUM-CARD video dataset, a
dataset hand-labeled by experts from various fields in order to gain a
better understanding and description of human behavior in crowded
environments.

In particular, a team comprising nine experts specializing in psy-
chological and engineering disciplines dedicated approximately eight
months to defining and labeling this dataset. The decision to limit the
group size was based on considerations of organizational and manage-
rial feasibility, facilitating mutual oversight among experts during the
vailable online 21 May 2024
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labeling process. In total, the labeling process consumed approximately
5000 hours thus far, accounting for the time contributed by each
individual expert.

Each pedestrian is identified by a specific ID, assigned to a
bounding-box that suitably adapts to the shape and movements of the
human it refers in the scene. Through an annotation ontology, any
information deemed capable of representing an important feature for
behavioral analysis (gender, age, current type of interactions, etc.) was
added to the agent. Finally, a preliminary analysis is conducted of the
possible benefits that this type of dataset can bring to multiple research
fields.

2. Crowded environments

Many macroscopic and microscopic models have been proposed to
operationalize the rules underlying collective motion patterns and indi-
viduals’ interactions in crowded environments. Among these, physics-
based ones are currently the most used to examine pedestrians’ behav-
iors. Some examples are fluid-dynamic models, which represent global
characteristics such as speed and density by considering the crowd as an
entity subject to the same physical rules applicable to fluids, and those
based on social forces, which consider the behavior of pedestrians by
modeling attractive and repulsive rules to reflect different external and
internal motivations [15,16].

More recently, some visual-based models, adopting a cognitive sci-
ence approach to the collective behaviors modeling, have suggested
that the local interactions among agents and their physical surround-
ings are driven by visual and cognitive heuristics, which allow indi-
viduals to make decisions under time pressures or a large information
load [17,18]. Although the literature reports a variety of pedestrian
models tested through experimental or simulation techniques, existing
works on the human behavior in real-world crowded environments
still lacks reliable data on pedestrians’ features and a comprehen-
sive classification of complex crowd behaviors [19,20]. However, such
difficulty is understandable when considering the multiple internal
and contextual factors that influence the human behavior in shared
environments.

On a psychological level, when humans perform an action there are
several internal processes that drive their behavior: the desired future
goal (e.g., ‘‘I want to arrive as fast as possible at the destination’’); the
beliefs orienting the decisions (e.g., ‘‘I think this is the best path to
arrive to the destination’’); the way the objective is achieved (e.g., ‘‘I
do not want to be harmed in reaching the destination’’) [21]. Moreover,
pedestrians usually vary previous choices along the path to reach their
goals, making different intermediate decisions that influence both the
evolution of trajectories and changes in speed [22]. Obviously, these
internal aspects are inextricably related to the surroundings’ character-
istics [6]. In fact, they concern both static and dynamic entities that
compose the environment, such as the physical configuration of the
space, the road layout, the lighting, the speed and density of the other
agents, as well as the weather conditions.

Other contextual factors are those related to the cultural, demo-
graphic, and physical features of the pedestrians [13]. Cultural differ-
ences are particularly evident precisely in crowded contexts, suggesting
that the speed of Indian pedestrians is less influenced by the density
of people than that of German pedestrians [23], and that continental
Europeans prefer to avoid collisions by moving to the right side while in
Japan and Korea the left side is more frequently chosen [24]. Regarding
physical characteristics, gender differences are commonly found in
pedestrian behaviors [25]. Many studies report that male and female
pedestrians differ both due to microscopic movements characteristics,
including step-length, walking speed, pace or gait [26–28] and to rule
compliance degree and risk-taking behavior [29]. Findings suggest
that males walk faster, tend to wait for shorter amounts of time and
infringe more rules when crossing a roadway compared to females, who
2

generally engage in safer behavior. Furthermore, age also appears to
be associated with differences in walking behavior. More specifically,
there is a general agreement on the hypothesis that walking speed
declines with age [30,31]. This may be ascribed to cognitive and motor
changes that slow down movements in the elderly. In this context,
factors like exhaustion, perceived fatigue, and stress may also influence
walking behavior [32,33].

2.1. Interactions

In a multi-agent setting, special attention should be paid to interac-
tions between pedestrians. Interactions play a pivotal role in shaping
the actions that agents undertake on the scene, thus defining the
relations among them. These relations represent the foundation on
which social groups are built.

Although the most accurate description of social groups identifies
them as three or more people perceived (by themselves or others) as a
group [34], this definition is usually also extended to dyads, typically
considered social groups in the field of human motion dynamics [35].
Despite the lack of a univocal definition of social groups in pedestrian
crowds, there is a general agreement on the effects that they may exert
on the collective dynamics on different observational levels.

From a macroscopic point of view, the presence of social groups
influences the influx and density of the crowd [36]. Indeed, various
studies report that social groups move more slowly than individual
pedestrians, slow down the average speed of crowd flow, and are
associated with larger empty space around group members [37,38]. At
the microscopic level, however, social groups exhibit specific config-
urations and patterns that influence movements and trajectories [39].
This level of observation concerns the typical arrangements that social
groups adopt when they move in space, mainly motivated by strategies
that favor communication and interaction between group members and
which at the same time aim to avoid collisions with other pedestrians
present on the street. scene [39–41]. For instance, it has been found
that large groups (more than 6 people) tend to split into smaller
groups in order to preserve the members’ relative positions [40], while
members of dyads generally walk side by side, with a distance of ap-
proximately 80 cm between their centers of gravity. Conversely, triads
walk by forming a V-shape, with the pedestrian in the middle walking a
little bit behind the others, a pattern that typically turns into a U-shape
when the number of members increases to 4 or 5 people [39,42–44].

However, just as the presence of a group affects the crowd dynam-
ics, crowd features can also force the group structure. For example, as
crowd density increases, the spatial arrangement on the group tends to
narrow laterally, forming a river-like configuration [45]. In conclusion,
there is a considerable corpus of literature corroborating the mutual
relationship between pedestrian interactions within social groups and
collective dynamics. Given their importance in modeling the evolu-
tion of human trajectories in a shared space, these aspects cannot
be excluded or superficially evaluated within the datasets needed to
train and test modern intelligent systems, since the reliability of such
methods is strictly linked to the quality of the information provided as
ground truth.

2.2. Pedestrian datasets: state-of-art

A bibliographic search of the existing datasets for human trajectory
forecasting and/or pedestrian detection tasks has been performed to ex-
amine the unexplored aspects in the literature and identify alternative
solutions for data collections. Two of the most used datasets for this
purpose are the UCY [46] and the ETH BIWI Walking Pedestrian [47]
datasets. Both of them contain real videos with rich multi-human
interaction scenarios collected in public spaces with a top-view camera
(captured at 2.5 Hz).

The UCY dataset contains four sequences (two relating to an urban
street and two collected on the university campus), resulting in a total
of 17′13′′ of video in which the trajectories of over 700 pedestrians



Information Systems 124 (2024) 102409G. Di Gennaro et al.

w
s
w
a
t
w
a
i
(

U
(
t
s
o
f
p

f
T
h

c
t
v
T
s
t
w
s
3
T
i
u

r
a
t
6
u
c
p
s
a
s
s
a
i
o
(
t

2

p
i
f
t
w
i
t
t
H

were semi-automatically detected. The ETH BIWI dataset, on the other
hand, consists of two pedestrian scenes (an urban street and the uni-
versity campus of ETH Zurich) in which the positions and speeds of
approximately 650 pedestrians were manually annotated over a total
of 21′32′′ of video.

Another well-known dataset is the Stanford Drone Dataset [48],
hich includes different types of targets (pedestrians, bicycles, cars,

kateboarders) moving around the Stanford university campus. Videos
ere recorded through a 4k camera mounted on a drone (1400 × 1904)
nd data consists of more than 100 different top-view scenes with a
otal of 20 000 semi-automatically annotated targets and trajectories
ith bounding boxes. In addition to pedestrian trajectories, annotations
lso specify two types of auto-detected interactions: the target-target
nteraction (e.g., a cyclist avoiding a pedestrian) and the target-space
e.g., a cyclist going around a roundabout).

Similarly, the Edinburgh Informatics Forum Pedestrian dataset [49]
was also collected on the university campus from a bird-eye perspec-
tive, and consists of more than 92 000 automatically captured trajec-
tories of pedestrians in an open space at the University of Edinburgh.
Although the specifications mention the use of a 640×480 px camera at
9 fps (excluding program crashes), the dataset lacks raw images; it only
provides bounding boxes for the targets and an RGB histogram of the
associated pixels. The PETS 2009 dataset [50] is instead noteworthy
precisely for the quantity of images made available, consisting of three
video sequences recorded through 8 monocular cameras (768 × 576
or 720 × 576) from different perspectives of a public space in the
Whiteknights Campus, University of Reading (UK).

The DUT dataset [51] was collected on the campus of Dalian
niversity of Technology (DUT) in China, with a DJI Mavic Pro drone
1920 × 1080 at 23.98 fps), considering areas accessible to both pedes-
rians and vehicles. The dataset consists of 17 pedestrian crossing
cenarios and 11 shared space scenarios near a roundabout, for a total
f 1793 automatically annotated trajectories. The ATC dataset [52]
eatures videos captured by 3D range sensors (10–30 Hz) in a shop-
ing center spanning 900 m2 for 92 days. The tagging was performed

manually over just two days in November, extrapolating the position,
speed, height and body angle of the 407 pedestrians.

A similar dataset collected from publicly available webcams is the
Mall dataset [53], which includes head position annotations of 60 000
pedestrians, automatically labeled in 2000 frames in JPEG format (640×
480 captured at <2 Hz). Another indoor dataset is the Grand Central
Station (GCS) one [54], which consists of a black and white video whose
duration is 33′20′′ (720 × 480 at 25 fps). In the original work only a
small number of the total paths were automatically annotated, but in a
subsequent work [55] the same video was used to manually annotate
the paths of all the 12 684 pedestrians.

A different class of datasets includes video sequences from vari-
ous urban environments, such as those provided by the Multi-Object
Tracking Challenge (MOT).1 The MOTs datasets [56–58] contain video
sequences in unconstrained environments, classified according to type
of camera (static and moving), viewpoint (high, medium, low) and
weather conditions (sunny and cloudy). Annotations were made fol-
lowing a protocol which was not the same across the sequences. They
include three possible categories: moving or standing pedestrians; peo-
ple that are not in upright position; vehicles and obstacles. Also, the
VIRAT video dataset [59] is a collection of 16 different video sequences
recorded in outdoor scenes. Data consists of 25 h of recordings made
with stationary ground HD cameras (1080p or 720p, at a 25–30 Hz)
with varying viewpoints. Tracks of bounding boxes for moving objects
were annotated through Mechanical Turk, whereas events annotation
were identified by experts. Event types were categorized into three
different classes: single person events (e.g., walking, running, standing);
person and vehicle events (e.g., getting in or out of a car, bicycling);

1 https://motchallenge.net/.
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person and facility events (e.g., entering or exiting a facility). Within
the human trajectory prediction context, the TrajNet meta-dataset [60]
represents a large-multi scenario forecasting benchmark. TrajNet is de-
fined as meta-dataset since it combines annotations from four datasets:
ETH BIWI Walking pedestrian, UCY, the Stanford Drone and the PETS,
for a total of 11 448 trajectories.

2.2.1. Datasets in controlled environments
The mentioned datasets were collected in real environments (shop-

ping malls, urban streets, or university campuses), while an entirely
different class of human motion datasets are those developed under
controlled conditions. An example is represented by the bottleneck
dataset [61], which focuses unidirectional pedestrian flow through
bottlenecks under experimental conditions. The experimental setup was
arranged at the Central Institute for Applied Mathematics (ZAM) of
the Research Centre Julick. Participants were ZAM students and staff
who were asked to walk at normal speed from a waiting area through
a narrower corridor without pushing others, to examine crowd flow
formation. The setup was filmed by two cameras (720 × 576 at 25
ps) located above the center and on the entrance of the bottleneck.
rajectories were annotated by manually marking the center of the
ead of each person.

The CITR dataset [51] consists of experimentally designed vehicle-
rowd interaction scenes. Data was collected in a parking space close
o the Control and Intelligent Transportation Lab at the Ohio State Uni-
ersity, through a DJI Phantom 3SE drone (1920 × 1080 at 29.97 fps).
o test the influence of a vehicle on pedestrian behavior, six different
cenarios were carried out: three of them entail only pedestrians, and
he remaining ones entails both a vehicle and pedestrians interacting
ith each other. Pedestrians were members of the lab which were in-

tructed to walk from a starting point to a specific destination. In total,
8 videos were recorded including about 340 pedestrian trajectories.
he tracking of pedestrians’ and vehicles’ locations was automatically

nitialized upon entering the crosswalk region of interest and stopped
pon exiting, with only initial positions manually annotated.

Finally, the recent THOR dataset [62] was developed for a human–
obot navigation study. It includes motion trajectories of individuals in
n indoor experimental setting, featuring interactions between pedes-
rian groups and a robot navigating through varied obstacles. Over
00 participants and group trajectories have been recorded in 60 min-
tes. To collect motion trajectories, the Qualisys Oqus 7+ motion
apture system (100 Hz) with 10 infrared cameras placed on the room’s
erimeter was used. The experimental procedure required to assign
ocial role and tasks to the participants in order to mimic typical
ctivities observed in crowded spaces. Three social roles were con-
idered: visitors (i.e., participants walking alone or in group in the
pace), workers (i.e., participants carrying boxes around the space)
nd inspector (i.e., a lone participant moving between multiple targets
n the space). The dataset includes 13 scenes in 3 different conditions:
ne obstacle (i.e., no robot and one obstacle in the space), moving robot
i.e., the robot is moving, and one obstacle is included in the space),
hree obstacles (i.e., three obstacles and no robot in the space).

.3. Behavior classification

The description just made on existing datasets obviously has the
rimary purpose of determining the state of the art on the topic and
dentifying unexplored aspects of the annotated datasets, which require
urther considerations. In this regard, the reviewed literature suggests
hat most datasets are automatically or semi-automatically annotated,
hich can cause a biased and noisy evaluation of the underlying

nformation. Other problems are related to the length of the considered
rajectories, which are often not long enough to achieve the predic-
ion tasks, or to the relatively moderate number of annotated agents.
owever, more important seems to be the fact that both pedestrian
nd group features are usually discarded during the annotation process,
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Table 1
Description of the behavioral labels used in human trajectory prediction and detection fields.

Behavior Description Reported in:

Side-by-side Agents walking side by side in a line perpendicular to the direction. [39]

Collision avoidance or Steering An agent adjusting trajectory to avoid another agent coming from the opposite
direction.

[64,65]

Forming lane Agent in unidirectional pedestrian flow, moving in river-like configuration. [66]

Group More agents moving together by keeping a close and consistent distance with at
least one neighbor on his/her side during the entire scene.

[46,64]

Halting A single agent (not part of a pedestrian flow) that stops to let another agent pass
ahead of him/her, to avoid a collision.

[67]

Holding hands An agent (stationary or in movement) holding hands with another one. [13]

Imitation An agent modifying his/her trajectory or destination to move in the same direction
of the other agents nearby (emergency situations).

[68]

Passing An agent increasing his/her walking speed to pass another agent(s). [67]
Pause to look at something An agent interrupting his/her walk to visibly direct the attention towards something. [46]

Person following or Leader following An agent following the trajectory of the other agent in front of him/her (leader)
towards a common destination.

[64,69]

Physical interaction An agent physically touching another or other agents (high crowd-density situation). [68]

River-like A configuration characterized by the presence of a leader who guides the other
member(s) in crossing the space in a riverlike pattern.

[41]

Smooth collision avoidance An agent avoiding another agent by just moving his/her body without changing the
original trajectory.

[46]

Splitting An agent which temporarily splits from the rest of his/her group to re-join it after
the obstacle has been passed.

[70]

Stationary crowd behavior More than two agents being part of a stationary group of people. [71]

Stop-And-Go An agent in a pedestrian flow that stop to let another agent pass ahead of him/her
(applies to bottleneck; bidirectional flows).

[66]

U-shape A group configuration in which an agent is part of a group with more than 3 agents,
in ‘‘U’’ like walking pattern.

[39]

V-shape A group configuration in which an agent is part of triad in ‘‘V’’ like walking pattern. [39]
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focusing exclusively on trajectories and omitting classification in terms
of age, gender, group relations or their configurations in space (for
a review, see [63]). To introduce such characteristics it is therefore
necessary to first create a taxonomy of pedestrian behaviors, individu-
ally or in groups, which can be used in the fields of human trajectory
prediction and/or detection. Searching for these peculiarities in the
literature, Table 1 shows the list of the main behaviors, their short
description and references.

3. HUM-CARD

With the aim of introducing the behaviors just listed into the
pedestrian annotations of real crowded scenarios, the Human Crowded
Annotated Real Dataset (HUM-CARD) was therefore created. For this
purpose, an Annotation Ontology (AO) was defined, consisting of a
systematic nomenclature of the collective and individual characteristics
of human movement chosen to manually annotate the selected videos.
The latter represents the most important part of the annotation process,
which will ultimately consist in the application of this ontology to
assign the various behaviors both to individual pedestrians and to their
configurations as a group.

3.1. Dataset creation

Before introducing the ontology, and independently of the previ-
ous bibliographic research, a further research phase was conducted
to identify potential videos that include the crowding characteristics
underlying the entire project. Further refinement was then carried out
to exclude the videos:

• not public;
• based on video recordings from cameras mounted on moving

vehicles;
4

• related to the top-view and/or first perspective of the agents.
While the ultimate goal is to continue annotating the set of videos
exhibiting the above-mentioned characteristics, currently only three
videos have been selected for the time-consuming manual annotation
process.

The first video is black and white surveillance footage recorded
in a shopping mall (Fig. 1(a)) and available for free on the YouTube
website.2 It has a duration of 13 seconds, contains 341 frames (720 ×
280 at 25 fps) and is in MP4 format (2.99 MB). The second video was a
equence extracted from the UCY dataset [46] (Fig. 2(a)). This is one of
he sequences recorded on the university campus, the duration of which
s 3′36′′ for a total of 5405 frames (576 × 720 at 25 fps). This video is also
n MP4 format (64 MB). The last video is represented by the black and
hite surveillance footage of Grand Central Station in New York City
xtracted from the GCS [54] dataset (Fig. 3(a)), which, as mentioned,
as a duration of 33’20’’ for a total of 50 010 frames (captured at 25 fps).
he original format of the downloaded video was AVI (1.1 GB), but

t was converted to MP4 to facilitate the subsequent labeling process.
or the same purpose, the video was split into three segments (each
bout 11 minutes long) using Avidemux editing software An example
eaturing images cropped from the center of 10-second segments of the
hree videos used is shown in Fig. 4.

To facilitate the annotation process, all videos were initially up-
oaded to the Labelbox platform.3 Labelbox provides users with an
nline tool that enables efficient data management, while also provid-
ng various data labeling tools. This choice was mainly dictated by
wo reasons: an intuitive and user-friendly interface, and the ability
o develop a well-structured ontology, including all the information of
nterest and their interrelationships.

The approach used for video labeling involves manually creating
bounding box for each agent present in the scene (Figs. 1(b), 2(b)

2 https://www.youtube.com/watch?v=WvhYuDvH17I.
3 https://labelbox.com/.
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Fig. 1. Example frame from YouTube video (a) and the corresponding annotation (b).
Fig. 2. Example frame from UCY video (a) and the corresponding annotation (b).
Fig. 3. Example frame from GCS video (a) and the corresponding annotation (b).
and 3(b)). Having chosen to work directly on the image plane (avoid-
ing transformations that can strongly depend on the precision of the
context data), the size and shape of each bounding box is adapted in
each frame, based on the movements observed. The annotation of each
frame is also necessary to correctly specify the individual and collective
characteristics of the various agents, which may be subject to possible
state changes (for example, an agent can stop and start walking again at
subsequent instants of time). The labeling process included observing
the subject at different time intervals and conducting a double-blind
check among multiple experts for any doubtful cases.

3.2. Limitations and difficulties in the labeling process

Nonetheless, there are some difficulties related to particular videos,
which currently limit the annotation process. These problems have
so far mainly concerned the Grand Central Station video, which due
to its technical characteristics (lack of colors and limited resolution),
5

has hindered the creation of bounding boxes for some pedestrians
due to the high density of them in specific points of the scene. The
same reasons have also made difficult to reach a unanimous consensus
regarding some characteristics of particular pedestrians. This led, for
example, to limiting the age options to the child/adult dichotomy, as
any attempt at further precision on the age range (e.g. child, adolescent,
middle-aged, elderly) was not possible. Finally, the density of agents
and the variety of their behaviors on the scene significantly influence
annotation times, putting a strain on both the workload and the com-
puting power of the Labelbox platform. However, having omitted the
labeling of some agents represents only a temporary choice which will
certainly be compensated for later. In fact, it should be noted that
the annotation process is still ongoing and that the dataset will be
periodically updated.

While Labelbox has proven to be an effective annotation tool, it too
ultimately poses various limitations. The first is related to the creation
of the ontology, which allows only a finite number of options to be
generated in the subclassifications. Additionally, Labelbox only allows
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Fig. 4. Example featuring cropped images extracted from a 10-second segment of the three videos, using the same zoom level for all. YouTube’s image is on the left, UCY is in
the center, and GCS is on the right.
you to work online, which means the annotation process is some-
times affected by bandwidth and connection speed. Thus, a significant
portion of the labeling was conducted using custom Python software,
allowing for the expansion of options that could not be entered directly.

3.3. Annotation ontology

An ontology can be viewed as an organized collection of termi-
nologies denoting various types of entities found in the real world
of interest. Its primary purpose is to comprehensively represent and
classify the entities within a specific domain of knowledge. In simpler
terms, ontologies serve as well-structured systems of naming entities,
wherein the terms are arranged hierarchically in order to improve the
6

systematic understanding and analysis of the domain of interest. To cre-
ate our AO, we initially examined potential motion behavior categories
based on existing literature on human trajectory prediction [19,62,72–
74]. Subsequently, these categories were specifically expanded through
the creation of further terms that took into consideration elements
present in the various videos examined.

As already mentioned, the Labelbox platform was used to build
the AO, which allows the specification of the main object, its sub-
classifications, related options and the annotation input type. With the
exception of the numerical values reserved for IDs, only two types of
input were used: the radio control, which requires the choice of a single
option from a list of alternatives, and the checklist, which vice versa
allows the selection of multiple options. The main classes of our AO
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are represented by the following characteristics, linked to the bounding
box of each agent.

• ID (Number, mandatory): represents the unique numeric value
assigned to each agent in the scene.

• Action (Radio, mandatory): describes the type of movement of the
agent in space.

• Age (Radio, mandatory): determines whether the agent is an adult
or a child.

• Gender (Radio, optional): defines the gender of the agent, when
it is recognizable.

• Detail (Checklist, optional): contains several options that describe
some characteristics that could influence the movement behavior
of the agents.

• Group (Checklist, optional): establishes whether the agent belongs
to a group or not, possibly linking it to the IDs of the other
members of the same group.

• Group Type (Radio, optional): highlights, if the agent belongs to
a group, the possible physical configuration of that group.

• Group Role (Radio, optional): in particular group configurations,
this characteristic defines whether the agent takes on the role
of follower (the agent considered follows the other agent/s) or
leader (the agent considered precedes the other agent/s).

• Collision (Checklist, optional): it is a list of agent IDs that physi-
cally collides with the considered agent.

• Holding hands (Checklist, optional): it is a list of agent IDs that
holds hands with the considered agent at a particular moment in
the scene.

• Partial view (Checklist, optional): specifies whether or not the
agent appears completely in the scene, identifying visible body
parts including legs, arms, torso and head. In fact, when an agent
enters or exits the scene, his bounding box will only include a part
of his body, which will be highlighted through this feature.

The details of the possible options not defined in the list of previous
classes, and fundamental for the definition of the labeling protocol
followed, are finally reported in Table 2.

To illustrate the completeness and complexity of the scenarios de-
fined by the ontology, Fig. 5 presents a single agent tracked over several
steps, with corresponding main labels for each moment.

4. Results and strengths

The definition of an extremely varied AO, which uses most of the
indications coming from various branches of literature, has allowed us
to define a labeling process that could significantly contribute to the
field of modeling human behavior in crowded environments. Adding
more features to the various agents within video datasets is of fun-
damental importance to enrich the understanding and improve the
performance of analysis and prediction models, especially considering
that existing datasets completely lack such additional information.
Introducing details on the individual characteristics of the agents (such
as age, gender, etc.) allows us to more precisely model human behavior
in specific contexts. On the other hand, adding information about
social interactions can improve understanding of relationships between
people. This is particularly relevant in contexts such as surveillance or
analyzing behavior in crowded spaces. Moreover, additional features
give models more information on which to base their predictions. For
example, understanding whether a person has a backpack could be
crucial to predicting their path in certain situations.

4.1. Dataset statistics for additional features

Analysis of the three videos included in our dataset reveals a vari-
ety of crowded contexts and human movement dynamics. Each video
captures real-world scenarios, providing a broad spectrum of situations
7

Fig. 5. Example extracted from GCS, illustrating the tracking of a single agent and
highlighting the main labels associated with various moments in time. The agent is
highlighted in green, while the other members of the groups that form are shown in
blue.

that can be explored through manual annotations. Interesting, in this
context, is the analysis of the statistics relating to the presence of
particular additional characteristics, which alone seem to be able to
identify the reference scenario.

In particular, for the first video extrapolated from YouTube, in
which all agents have been completely labeled, almost only people
considered adults are observed. This characteristic corroborates the
idea that the filmed area is far from the play areas typically found
in shopping centers, and the greater presence of the male gender
(Fig. 6(a)) suggests the proximity of specific shops (e.g., men’s cloth-
ing). The excessive presence of bags or packages carried (Fig. 6(c)) also
reinforces the awareness of being in a shopping center, where most of
the groups are actually made up of dyads placed side by side (Fig. 6(b)).

Similarly, in the UCY video the observation of an external envi-
ronment is also identified by the almost uniform presence of gender
(Fig. 7(a)).

Although even in this case the presence of transported objects is
high (after all, we are on a university campus, where the presence of
bags is inevitable) it is however almost compensated by the total of



Information Systems 124 (2024) 102409G. Di Gennaro et al.

a
o
p
c
t

d
t
l
l
i
t
(
t

4

d
a

Table 2
Sub-classification’s options of the annotation ontology.

Class Option Description

Action

Walk The agent is moving through the scene or is wandering around with no specific
destination.

Paused The agent is not moving on the scene or stops for few seconds. In the frames
considered the bounding box’s position is not changing.

Run The agent is running through the scene.

Detail

Mobile phone The agent (moving or not) is focused on the phone screen and not paying much
attention to the path.

Waiting for The agent is on pause, visibly waiting for someone (e.g., another agent) or
something (e.g., his/her turn).

Observing The agent (moving or not) is observing something other than the phone (e.g. a
newspaper, the train timetable, etc.).

Carrying something The agent is carrying something (e.g., a bag, a backpack, a trolley, a cup, etc.).

Sitting The agent is sitting somewhere on pause.

Leaned The agent is leaning against a wall.

Go up The agent is walking up a flight of stairs.

Go down The agent is walking down a flight of stairs.

In line The agent is waiting in a queue (e.g., to buy a ticket, at the info point, etc.)

On a call The agent (moving or not) is on a phone call. This event is different from looking at
the phone screen, where the agent’s attention is divided between the screen and the
path ahead.

Briefly interact Two or more agents briefly interact with each other (e.g., an agent asking something
to another). The interaction is rapid and not prolonged in time. This label is not
assigned to the members of the same group.

Group type

V-shape A group of 3 or 4 moving agents, whose structure shows a central position moved
slightly behind or ahead of the others.

Side-by-side Two or more members of a group (moving or not) placed side by side.

River-like Group members which are walking in a single line.

Circle Groups with more than 2 members which are in a circle.

Face-to-face Dyads in which the two agents are one in front of the other.
Fig. 6. Label distribution for three different main classes of YouTube video.
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ll the other possible activities (Fig. 7(c)). Furthermore, the location
n a university campus also appears to be supported by the large
resence of groups (Fig. 7(b)) compared to the total of adult agents
urrently labeled. Finally, the greater crowding is also observed from
he collisions observed.

In the last video, corresponding to the Grand Central Station (GCS)
ataset, more than 300 agents have been completely labeled. However,
he number of children remains very low, which is normal given the
ocation in a train station. Interesting is once again the fact that the
uggage (Fig. 8(c)) actually represents a clear element of the context
n which this video was made. Furthermore, also in this case, as in
he first video, the presence of the groups seems less preponderant
Fig. 8(b)), although the groups present take on more varied facets in
heir typology.

.2. Comparison with automatic detection

The importance of focusing on crowded environments (also intro-
ucing bounding boxes that take into account the dimensions of the
gent on the image plane), is represented by the difficulty with which
8

the various tasks can currently be carried out by modern automated
systems. To provide a demonstration of this, Fig. 9 illustrates the results
obtained on the same three frames extracted from the scenarios consid-
ered (see Figs. 3(b), 2(b) and 1(b) for comparison) of the application
of the YOLOv7 model, currently considered state of the art.4

As we can observe, several pedestrians are not detected, due prob-
bly to very crowded environments, the too small dimension of the
edestrians or the presence of shadows. These results show how an
utomatic detection, even though highly performant as YOLOv7, is
ot able to solve the problem of the detection of pedestrians in very
rowded scenarios and further demonstrate the need for the type of
ataset created.

. Future research directions

We think that the realm of predicting human trajectories based
n their interactions is very promising and, for this reason, we will

4 https://github.com/WongKinYiu/yolov7.



Information Systems 124 (2024) 102409G. Di Gennaro et al.
Fig. 7. Label distribution for three different main classes of UCY video.
Fig. 8. Label distribution for three different main classes of GCS video.
Fig. 9. Application of the YOLOv7 model to frames extracted from the three videos.
continue to enhance the dataset with new annotations and/or different
considered scenarios. To facilitate research in this domain, a dedicated
web page will be maintained, providing users with access to the dif-
ferent versions of the dataset (https://mlunicampania.gitlab.io/hum-
card/). This web page will serve as a central hub for researchers
and practitioners that will be able to explore various approaches and
create interdisciplinary collaborations combining insight from com-
puter vision, behavioral psychology, and urban planning to develop
holistic models that take in account environmental and human-centric
variables. The HUM-CARD dataset, composed of labeled videos of
pedestrians in various movement scenarios, along with their interaction
types, represents a valuable resource for the study of Multi-Agent
Systems (MAS) in different contexts. Some research perspectives related
to the HUM-CARD dataset can be:

• Behavioral Modeling: considering the labeled interactions, the
researchers can identify patterns, norms, and deviations useful
in different contexts such as video-surveillance, emergency, big
events’ management, etc. [75,76].

• Agents’ Simulation: the labeled pedestrian interactions allow to
develop and validate simulation models of pedestrian’s move-
ment. For example, researchers can use this data to design agents
that mimic the observed pedestrian behaviors, enabling simula-
tions that closely resemble real-world scenarios [77–80].

• Human-Robot Interaction: In the context of MAS, understanding
how pedestrians interact with each other is crucial for developing
effective human–robot interaction strategies. This dataset can aid
in the design and evaluation of robotic systems that navigate
among pedestrians in a socially acceptable and safe manner [81,
82].
9

• Traffic Flow Optimization: understanding how people move can
play a significant role in the traffic flow modeling and control in
both indoor and outdoor spaces [83,84].

• Human-Centric Design: Architects and urban planners can benefit
from insights gained through the dataset to create human-centric
designs for public spaces. Understanding how pedestrians interact
with the environment and each other can be used to enhance
user experience, safety, and security in public spaces. The dataset
can be used to identify potential risks, vulnerabilities, and factors
influencing pedestrian safety, aiding in the design of safer urban
environments [85].

6. Conclusion

The current work proposes the HUM-CARD annotated dataset, with
the aim to contribute knowledge in the field of the modeling of human
motion behaviors in shared environments. The dataset may represent
an innovative attempt for solving some still debated issues related to
human trajectory forecasting and detection. Indeed, starting from a
comprehensive bibliographic search, many individual and contextual
factors, which have been overlooked in the literature, have been here
considered in the definition of the methodology underlying the dataset
creation. In this regard, the paper provides an organized ontology of
the human behaviors which could be observed in crowded spaces, by
considering both individual and relational features. Such categories
have been used in the labeling process of three selected videos, which
depict different types of outdoor and indoor spaces and differ from each
other in terms of crowd density and contexts.
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V

),
The proposed ontology seems to be applicable to all the considered
environments, supporting its suitability and replicability features. Anal-
yses performed on the collected annotations suggest that the dataset
entails actions and relationships among pedestrians reflecting a wide
range of individual and interactional behaviors in shared environments.
Furthermore, the comparative analysis results support that the pro-
posed dataset is able to provide more accurate information compared to
one of the most performing models in the field. Overall, the HUM-CARD
dataset may represent a valuable benchmark for human detection and
trajectory forecasting, with many possible applications both in the
academic and practical domains.
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