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Abstract. Autonomous Driving (AD) systems use digital maps as a virtual sensor to perceive the environment around the car.
As the field of digital maps continues to evolve, existing solutions face new challenges such as integration ability for different
map formats, and providing a generic interface to access the road environmental knowledge. In this paper, we present a two-level
ontology architecture, where a high-level map ontology provides a generic and unified road environment model over different
low-level map ontologies for specific map formats. We propose a practical methodology to guide the two-level ontologies’
development process. The evaluation results show that the two-level approach can integrate different map formats, reduce the
data size and provide a unified high-level map view.
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1. Introduction

Almost all vehicles on the market now are equipped with driver assistance systems such as electronic stability
control (ESC). High-class cars are equipped with a variety of advanced driver assistance systems (ADAS) for added
safety such as lane departure warning. According to statistical results, although such technologies have contributed
to a decrease in the number of fatal incidents, more than 90% of accidents have been caused by human mistakes
and/or fatigue [1, 2]. As a result, reducing the number of human-caused accidents by implementing the next gener-
ation of ADAS for vehicles, also known as automated driving systems (ADS), is critical for the European Union.

Fully automated driving requires an intelligent control system consisting of high-performance sensors and robotic
technologies. The requirements for a technical system must reflect the capabilities needed also by humans for
driving a car. Through several major recent advances in many technological areas, such as sensing systems and
computational power, the autonomous vehicle is now on the verge of becoming a reality [3]. The autonomous
car relies on a multitude of sensors, for example, radar (radio detection and ranging), ultrasonic sensors, cameras,
LiDAR (light detection and ranging) as well as Global Navigation Satellite Systems (GNSS) [4] and its intelligent
fusion. Therefore, it can prevent and anticipate critical driving situations, achieving response times and viewing
capabilities that go far beyond humans.

Despite its sensing capabilities, the autonomous vehicle may encounter hazardous driving circumstances that may
be avoided only through foresight that extends beyond the car’s sensor range. To address such situations and to
ensure human safety and trust in the technical systems, the autonomous vehicles also rely on an additional “virtual”
sensor for their driving task, the so-called high-definition maps (HD maps) [5, 6]. Such maps provide detailed and
critical information to the autonomous vehicles regarding their current surrounding road environment. The provided
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information is highly accurate and geo-referenced up to the sub-meter level of precision. Current standard navigation
map data (SD maps), on the other hand, only reach a localisation accuracy of a few meters. As a result, HD maps
may be seen as a highly precise virtual 3D representation of the real world [7]. That way, autonomous vehicles can
compare their sensor readings with a virtual reference, facilitating the driving task. Almost all players in the area
of highly automated driving, e.g., Google, HERE, TomTom, Baidu, BMW, or Toyota, rely on HD maps to further
improve the driving capabilities of their autonomous vehicles. The independent map providers, however, often adopt
different map models and produce their maps in various formats.

Recently, collective efforts have been made towards standardising HD maps, such as the Geographic Data File
(GDF) 5.1 at the international level [8] or the Navigation Data Standard (NDS) and the ADASIS protocol V3 at
industrial level [9]. There are also national efforts for developing HD map standards, such as the China Industry
Innovation Alliance for the Intelligent and Connected Vehicles (CAICV). However, as of now, there is no single,
authoritative format or standard for HD maps [6]. As a result, map data integration poses major challenges in practice
for providing autonomous driving functions.

In this paper, we address the problem of map integration and devise an ontology-based approach that allows
for integrating different low-level map formats into a generic high-level map model. To meet the need for map
data integration, we adopt the Global as View architecture [10] using ontologies and rules. We propose a practical
methodology to develop the two-level ontologies. The methodology is used to build the low-level map specific
ontologies, the high-level generic map ontology and the transformation between the two-level ontologies. Finally,
we evaluate the developed two-level ontologies using identified use cases and we highlight the advantages of using
such layered ontologies via three use cases. Our contributions are briefly summarised as follows:

— We propose a practical methodology for building a generic high-level ontology and the format specific low-
level ontologies.

— We present the development of a generic high-level map (HLM) ontology and two low-level map ontologies,
namely LNDS and LHERE, based on the NDS map format and the HERE Live Map (HDLM) format [11],
respectively.

— We evaluate the two-level ontologies regarding identified use cases.

In our prior work, we described the static module of the HLM ontology Static Road Knowledge, the LNDS
ontology, and related transformation rules, as well as spatial rules [12—14]. The objective of this paper is to 1)
present the proposed methodology for building two-level ontologies, ii) demonstrate the utilisation of the proposed
methodology to integrate another HD map HERE Live Map (HDLM) into existing work, and iii) describe the
dynamic module of the HLM ontology Dynamic Vehicle Knowledge with the goal of supporting driving functions
and using formulated algorithms rules.

The remainder of this paper is organised as follows: Section 2 provides an up-to-date overview of the relevant
ontologies in the considered domains. Section 3 describes the proposed two-level ontology development methodol-
ogy, while Section 4 introduces the adopted methodology realised for map data integration. Section 5 illustrates the
development of the high-level HLM ontology followed by the description of the low-level map ontologies develop-
ment in Section 6. Section 7 describes the experimental setup and evaluation results of developed ontologies, and
we conclude in Section 8.

2. Related work

Studies of Ontology-Based Data Integration (OBDI) approaches have been conducted and applied in multi-
disciplinary engineering environments, where obtaining a common view of the heterogeneous data sources is a key
challenge [15]. In order to address map data integration, we first analyse some previous work adopting OBDI, then
we describe the existing ontologies related to the generic road environmental model and the specific maps.
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2.1. Ontology-based data integration

Ontology-Based Data Integration is one of the most common techniques for semantic data integration, since
ontologies provide a semantic representation of the domain [16—19]. In general, the OBDI approach comprises
three components: i) the ontology for representing the knowledge about the domain; ii) the data sources, which
typically contain the data of the domain; and iii) the mappings between the two components [16]. Global-as-View
(GAV) is one of the OBDI approaches for which the central concept lies in the global ontology. Its advantage is
that data sources can easily be added with moderate effort (i.e., mappings between the local ontology representing
a new data source and the global ontology) [20]. Dubinin et al. [21] utilised GAV OBDI for integrating information
across data sources in the automation domain. Ekaputra et al. [15] studied the use of Semantic Web technologies to
support data change management within a multi-disciplinary engineering environment, where data changes in one
engineering discipline need to be validated and propagated to other disciplines. GAV OBDI was used to represent
the heterogeneous data as local and global ontologies. Imran and Young [22] demonstrate the potential of formal
reference ontologies to support interoperability. Lin and Harding [23] used GAV OBDI to support the collaboration
of engineers involved in a manufacturing system engineering process. The investigated approaches have shown
the feasibility of using GAV OBDI to solve the integration problem. We notice, however, some limitations and
drawbacks. First, the development of the local ontologies and the global ontology is isolated in the existing work;
there is no general methodology for guiding the development process of building the local ontologies and the
global ontology. Second, we note that the mentioned approaches were applied for static input data, however, in the
autonomous driving domain the input data is inherently dynamic. Additionally, semantic enrichment of the local
ontologies and data aggregation when transferring data from the local ontologies to the global ontology are not yet
considered.

2.2. The high-level map model

In automotive domains, the road environment model acts as generic abstraction layer for autonomous driving
functions [24]. Hummel et al. [25] proposed a road network ontology for vehicle situation understanding. The pro-
posed ontology introduces the concepts of road networks (roads, lanes, dividers, road markings and junctions) and
is used as a complement of vision sensors and digital maps to retrieve relevant information about intersections. The
representation of road intersection networks through ontologies was introduced by Regele [26]. It was used to solve
the traffic coordination problem of autonomous vehicles. The approach uses a hierarchical world model and distin-
guishes between a low-level model containing detailed geometry data and a high-level model for driving functions
at the high-level. To build a knowledge base for smart vehicles and implement different types of ADAS, Zhao et al.
[27] proposed three ontologies: a map ontology, a control ontology and a car ontology. The map ontology is used
to describe road networks such as road, intersection, lane, and traffic light information, etc. A highway ontology
was proposed to facilitate the automatic use case generation for automated vehicles in a highway scenario [28]. The
ontology involves four main concepts: RoadPart, RoadWay, Zone and Equipment. Concepts related to lanes such
as MainLane, EntranceLane and ExitLane are defined as sub-classes of Roadway. The presented ontology provides
background knowledge of the road environmental model, however, the lane-level information supporting driving
functions (e.g., lane change) is missing, which is particularly required to support autonomous driving functions. We
consider this limitation and propose an ontology to represent the generic high-level road model.

2.3. The low-level map model

As for the low-level map models, there exists some works representing fundamental geospatial data in an ontology
as well as the specific map related ontologies. A geospatial ontology was created from geographic data stored in
spatial databases, focusing on representing geographic location and geometry [29]. The ontology contains geometric
concepts such as longitude and latitude coordinates, point, line and polygon. The Open Geospatial Consortium
(OGC) has defined the GeoSPARQL standard [30] to represent and query geospatial data in the Semantic Web. This
standard defines a small topological ontology in RDFS/OWL to represent geospatial data, which uses three top-level
classes for representing features and geometries of spatial objects. OpenStreetMap (OSM) uses elements and tags to
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Fig. 1. The methodology of creating the single high-level ontology and the low-level ontologies.

represent maps in the form of OSM files [31]. An ontology called OSMonto [32] is proposed to model the hierarchy
of OSM tags in order to enable the integration of OpenStreetMap within the Semantic Web. Eiter et al. [33] proposed
a Local Dynamic Map (LDM) ontology for integrating data from other related domains like weather. The LDM
ontology contains classes such as GeoFeature for representing the Geographic Information System (GIS) aspects of
the LDM including points of interest (POIs), the road networks, and the geometry for geometrical representation of
features. The existing map related ontologies do not contain HD map related information, in particular, lane models
as well as the relationship between roads and lanes.

3. Methodology

Based on the related work, we identify that there is no practical methodology for developing several low-level
(local) ontologies and one single high-level (global) ontology for GAV OBDI. In this section, we describe a proposed
practical methodology for creating the two-level ontologies and the transformation from the low-level ontologies
to the high-level ontology. Figure 1 shows the main components of the proposed methodology, and the major four
steps are as follows:

1. Create the high-level ontology following a top-down approach: In this step, it is necessary to analyse the
high-level ontology requirements, produce the ontology requirement specification document (ORSD) and a
draft version of the high-level ontology and rules.

2. Create the low-level ontologies following a bottom-up approach: This step requires the analysis of the specific
low-level data formats and producing corresponding ORSDs based on the high-level ontology ORSD. The
output of this step is a draft version of each low-level ontology and rules.

3. Define the low-to-high transformation for transferring low-level ontology entities to the high-level ontology:
During this step, transformation rules need to be defined, taking the low-level ontology as the input for pop-
ulating the high-level ontology. The revision and improvement of the developed two-level ontologies can be
carried out simultaneously such that the produced high-level ontology satisfied the defined high-level ORSD.

4. Output the final version of the two-level ontologies and rules: For the last step, it is necessary to finalise
the developed two-level ontologies and modularise the rules based on functionality and relationship to an
ontology.

Ontology design patterns (ODPs) are an important means to improve the quality of the ontology design as they
represent best practices in ontology modelling frequently used by ontology developers. As such, ODPs specify
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reusable building blocks for representing recurring domain modelling problems [34]. For our approach, we consider
several suitable ODPs in the category of Content ODPs [35].

3.1. Top-down approach

For the top-down approach, we propose the use of METHONTOLOGY [36], one of the most widely used on-
tology engineering methodologies [37]. METHONTOLOGY has been used by different groups to build ontologies
in different knowledge domains, such as Chemistry [38], Science [39], Knowledge Management, e-Commerce, etc.
[40]. Other methodologies, like DILIGENT [41] and NeOn [42], were considered before starting the construction
of the high-level map ontology. However, the characteristics of such methodologies, like the emphasis on decen-
tralised engineering, did not fit our scenario well. METHONTOLOGY is composed of seven stages: Specification,
Knowledge Acquisition, Conceptualisation, Integration, Implementation, Evaluation, and Documentation.

3.2. Bottom-up approach

Besides a top-down approach, another option for developing an ontology without starting from a blank state
is to use bottom-up approaches. Bottom-up approaches reuse existing data, information, or knowledge and try to
develop an ontology from these non-ontological resources. Practically, it means that the bottom-up approach takes
some non-ontological material and converts it into an ontology, with some manual pre- and/or post-processing.
For the bottom-up approach, we adapted the methodology proposed by Uschold et al. [43] to model the low-level
ontologies. The methodology identifies a five-stage process for ontology creation: i) definition of purpose and scope;
ii) capturing the domain knowledge; iii) design of the ontology; iv) population of the ontology using the data sources
and v) evaluation of the ontology.

3.3. Rules

We exhaustively use (Datalog) rules for knowledge processing and reasoning. There are three main tasks desig-
nated to rules, namely, semantic enrichment, low-to-high knowledge processing and reasoning. Semantic enrichment
is a process of deriving primitive attribute and spatial relationships among instances of a low-level ontology using
rules. The output of the semantic enrichment process serves as the input for the low-to-high ontology transformation
process, where a low-level map ontology is transferred to the generic high-level ontology using defined mapping
rules. At last, reasoning is performed on the high-level ontology to infer implicit knowledge for decision-making.

Formally, a Datalog rule is a logical implication of the form Hy,...,H; <— By, ..., By, where each H;, 1 <i < j,
is a head atom, and each B;, 1 < | < k, is a body atom. Atoms have the form p(t1,...,1), where p is a k-ary
predicate and each t;,, 1 < i < k, is a ferm, i.e., a constant or a variable. We focus on unary and binary atoms only
(i.e., 1 < k < 2), which correspond to classes and properties of the ontology, respectively. An atom is ground if it
does not contain variables and a rule consisting just of a ground atom (as head) is a fact.

In addition to such plain (Datalog) rules, there are also extensions that allow for expressing negation (as failure)
or aggrgation functions: A negative body atom has two forms: i) NOT B;; i) NOT EXISTS vy,...,v; IN B;, where
eachv;, 1 <i < j,is a variable and B; is an atom with 1 < i < k. An aggregate is a function that takes a multiset of
values as input and returns a single value as output. An aggregate atom has the form AGGREGATE(By, ..., By ON
Xi,...,X; BIND fi(e1) AS ri... BIND fy(e,) AS r,), where each B;, 1 < i < k, is an atom, each x,, 1 < u < J,
is a variable that appears in B;, each f,, 1 < v < n, is an aggregate function, each ¢,,, 1 < w < n, is an expression
containing variables from B;, and each r,, 1 < z < n, is a constant for a variable that does not appear in B;. We only
consider safe rules, where variables that appear in the head or in a negative body atom also appear in a positive body
atom.

A Datalog program is a finite set of safe rules. The consequences (head) of the rule is true, if all body atoms of a
rule are true. The main computational problem in Datalog systems is answering queries over the facts that logically
follow from the explicitly stated facts and a Datalog program. The process (and the result) of computing and storing
all facts implied by a set of facts and a Datalog program is called materialisation. The rules in a Datalog program
can be stated in any order. Reasoning in plain Datalog (without negation and aggregation) is monotonic, that is to
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Fig. 2. GAV ontology-based map integration: solid black lines represent a rule-based transformation, the dotted line indicates SPARQL query
access.

say that new facts can only produce additional knowledge. Datalog with negation [44] or aggregation, however, is
non-monotone, meaning new facts may invalidate previously derived knowledge.

4. GAV map data integration architecture

In this section, we describe the proposed ontology-based digital map integration using GAV as shown in Fig. 2.
The architecture consists of four layers:

[A] The map data sources layer comprises the external SD and HD map data sources and populates the low-level
ontologies that represent the different map data formats respectively.

[B] The low-level ontology layer contains low-level map ontologies, which represent the content of each individ-
ual map format. Each ontology in this layer has corresponding semantic enrichment rules and low-to-high
transformation rules.

[C] The high-level ontology layer contains a high-level map ontology, which is represents the map data from
all map data sources that are to be integrated in a generic way. Rules used at this level are designated to
infer implicit road environmental knowledge via reasoning to support the autonomous driving functions at the
application layer.

[D] The application layer consists of various autonomous driving functions such as lane change assistance, turn-
ing assistant, emergency brake etc., represented as SPARQL queries.

In the following sections, we describe the development details of the HLM ontology of the high-level ontology
layer, the LNDS and LHERE ontologies of the low-level ontology layer as well as the low-to-high transformation
from the low-level layer to the high-level layer.

5. High-level map ontology

In the section, we describe the process of following METHONTOLOGY for creating the high-level map (HLM)
ontology.

5.1. Specification

In the stage of specification, domain analysis and knowledge acquisition are carried out. The requirements of the
overall HLM ontology needs to be clarified and output the HLM ORSD (see Table 1). In general, the purpose of the
HLM ontology is: i) to represent the generic road knowledge for the autonomous driving functions, ii) to provide
road environmental context for location-awareness and lane change notification via spatial reasoning, and iii) to
support continuous dynamic map processes along a route.
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Table 1

HLM ontology requirements specification document adapted from the guidelines by Sudrez-Figueroa et al. [45]

1. Purpose

The purpose of the high-level map (HLM) ontology are i) to represent the generic road knowledge for the AD functions, ii) to provide location-
awareness and lane change notification via spatial reasoning, and iii) to support continuous dynamic map process.

2. Scope

The ontology has to cover a set of core concepts in terms of generic map knowledge, vehicle location awareness, lane change notification and
dynamic map processing:

Map

Road part: represents a part of a road described by geometry
points and attributes.

Lane: represents a part of a road that is designated to be used by
a single line of vehicles.

Lane divider: represents the borderline of the lane that is deter-
mined by a visible lane marking.

Point: represents a geo-point with latitude and longitude.
Traffic sign: represents a sign on a street or highway showing
warning or direction to motorists or pedestrians.

POI: represents a point location that someone may find useful or
interesting.

Planning

Route: represents a list of road parts (lanes) including start and
destination points.

Change lane activity: represents an activity of lateral lane change
with the guidance.

MPP (Most Probable Path): represents a sequence of road parts
that the vehicle will most likely take.

Location awareness

Vehicle: represents a real-world vehicle concept.

Current location: represents a place where a vehicle is located at a
time. It can be specified by a GPS position.

Current position: represents the coordinate of the vehicle’s current
location.

Current lane: represents the lane where the vehicle is localised at a
time.

Current road part: represents the road part where the vehicle is lo-
calised at a time.

Dynamic map processing

Spatial window: represents a fixed width or region in terms of a
geographic element shift (slide) over a path line.

3.1

1 tation L

OWL RL, Datalog and SPARQL

4. Intended End-Users
User 1. Map companies who want to exchange map data.
User 3. Connected vehicles that want to share their maps.

User 2. Navigation systems that need to integrate heterogeneous

map data.

5. Intended Uses
Use 1. Provide the road and lane information to the users
Use 3. Support path planning of a moving object in a dynamic

environment.

Use 2. Enable location-awareness of a moving object in a dynamic

environment.

6. Ontology Requirements

a. Non-Functional Requirements

NEFR 1. The ontology must follow the naming conventions.

NER 2. The ontology must re-use existing ontologies when possible.

b. Functional Requirements: Competency Question Groups (CQGs)

CQGI. Lane

QC1 What are the predecessors/successors of a lane?

QC2 What are the points representing the geometry of a lane?
QC3 What is the latitude and longitude of a point?

QC4 What is the left/right lane divider of a lane?

QC5 What are the left/right lanes of a lane?

QC6 What are the neighbouring lanes of a lane?

QC7 What is the type of lane?

QC8 What is the length of a lane?

QC9 Is the lane diver open to the left/right?

CQG2. Road part

QC1 What are the predecessors/successors of a road part?
QC2 What is the type of road part?

QC3 What are the points representing geometry of a road part?
QC4 What is the length of a road?

QC5 What are the lanes of a road?

QC6 Is there a traffic sign/POI on the road?

CQG3. Planning and dynamic processing

QC1 What are the route segments?
QC2 Does the vehicle need to change lanes based on the route and the

foresight parameter?

QC3 What are the forward and backward parameters of a spatial win-

dow?

QC4 Does the vehicle need to pre-fetch map data based on the route

and forward parameter of the spatial window?

QCS5 Does the vehicle need to delete expired map objects (road parts,

lanes and points) based on the spatial window?

CQGH4. Location awareness

QCI1 What is the position of the current location?

QC2 What is the current lane?

QC3 What is the travelled/remaining distance in the current lane?
QC4 What is the current road part?

QCS5 What is the travelled/remaining distance in the current road part?
QC6 Is there a MPP?

7. Pre-Glossary of Terms from Competency Questions
Lane, Predecessor, Successor, Point, Latitude, Longitude, Lane Divider, Left, Right, Neighbouring, Lane Type, Length, Open-to-left, open-to-
right, Road Part, Road Part Type, Road Part Length, Current Location(Position, Lane, Road Part), Travel Distance, Remaining Distance, Route,
Route Segment, Change Lane, Foresight Parameter, Spatial Window, Pre-fetch, Expired
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5.2. Knowledge acquisition

The knowledge necessary for building the HLM ontology has been acquired in three steps:

1. Collection of information resources: The main unstructured information resources in the domain of interest
concerning low-level maps are the SD ADASIS v2 Protocol, the HD NDS (Navigation Data Standard) Format
Specification and the HDLM (HERE HD Live Map) Developer Guide.

2. Analysis of existing works: In order to understand different approaches for representing the semantics of the
road environment within ontologies, we analyse existing works [12, 25, 26, 46—48]. Existing works present,
however, the following drawbacks: i) the ontology covers road or lane typologies, but not the geometries or
lane boundaries; ii) location awareness based on the position of the vehicle and lane change activities are not
considered; iii) continuous map processing (pre-loading and deletion) has not been studied.

3. Definition of the proper entities: Entities need to be defined for reasoning about the road knowledge at the
high level. According to the discussions with domain experts, the static and dynamic aspects of the road
knowledge requires careful consideration. Static road knowledge is the map-related knowledge that does not
change because of the moving objects such as the topology and geometry of the roads and lanes. Dynamic
vehicle knowledge relates to the current status of the vehicle such as the vehicle’s position or the travelled
distance in current lane, which is relevant for the vehicle’s motion planning and future map processing.

5.3. Conceptualisation

In the activity of conceptualisation, the domain knowledge is conceptualised into a model that describes the
ontology requirements in terms of the domain vocabulary identified in the specification activity (see Section 5.1).
During the implementation of the HLM ontology, we considered and re-used existing relevant vocabularies to model
the identified concepts and relations. We adopted the graphic representation Graffoo (short for Graphical Framework
for OWL Ontologies) [49] to better visualise the overall structure between concepts. Figure 3 reports the legend to
understand the adopted notations and prefixes. Once the conceptualisation was completed with the graphical model,
we encoded the ontology modules using OWL axioms.

Legend and Prefixes|
|

rdfs:subClassOf object/data property

Prefixes high:<http://www.bmw-carit.de/Foresight/Map/Ontol ogies/High#>
Inds: <http://www.bmw-carit.de/Foresight/Map/Ontologies/Low/HD/NDS# >
Ihere: <http://www.bmw-carit.de/Foresight/Map/Ontol ogies/Low/HD/HERE#>
Inds: <http://www.bmw-carit.de/Foresight/Map/Ontologies/Low/SD #>

Fig. 3. Legend and prefixes used in the ontology diagrams.

Figure 4 shows the overall design of the HLM ontology (prefix high is omitted for simplicity). The ontology
contains the Static Road Knowledge module and Dynamic Vehicle Knowledge module. The former provides generic
concepts, relationships, and properties of map representations that are independent of the low-level map formats,
while the latter describes dynamic concepts, relationships, and entities associated with the continuously updated
vehicle location. The ontology is available online '.

Static road knowledge: A road can be modelled as a RoadPart that has one or more Lane. Transitive object prop-
erties hasSibling and hasNext are used to model the lateral and longitudinal among road parts. Lane represents a
part of a road that is designated to be used by a single line of vehicles. The generic lateral relation and longitu-
dinal relation of lanes are described via the object property hasNeighbouringLane and hasNextLane respectively.
The LaneDivider class models the lane boundary of Lane with traversal attributes modelled by the openToLeft and
openToRight data properties. The geometry of RoadPart and Lane is described a set of Point with x and y coordinate
values. A route can be modelled as a Route consists of a list of RoadPart or Lane with a start and end Point.

"HLM Ontology: https://github.com/claireqiu/MapOntologies/blob/main/HighLevelMapOntology.ttl
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Static Road Knowledge

hasNeighbouringLane

" T
hasDirectNextRouteSegment hasLeft/

RightLane

length hasSibling

hasRouteSegment length

hasRouteSegment
hasTrafficeSign hasStart/EndPoint

RoadPart

WhasPOl
!
isPartOfMPP . Y

hasLan

hasLaneDivider—-f LT YT (T4

hasPoint. hasPoint

openTolLeft openToRight

xsd:booleab,

| Dynamic Vehicle Knowledge
!

Current f Current f
RoadPart isOnRoad Ioeation |sOnLanem

remaining/travelledDisOnRoad/Lane

hasPosition

hasSpatialWindow ;
hasLocation
xsd:double timeStamp - Position hasForesightParameter SpatialWindow
M -

SpatialWindow

Parameter

ChangelLane

xsd:double ym Activity

hasPosition  hasParticipant ForesightParameter

backwardParameter forwardParameter

Fig. 4. Overview of the HLM ontology (prefixes are omitted for simplicity). Blue rectangles represent the concepts created for the HLM ontology.
The white rectangle represents the concept reused from the Vehicle Ontology [50].

Dynamic vehicle knowledge: Vehicles can be modelled as a Vehicle (with prefix icity-vehicle) reused from the
Vehicle Ontology, which specifies concepts related to vehicles such as brand, model and type [50]. Each vehicle
receives a sequence of GPS points that can be modelled as instances of the class Position with x-y coordinates
and timestamps. To address the dynamic vehicle road environmental knowledge, the HLM ontology defines a set
of concepts and relationships that relate to the current status of the vehicle. A CurrentLocation is described by a
CurrentPosition that is localised in a CurrrentLane and a CurrentRoadPart. A ChangelLaneActivity describes a lane
change activity for a Vehilce based on the current road environmental knowledge. Importantly, a SpatialWindow
defines a range of needed vehicle static road knowledge using a SpatialWindow with respect to the vehicle’s current
location (CurrentLocation).

5.3.1. Rules

Rules in the HLM ontology are used to derive spatial relations and to support decision making. Rules are classified
into spatial and algorithmic rules, and we describe them using sub-categories, examples and more formal rule
patterns below. In the formal patterns, we use (possibly with subscripts) C for classes, op for object properties, and
dp for data properties of the ontology over which the rules are to be executed throughout the paper.

Spatial rules:  These rules infer important road environmental knowledge for vehicle navigation [51]. We further
subdivide them into bounding rules, topological rules and distance rules.

(a) Bounding rules infer the boundaries of an area or the range of a line, such as a start/end point or the left
or right-most lane. Aggregation functions (e.g., MIN or MAX) can be used to identify an individual with a
minimal or maximal bounding value. As a concrete example, consider:

LeftMostLane(z) < Lane(p), AGGREGATE (hasldx(p, idx)ON p BIND MAX(idx) AS m),
Lane(z), hasldx(z, m).

More generally, such rules have the form

Ca(z) + C1(x), AGGREGATE(dp, (x,v) ON x BIND MAX(v) AS m), Cy(z), dp,(z,m).
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Bounding rules might also use (stratified) negation to identify individuals without some properties:
EndLane(x) < Lane(x), NOT EXISTS y IN(Lane(y), hasNext(x, y))

More generally, such rules have the form

Ca(x) + C1(x), NOT EXISTSy IN (Cy(y), opy(x, ¥)).

(b) Topological rules refer to topological relations, more specifically, lateral (left/right) and longitudinal (prede-
cessor/successor) relations. Reachability can naturally be expressed using recursive rules.

hasNext(x, y) < hasimmediateNext(x, y)
hasNext(x, z) < hasimmediateNext(x, y), hasNext(y, z).

More generally, such rules have the form

op; (x,y) <= 0py(x,y)
op; (x,2) <= opy(x,y), opy(y,2)

(c) Distance rules refer to the spatial arrangement of objects, such as the distance to a point of interest. There are
two types of distance relations: coordinate distance and length distance.

(c.1) Coordinate distance rules indicate the distance between two points using coordinates. An auxiliary
concept (CoordinateDistance) represents the ternary relation that connects the source point to the target
point via two object properties hasSource and hasTarget and the calculated distance value via the data
property distance:

CoordinateDistance(d), hasSource(d, s), hasTarget(d, t), distance(d,z) +

Point(s), x(s, x5), y(s,ys), Point(¢), x(z, x,), y(t,¥:),
BIND(sqrt((xs — x;)? + (ys — y:)?) AS z), BIND(SKOLEM("d", s, t) AS d).

More generally, such rules have the following form, where A represents the auxiliary concept:

A(d), hasSource(d, s), hasTarget(d, t), distance(d,z) +

Ci(s), x(5,x5), y(8.¥5)> Ca(2), x(£, x,), y(t. 1),
BIND(sqrt((x; — x)% + (ys — y/)?) AS z), BIND(SKOLEM("d", s, t) AS d).

(c.2) Length distance rules are similar to coordinate distance rules, but the distance is calculated by aggregat-
ing the length of intermediate path elements between two points. As a concrete example consider:

LengthDistance(d), hasSource(d, s), hasTarget(d, ), distance(d, z)
Lane(s), length(s,v), AGGREGATE(hasNext(s, p), hasNext(p, 1)),
length(p, ) ON s BIND SUM(/) AS u),

BIND((v+ u) AS z), BIND(SKOLEM(" f", s, t) AS d).

More generally, such rules have the form

A(d), hasSource(d, s), hasTarget(d, ), distance(d,z) +
Ci1(s), length(s,v), AGGREGATE (op, (s, p), opy(p,1)),
length(p, 1) ON s BIND SUM(I) AS u),
BIND((v+ u) AS z), BIND(SKOLEM("f", s, ) AS d).

Algorithmic rules:  These rules are used for decision making and vehicle motion planning, e.g., determining the
road’s characteristic change points (e.g., speed limit), the most probable path that a vehicle will take, providing
lane-change notifications and pre-fetching map tiles. The rules are modelled as a combination of rules from different
rule types, possibly requiring a specific rule order.

(a) Change-point rules refer to the rules that detect whether any attribute-value change points will occur on the
road ahead of the vehicles, such as a change of the speed limit, slope etc., in order for the vehicles to make
manoeuvre decisions. The change point is the point where the ahead attribute value starts to change. In order
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Legend: — e > °

road part hasimmediatePrevious hasimmediateNext hasNext ~ speed change points

rpl p2 p3 rpd rp5 rp6
80 km/h 90 km/h 90 km/h 90 km/h 90 km/h 80 km/h

dis = dremaim'ng
—

. 5
dis = dremuining + Zk=2 Iengthrpk

Fig. 5. Ilustration of the detection of speed change points.

to capture the key notions of “ahead” and “starting”, we use the roads’ connectivity properties hasNext and
hasImmediatePrevious forming a property chain. Figure 5 shows an example where the current road part is
rp1, and it connects to all roads ahead with the property hasNext. The speed limit change points are on rp2
(80 kmh — 90 kmh) and rp6 (90 kmh — 80 kmh) along the path. For rp2, it is connected to rp1 with hasim-
mediateNext and the transitive relation hasNext, hence it is the road part ahead of rp1. It is also connected to
rp1 via haslmmediatePrevious, and rp2’s speed limit is different from rp1’s, hence, it is the starting point of
the change. The reasoning for rp6 as a speed change point is applied in similar fashion. The corresponding
speed change-point rules are describes as follows:

hasSpeedLimitChangeAt(c, x) +
CurrentRoadPart(c), hasNext(c, x), haslmmediatePrevious(x, z),
speedLimit(x, p), speedLimit(z,q), FILTER(p # q).

distanceToChangePoint(c, r) <
hasSpeedLimitChangeAt(c, n), hasimmediateNext(c, ), remainingDistance(c, r).

distanceToChangePoint(c, d) «
hasSpeedLimitChangeAt(c, x), hasNext(c, x), remainingDistance(c, r),
LengthDistance(e), hasSource(e, ), hasTarget(e, x), distance(e, z), BIND((r + z) AS d).

More generally, such rules have the form

hasChangeAt(c, n) «
Ci1(c), hasNext(c,n), haslmmediatePrevious(n, p),
dp;(n,a1), dpy(p,az), FILTER(a; # as).

distanceToChangePoint(c, r) +
hasChangeAt(c, n), hasimmediateNext(c, n), remainingDistance(c, r).

distanceToChangePoint(c, d) <
hasChangeAt(c, n), hasNext(c,n), remainingDistance(c, r),
LengthDistance(e), hasSource(e, ¢), hasTarget(e,n), distance(e,z), BIND((r + z) AS d).

(b) Path rules identify a path segment that meets a set of conditions iteratively. A path may comprise at least one
or more road parts or lanes. It depicts a vehicle’s route across the road network, similar to the most likely path
(MPP) in ADAS horizon [52]. Figure 6 shows the path searching process. The process starts with specific
map objects, such as the current road part, then adds the immediate next object satisfying condition 1 to the
path. Otherwise, the process checks condition 2, if necessary, until condition n. The procedure continues until
no map item is discovered using the newly added path component. The iterative building process uses a set
of recursive rules for each condition. As a concrete example, consider the following (partial) rules for finding
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haslmmediateNext
yes

add to path

Fig. 6. Illustration of the path finding process.

the most probable path (MPP):

isPartOfMpp(crp, m) «+
MPP(m), CurrentRoadPart(crp)
~ If crp is the current road part crp and m represents the MPP, then crp is part of the MPP.

isPartOfMpp(rnp, m) <
isPartOfMpp(rp, m), hasimmediateNext(rp, nrp), isPlanned(nrp, t rue)
~~ Condition 1: If a road part nrp is part of the planned route and a direct successor of a road part that is on
the MPP (rp), then nrp is also part of the MPP.

isPartOfMpp(nrp, m) <

isPartOfMpp(rp, m), haslmmediateNext(rp, nrp), isPlanned(nrp, false), isMaxProbabiIity(nrp,truej

~» Condition n: If a road part nrp is not on the planned route, but the most probable direct successor of a
road part that is on the MPP (rp), then nrp is also part of the MPP.

More generally, such rules have the following form considering the conditions of cd;, where 2 < i < n
isPartOfPath(c, p) <
Path(p), Ci(c).

isPartOfPath(n, p) <
isPartOfPath(g, p), haslmmediateNext(g,n), cd;(n, true)

isPartOfPath(n, p) «
isPartOfPath(g, p), haslmmediateNext(q,n), cd;—1(n, false), cd;(n, true

5.4. Integration

In this section, we describe the related ontologies for the HLM ontology design, followed by a description of the
identified ODPs that are applied to the modelling of the HLM ontology.

5.4.1. Reused ontologies
According to the HLM ORSD, static road information and dynamic vehicle environment are the main areas for
reviewing possible ontologies. The Core Ontology [12] and the Vehicle Ontology [50] were selected for reuse. The

O O d oy U W NP

ST T T N e T N T N T T = S S T
©® J o s W N FE O W mdo U W N e O

29
0
1
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51



@ J oy U W N

Qs s s s s s s D DWW W W W W WwWw W W NNNNNDNNNNN R R R R R R e e P e
H O W © < o 0 W N O W Jdo W N R O VW O do s W NP O WV ®Jd o s W N R OV

H. Qiu et al. / Ontology-based digital map integration 13

Table 2

Summary of the HLM ontology characteristics

Size 31 classes, 35 object properties, 20 data properties, 3 individuals, 209 axioms
DL Expressivity ALEHI(D)

Reused Ontologies Core Ontology, Vehicle Ontology

Reused ODP Trajectory, N-Ary, Parameter, Sequence

Naming Conventions ~ CamelCase notation

Methodology METHONTOLOGY [36]

Core Ontology is developed for specifying a standard (road-level) map model based on ADASIS v2 protocol in
order to support ADAS functions. With concepts such as CurrentLocation and MPP, it also captures the dynamic
vehicle knowledge. The HLM ontology extends the Core Ontology by representing the lane model in the HD map,
supporting autonomous driving functions (localisation), and continuous map processing. The namespace and nam-
ing convention of the Core ontology is changed and adapted to follow the best practice of ontology development.
For example, CURRENT_LOCATION in the Core Ontology is changed to CurrentLocation in the HLM ontology to
follow the CamelCase naming convention. Other concepts, e.g., TrafficSign, POI, and RoadPart, are also reused in
the HLM ontology. The Vehicle Ontology specifies concepts related to vehicles such as brand, model and type. The
concept of Vehicle is reused in the HLM ontology and serves as the bridging concept between the two ontologies.

5.4.2. Related ODPs

Several ODPs are applied to support the modelling of the HLM ontology: The Sequence ODP? represents a “path”
and is employed to model the directed connectivity of road parts (lanes). The Trajectory ODP? and the Sequence
ODP are combined to represent a route with a start and an end point which are connected by a sequence of road
parts or lanes. We use the N-Ary Relation ODP* to model the distance between two map objects. For example, the
distance between two points is modelled using the class CoordinateDistance which connects to the source point via
the hasSource and to the target point via the hasTarget object property. The distance between the source and target
is modelled via the data property distance. The Parameter ODP3 provides the template to model and maintain the
parameter configuration in the HLM ontology.

5.5. Summary of Ontology Characteristics

Table 2 summarises the characteristics for the HLM ontology which is online ®. The reused ontologies and ODPs
are included in the design process of the ontology.

6. Low-level map ontologies

In this section, we describe the modelling process of the low-level map ontologies following a bottom-up approach
adapted from Uschold et al. [43]. We first describe the development of the LNDS ontology and then proceed to
briefly describe the development of the LHERE ontology, which uses the same approach that we adopted for the
LNDS ontology development.

2http://ontologydesignpatterns.org/wiki/Submissions:Sequence
3http://ontologydesignpatterns.org/wiki/Submissions: Trajectory
“http://ontologydesignpatterns.org/wiki/Submissions:N- Ary_Relation_Pattern_(OWL_2)
Shttp://ontologydesignpatterns.org/wiki/Submissions:Parameter
Shttps://claireqiu.github.io/MapOntologies/index.html
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Fig. 7. An excerpt of low-level NDS map ontology. The prefix Inds is omitted in the ontology graph.

6.1. LNDS ontology

The LNDS ontology is built based on the NDS format specification focusing on the road and lane model. To the
best of our knowledge, there is no previous work on this since NDS is a relatively new standard and it is not a public
resource. The LNDS ontology aims at semantically representing the NDS format and can be used to populate the
HLM ontology (see Section 5.1). The ontology has to cover a set of core concepts from routing building blocks
(e.g., links, shape points) and lane building block (e.g., lanes, lane boundaries). Capturing of the domain of interest,
i.e., the NDS map format, is achieved in two ways: First, we used the text document and map data visualisation
tools to investigate the domain of interest. Second, a domain expert with deep knowledge in the utility of maps in
vehicles supported the process of capturing the knowledge of the domain.

We next describe the conceptualization effort and the resulting LNDS ontology (prefix Inds). First, we provide
an overview of the LNDS ontology with its core concepts and then we present the used ODPs. At last, we show the
utilisation of the rule patterns in the LNDS ontology for semantic enrichment.

Ontology overview: The LNDS ontology describes the concepts and relationships of lane groups, lanes, lane
boundaries and links (see Fig. 7). The IDs are used to infer the relationships between map entities. For example, the
lane group ID is modelled as the data property laneGroupld used for inferring the relationship between LaneGroup,
Lane and LaneBoundary.

ODPs:  For the modelling the LNDS ontology, the existing ODPs are analysed and reused. The Sequence ODP is
used to model sequences of map objects such as the sequential elements of a parallel element in a lane boundary.
The Constituency ODP’ is a pattern of interest in the LNDS domain as well. In LNDS, a parallel element in a lane
boundary consists of several sequential elements. Therefore, we use the Constituency ODP to model the constituents
of map objects such as the relationship between sequential elements and parallel elements. Moreover, the N —Ary
ODP is used to model the reference mechanism in LNDS, e.g., the reference between lanes groups and a feature.

Rule patterns: The purpose of using rules for the low-level LNDS ontology is to enrich the data. This process
is also referred to as semantic enrichment in which we used primitive rule patterns and spatial rule patterns (see
Section 5.3.1). Hereby, we describe primitive rule patterns in detail. Primitive rules infer the fundamental semantics
among entities in the LNDS ontology with one-step inferences using reference keys. Their results serve as input for

7http://ontologydesignpatterns.org/wiki/Submissions:Constituency
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Table 3
Mapping of the attributes in the NDS database to the concepts and properties in the LNDS ontology.

NDS DB Attribute Concept Property
laneGroup_id Inds:LaneGroup Inds:laneGroupld
laneConnectivityElements[index]  Inds:Lane Inds:lanelndex
sourceLaneConnecorld Inds:LaneConnector  Inds:hasSourceLaneConnector
link_id Inds:Link Inds:linkId
latitude Inds:ShapePoint Inds:x
longtitude Inds:ShapePoint Inds:y
tileld Inds:Tile Inds:tileld

Table 4

Summary of the LNDS ontology characteristics.

Size 32 classes, 33 object properties, 23 data properties, 32 individuals, 275 axioms
DL Expressivity ALEHI(D)
Reuse ODP Sequence, Constituency, N-Ary

Naming Conventions ~ CamelCase notation
Methodology Uschold et al. [43]

all other rules. Based on the type of inference result, these rules are divided into primitive relationship rules and
primitive attribute rules:

(a) Primitive relationship rules infer relationships between individuals. For a concrete example consider:
hasLane(x,y) < LaneGroup(x), laneGroupld(x, i), Lane(y), laneGroupld(y, i)
More generally, such rules have the form

op(x,y) < C1(x), dp(x,z), Ca(y), dp(y,2)

(b) Primitive attribute rules infer an attribute of an individual. For a concrete example consider:
speed(x, v) < Link(x), linkld(x, i), speedVal(y,v), linkld(y, i)
More generally, such rules have the form
dp(x,v) = C(x), dp;(x,z2), dpy(y,v), dpy(¥,2)

Ontology population: ~ The LNDS ontology is populated with RDF triples that represent map tiles in the NDS
database. A map tile represents a unit for storing map data. The features are compactly encoded in RDS (Relational
DataScript) and stored as BLOBs (Binary Large Objects). We used SQLite and Zserio® generated Python NDS APIs
to extract data from the NDS database and to construct the corresponding RDF triples. Table 3 shows an excerpt of
the mapping between the ontology and the database.

Ontology characteristics: ~ Table 4 summarises the characteristics of the LNDS ontology. The reuse of ODPs is
included in the design process of the ontology.

6.2. LHERE ontology

The LHERE ontology (prefix Ihere) represents the HD map format HDLM, from the HERE map provider. The
development process is similar to that of the LNDS ontology and again follows the development approach proposed

8https://github.com/ndsev/zserio
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Lanegroup, ‘ LaneBoundary

_/xsd:integer/

:LaneGroupConnector ‘refersToLGConnector—— LenEEray -laneGroupld .
—‘ ConnectorReference | :LaneBoundary | :IbNum t/xsd:integer/
A e

:hasLGRef m :hasS!ari/EndLG‘ConneclorRe' / [ Lane
% " llength___ S /xsd:integer/ 7
:LaneGroupReference refersToLG——————— > ‘LaneGroup / AECNS0oy R ;,/xsd:intege(//
o / -

L Y - vlaneGroupr\Eﬁﬂ” laneNum~—
:numLane N " i < e
i i JlaneGroupld  ‘hasParaAttirbution ‘Lane tileld +/xsd:integer/
xsd:integer/ = = L iy
Ixsdinteaer/ A leftrightLBNU—-StartendLaneConnNum
xsd:integer/ _— HeftrightLl ~ W

/xsd:integer/

=
:hasParaAttirbution™

X ~
/xsd:integer/ :hasShapePoint
o T

ParametricAttribution
~ Link

m:directionoﬁ ravel :ParametricAttribution Lf’ hasParaAttirbut Cis
:hasParaAttirbution__{ | . =
— 7 " Link_ ] ——hasShapePoint :ShapePoint
_— / T N— T
rofs:subClassOf  rdfs:subClassOf : i N\ hasstart/EndNode |

|
N N
: | tileld . ~ — |
- / rdfs:subClassOf i linkld q Ny
= i 3 4 tengin [Node ] fciiaoubie/
:LaneBoudaryParametricAttribution ] :LaneParametricAttribution \ a7  _a . \
| [xsdinteger/ /o yinteger/

:LinkParametricAttribution /;;d:integerr /xsd:double/

Fig. 8. The low-level LHERE ontology representing the HDLM map format. The prefix lhere is omitted in the graph.

by Uschold et al. [43]. Figure 8 gives an overview of the LHERE ontology covering the main concepts and relation-
ships describing the lane group, the lane, the lane boundary, the link and the parametric attribution. Analogously
to the LNDS ontology, the Sequence ODP is used to model the sequence of map objects such as the sequence of
lane groups and links; the N-~Ary ODP is used to model the map objects attribute references such as the parametric
attribute references; and rules are also used for semantic enrichment.

For populating the ontology, the Java APIs provided by HERE are used to extract map data that is stored as a
series of map catalogs corresponding to geographic regions in a remote server. The LHERE ontology consists of 32
classes, 32 object properties, 26 data properties, and 10 individuals. The DL expressivity is ALEHI(D).

6.3. The low-to-high transformation

In this section, we explain the rule-based RDF graph transformation from a low-level map ontology O (e.g.,
LNDS and LHERE) to the high-level map ontology HLM denoted as O;,. We use rules to create a new individual
in O, based on one or more individuals in O,;. SKOLEM functions and string manipulations are used to dynamically
generate named (not anonymous) individuals [53]. We distinguish two different RDF data transformations, namely,
simple (1:1) and complex (n:1) transformations. The transformation comprises two steps:

1. Transfer the instances of classes with data property values in O, to O;
2. Infer the object properties of the new instances in O}, based on the corresponding instances’ object properties
in Og.

6.3.1. Simple transformation

Simple transformation rules create, for each individual of a certain type in O, a new individual of a certain type
in Oy. The data property values are assigned during the individual creation process. The temporary object property
low is used to mark the correspondence between the individual in O, and O}, such that object properties can be
inferred between newly created individuals in . For a concrete example, let us consider the transformation from
low-level instances of the classes Link and ShapePoint to the high-level classes RoadPart and Point as well as related
data and object properties.

Step 1: The rules below create a RoadPart instance and a Point instance in O, based on the respective instances of
the classes Link and ShapePoint in O,. Relevant data property values are transferred as well, e.g., for the property
length:

RoadPart(r), length(r, ), low(r, k) +
Link(k), length(k,[), BIND(SKOLEM("rp",k) AS r)

Point(p). x(p, x), y(p.y), low(p, s) «
ShapePoint(s), x(s, x), y(s,y), BIND(SKOLEM("p", s) AS p)
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Step 2:  The rule below infers hasPoint relations between instances of the classes RoadPart and Point in O, based
on the object property hasShapePoint in O¢:

hasPoint(r, p) +
RoadPart(r), low(r, x), Point(p), low(p,y), hasShapePoint(x, y)

More generally, simple transformation rules have the following form, where C1, Cs3, dp; and op; are from a O, and
Ca, dp, and op, are from the Oy:

Ca(n), dpy(n,v), low(n, x) <
Ci(x), dp;(x,v), BIND(SKOLEM("c", x) AS n)

opy(n,v)
Ci(n), low(n, p), C3(v), low(v,q), op;(p,q)

6.3.2. Complex transformation

Complex transformation rules create a new individual in O; based on several individuals in O, and, hence,
perform an aggregation process. As a concrete example, consider the transformation from several low-level Lane
instances to one high-level Lane instance.

Step 1:  The rule below creates a new instance of the class Lane in O, and assigns a value for the data property
laneNum:

Lane(!), laneNum(Z, n), low(l, 1), low(l, ), +
Lane(l1),laneNum(ly,n), hasConn(ly,c), Lane(ls), laneNum(ls, n), hasConn(ls, ¢),
BIND(SKOLEM("I", ¢) AS )

The value transfer for the data property laneNum is 1:1, but there is also a need for aggregated value transfer, e.g.,
for the length of a new Lane instance in Oy:

length(/, x) «+
Lane(l), low(/,w), AGGREGATION(length(w,y), BIND(SUM(y) AS x)
More generally, complex transformation rules have the form
Ca(w), dpy(w,v), low(w, x), low(w,y) <
Ci1(x), dpy(x,v), 0py(x,2), Ci(y), dpy(y,v), 0p;(y,2), BIND(SKOLEM("c", z) AS w)
dp,(x,2)
Ca(x), low(x,), AGGREGATION(dp,(/,v), BIND(SUM(v) AS z)

Step 2:  The object properties between individuals created in complex transformations are inferred using the same
rule pattern as illustrated for simple transformations above.

7. Evaluation

To evaluate the two-level map ontology approach, we first present the evaluation of the developed LNDS and
LHERE low-level map ontologies. Then, three representative use cases supported by the high-level map ontology
HLM are presented. We have implemented the developed two-level map ontology approach into an application
called SmartMap using RDFox 4.0.0 [54, 55] as reasoner. The evaluation was performed on a 64-bit Ubuntu virtual
machine with 8 Intel(R) Core(TM) i7-8550U CPUs @ 1.80GHz running at 33MHz with 15 GB memory.

7.1. Evaluating the low-level ontologies
In this section, we evaluate the LNDS and LHERE ontologies. First, we present the experimental results of

populating the two ontologies. Second, we evaluate the LNDS and LHERE ontologies’ adequacy using the lane
identification use case.
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Fig. 9. The process of generating low-level map ontologies.

Table 5

The performance of populating the low-level LNDS and LHERE map ontologies in terms of the average time required for ABox generation
(AG), semantic enrichment (SE), and average number of triples (#triples) generated after AG and SE.

average time (s) average #triples

AG SE AG SE
LNDS 1.960 1.4682 137,209 296,832
LHERE 0.1387 0.8090 89,656 219,001

7.1.1. Performance

The population of the ontologies consists of two steps: i) ABox generation and ii) semantic enrichment (see
Fig. 9). Ten map tiles are extracted and processed for each map format and the statistics are shown in Table 5.
Compared to LHERE, the LNDS population takes more time and results in more triples. This is due to the fact that
the NDS map format uses more referential concepts than the HDLM map format and the NDS map contains more
data than the HDLM map.

7.2. Evaluating the high-level ontology

We demonstrate the advantages of using the generic HLM ontology with three representative use cases. The first
use case illustrates that the interoperability of ontologies can assist logical inconsistency detection using rules. The
second use case shows that the two-level knowledge abstraction can reduce the data size. The last use case highlights
that the HLM ontology can provide a unified high-level map view over different specific low-level map formats such
as NDS and HDLM.

7.2.1. Inconsistency detection with sensor observations

Fusing the data from vehicle sensors and the map can form a consistent environmental view of the surroundings
of the vehicle. The AD system reasons on the environmental model to decide suitable actions for specific driving
situations. This use case shows that the HLM ontology can detect logical inconsistencies by reasoning on the en-
vironmental model. A false emergency break scenario is presented resulting from the mislocalisation of the car’s
position due to, for example, sensor data problems.

The object tracking system of an autonomous driving system (the ego vehicle) regularly provides a list of positions
of tracked objects. The provided positions are relative to the position of the ego vehicle, which is the origin of the
coordinate system. Figure 10 shows a current environment model for the ego vehicle E in black: E is driving in Lane2
following vehicle C2, and vehicle C1 is driving in Lane1 in right front of E. From the HLM ontology, we further
know that Lane1 is the right-most lane and that Lane2 is the direct left lane of Lane1. Now assume the following
scenario: due to the non-availability of some sensor data, it can happen that E is mislocalised in Lane1 instead of
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Object Tracking System HLM ontology
M T > hasDirectLeftLane

N X Cc2 (C E >
EQ ' @CZ Lane2 QslnFrontOf isln

isInRightFrontOf

RightmostLane

Fig. 10. Illustration of the environmental model of the ego vehicle (E) based on the data from the Object Tracking System and the map knowl-
edge from the HLM ontology. The main relations of this model are isINFOf (isInFrontOf), isInRFOf (isInRightFrontOf), isIn, hasDRLane
(hasDirectRightLane) and isA

Lane2 (shown in grey in Fig 10). Due to the incorrect localisation, Lane1 is entailed to be the current lane of the ego
vehicle in the HLM ontology. However, at this point, it becomes apparent that this cannot be correct since we know
that Lane1 is the right-most lane, while the object tracking system at the same time reports a vehicle (C1) to drive in
right front of the ego vehicle.

Because E is mislocalised in Lane1 and the provided distance of E to C1 is less than the distance threshold of the
autonomous emergency braking system (e.g., 80 m), the braking system of E would initiate partial braking to reduce
the speed and give the driver valuable time to react in order to avoid a collision with C1 “in front”, although, in
reality, E is driving in Lane2 with a safe distance to C2.

This false emergency break could be avoided by creating an ontology for sensor data fused with the map data as
shown in Figure. 10. The isInRightFrontOf, isinFrontOf and isIn relations are derived from sensor data and represent,
respectively, that: i) C1 is in the right front lane of E; ii) C2 is in front of E on the same lane; iii) E is localised in
Lane1. According to the map, the lane (Lane1) where E is localised is the rightmost lane. This contradicts the derived
knowledge of isInRightFrontOf, which means that a car is in the right front lane of E, because it is impossible to have
a lane at the right-hand side of the right-most lane. The following rule shows how we can classify such inconsistent
knowledge as a fault:

Fault(f) <
Car(e), isIn(e, 1), RightMostLane(l), Car(cl),isInRightFrontOf(c1, e),
BIND(SKOLEM("f",e,cl,l) AS f)

7.2.2. Lane and lane boundary aggregation

Roads are segmented into lane groupings in map data. The lane group is divided in several scenarios, such as
when the physical lane boundary changes. In reality, however, there is no cutting between lane groups, thus human
perceive lanes as continuous rather than segmented. In order model such human perception, aggregation is applied
to the lane instances and the lane boundary instances.

The left-hand side of Fig. 11 shows an example of lane aggregation. LaneGroup1 and LaneGroup2 both contain two
lanes and the same side of lanes in each lane group is contiguous and longitudinally connected. For instance, Lane22
is the contiguous successor lane of Lane12 and they are longitudinally connected. The difference of LaneGroupi
and LaneGroup? is that Lane12 has a guardrail as lane boundary, while Lane22 does not. In this case, human beings
perceive Lane12 and Lane22 as one lane regardless of the presence or absence of guardrails. Hence, we apply complex
low-to-high transformation rules, which aggregate several lane instances in the low-level to one lane instance in the
high-level ontology. A benefit of this approach is the achieved reduction of the amount of data.

The right-hand side of Figure 11 shows the result of aggregating the LNDS ontology populated from NDS map
data and the LHERE ontology populated from HDLM map data. The experiment map area covering 63.75 km?
in Germany for motorway and urban scenarios. For both low-level map ontolgies, the number of high-level Lane
instances in HLM ontology decreases after the aggregation for both motorway and urban scenarios. The reduction
rate of the Lane and LaneBoundary entities for motorways can approach 50%, reducing the quantity of data stored
and increasing processing efficiency. The decreasing ratio is less in the urban scenarios because the layout of roads
within cities is more complex than that of highways.
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Fig. 11. Aggregation of low-level lanes into high-level lanes (left-hand side) and the achieved reduction in number of lanes and lane boundaries
instances in motorway and urban scenarios (right-hand side).
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Fig. 12. An example of lane aggregation over LNDS and LHERE resulted in a united lane view in HLM.

7.2.3. Unified map view in HLM ontology

The high-level HLM ontology can provide a unified view over different map formats via ontology transformation.
This use case shows that the lanes in the HLM ontology, which result from different low-level map ontologies have
similar semantics (see Fig. 12). Figure 12a shows a part of the Federal Highway A99 in Germany. Figure 12b shows
the modelling as an NDS map, while Fig. 12c shows the HDLM map modelling. Both formats differ in terms of the
number of lane groups, lane connectivity and lane boundaries. For the populated LNDS ontology, the continuous 5
lanes (blue arrow line) on the road are aggregated resulting in one single high-level lane laneA1 (yellow line) with
length 2008 m in the HLM ontology. For the LHERE ontology, the continuous 7 lanes are aggregated into a single
high-level lane laneB1 with length 2388 m. The 380 m length difference between laneA1 and laneB1 is caused by
the fact that HDLM models the lane groups at the tile border differently from NDS. However, the part of laneB1
within the map tile has the same length as laneA1, which shows that the HLM ontology provides a generic lane
representation over the LNDS and the LHERE ontology.

Using the unified map view, the same SPARQL queries can be used to answer questions over different map
formats. Listing 1 defines a nested SPARQL query that answers the question: What is the road environment in
which the vehicle is currently located? To begin, the inner query determines the current lane in which the vehicle
is located. This is achieved by calculating the distance between the current position and all lane points and then
identifying the lane whose point is closest to the vehicle current position. Second, the outer query obtains the
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Listing 1: SPARQL query for retrieving HLM lane information using a given GPS point.

PREFIX high: <http://www.bmw-carit.de/Foresight/Map/Ontologies/High#>

SELECT ?laneType ?index ?length ?leftlLane ?rightLane
?succlLane ?prelane ?2openToleft ?openToRight
WHERE {

{
?lane ?laneType; high:laneIndex ?index; high:length ?length.}
?lane high:hasLeftLane ?leftLane.}
?lane high:hasRightLane ?rightLane.}
?lane high:hasNextLane ?succlane.}

a
union {
{
{
union { ?lane high:hasPredLane ?prelane.}
{
?1

union
union
union ?lane high:hasLeftLaneDivider ?11d; high:hasRightLaneDivider ?rld.
1d high:openToLeft ?openTolLeft. ?rld high:openToRight ?openToRight.}
{
SELECT ?lane WHERE {
?currentPosition a high:CurrentPosition; high:x ?cpx; high:y ?cpy.
?lane a high:Lane; high:hasPoint ?sp
?sp high:x ?x ; high:y ?y.
BIND (SQRT ( (?cpx—2?x) x (?cpx—2?x) + (2cpy—-?y)*(2cpy—-?y)) AS ?2dis)
} ORDER BY ?dis LIMIT 1

current lane information based on the result of the inner query, such as the lane type, open to left/right, and the
successor/predecessor lane.

8. Conclusion

In this paper, we investigated the development and advantages of two-level map ontologies for autonomous driv-
ing scenarios. To this end, a practical methodology for building a unified high-level ontology for several specific
low-level ontologies is presented. This methodology combines a top-down and a bottom-up approach. We present
concrete practices being applied in this kind of setting. Additionally, relevant ontology design patterns are presented,
as well as derived rule patterns for knowledge processing and spatial reasoning. Furthermore, the generic road rep-
resentation and two main map formats in the HD map area are investigated, i.e., the NDS map and the HERE Live
HD map (HDLM). We have applied the proposed methodology to build the high-level map ontology HLM and two
low-level map ontologies.

First, the HLM ontology has been semantically described. The ontology covers static road knowledge and dy-
namic vehicle information. The generic concepts and spatial relationships of roads and lanes are modelled in this
ontology. This permits us to provide a common representation of the road knowledge over different types of map
data in various formats. Second, we developed two low-level map ontologies, namely LNDS and LHERE, con-
verging NDS and HDLM maps, respectively. The LNDS ontology provides the main concepts and relationships
for capturing the NDS format to support the knowledge abstraction process and to eventually populate the HLM
ontology. The LHERE ontology is developed analogously. We evaluated both ontologies in terms of ABox gener-
ation and semantic enrichment stage performance and showed that both ontologies can answer real-world queries,
such as lane identification. Finally, we evaluated the two-level ontology approach by three use cases. The first use
case shows the ability to reduce data size via levelled abstraction by the example of lane aggregation. The second
use case shows the ability to provide a unified high-level road view over different low-level map formats. The last
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use case demonstrated the interoperability with other domains of knowledge by combining the HLM ontology with
sensor observations to detect logical inconsistencies using rules.

In the future, we plan to integrate additional map formats and to enhance the current HLM ontology. Additionally,
we would like to standardise the HLM ontology and possibly combine it with the VSSo [56] and SSN [57] ontologies
in order to enable context awareness and enhance autonomous driving functions.
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