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Abstract. Due to the widespread deployment of Surveillance Systems and IoT applications, the amount of surveillance data is
massively on the rise. Storing and analyzing video surveillance data is a significant challenge, requiring video interpretation and
event detection along with related context. Low-level features from multimedia content are extracted and represented in symbolic
form. These features include shape, texture, and color information of the multimedia content. In this work, a methodology is pro-
posed, which extracts the salient features and properties using machine learning techniques typical of the surveillance domain,
and represents the information using a domain ontology tailored explicitly for the detection of certain activities. An ontology
is developed to include concepts and properties which may be applicable in the domain of surveillance and its applications.
Extracted features are represented as Linked Data using an ontology. The proposed approach is validated with actual implemen-
tation and is thus evaluated by recognizing suspicious activity in an open parking space. The suspicious activity detection is
formalized through inference rules and SPARQL queries. Eventually, Semantic Web Technology has proven to be a remarkable
toolchain to interpret videos, thus opening novel possibilities for video scene representation, and detection of complex events,
without any human involvement. As per the best of our knowledge about the literature of this domain, we claim that there is no
existing method that can represent frame-level information of a video in structured representation and perform event detection,
reducing storage and enhancing semantically-aided retrieval of video data. A video dataset of six different, and unusual, suspi-
cious activities has also been built, which can be useful to solve problems related to activity recognition in other smart parking
scenarios.

Keywords: Smart City, Data Integration, Data Modeling, Surveillance Video, Ontology, Video Semantics, Video Dataset, Object
Tracking

1. Introduction

A large amount of video and surveillance data is be-
ing generated due to the ubiquitous presence of the
video surveillance infrastructure in a smart city envi-
ronment and rapidly increasing IoT applications. The
most crucial task of surveillance systems is to iden-
tify unusual activities and events. Detection of these

*Corresponding author. E-mail: ashish@iiitnr.edu.in.

anomalous behavior poses a major challenge in the
video data science research. Video data is considered
as the unstructured data as it is not quantitative but
consist of information spread over highly correlated
frames. It requires a concrete model to analyze and
extract meaningful information. According to a sur-
vey [1], every month, 5 million years of video is being
communicated in the global IP network. The survey
estimates that video traffic will rise to 82% of global
by 2021 from 73% in 2016 and surveillance video traf-
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fic will increase by seven times by 2021. Apart from
the above trends, a majority of generated surveillance
data is not shared over the Internet. Digital cameras
are capturing an untold amount of video data, much
of which goes unused and unanalyzed, merely stored
in archives. Therefore, the rapid increase in video con-
tent has brought an urgent requirement to develop tech-
nologies efficient in retrieval, processing, and storage
to draw meaningful information. Achieving the above
tasks pose several technical and domain specific chal-
lenges.

As humans can understand based on cognition,
knowledge and experience, information present in a
video needs to be extracted, transformed, and linked
with domain knowledge to acquire human-level per-
ception [2]. This requires strong reasoning and anal-
ysis support to detect, especially an anomalous be-
havior and bridge the semantic gap between machine
interpretation and human perception. This requires a
strong reasoning and analysis support to detect, espe-
cially an anomalous behavior and fill the semantic-gap
between the machine interpretation and human per-
ception. Low-level features extracted using video pro-
cessing are not enough to generate the information re-
quired for video scene understanding. Complex events,
which are rare in nature, are hard to train using su-
pervised machine learning due to lack of training ex-
amples and require massive computational capabili-
ties. While formulating an event requires domain and
context knowledge, unfortunately, most of the present
techniques lack the ability to bridge the semantic gap
between low-level and high-level features and suffer
from even poorer support for data integration. In such
scenarios, machine learning algorithms may not be ap-
plicable due to the limited number of training exam-
ples and lack of formalism.

Thus, semantic web technology is leveraged to fill
this gap by creating domain ontology, which is effec-
tive in representing high-level semantics present in the
video. Semantic Web Technologies [3] facilitate data
integration along with rule-based reasoning using Se-
mantic Web Rule Language (SWRL) [4] and SPARQL
making interoperability for using same ontology and
achieve global scale interoperability in a domain. On-
tology supports Description Logics (DL), which can
be used to reason spatial and temporal reasoning [5].
The semantic information present in the video is rep-
resented in Resource Description Framework (RDF)
citeLinkData format, which is machine-readable and
describes the relational information in “subject-object-
predicate” form. RDF statements are constructed using

concepts defined in vocabularies written in Web On-
tology Language (OWL) ontologies.

Our approach extracts the frame-level parameters
using machine learning techniques to generate the
higher-level semantics for detecting unusual and sus-
picious events from the surveillance video data. An
ontology is developed which represents the object(s)
and interactions between the object(s) present in video
frame. Thus, represented in RDF, where it can be
stored, retrieved, and further used. The relationships
between the objects in an image are generated by cre-
ating SWRL based rules and events are formulated us-
ing SPARQL queries. A dataset of rare activities inside
a parking lot is created consisting of six unusual activ-
ities. To the best of our knowledge, there is no existing
method which completely represents the frame level
information present in a video in structured machine
interpretable format while enabling event detection by
means of Semantic Web Technology. The key contri-
bution of our work are as follows:

– Frame level representation of Video scene in RDF
saves a lot of storage space, facilitates reasoning
and efficient information retrieval.

– Deriving relationships between the objects in an
image using SWRL i. e. reasoning over video.

– Activity detection using SPARQL: Once all the
information is represented in RDF graphs, activ-
ity / events can be recognised and retrieved by
formulating SPARQL.

– Opens up new opportunity for Video Data science
community where training examples are less or
resources are computationally costly.

– The accuracy (relationship detection) is better and
performance is high.

– A video dataset which consists of six different
trimmed localized activities in smart parking sce-
nario totaling 82 videos.

– A novel approach for object tracking is also pro-
posed based on SWRL and Description Logics.

The obtained results are promising, as our methodol-
ogy efficiently represent the frame-level information in
RDF, along with reasoning to extract spatial and tem-
poral relationships between the objects using SWRL.
The represented semantic information is retrieved to
reach the human-level perception for various scenar-
ios and use-cases (demonstrated by recognizing suspi-
cious events in smart parking scenarios).

The remainder of this paper is organized as fol-
lows: Section 2 presents the related work. Section 3
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demonstrates the proposed approach for representing
the events in the smart parking domain. Section 4
shows the results of the proposed work, describing pa-
rameters for evaluation, and outlines current issues and
limitations. Conclusions about the contribution of the
work are drawn in Section 5. Section 6 covers future
work prospects.

2. Related Work

Understanding object behavior is infeasible without
comprehension of domain specific contextual informa-
tion. Spatio-temporal information involves tracking of
the object and its movement with respect to time. Gen-
eration of high-level features from extracted low-level
features suffers from challenges like lighting, cluttered
background, pose and occlusion of objects. Features
from multimedia content are extracted and can be rep-
resented in symbolic as well as numerical form. The
extracted knowledge in terms of concepts, properties,
sub-concepts, and their respective relationships can be
individually identified and described. This knowledge
can be interlinked with the known concepts for data
integration and thus facilitates multi-modal analysis.
Ram et. al. [6] proposed Video Event Representation
Language (VERL), a formal language for describing
an ontology of events using objects and state. They
described an event as a change of state of an object.
States and events may lead to other state and events,
but the scope of the ontology was limited and can-
not apply to other domain and concepts. Also, it does
not follow OWL-DL syntax. Juan et al. [7] presented
an ontology which can represent high-level semantic
features and knowledge using a hierarchical frame-
work for video event and annotations. However, the
ontology is not integrated with other standards like
MPEG7 and also does not include domain related con-
cepts. Bermejo et al. [8] discussed an ontology-based
approach which detects complex events and abnormal
situation by integrating the sensor data (e.g. acceler-
ation, speed, distance, lane change, etc.). The inte-
grated information was used to aid decision support
system for traffic management. You et al. [9] proposed
a semantics framework for video genre classification
based on the HMM and Gaussian mixture model. The
framework is constructed based on visual features to
classify video genre by generating a semantic feature
computation approach along with analysis on the re-
lationship between such features and video seman-
tics. The approach is complex and depends highly on

the way the video features are computed. Fan et al.
[10] proposed to incorporate concept ontology for hier-
archical video classification. More specific semantics
were represented in the deeper layers of the hierarchy.
Concept ontology provides contextual and logical rela-
tionships. As single ontology may not meet all require-
ment, multiple concept ontologies for video concept
organization were needed. Duong et al.[11] proposed
an ontology-based approach to describe the content
and allow sharing with a consensus-based algorithm
for reconciliation of conflicts. The visual features are
extracted using MPEG7 visual descriptors, which are
then used to generate video-level summary. It was,
however, not suitable for representing the frame-level
information. Elleuch et al. [12] proposed a fuzzy on-
tology to enhance concept detection by using context
information about concepts based on visual modal-
ity. The context modeling is performed in three steps-
semantic knowledge representation, semantic concept
categorization, and refinement process. Context ontol-
ogy is constructed first to model the relationships be-
tween concepts and then a deductive engine is built on
fuzzy rules (a confidence is calculated and classified
as weak and strong) and optimized based on genetic
algorithms, mutual information is also calculated be-
tween concepts and indicate relevance. Grassie et al.
[13] proposed a semantic model which enables anno-
tation to create structured knowledge at multiple levels
of granularity and complexity. Ontologies are built to
support linking at data level to LOD cloud. The high-
level interpretation of the video is limited to brief tex-
tual comments and tags about the whole video. In most
of the cases, videos are not labeled and annotated to
encode all relevant information with tags as their inter-
pretation are often confusing. One use case is demon-
strated, proving the applicability of the semantic rep-
resentation and linking it to Dbpedia resource by using
annotation tools. Patricio et al. [14] proposed a frame-
work to construct a symbolic model which exploits
contextual information and tracking data in a scene.
Knowledge representation and reasoning is performed
using OWL and description logics. An ontology is de-
veloped based on the description logics, which de-
fines the concepts, roles, and relations, giving the basic
idea of the domain. The framework consists of a gen-
eral tracking layer which generates trajectory and con-
text layer representing context and knowledge from the
scene. Domain ontologies have to be created manually
or semi-automatically require considerable effort and
domain knowledge. Xu et al. [15] proposed a video
structure description ontology, parses the video shot
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in the text information using spatial and temporal seg-
mentation, feature extraction, object recognition, and
semantic web technologies. The extracted video con-
tent is represented in RDF using domain-specific on-
tology created for traffic domain surveillance videos.
But, data mining and inference rule generation for var-
ious events are still unexplored. Si et al. [16] proposed
an unsupervised learning approach for event detection
by using the predefined set of atomic actions and re-
lations (a combination of atomic actions) like touch,
bend, sit, etc. These successive events are modeled
in the learned grammar and become context-sensitive.
The learned grammar can be used before to improve
the noisy bottom-up detection of atomic actions. It can
also be used to infer the semantics of the scene. Val-
let et. al. [17] proposed a content retrieval method us-
ing ontological knowledge (a semantic distance of the
concepts) and considering user preferences. Ontolo-
gies provide a formal framework for representing se-
mantic definition and facilitates the generation of new
knowledge-based through inference rules. The model
only captures the long-term preferences, does not con-
sider short term preferences. Naphade et al. [18] con-
structed 834 semantic concepts based on the proper-
ties of multimedia content, but many terms are not
suitable for automated tagging. LSCOM produced an
ontology consisting 1000 concepts of broadcast news
domain. Apart from ontology design, binary relations
to hold higher relations (rule) by relating target con-
cepts and also includes explicit rules. Hauptmann et
al. [19] proposed high-level semantic by providing de-
scriptors of visual content and experimentally shown
that video retrieval improves by increasing the number
of semantic concepts, used concepts from MediaMill
and LSCOM to evaluate TRECVID 2005 collection.
Video retrieval efficiency is proportional to the rele-
vance of concepts. Mutual information is used to de-
termine the helpfulness of concepts. Mahmood et al.
[20] proposed a method to extract the semantic con-
tent from the sports video. They highlighted the variety
aspect of the data, which consists of semi-structured
and unstructured format. The proposed model is based
on speech processing, Natural Language Processing
(NLP), and Semantic Web Technologies to predict the
best combination of players for next n minutes. Text
from the video is extracted and then converted to Re-
source Description Framework (RDF) using semantic
web technologies and NLP. Best performance for the
next few minutes is identified based on the weather,
their past performance in match but no details have
been provided on methodology and evaluation of the

proposed approach. Tani et al. [21] proposed a rule-
based approach using SWRL for event detection, but
have handled only spatial events like walking and run-
ning, could not detect temporal events which happen
over the course of time. Also, the proposed method-
ology could not represent frame-level interactions be-
tween the objects. Caruccio et al. [22] proposed a lay-
ered knowledge representation framework for auto-
matic video detection surveillance consisting of en-
vironment layer (capturing devices like camera and
sensors), frame layer (analyzes frame sequences), el-
ements of context representations, general context de-
scriptors and action representations. Activity is de-
tected by forming logic based visual representations of
the scenarios by combining set of small actions. The
approach is complex and very specific to the use-case,
could not represent information present in a scene
completely. According to Sikos [23] video contents are
challenging to parse due to lack of semantics in soft-
ware systems, Most of the annotation formats provide
metadata about the title, creator, time, comments, and
lyrics in XML format. But these are not Machine inter-
pretable, but only Machine readable making it insuf-
ficient for access, sharing and reuse. Dublin Core and
Schema.org provide de-facto standard for annotating
video objects. LSCOM, SROIQ which are not com-
pletely based on description logic. Also, semantic in-
teroperability requires explicit descriptors representing
the information should be unique and defined in entity.
Sikos [5] proposed a description logic based knowl-
edge representations, can be used for multimedia anal-
ysis, event detection, and interpreting high-level media
descriptors. High-level video-semantics requires rea-
soning as well along with ontologies. Most of the ex-
isting ontology does not supports all constructs of DL
which can efficiently model complex reasoning using
atomic concepts by implying assertion, conjunction,
disjunction, etc. Follow SROIQ (D) description logic
like role restrictions, concepts, etc. Sikos [24] demon-
strated that ontologies for representing video events re-
quire spatial and temporal features including specific
motion events in a video scenes.

Smart parking is an integral part of smart city ini-
tiatives. Denizens of the city face massive problem in
finding a proper parking space. As surveillance sys-
tems are getting affordable, large-scale deployments
in parking spaces is resulting in generation of mas-
sive surveillance video data. This data is beneficial
in order to analyze the trajectory, driving behavior of
the vehicles along with safety and security of the car
[25]. Most of the work done in literature is focused to-
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wards assisting a driver to the parking system, identi-
fying the nearest appropriate parking location. How-
ever, parking lot itself needs to be monitored to ensure
the safety and security of the vehicle inside the park-
ing lot [26][27]. Therefore, in this paper, we demon-
strate the applicability of our methodology by identify-
ing unusual an activities to ensure safety of the parked
vehicle.

3. Proposed Work

3.1. Definitions

– Scene - A sequence of video frames having same
background and objects.

– Activity [28] - Something which captures user at-
tention, consists of interaction between multiple
objects, can be usual or abnormal.

– Events [6] -Activity which captures user atten-
tion, requires modeling of temporal and multi-
modal characteristics. It involves an understand-
ing of object behaviors and recognition of motion
patterns.

– Sub-event - A uniquely identifiable activity (such
as someone sitting on the car) of a complex event
(such as a person damaging the car).

– Suspicious Activity-An activity that is rare and
potentially dangerous and may lead to unfavor-
able consequences [28].

– Ontology [3] - An ontology is a machine-readable
semantic description of data. It also documents
a particular domain to develop a common under-
standing of concepts.

– Concepts - A concept can be an object property
or data property or a class defined in the ontology.

3.2. Events and Concepts

Concepts and sub-events are formulated to repre-
sent the information present in a video scene. Events
that need to be detected are characterized by combin-
ing sub-events, properties, and relations among them.
Frame-level information is used to construct the sub-
events having a temporal attribute, which in turn is
used to identify complex events. The scene is repre-
sented by developing an ontology that represents an
object along with its position in every frame. For each
frame, a date and timestamp attribute is associated with
every object identified within the frame.

3.3. Feature Extraction and Selection

Low-level features are extracted using edge detec-
tion, color detection, hough line detection, contour de-
tection. A frame consists of multiple objects. Proper-
ties of object such as length, width, dominant color,
type, location, and time-stamp in a video are also con-
sidered as low-level features. We have used YOLO
[29] for extracting type and location of the object. It
returns the bounding box of the object with which the
size and location of the object can also be calculated.
Mid-level features consist of class hierarchy of the ob-
jects and relationships between the objects. Currently,
we are using frame number, object color (dominant
color extracted after post-processing application of k-
means on extracted object), length, width of the object
and type of the object. Extracted low-level features are
then selected based on the ontology and domain, as
some of the features are irrelevant. Detailed workflow
is shown in Fig.2 consists of two parts. Part (a), depicts
the extraction of low-level features, ontology develop-
ment, and frame representation, while part (b) shows
the generation of relationship and detection of an ac-
tivity. As represented in Fig. 2 (a), the extracted, low-
level information is used to construct an ontology that
can represent the spatio-temporal relations between
objects in a video scene. In the next step, the extracted
features of the frame are represented using the pro-
posed ontology as data properties. In contrast to data
properties, the object properties are referred to as mid-
level features. Each object of the frame is represented
as an individual as shown in Fig. 2 (a). In Fig. 2 (b) the
mid-level features (object properties), i.e. the relations
between the objects present in same frame and tempo-
ral frames are inferred using SWRL between the indi-
viduals. Relation between objects isInTheVicinityOf is
shown using same color line. The green-colored con-
necting line shows the existence of overlaps relation
between Car-1 and Car-2. The isInTheVicinityOf rela-
tion exists between Person-1 and Person-2 shown by
blue-colored connecting lines while the same relation
between Person-1 and Car-1 is shown through orange-
colored connecting lines. In final step, abnormal events
are formulated by reasoning over the behavior (reason
for suspicion) and using SPARQL from RDF database.

3.4. Parking Lot Ontology

We develop an ontology that includes the con-
cepts and parameters of the parking domain. Spatio-
temporal concepts and relations in this ontology are
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Fig. 1. Workflow and Framework of the Approach

denoted using object properties. The extracted data
from the video is represented in the RDF format us-
ing proposed domain ontology. The ontology contains
classes to represent frame level information in a video
scene. Fig. 3 shows an ontograph of the video frames
represented in RDF format using constructed ontology.
The proposed work is carried out in protege tool [30].

The top four boxes in Fig. 3 represents the classes
(thing, scene, frame, and object) followed by different
boxes representing individuals of the class object. The
relationships between classes, subclasses, individuals,
and object properties are represented using respective
colored arcs. Each individual represents one unique
object in a frame number. Individual name Person 1-
1 is first object (type person) of first frame of a video
scene. Green-colored arcs represent the hasIndividual
relationship between class and the individual. Arcs
with blue color represent the hasSubclass relationship
between a class and a subclass. Red-colored arc repre-
sents object property inTheVicinityOf between two in-
dividuals. Black-colored arcs represent object property
sameObject between two individuals.

The data properties used are

– ObjectLocationLT - Coordinate of the center of
the object along x axis.

– ObjectLocationYC - Coordinate of the center of
the object along y axis.

– ObjectType - Type of the object like car, person.
– ObjectWidth - Width of the object.
– ObjectLength - Length of the object.
– hasTime - Date Time Stamp upto milliseconds of

a video frame.
– hasSceneNumber - Scene number of the video.
– Frame-Number - Frame number of the scene.
– vicinityDuration - Duration for which two objects

are in vicinity.

The object properties used are

– isInTheVicinityOf - This relation holds between
two objects when they are nearby.

– moving - holds when object is moving.
– notMoving - holds when object in not-moving.
– sameObject - holds when two objects are same in

different frame.
– notSameObject - holds when objects are not same

between two frames.
– overlaps - holds when two objects overlaps.
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(a) Feature Extraction, Ontology development and Frame Representation

(b) Relationship generation and Activity detection

Fig. 2. Detailed Workflow of the Proposed Approach

3.5. Rule-based Reasoning for Event Detection

We perform reasoning and scene interpretation us-
ing inference rules. Based on domain knowledge, the
rules are formulated using DL to detect suspicious ac-
tivity near a parked car in a parking lot using SWRL
[4] and Temporal SWRL [31]. SWRL supports new in-
ferences based on the reasoning over existing classes,
objects, and data properties. SWRL is expressed in the
form of an implication between an antecedent (body)
and consequent (head). The intended meaning can be
read as: whenever the conditions specified in the an-
tecedent hold, then the conditions specified in the con-
sequent must also hold. All the statements on the left
side of the implication operator (⇒) are known as an-
tecedent (body) and on the right side are known as con-

sequent. Antecedent consists of statements connected
through conjunction operator (∧). Antecedent can also
include built-in’s for e.g. swrlb:add(), swrlb:subtract()
etc., for mathematical operation. Variables used in the
rules are described in Table 1. The threshold values for
yaTh, ysTh, xaTh and xsTh are obtained using several
independent experiments and were found to be most
suitable for the task. In this work, yaTh, ysTh, xaTh
and xsTh were set to 100, 170, 215 and 100 respec-
tively.

3.5.1. isInTheVicinityOf
Rule 1 sets the object property isInTheVicinityOf

between two individuals if they are nearby each other.
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Fig. 3. Video information extracted and represented in RDF using
Ontology

Table 1
Description of the variables

Variable Name Description
o1, o2 Refers to an individual of type object

v1, v2 Refers to frame number of o1 and o2

x1, x2 Refers to the horizontal pixel of o1 and o2

y1, y2 Refers to the vertical pixel o1 and o2

t1, t2 Refers to the type of objects o1 and o2

xs, ys
Value after subtracting threshold from x1 and
y1

xa, ya Refers to the threshold added to x1 and y1

yaTh, ysTh Threshold values for calculating ya and ys

xaTh, xsTh Threshold values for calculating xa and xs

w1, w2 Refers to width of o1 and o2

l1, l2 Refers to length of o1 and o2

ws, ls Width and length of o1 subtracted from o2

Rule 1

Object (?o1) ∧ Object(?o2) ∧ Frame-number
(?o1,?v1) ∧ Frame-number (?o2,?v2) ∧
swrlb:equal (?v1,?v2) ∧ objectLocationLT
(?o1,?x1) ∧ objectLocationLT (?o2,?x2) ∧
swrlb:subtract (?xs,?x1,xsTh) ∧ swrlb:add
(?xa,?x1,xaTh) ∧ swrlb:lessThan (?x2,?xa)
∧ swrlb:greaterThan (?x2,?xs) ∧ object-
LocationYC (?o2,?y2) ∧ objectLocationYC
(?o1,?y1) ∧ swrlb:add (?ya,?y1,yaTh)
∧ swrlb:subtract (?ys,?y1,ysTh) ∧
swrlb:greaterThan (?y2,?ys)∧ swrlb:lessThan
(?y2,?ya) ∧ objectType (?o1,?t1) ∧ objectType
(?o2,?t2) ∧ swrlb:notEqual (?t1,?t2) ⇒
isInTheVicinityOf (?o1,?o2).

– Object (?o1) - Represents a variable o1 which is

of type Object(Class in the ontology, it can be of

type individual, class, data property or an object

property).

– Frame-number (?o1,?v1) - Evaluates to true

whenever the data property value (Frame-Number)

of object o1 is stored in variable v1.

– swrlb:equal (?v1,?v2), swrlb:notEqual (?v1,?v2)

- SWRL built-in function to compare values if

they are equal or unequal.

– swrlb:add(?v1,?v2,?v3), swrlb:subtract(?v1,?v2,

?v3) - SWRL built-in function to perform mathe-

matical operation and store the result in v1.

– swrlb:greaterThan (?y2,?ys), swrlb:lessThan (?y2,

?ys)- Compares to values y2 and ys and returns

true when y2 satisfies the condition.

– objectLocationYC (?o1,?y1), objectLocationLT

(?o1,?x1) - sets the y coordinate and x coordinate

of object o1 in variable y1 and x1.

– ObjectType (?o1,?t1) - Sets the class of the object

o1 in t1.

– isInTheVicinityOf (?o1,?o2) - Sets the isInThe-

VicinityOf property between object o1 and o2,

states objects are in vicinity of each other when

antecedent on left side of the above rule evaluates

to true.

3.5.2. sameObject

Rule 2 sets the object property sameObject. Two ob-

jects are said to be sameObject when objects present

in subsequent frames have the same shape, size, same

dominant color, and are locationally nearby. However,

they have been identified to be two different individ-

uals belonging to the same object class (e.g. two per-

sons or two cars).
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Rule 2

Object (?o1) ∧ Object (?o2) ∧ Frame-
number (?o2, ?v2) ∧ Frame-number (?o1, ?v)
∧ swrlb:add (?v3, ?v, 1) ∧ swrlb:equal(?v3,
?v2) ∧ objectLocationLT(?o1, ?x1) ∧ ob-
jectLocationLT (?o2, ?x2) ∧ swrlb:subtract
(?xs, ?x1, xsTh) ∧ swrlb:add (?xa, ?x1,
xaTh) ∧ swrlb:greaterThan (?x2, ?xs) ∧
swrlb:lessThan (?x2, ?xa) ∧ objectType (?o1,
?t) ∧ objectType (?o2, ?t2) ∧ swrlb:equal
(?t, ?t2) ∧ objectLocationYC (?o1, ?y1)
∧ objectLocationYC (?o2,?y2) ∧ swrlb:add
(?ya, ?y1, yaTh) ∧ swrlb:subtract (?ys, ?y1,
ysTh) ∧ swrlb:greaterThan (?y2, ?ys) ∧
swrlb:lessThan (?y2, ?ya)⇒ sameObject(?o1,
?o2)

– sameObject (?o1,?o2) - Sets the sameObject re-

lation between object o1 and o2, states that both

object are same when antecedent on left side of

the above rule evaluates to true.

– Rest of the antecedents used, are already defined

earlier in Section 3.5.1.

3.5.3. moving

Rule 3 sets the object property moving when ob-

ject present in subsequent frames have the same shape,

size, same dominant color, and are locationally nearby,

but is continuously changing over the certain number

of frames. However, they have been identified to be

two different individuals belonging to the same object

class (e.g. two persons or two cars).

Rule 3

Object (?o1) ∧ Object (?o2) ∧ Frame-
number (?o2,?v2) ∧ Frame-number (?o1,?v)
∧ swrlb:add (?v3, ?v, 1) ∧ swrlb:equal
(?v3,?v2) ∧ objectLocationLT (?o1,?x1) ∧
objectLocationLT (?o2,?x2) ∧ swrlb:subtract
(?xs,?x1,xsTh) ∧ swrlb:add (?xa, ?x1,
xaTh) ∧ swrlb:greaterThan (?x2, ?xs)
∧ swrlb:lessThan (?x2,?xa) ∧ object-
Type (?o1,?t) ∧ objectType (?o2,?t2) ∧
swrlb:equal (?t,?t2) ∧ objectLocationYC
(?o1,?y1) ∧ objectLocationYC (?o2,?y2) ∧
swrlb:add (?ya,?y1,yaTh) ∧ swrlb:subtract
(?ys,?y1,ysTh) ∧ swrlb:greaterThan (?y2,?ys)
∧ swrlb:lessThan (?y2,?ya) ∧ swrlb:notEqual
(?y1,?y2) ∧ swrlb:notEqual (?x1,?x2) ⇒
moving(?o1,?o2)

– moving (?o1,?o2) - Sets the moving relation be-

tween object o1 and o2, states that both object are

moving when antecedent on left side of the above

rule evaluates to true.

– Rest of the antecedents used, are already defined

earlier in Section 3.5.1.

3.5.4. notMoving

Rule 4 sets the object property notMoving when ob-

ject present in subsequent frames have the same shape,

size, same dominant color, and are locationally same,

but location is fixed over certain frames. However, they

have been identified to be two different individuals be-

longing to the same object class (e.g. two persons or

two cars).
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Rule 4

Object (?o1) ∧Object (?o2) ∧ Frame-
number (?o2,?v2) ∧ Frame-number (?o1,
?v) ∧ swrlb:add (?v3,?v,1) ∧ swrlb:equal
(?v3, ?v2) ∧ objectLocationLT (?o1,
?x1) ∧ objectLocationLT (?o2,?x2) ∧
swrlb:subtract(?xs,?x1,xsTh) ∧ swrlb:add
(?xa,?x1,xaTh) ∧ swrlb:greaterThan (?x2,?xs)
∧ swrlb:lessThan (?x2, ?xa) ∧ object-
Type (?o1,?t) ∧ objectType (?o2,?t2) ∧
swrlb:equal (?t,?t2) ∧ objectLocationYC
(?o1,?y1) ∧ objectLocationYC (?o2,?y2) ∧
swrlb:add (?ya, ?y1, yaTh) ∧ swrlb:subtract
(?ys,?y1,ysTh) ∧ swrlb:greaterThan (?y2,?ys)
∧ swrlb:lessThan (?y2,?ya) ∧ swrlb:Equa
l(?y1,?y2) ∧swrlb:Equal (?x1,?x2) ⇒ not-
Moving (?o1,?o2)

– notMoving (?o1, ?o2) - Sets the notMoving rela-
tion between object o1 and o2, states that both ob-
ject are notMoving when antecedent on left side
of the above rule evaluates to true.

– Rest of the antecedents used, are already defined
earlier in Section 3.5.1.

3.5.5. overlaps
Rule 5 sets the object property overlaps when the

boundaries (bounding box of object) of the two differ-
ent object are overlapping in current frame.

Rule 5

Object (?o1) ∧ Object(?o2) ∧ Frame-
number (?o2, ?v2) ∧ Frame-number(?o1,
?v1) ∧ ObjectWidth (?o1,?w1) ∧ Ob-
jectWidth (?o2,?w2)∧ ObjectLength (?o1,?l1)
∧ ObjectLength (?o2,?l2) ∧ objectLo-
cationLT (?o1,?x1) ∧ objectLocationLT
(?o2,?x2) ∧ swrlb:add(?wa,?w2,?x1) ∧
swrlb:subtract (?ws,?x1,?w2) ∧ swrlb:add
(?la,?l2,?y2) ∧ swrlb:subtract (?ls,?y2,?y2)
∧ swrlb:equal (?v1,?v2) ∧ swrlb:greaterThan
(?x1,?ws) ∧ swrlb:lessThan(?x1,?ws) ∧
swrlb:greaterThan(?y1,?ls) ∧ swrlb:lessThan
(?y1,?ls)⇒ overlaps(?o1,?o2)

– ObjectWidth (?o1,?w1) - Evaluates to true when-
ever the data property value (ObjetWidth) of ob-
ject o1 is not null.

– ObjectLength (?o1,?l1) - Evaluates to true when
data property value (ObjetLength) of object o1 is
not null.

– overlaps (?o1,?o2) - Sets the overlaps relation be-
tween object o1 and o2, states that both object are
ovelaps when antecedent on left side of the above
rule evaluates to true.

– Rest of the antecedents used, are already defined
earlier in Section 3.5.1.

3.6. Suspicious Activity Detection around a parkied
car using SPARQL query

SPARQL query is used to identify suspicious activi-
ties. It queries the RDF data using existing object prop-
erties and data properties. It can match against graph
patterns and has a rich set of operators and functions
on numbers, strings, date/time, and terms. A SPARQL
query is triggered to extract meaningful information
about occurrence of the event with time. A SPARQL
query is created on the basis of logical description used
to define an event. For example, the activity of loiter-
ing can be suspected by identifying the presence of a
person in the vicinity of a car for more than certain
duration. Fig. 4 provides the complete SPARQL query
created to identify Loitering.

In the first part of the query given in Fig.4, prefixes
are defined. Prefix owl defines the schema of the OWL-
DL construct. The rdfs define the resource description
format schema. xsd defines the XML schema. The time
defines the time ontology. The date defines the schema
of date type and built-in’s. The select statement in the
query returns four distinct instances of type object at
two specified intervals. Instances inst1, inst3 are re-
turned at time instant t1, and instances inst2, inst4 are
returned at time instant t2, such that inst1 isInTheVicin-
ityOf inst3 and inst2 isInTheVicinityOf inst4 as shown
in lines 9 and 10 of Fig. 4. inst1 is sameObject with
inst2, and inst3 is sameObject with inst4 as shown in
lines 8 and 11 in Fig. 4. The relation isInTheVicini-
tyOf describes the spatial relationship while the rela-
tion sameObject establishes the temporal relationship
over different frames, resulting in representation and
retrieval of spatio-temporal information present in the
video scene.

Similarly, other activities such as “a person touch-
ing the car”, “a person looking inside the car” etc.,
have also been defined with a suitable logical descrip-
tion and their respective SPARQL queries are created.
There are six unusual or abnormal activities identified
for this study. These are: –
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– Loitering
– Person touching the car
– Person looking inside the car
– Person attempting to damage the car
– Group of people passing nearby car
– Trying to open the door of the car

The above activities are formulated to test the appli-
cability of the proposed approach and identified using
SPARQL queries. Similarly, many more activities can
be identified by defining more object properties, rela-
tions, and reasoning over those object properties.

3.7. Object Tracking

Object property sameObject established between
two objects (one object of the current frame another of
the subsequent frame) by comparing it with the all the
objects in next frame. This sameObject property is ex-
tended over entire scene by applying transitive prop-
erty on all the objects. If an object is same in first and
second frame, and same in second, third frame, then
the object is also same is first and third frame using
transitive property as shown in Fig. 5. The tracking re-
sults are listed in Table 5 as relation sameObject.

4. Results and Discussion

Low-level features are extracted from each frame
of the video. The extracted features are then popu-
lated using the ontology for scene interpretation. Re-
lations between the objects are inferred using SWRL
rules. The temporal relations are represented by com-
paring the information present in current frame with
the next frame, and then the transitivity of object prop-
erties is applied to identify relationships over the en-
tire scene thereby, reducing the computation and mak-
ing the framework very agile and scalable as compared
to other machine learning and video processing tech-
niques. An activity dataset that contains six unusual
activities, with a total of 82 videos is created. Details
of the activity dataset is shown in Table 2.

A person trying to open the car door or a person
touching the car may not be suspicious in case the per-
son is the owner or a genuine driver of the car. There-
fore, a level of attention is assigned to each activity
and classified as low, medium and high, as shown in
Table 2. Experiments are performed for the activities
listed in Table 2. The proposed approach is also ap-
plied to the crowd scene sequence dataset of the Uni-

SPARQL Query

1 . PREFIX owl : < h t t p : / /
www. w3 . org / 2 0 0 2 / 0 7 / owl#>

2 . PREFIX r d f s : < h t t p : / / www.
w3 . org / 2 0 0 0 / 0 1 / r d f−schema#>

3 . PREFIX xsd : < h t t p : / / www. w3 .
org / 2 0 0 1 / XMLSchema#>

4 . PREFIX t ime : < h t t p : / / www. w3 .
org / 2 0 0 6 / t ime #>

5 . PREFIX d a t e : < h t t p s : / / www. w3 .
org / TR / owl−t ime /# >

6 . PREFIX owlpark : < h t t p : / / www.
semant icweb . o rg /
myontology #>

7 . SELECT d i s t i n c t ? i n s t 1 ? i n s t 2
? i n s t 3 ? i n s t 4 ? t 1 ? t 2

8 . where {SELECT ? i n s t 1 ? i n s t 2 {
? i n s t 1 owlpark : sameObjec t
? i n s t 2 . }

9 . ? i n s t 1 owlpark :
i s I n T h e V i c i n i t y O f ? i n s t 3 .

1 0 . ? i n s t 2 owlpark :
i s I n T h e V i c i n i t y O f ? i n s t 4 .

1 1 . ? i n s t 3 owlpark :
sameObjec t ? i n s t 4 .

1 2 . ? i n s t 1 owlpark : hasTime ? t 1 .
1 3 . ? i n s t 2 owlpark : hasTime ? t 2 .
1 4 . FILTER
1 5 . ( ? t 1 = "2018−07−06T03 : 0 0 : 0 0 "

xsd : da teTime &&
1 6 . ? t 2 ="2018−07−06T03 : 0 0 : 0 3 . 6 "

xsd : da teTime ) }

Fig. 4. SPARQL Query for Loitering

versity of Florida [33]. This dataset consists of a crowd

movement near a parked car in an open parking space

as shown in Fig. 12. Objects with respective bounding

boxes are shown in Fig 13. Performance and accuracy

measures of various steps are given in Tables 3, 4, 5,

and 6 .
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Fig. 5. Object Tracking using transitive property

Table 2
Description of Activity Dataset

Activity Description Video
Count Suspicious Alertness

Level
Person walking around the

car (Fig.6)[32] [28]
10 Yes High

Person touching the car
(Fig.7)

15 May be Low

Person looking inside the
car (Fig. 8)

24 Yes High

Person attempting to
damage the car (Fig. 9)

17 Yes High

Group of people passing
nearby car (Fig. 10)

11 Yes Low

Trying to open the door of
the car (Fig. 11)

15 May be High

Fig. 6. Person walking around the car (Loitering)

Fig. 7. Person touching the car

Fig. 8. Person looking inside the car

4.1. Performance

The performance of the presented approach is tested
on three different types of systems as shown in Table
3.

The table lists execution time for processing ten
frames in three environments. The first two systems
are normal specification PC’s with easy to find system
configuration. The third system is workstation with a
relatively higher computing power consisting of Intel
Xeon CPU, 64 GB RAM, and Nvidia 1080Ti GPU
with 11 GB of dedicated graphics memory. Total exe-
cution time consists of two components, i.e., time for
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Fig. 9. Person attempting to damage the car

Fig. 10. A group passing by parking lot

extraction of low-level features and time for inference
rule generation. The results demonstrate that the low-
level feature extraction is highly dependent on pres-
ence of GPU as in the absence of GPU, the perfor-
mance of the system is substantially low. However, it
is observed that the time taken for generation of infer-
ence and reasoning does not depend on the presence of
GPU. The inference and reasoning part performs rea-
sonably well even with 8 GB of RAM and Intel i7 pro-
cessor. This is a prominent finding of this work which
promises a possibility of implementing event detection
using smart devices present on the edge of the surveil-
lance systems with pre-trained deep-net models (to re-

Fig. 11. Person trying to open the door of the car.

Fig. 12. Crowd Scene Sequence Near Car Parking

duce the extraction of low-level features) and meaning-
ful knowledge inference through semantic technolo-
gies. The presented framework is computationally ef-
ficient, and can be easily deployed in any of the listed
system configurations.

The presented framework is computationally effi-
cient, and can be easily deployed in any of the listed
system configurations. There is no notable difference
between the time taken by each rule as the time com-
plexity depends on the number of atoms used in rules
[2] shown in Table 4. Inference time for the relation
sameObject is highest as it has most number of atomic
antecedents. It is also evident from the table that in-
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Fig. 13. Detection using Yolo Person and Car when person is nearby
car.

Table 3
Execution time of the framework in different environments

CPU
Memory (GB) Time taken to perform (seconds)

System GPU Low-Level
Features

Inference &
Reasoning

Intel I7 8 1 240 1.65

Intel I7 16 0 360 1.3

Intel Xeon 64 11GB 0.39 1.06

ference time is least in the server which is having the
most powerful CPU.

4.2. Accuracy

The proposed work is evaluated by measuring the
accuracy of the inferred relations and activities. Accu-
racy of SPARQL query directly depends on inferred
relationship as it extracts presence of relationship in
the temporal domain. We measured the accuracy of in-
ferred relations, on open parking dataset [33] and the
accuracy of activities on our dataset shown in Table 2.

4.2.1. Relationiship Inferrence
The accuracy of the inferred relations is measured

by calculating precision and recall of relations by
forming a confusion matrix shown in Table 5. The ma-
trix is calculated by considering relations among 7325
objects of open parking dataset [33]. Each frame has
14 objects on an average, and the number of frames per
second (fps) of the video is 15. In total 70616 relations
(overlaps, isInTheVicinityOf, sameObject, moving and
notMoving) exists between the objects, of which the

Table 4
Relation wise execution time for different environment

CPU RAM
(GB)

GPU
(GB) Relation

Inference
Time
(secs)

Variables

sameObject 1.384 10
isInTheVicinityOf 1.318 10

Intel
I7

8 1 overlaps 1.306 8

moving 1.252 8
notMoving 1.246 8

sameObject 1.187 10
Intel 16 0 isInTheVicinityOf 1.128 10
I7 overlaps 1.135 8

moving 1.147 8
notMoving 1.151 8

sameObject 0.987 10
Intel 64 11 TheVicinityOf 0.920 10
Xeon overlaps 0.971 8

moving 0.987 8
notMoving 0.957 8

Table 5
Accuracy of inferring the relations in a video scene

Relation Total
Relations

Precision
(%)

Recall
(%)

Overlaps 2436 97.63 98.59

isInThevicionityOf 380 98.12 99.43

sameObject 60475 81.72 97.45

moving 5429 98.36 99.37

not-moving 1896 96.03 98.71

inferred sameObject relation has more number of false
positives because of close objects and object occlu-
sion. Thus, proposed framework performs quite well
in inferring the complex Spatio-temporal relations and
interactions between the objects.

4.2.2. Activity Detection
Activity recognition is performed by executing

SPARQL queries tailored explicitly for a particular ac-
tivity as listed in Table 2. The number of true alarm,
false alarm and missed alarm are recorded to calculate
the accuracy of the approach. The results are shown in
Table 5.

– True Alarm – The number of correct recognition,
when system identified it and it also happened.

– False Alarm - The activity does not happen in
real but system recognized it as occurred.

– Misses - The activity which goes unrecognized
by the system, but occurred.
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Table 6
Accuracy of the various activities by the framework

Activity
Description Actual True

Alarm
False
Alarm

False
Alarm

True
Alarm
(%)

Person walking
around the car

10 8 0 2 80

Person touching
the car

15 13 2 2 86.67

Person looking
inside the car

24 20 2 4 79.17

Person
attempting to

damage the car
17 15 0 2 88.23

Group of people
passing nearby

car
11 6 0 5 54.55

Trying to open
the door of the

car
15 12 0 3 80

As per Table 6, the following observation can be made
for respective activities:

– Loitering - There are few misses due to the move-
ment of person behind the car, due to which it be-
comes an occluded object.

– Person looking inside the car - Misses occur due
to occlusion of the person behind another car and
false alarms are reported because the person is not
actually looking inside the car but just standing in
front and looking at something else.

– Person attempting to damage the car - Few
misses are observed because the person attempts
to damage the car, but took lesser time than ex-
pected.

– Group of people passing nearby car - Misses are
observed because group was moving at a signifi-
cant distance from the parked car.

– Trying to open the door of the car - At times,
misses are observed as the time taken is less than
the time assigned for the activity.

Results demonstrate the accuracy of the proposed ap-
proach and create an exceptional foundation to catego-
rize an event as suspicious or normal on top of which
further decisions can be made. This approach can be
also readily applied to several scenarios for activity de-
tection and scene representation.

5. Conclusion

In this paper, a novel approach of event detection
and video analytics is presented, by creating a frame-
work for event detection, and video understanding with
high-level semantics. Firstly, frame-level features are
extracted from the video. Secondly, an ontology is de-
veloped, which can represent the frame-level informa-
tion of the use-case video data, i.e., parking lot footage.
Selected frame-level information is mapped to data-
properties of the developed ontology. Relationships
between objects in a video shot are identified using
ad-hoc SWRL rules, including rules for object track-
ing. A labeled dataset of suspicious activities is cre-
ated to test the applicability of the proposed approach.
This dataset can be highly useful beyond the scope of
this article, to aid developers in providing solutions
to parking-related challenges, as there is no compa-
rable pre-existing dataset to the best of our knowl-
edge. As a use case, six suspicious events are identi-
fied in surveillance footage of a parking lot, thus fill-
ing a well-known semantic gap between the low-level
features of the video and high-level (hidden) seman-
tics. Our approach can help in representing most of the
spatial and temporal information present in the video,
which could be useful for object tracking, for generat-
ing high-level semantics. Our work demonstrated the
potential of utilizing semantic web technology for ac-
tivity detection, especially useful in scenarios featuring
lack of training data and limited computing resources.
The proposed approach also covers extracting and rep-
resenting salient information present in video frames
in machine-readable format, which improves ease of
retrieval, processing, and storage.

6. Future Work

Video representation and event detection opens up
a plethora of use-cases, and are applicable to various
domains. In the future, an extensive comparison shall
be done with other machine learning approaches. One
of the vital requirements for smart city initiatives lies
in the applicability of low-power edge devices hav-
ing limited computing resources. Therefore, the ability
of edge/fog computing devices to handle such work-
loads, deriving from the effectiveness of the current ap-
proach will also be investigated. Most of the activities
which can be classified to be alarming, also include
some common activities like walking, running, stand-
ing, touching, sitting, opening the door, etc. These are
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sub-activities that do not require interaction among
multiple objects along time domain but focus only on
a few objects. By detecting these sub-activities, more
complex (and atypical) activities can be derived. Ob-
ject tracking is one of the most challenging problems
in the field of computer vision. The object tracking
approach presented in this paper will be further ex-
plored to benchmark tracking and evaluate results. An-
other integral part of this approach is ontology engi-
neering, which requires substantial manpower skilled
in domain-specific concepts. Although a significant
amount of work in literature is available with regard
to automatic concept detection from the perspective
of ontology construction, most work still remains te-
dious. A video ontology may work well enough to rep-
resent all the interactions between objects, both spa-
tially and temporally. An ontology thus built, can actu-
ally be used to represent a complete video in an RDF
graph for ease of storage, access, and retrieval. There-
fore, methods and data-driven techniques to generate
ontologies automatically will also be investigated.
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