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Abstract
In this paper, we focus on the crucial task of understanding and modeling pedestrian behavior, which
is essential for numerous applications. We introduce a semantic representation of pedestrian crossing
behavior. The representation is to capture the sub-events within a behavior and the spatial-temporal
evolution of interactions between pedestrians and other objects involved in crossing events. We demon-
strate its practical application by utilizing it to analyze pedestrian crossing behavior from road user
movement data (i.e. trajectories). By constructing a knowledge graph from detailed road user dynamics
data using this representation, we enable queries that address safety concerns related to pedestrian
crossing behavior, aiding traffic engineers in their work on urban traffic infrastructure design.
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1. Introduction

Vulnerable road users, such as children, the elderly, and disabled individuals, are integral to
the dynamics of city traffic. They play essential roles in establishing a sustainable, active, and
inclusive mobility environment. Therefore, understanding and modeling pedestrian behavior is
fundamental for many applications, including traffic flow analysis, traffic safety improvement,
urban planning, and intelligent driving systems. Pedestrian crossing behavior is one of the
main aspects of pedestrian behavior that has been studied in numerous research studies [1]. It
involves the actions and movements of pedestrians while crossing streets or roadways, often
guided by traffic signals, road markings, and traffic conditions.

Traditionally, stochastic, linear regression, and discrete choice models are used to build an
understanding of how pedestrians make crossing decisions considering various factors related
to people, roadway, traffic, traffic controls and traffic rules [1, 2]. Parameters of the models
are estimated from survey and/or questionnaire data or manually screened video recordings.
More recently, agent-based modeling has been used to model road users as intelligent agents
attempting to make rational decisions in uncertain and complex situations. However, most work
has focused on modeling vehicle behaviors. Very limited studies dedicated to develop models
for other road users such as pedestrians [3]. Often, these studies focus on pedestrian-vehicle
conflicts and model pedestrians’ collision avoidance mechanism [4]. The parameters of the
models are typically calibrated by detecting and tracking road users from video data or using
results from literature.
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At the same time, researchers across diverse disciplines, such as computer vision, artificial
intelligence (AI), cognitive science, and neuroscience, have conducted numerous studies on
understanding human activities. Depending on their complexity, human activities can be
classified into different levels: gestures, actions, interactions, and group activities [5]. This paper
specifically focuses on understanding pedestrian crossing behavior on the level of human-object
interactions. Human activity is a spatial-temporal evolution of interactions [6]. Here, we
present a semantic representation of pedestrian crossing behavior, capturing sub-events of a
behavior and their temporal and spatial structures. Previous studies within computer vision
have suggested that a structured spatial-temporal representation can lead to more accurate
activity understanding and improve the performance of various computer vision tasks, including
image captioning and visual question answering [7]. Studies (e.g., [8, 9]) in the AI area indicate
that such a representation can cope with less training data by incorporating prior knowledge
and help to understand human activities.

In this paper we present the structured spatial-temporal representation of pedestrian crossing
behavior, and describe its application to gain an understanding of pedestrian crossing behavior
from recorded road user dynamics data. Utilizing the representation, a knowledge graph is
constructed from road user dynamics data. The queries over the knowledge graph can answer
safety related questions on pedestrian crossing behavior for traffic engineers and help with
their work on urban traffic infrastructure design.

The remainder of this paper is organized as follows: In Section 2, we introduce the methods
that have been employed to semantically represent human activities, particularly pedestrian
behaviors. In Section 3, we present our approach to semantically representing crossing behaviors.
Section 4 outlines the utilization of semantic representation within the context of traffic data
analysis for traffic engineers. Finally, the paper concludes the work in Section 5.

2. Related Work

Pedestrian behavior has been widely analyzed in various research works using a plethora
of methods. Nevertheless, understanding pedestrian behavior remains challenging due to
the inherent complexity of human activities. Despite the diverse analysis methods used, the
significance of semantic representation in understanding pedestrian behavior has often been
overlooked. Only a limited number of studies have explored the semantic representation for
pedestrian behavior.

Chai et al. [10] utilized fuzzy logic to model the cognitions and behavioral patterns of
pedestrians, in order to understand the effect of age and gender when pedestrians are crossing
a signalized crosswalk and jaywalking. Gharebaghi et al. [11] developed a mobility ontology
for people with motor disabilities (PWMD). Specifically, it considers the interactions between
people and both the social and physical environment. The ontology was used to support the
development of assistive technologies for the mobility of PWMD. Fang et al. [12] developed
an ontology defining various kinds of road users, including pedestrians, and describing their
relationships. The concepts from the ontology are used to define the rules for describing the
interactions between road users and to support rule-based reasoning for predicting road users’
behavior.



In this paper, we present a semantic representation of pedestrian crossing behavior. The
representation describes the dynamic evolution of interactions between pedestrians and objects
within the physical environment over time, capturing interactions in both spatial and temporal
dimensions.

In 1970, Hägerstrand [13] introduced the concept of a time-space path in understanding
human activities. This theory has laid the groundwork for trajectories that have been shown to
be useful in representing people’s movements. Inspired by Hägerstrand’s work, Orellana and
Renso [14] developed an interaction ontology. The ontology conceptualizes the characteristics
of pedestrian movement behaviour. It has focused on identifying various movement patterns
from time-space paths, and the different categories of interactions, spatial and temporal contexts,
behavior, and the high-level relations between these concepts. Logic-based reasoning is used to
categorize pedestrian movement behavior based on its movement patterns, interactions, and
contexts.

Meanwhile, in cognitive science and neuroscience, it has been recognized that segmentation
is a fundamental component of perception, playing a critical role in understanding activities.
People tend to perceive ongoing continuous activity as series of discrete events (or called
segments) [15, 16, 17]. The relationships between segments are encoded in partonomic hier-
archies [18]. Coarse segmentation is often related to objects’ locations and their goals, and
the causal relations between their actions. Fine segmentation is closely linked to changes
in the interactions between objects [19]. Building on these findings in cognitive science and
neuroscience, Ji et al. [7] proposed a spatial-temporal scene graph to represent human activity
and to improve the performance of action recognition and few-shot action recognition using
neural networks. Mlodzian et al. [9] presented an ontology that was tailored for representing
entities and their spatial and temporal relations in traffic scenes in the nuScenes dataset1. A
knowledge graph was constructed from the nuScenes dataset using the ontology and provided
as a benchmark dataset for developing advanced trajectory prediction models.

In this paper, drawing from these insights in cognitive science, neuroscience and computer
vision, we propose a structured spatial-temporal representation for pedestrian crossing behavior
and present its application to gain an understanding of pedestrian crossing behavior from road
user movement data.

3. Semantic Representation

In this section we present the semantic representation for pedestrian crossing behavior. A
pedestrian crossing behavior can be seen as a dynamic evolution of interactions between
pedestrians and objects within the physical environment over time. Every crossing behavior
can be broken down into segments, each representing a distinct phase of the behavior. These
segments capture the changes of the interactions between pedestrians and objects in both
physical and temporal dimensions, and together represent the pedestrian crossing behavior. For
example, Fig. 1 shows a crossing event, which is extracted from road user behavior measurement
performed at a zebra-free crossing in Lindholmen, Gothenburg in Sweden. Fig 1-a displays
the trajectories of the pedestrian and other moving objects involved in the event. The red

1https://www.nuscenes.org/



trajectory represents a pedestrian, the blue trajectory represents a cyclist, and the cyan trajectory
represents a light vehicle. Fig 1-b1 to b8 show a sequence of distinct segments that capture the
changes in interactions between pedestrians and objects over time during the event. These
interactions are expressed in a set of triples, as shown in Fig 2. Each triple follows the format
((id, object_1), spatial_relation, (id, object_2)), where the object 1 is a
moving object such as pedestrian, cyclist, and vehicle, and the object 2 can be a moving object
or a static object such as crossing, area and sidewalk, and id is the unique identifier for each
object.

Figure 1: An example of pedestrian crossing behavior.

Fig 3 illustrates the current version of the ontology designed to represent the spatial-temporal
evolution of crossing behavior. This ontology is accessible on GitHub2. Since segment is often

2https://github.com/tanhe-git/crossing_behavior/blob/main/traffic_scene_ontology.owl
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Figure 2: The interactions and their changes in the crossing behavior.

related to regions in an image in computer vision, the term frame is used instead. In computer
vision, a video can be divided into a sequence of frames. Each frame represents a single still
image in the video sequence. The blue arrow represents subclass relations between concepts.
Currently, the ontology includes only a limited number of categories for both moving and static
objects. However, additional categories will be integrated as the ontology continues to undergo
further development.

4. Usage of the Representation

In this section, we describe an application of the semantic representation of pedestrian crossing
behavior mentioned beforehand in Section 3. The application aims to provide information
support for traffic engineers during traffic infrastructure planning and development, with a
particular focus on pedestrian safety. In the application, pedestrian crossing behaviors are
described using the semantic representation, and a knowledge graph is constructed for these
behaviors. Subsequently, a number of queries serve as question-answering tools to provide
information for traffic engineers.



Figure 3: The ontology representing temporal and spatial structures of the interactions in pedestrian
crossing behavior.

Crossing Behavior Dataset

The crossing behavior dataset is prepared from the traffic measurement aforementioned in
Section 3. Fig 4 shows an example frame extracted from the dataset. The road user positions
and trajectories are displayed in a camera view, overlaid on the anonymized video frame. The
measurement is performed by Viscando AB3 using the 3D&AI based infrastructure sensor
OTUS3D. The total period of the measurment is 11 hours and 5 minutes. The data contains
trajectories of all road users recorded 10 times per second. Trajectories contain the unique track
ID for each object, the UTC time stamp, position (i.e. X-coordinate and Y-coordinate), velocity
(i.e. object speed in the direction of motion (km/h)) and object type. Currently, the object types
include pedestrian, cyclist, light vehicle and heavy vehicle. Vision data are processed in the
embedded computational unit and removed within 20 ms from being captured. Thus, the dataset
is stored fully anonymously, ensuring compliance with the General Data Protection Regulation
(GDPR) of the European Union4, because personal information is neither stored in the sensors
nor transmitted.

3www.viscando.com
4https://gdpr-info.eu/



Figure 4: An example frame extracted from the dataset.

Knowledge Graph Construction

In this section we describe the construction of the knowledge graph that describes the pedestrian
crossing behaviors recorded in the aforementioned dataset. Since the application is to support the
traffic infrastructure planning and development prioritizing pedestrian safety, the construction
has focused on the crossing events involving pedestrians/cyclists but also vehicle(s). The
spatial relationship between objects was calculated based on the physical distance between
them. The current spatial relationships include the ones between moving objects, i.e. close_to
and far_away, and the ones between a moving object and a static object, i.e., left_close_to,
right_close_to, left_far_away, right_close_to, on, out_of_area. If the x-coordinate of one object is
smaller than that of another, the former is positioned to the left of the latter; otherwise, it is
positioned to the right.

When the information was extracted from the aforementioned dataset, the ontology described
in Section 3 was populated, and the knowledge graph is set up. Fig 5 shows the fragment of the
knowledge graph that represents the pedestrian crossing behavior presented in Section 3.

Question Answering

In this section, we present the SPARQL queries to retrieve answers from the knowledge graph
or to inquire the information from it to formulate responses to a few example questions that
traffic engineers might pose.

First, two prefixes are predefined for the following SPARQL queries, i.e., tsdata (http://www.
example.com/ontology/traffic_scene_kg# and ts (http://www.example.com/ontology/traffic_
scene_ontology.owl#).
Example 1: describe a crossing behavior. The query will return an RDF dataset describing a

specific crossing behavior. Fig 5 shows a visualization of such an RDF dataset. It was generated
by using the Stardog Studio visualization tool5. Such an RDF dataset can also be converted into
text, allowing traffic engineers to easily access and understand the information [20].

5https://cloud.stardog.com/
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Figure 5: The fragment of the knowledge graph that represents a pedestrian crossing behavior.

DESCRIBE ?f ?i ?obj1 ?obj2
WHERE {

tsdata:behavior_103 ts:hasFrame ?f.
?f ts:containsInteraction ?i .
?i ts:hasObject1 ?obj1.
?i ts:hasObject2 ?obj2 }

Example 2: find and describe the crossing behaviors within a specified time period. The query
will return an RDF dataset containing the crossing behaviors within the specified time period.
For each behavior, using the query given in Example 1, it can be described in text, allowing
traffic engineers to access and understand the information.

SELECT DISTINCT ?b
WHERE {

?b a ts:Behavior .
?b ts:hasFrame ?f.
?f ts:absoluteTime ?t.
FILTER (?t >= "2019-05-17 08:00:00"^^xsd:dateTime

&& ?t <= "2019-05-17 08:20:00"^^xsd:dateTime)
}



Example 3: find the crossing events where pedestrians/cyclists are close to vehicles and return
the frames when this happens.

SELECT DISTINCT ?b ?f
WHERE {

?b rdf:type ts:Behavior .
?b ts:hasFrame ?f .
?f ts:containsInteraction ?i .
?i ts:hasSpatialRelationship ts:close_to .

{ ?i ts:hasObject1 ?obj1 .
{?obj1 rdf:type ts:Pedestrian}

UNION {?obj1 rdf:type ts:Bicyclist}.
?i ts:hasObject2 ?obj2 .
{?obj2 rdf:type ts:HeavyVehicle}
UNION {?obj2 rdf:type ts:LightVehicle}}

UNION
{?i ts:hasObject2 ?obj2 .

{?obj2 rdf:type ts:Pedestrian}
UNION {?obj2 rdf:type ts:Bicyclist}.

?i ts:hasObject1 ?obj1 .
{?obj1 rdf:type ts:HeavyVehicle}

UNION {?obj1 rdf:type ts:LightVehicle}}.
}
ORDER BY ?b

Example 4: find the crossing events where pedestrians/cyclists are close to vehicles and their
speed is too fast. Such behaviors are considered unsafe. The query is an extension of the one
given in Example 3, with the addition of the following triple patterns and filter.

?i ts:hasObject1Info ?obj1info .
?i ts:hasObject2Info ?obj2info.
?obj1info ts:speed ?s1.
?obj2info ts:speed ?s2
FILTER (?s1 >= highest_safe_speed || ?s2 >= highest_safe_speed )

Example 5: find the crossing behaviors where pedestrians take a shortcut to the crossing,
specifically by crossing diagonally across the street. Such a behavior is considered unsafe.
This query is separated into two steps. The first step is retrieving the crossing events and the
frames where pedestrians are involved. In the second step, the y-coordinates of the pedestrians
during the crossing are retrieved. If the changes of the y-coordinates exceed a certain threshold,
the pedestrians are considered as being taking a shortcut to the crossing. As an example, the
following query shows how to retrieve the y-coordinates of the pedestrian involved in the
crossing event presented in Section 3.



SELECT DISTINCT ?f ?y
WHERE {

tsdata:behavior_103 ts:hasFrame ?f.
?f ts:containsInteraction ?i .
?i ts:hasObject1 ?obj1.
?obj1 rdf:type ts:Pedestrian.
?i ts:hasObject1Info ?obj1info.
?obj1info ts:coordinate_Y ?y

}

The queries over the knowledge graph are not limited to the ones listed in this paper. More
complex queries can be constructed when traffic engineers require more intricate information.
For instance, cyclists swinging out at a crossing are considered as unsafe behavior. Such behavior
can be identified by using a number of queries in a simple program.

5. Conclusions

In this paper we have introduced a structured spatial-temporal representation of pedestrian
crossing behavior and demonstrated its application in understanding such behavior from
recorded road user dynamics data. By leveraging this representation, we construct a knowledge
graph from the road user dynamics data. Queries made over this knowledge graph can address
safety-related inquiries regarding pedestrian crossing behavior for traffic engineers, supporting
them in urban traffic infrastructure design work.

In future work, we aim to enhance the ontology by incorporating more granular categories of
road users and other spatial relations between objects. Additionally, we plan to develop a tool that
enables traffic engineers to pose text-based questions and receive text-based answers, thereby
enhancing their workflow support. This way of interacting with the road user dynamics data
could be implemented with the help of large language models (LLMs) and retrieval-augmented
generation (RAG) [21]. In such a system, the user’s question would be translated into a query
against the knowledge graph and the returned information would be transformed into natural
language text by the LLM.

Apart from querying the constructed knowledge graph to gain insights into the behavior of
different traffic participants, the proposed semantic representation could also serve as base for
trajectory prediction approaches. With increased interest in the development of self-driving
cars, predicting the behavior of other traffic participants has come more into focus [22]. For
this task, it is important to understand the spatial relationships between different actors. Hence,
different approaches have been investigated to integrate these relationships into trajectory
prediction, including simple graph structures [23], heterogeneous graphs [24], and knowledge
graphs [9]. While clearly belonging to the latter category, our representation focuses particularly
on static objects, such as road infrastructure elements, to capture their impact on trajectories of
traffic participants. Presumably, this will not only improve trajectory predictions, but also help
traffic engineers to understand the impact different road infrastructure elements will have on
traffic. Therefore, another direction of the future work is to investigate the incorporation of the
constructed knowledge graphs with graph neural networks for trajectory prediction.
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