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The numerous surveillance videos recorded by a single stationary wide-angle-view 

camera persuade the use of a moving point as the representation of each small-size 

object in wide video scene. The sequence of the positions of each moving point can be 

used to generate a trajectory containing both spatial and temporal information of 

object's movement. In this study, we investigate how the relationship between two 

trajectories can be used to recognize multi-agent interactions. For this purpose, we 

present a simple set of qualitative atomic disjoint trajectory-segment relations which 

can be utilized to represent the relationships between two trajectories. Given a pair of 

adjacent concurrent trajectories, we segment the trajectory pair to get the ordered 

sequence of related trajectory-segments. Each pair of corresponding trajectory-segments 

then is assigned a token associated with the trajectory-segment relation, which leads to 

the generation of a string called a pairwise trajectory-segment relationship sequence. 

From a group of pairwise trajectory-segment relationship sequences, we utilize an 

unsupervised learning algorithm, particularly the k-medians clustering, to detect 

interesting patterns that can be used to classify lower-level multi-agent activities. We 

evaluate the effectiveness of the proposed approach by comparing the activity classes 

predicted by our method to the actual classes from the ground-truth set obtained using 

the crowdsourcing technique. The results show that the relationships between a pair of 

trajectories can signify the low-level multi-agent activities.  
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CHAPTER 1

INTRODUCTION

The ubiquitous presence of camera sensors in the private, public, and corporate space

is very general in today’s societies. The purposes of surveillance may vary from security

intention to providing natural user interface for human machine interaction. Increases in

the use of surveillance cameras lead to large amounts of video data. A publication in the

popular press estimates that, in the U.S. alone, nearly four billion hours of video are produced

each week [51]. Thus, there is an increasing need for video analytics systems that can

automatically detect and retrieve important information from video data. The presence of

the video analytics system can benefit several applications, such as security monitoring.

In security monitoring, we are interested in the automatic system that can predict the

activities of agents in the scenes or detect the occurrence of anomaly behaviours. Commonly,

most of the security monitoring videos are created by a stationary wide-angle-view camera

setting up at the top of the building close to the monitored area, and the scenes in the

videos usually contain the activities or interactions of multiple small-sized agents. Because

the size of agents in the scene are small, we usually represent each moving agent in the video

scenes as a moving point. A time-ordered sequence of the locations of an agent’s moving

points can be used to generate a trajectory, a trail created from the movement of an object

in geographical spaces. It includes both spatial and temporal information of an object’s

motion. In this study, our effort focuses on using only trajectory information of objects in

the video to recognize multi-agent activities.

1.1. Motivation

Due to the advance in the field of object tracking, it is possible to accurately track

multiple objects in the video scene for a long period of time. The sequence of positions

of each tracked object is considered the object’s trajectory. Thinking about a scene in

the video containing multiple objects, if we represent the motion of each object with its

trajectory, we would like to know how the trajectory data alone can help predicting activities
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or interactions between multiple objects. Because our interest is in multi-agent activities, the

relationships between trajectories would give some clues for activity recognition. We expect

that with sufficient amount of trajectory data, the availability of good representation of the

relationships between trajectories, and a suitable learning algorithm, we would discover a

finite, repeatable set of patterns that can signify multi-agent activities or interactions in

wide-angle view videos.

1.2. Aim and Objective

The overall aim of this study is to investigate the possibility of using trajectories

extracted from objects in the video scenes recorded from a single wide-angle view camera to

identify mulit-agent activities. In this research, we study about the concept and properties

of trajectory as well as identifying relations between trajectories. Then, we can learn how

to apply an unsupervised learning to detect important patterns from the set of data. After

which, we generate our own ground-truth set for the purpose of validation and evaluation.

Furthermore, we conduct experiments to evaluate the effectiveness of our system.

In order to achieve this aim, we have to follow some important objectives:

- To develop a simple set of relations related to the relationship of two object trajec-

tories

- To provide the suitable representation of the relationship between a pair of object

trajectories based on the proposed set of relations

- To discover interesting patterns of trajectory relations to classify activities between

two objects

- To critically evaluate the benefit of using trajectory relationship patterns in multi-

agent activity recognition.

1.3. Contribution

The contributions obtained from this study are:

- The establishment of a set of disjoint atomic qualitative trajectory-segment relations

that is simple and can be obtained without using complex calculations
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- The generation of pairwise trajectory-segment relationship sequences based on the

qualitative trajectory-segment relations and the utilization of the k-medians clustering to

discovery hidden patterns that can signify the low-level activities between 2 objects

- The proof of the effectiveness in using the discovered patterns to recognize low-level

multi-agent activities.

1.4. Thesis Organization

The structure of this dissertation is as follows:-

Chapter 2. Related Research

This chapter discusses the former research and knowledge related to the area of this study.

Particularly, we investigate the trajectory extraction approaches and the work that applied

trajectory to represent activity. Also, the research related to activity modeling and recogni-

tion are examined

Chapter 3. A Novel Trajectory Algebra

In this chapter, we introduce the set of qualitative trajectory-segment relations which can

be use to represent the relationship between two object trajectories. We explain the method

of obtaining the relations and how to generate a pairwise trajectory-segment relationship

sequence from our set of relations.

Chapter 4. Examples and Truth Data Collection

This chapter describes the dataset used in this study and the generation of the ground-truth

set for validation and evaluation of the purposed method. We also express the inter-annotator

agreement measures applied to evaluate the quality of the ground-truth set. Then the results

of ground-truth quality evaluation are reported. Finally, we give the description of our GUI

developed for truth data collection.

Chapter 5. Experimental Validation

In this chapter, we present the process of using an unsupervised learning to discover some

hidden interesting patterns from the pairwise trajectory-segment relationship sequence data-

base. After that we explain about the experiments conducted to validate and evaluate the

use of discovered patterns to recognize the low-level activities between two objects. In the
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last, we discuss about the evaluation result.

Chapter 6. Conclusion and Future Direction

This chapter presents the conclusion part of our study. We explain the concluding points

which we get during the study and suggest the some of future directions that can be done

to improve or extend the work in this study for further research in this field.
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CHAPTER 2

RELATED RESEARCH

One of the topics in the field of computer vision that has been progressively important

is the analysis of human activities in videos. This is due relatively to the ubiquitous presence

of video cameras in the private, public and corporate space, which leads to large amounts

of video data and the increasing necessity for automatic video analysis applications such

as, visual surveillance, human-machine interfaces, sport video analysis, and video retrieval.

Based on complexity, human activities can be classified into four categories: gestures, ac-

tions, interactions, and group activities. Gestures and actions are mostly associated with

individuals while interactions can be human-object, human-human or object-object interac-

tions; and group activities are normally related to human individuals. A human action or

activity is a sequence of movements, it may involve several moving objects or body parts

concurrently. In order to recognize and to distinguish between human actions and activities,

the corresponding sequence of movement needs to be captured, from which motion features

can be extracted to characterize the movements. We partially follow one comprehensive sur-

vey paper [11] to separate activity recognition into two components: activity representation

and activity recognition.

2.1. Activity Representation

The task of activity representation is mainly to capture the spatio-temporal infor-

mation by extracting the optimal set of features thus to distinguish well between different

activities, which are expected to take into consideration the variations of person appear-

ance,background,viewpoint and action execution.

In [11], features are extracted from image sequences to represent activities and the

image representations are divided into two categories: global representations and local repre-

sentations. However, spatio-temporal, trajectory-based representation is only included in the

section of application-specific representations without an exclusive study relevant to struc-

tural understanding. Since we are mainly interested in spatio-temporal trajectory-based
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approaches and there is no comprehensive survey in this direction, a taxonomy exclusively

introduced for trajectory representation based activity recognition is depicted in Fig. 2.1.

Given that camera sensors are widely installed to monitor human activities, the potential

of activity recognition based applications is increasing in diverse areas. With the advent of

combining depth sensor with color camera sensor, a new direction is open for improvement

in object detection, activity recognition and more.

Figure 2.1. Summary of trajectory representation-based approaches; our

method falls near the object detector points of interest part of the density

spectrum with post-processing via probabilistic logic models

2.1.1. Trajectory Extraction

Trajectories capture the paths of people, objects, or different body parts moving

through space over a period of time during which activities occur. There are many techniques
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to extract trajectories from the objects of interest. Motion capture is one option to capture

comparatively accurate trajectories. This method requires specific hardware and certain

software programs to obtain objects’ movements and process the data. However motion

capture is not practical because in most situations one depends on a single camera’s view

from which to extract trajectory information. Object tracking is a conventional approach to

extract trajectories of moving objects from videos. Intuitively we can track people, objects, or

body parts of interest provided components have been detected and labelled beforehand [22].

A comprehensive survey of object tracking can be found in [54].

The recent trend of trajectory extraction has been moving from developing in-house

object tracking system to using and extending existing open source object tracking software.

One of the recognized open source object tracking systems is SwisTrack [26], a tool for

simultaneously tracking multiple agents in video streams. It is a component-based software

which provides a set of components for each user to assemble in order to create a tracking

application. SwisTrack also allows users to easily extend the system by implementing new

modules and combining them to the existing components to generate more specific tracking

systems. Another well-known object tracking project that distributes its source code and

allows users to modify the code for their own specific purposes under the license is TLD,

a framework that breaks down the long-term tracking task into three sub-tasks, tracking,

learning and detection [20]. Each sub-task is taken care by a particular component and all

components work concurrently. The tracker tracks the location of the object from frame to

frame. The detector scans the image to identify the locations of all observed appearances

and corrects the tracker if necessary. The learning estimates detectors errors and updates it

to avoid these errors in the future.

However, practical limitations prevents the successful detection and tracking of tra-

jectories over longer time intervals. It is very difficult to extract long-duration, accurate

trajectories throughout the entire period of time due to occlusion and view-dependent cam-

era perception. As mentioned in [4] trajectories contain more discriminative information on

motion and action in videos; most of the recent studies used optical flow and feature-based
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tracking to extract short-duration trajectories thus, to overcoming the limitations to some

extent. A comparison between different feature detectors in visual tracking can be found

in [15]. Optical flow methods have been explored in [53] to extract dense trajectories. A

number of feature detectors such as Harris3D, Gabor Filters, Hessian3D, and SIFT [49] are

used to detect interest points that are tracked over time.

Thus recent approaches in the literature extend the definition of trajectories extends

to a one which covers both short-duration and long-duration trajectories. Even though,

ideally, long-duration trajectories are preferred, it is shown in the recent literature that short-

duration trajectories are also effective to some extent in realistic scenarios. Apparently, some

information is lost when switching to short-duration trajectories so that dense trajectories are

preferred in some studies [53]. With short-duration trajectories, the semantic information is

not collected because one can not identify from which objects or body parts the trajectories

originate. In order to overcome the semantic information loss, clustering of short-duration

trajectories has been used to infer actions [43]. Trajectories are not considered as a single

information unit but instead are treated as a sequence of sub-trajectories which indicates

atomic or primitive activities.

Fei Yuan et al. [56] proposed using densely sampled points from each frame rather

than sparse salient points [43] since previous trajectory-based methods do not necessarily

capture sufficient details in order to allow grouping similar trajectories into meaningful parts.

Thus dense sampling on a regular grid is introduced and each key-point in that grid is

represented by a SIFT descriptor [27]. The correspondence between key-points in successive

frame grids is based on the nearest neighbor distance ratio matching [31]. Trajectories are

grouped into consistent activity components, which is similar to trajectory-based motion

segmentation. Three features – location, displacement and brightness – are considered when

group trajectories into activity components. With the availability of Microsoft Kinect and

its corresponding middleware software, three dimensional trajectories of body joints are

accessible for activity recognition such as human gestures recognition or cooking activities

as in [24].
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2.1.2. Trajectory Post-processing

Beyond some basic post-processing steps to remove noise form or down sample raw

trajectories Principle Components Analysis (PCA) [40] are utilized to represent trajecto-

ries or subtrajectories if trajectories are further segmented into subsegments as primitives.

There are several advantages over trajectory segmentation: Firstly, it is motivated by mo-

tion perception in humans which is highly dependent on piecewise segments based on atomic

units of actions. Second, it facilitates the modeling and recognition of trajectories which

only have partial trajectory information available. And, finally, this process decomposes the

large trajectory data to a few temporally-sequenced state vectors which obey the first-order

Markovian property. Thus Markov Models can be used to model the dynamics of trajecto-

ries. Features can be extracted from either short-duration or long-duration trajectories to

represent and characterize different human activities.

In [35], Nascimento et al. model trajectories by using a small set of motion/vector

fields; and at each time instants one of these motion or velocity fields is active. The generation

of each object trajectory is modelled as a sequence of active fields and the sequence of active

fields is modeled as a realization of a first order Markov process.

In [49] the feature - spatio-temporal context information is modeled, represented hi-

erarchically and extracted from short-duration trajectories by tracking SIFT interest points.

Markov chain is also used to represent the dynamic property of each trajectory. Trajectory

proximity descriptor is designed to characterize action between multiple objects.

Faisal et al. [12] segment trajectories into subtrajectories at points of change in curva-

ture and the subtrajectoires are represented by their Principle Component Analysis (PCA)

coefficients. The PCA coefficients of each subtrajectory is modeled using Gaussian Mixture

Models(GMM). However, GMM-based modeling can not capture the temporal relations thus

distate PDFs are represented by GMMs.

2.2. Activity Modeling and Recognition

No matter how trajectories are utilized to capture the motion characteristics of human

activities an efficient learning model is the next step in order to classify and recognize
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activities. Here the learning models are categorized into probabilistic graphical, syntactic,

knowledge based, classification, and clustering based models.

2.2.1. Probabilistic Graphical Models

Hidden Markov models (HMMs) and dynamic Bayesian networks (DBNs) have been

widely used to represent trajectory dynamics to distinguish among different human activities.

Bobick and Wilson [5] utilized HMMs to recognize gestures by representing a gesture as a 2D

XY trajectory of a hand. Each curve is decomposed into sequential vectors and the vectors

can be interpreted as a sequence of states computed from a training example. Oliver et al. [39]

constructed a variant of the basic HMM, the coupled HMM (CHMM) to model human-

human interactions. The major limitation of the basic HMM is its inability to represent

activities composed of motions of two or more agents. An HMM is a sequential model and

only one state is activated at a time, preventing it from effective for modeling the activities

of multiple agents. Oliver et al. introduced the concept of the CHMM to model complex

interactions between two persons. Oliver et al. [38] also presented layered hidden Markov

models (LHMMs), which is one of the most fundamental forms of the hierarchical statistical

approaches. In this layered approach, the bottom layer HMMs recognize atomic actions of

a single person by matching the models with the sequence of feature vectors extracted from

videos. The upper layer HMMs treat recognized atomic actions as observations generated by

the upper layer HMMs. That is, essentially they are representing a high-level activity as a

sequence of atomic actions by making each state in the upper layer HMM to probabilistically

correspond to one atomic action.

Natarajan and Nevatia [36] developed an efficient recognition algorithm using cou-

pled hidden semi-Markov models (CHSMMs), which extend previous CHMMs by explicitly

modeling the length of time an activity remains in each state. The probability of a person

staying in an identical state decays exponentially as time increases. Due to the ability to

model the duration of the activity, the recognition accuracy using CHSMMs was better than

other simpler statistical models.

A Bayesian network (BN) is a graphical model that encodes complex conditional
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dependencies between a set of random variables which are encoded as local conditional

probability densities (CPD). Dynamic belief networks (DBNs) are a generalization of the

simpler Bayesian networks by incorporating temporal dependencies between random vari-

ables. DBNs encode more complex conditional dependence relations among several random

variables as opposed to just one hidden variable as in a traditional HMM. A DBN is an

extension of an HMM, composed of multiple conditionally independent hidden nodes that

generate observations at each time frame directly or indirectly. Intille and Bobick [18] use

Bayesian networks for multi-agent interactions where the network structure is automatically

generated from the temporal structure provided by a user. Usually the structure of the DBN

is provided by a domain expert. But this is difficult in actual systems for which there are a

very large number of variables with complex inter-dependencies.

Carl Adam Petri [41] defined Petri nets as a mathematical graphical tool for describing

relations between conditions and events. Petri nets are particularly useful for modelling and

visualizing behaviors such as sequencing, concurrency, synchronization and resource sharing.

Petri-nets are bipartite graphs consisting of two types of nodes – places and transitions.

Places refer to the states of a system and transitions refer to changes in the state. The

capability of Petri nets to capture sequencing and concurrent behaviors have been utilized

to model human activities [16][34][57].

Petri nets specify the temporal ordering of an activity’s subevents in terms of a graph

representation. The recognition is done by iteratively manipulating tokens in the graph,

where each “marking” (placement of tokens) corresponds to a state before (or after) the

completion of particular sub-events. Zaidi [57] showed that Petri nets are able to fully repre-

sent temporal relationships described by Allen’s temporal predicates. Nam et al. [34] applied

the Petri nets for the recognition of hand gestures from videos. Ghanem et al. [16] took ad-

vantage of Petri nets to represent and recognize interactions between people and vehicles.

Due to the Petri net characteristic that the tokens cannot describe multiple possibilities

and are nonreversible (i.e., the recognition process is strictly sequential), these deterministic

systems have limitations in terms of processing complex scenes.
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Petri nets can not deal with uncertainty in the low-level processing. To address this

issue Albanese et al. [1] proposed the concept of a probabilistic Petri net. In a probabilistic

PN the transitions are associated with a weight which encodes the probability with which

that transition fires (i.e., changes marking or state). By using skip transitions and penalizing

them with a low probability, robustness is achieved with respect to missing observations in

the input stream. Further, the uncertainty in the identity of an object or the uncertainty in

the unfolding of an activity can be efficiently incorporated into the tokens of the Petri net.

2.2.2. Syntactic Models

Given a set of production rules, grammars are used to express the structure of a

process. In language modelling the production rules of grammars specifies how to construct

sentences (activities) from words (activity primitives). It also specifies how to recognize

whether a sentence (video) conforms to the rules of a given grammar (activity model). In the

earliest study conducted by Brand [6], grammars are used to recognize hand manipulations

in sequences containing disassembly tasks. A simple grammar with no probabilistic modeling

is introduced but uncertainty can not be represented.

Ryoo and Aggarwal [45] used the context-free grammar (CFG) formalism to model

and recognize composite human activities and multi-person interactions. A hierarchical ap-

proach is introduced in which the lower-levels are composed of HMMs and Bayesian networks.

CFGs are used to model higher level interaction. Context-free grammar approaches present

a sound theoretical basis for modeling structured processes.

In syntactic approaches, one only needs to enumerate the list of primitive events that

need to be detected and the set of production rules that defines higher level activities of

interest. Once the rules of a CFG have been formulated, efficient algorithms exist to parse

them, making it possible to use CFGs in real-time applications. Due to the uncertainty in

low-level primitive detection and its probabilistic nature, stochastic context-free grammars

(SCFGs) – a probabilistic extension of CFGs – were found to be suitable for integration with

realistic vision modules. SCFGs were used by Ivanov and Bobick [19] to model the semantics

of activities whose structure was assumed to be known. They used HMMs for low-level
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primitive detection. The grammar production rules were augmented with probabilities and

a skip transition was introduced.

2.2.3. Knowledge-based Models

Knowledge-based models facilitate the incorporation of domain knowledge into activ-

ity recognition. The knowledge of the context of human activity is an extremely effective

indicator towards understanding the activity itself. Domain knowledge has extensively been

applied to model the semantic of human activities in different approaches.

Several attempts use logic to represent domain knowledge. In [48], Siskind introduced

event logic(EL) to define interval-based events. The proposed system segments and tracks

objects in a short sequence of images to generate force-dynamic relations, contact, support,

and attachment relations. Then the semantics of compound events are described based on the

changes of states in force-dynamic relations between participant objects using EL expression.

Performing event recognition based on force dynamics and event logic offers a robust system

that is insusceptible to variations in motion profile and the presence of irrelevant objects in

the scene. [2] reviewed event calculus(EC) as one of the present representative approaches

of logic-based event recognition. First presented by Kowalski and Sergot [21], EC is a logic

programming language for representing and reasoning about events and their effects. The

original intention of developing EC was not for event recognition, but EC has recently been

applied for this task, as in [3]. Artikis and colleagues [3] presented a system which employs

the EC dialect to express the temporal constraints of short-term or atomic activities that

lead to the recognition of a long-term or composite activity. Although Logic-based models

provide formal declarative semantics of events, which makes it easy to model complex events

and integrate background knowledge, the presence of uncertainty affects the performance

of these systems. Missing observations of atomic activities, inaccurate atomic activities

detection, and the ambiguity of associating atomic activities with composite activities are

challenges that event recognition systems often have to deal with [3]. There have been

efforts to integrate probabilistic mechanism to represent uncertainty in logic-based event

recognition.

13



Since the 1980s researchers have worked toward combining logical and probabilistic

reasoning for real-world problems in the field of statistical relational learning. There exist

several approaches such as relational Markov networks (RMNs), structural logistic regression

(SLR), relational dependency networks (RDNs), plates, and probabilistic ER models, BLOG,

Markov logic networks (MLNs), and so on. A Markov logic network is a probabilistic logic,

which combines the ideas of a Markov network with first-order logic [44]. On the logic side,

formulas have soft constraints such that a world that violates a formula is less probable than

one that satisfies the formula. On the statistical side complex models can be represented

compactly. MLNs do not assume independent, identical distributions or any other probability

distribution over the state of possible world x. Beyond previous developments in knowledge-

based model construction and statistical relational learning, MLNs are less restricted because

they are supported by a comprehensive set of learning and inference algorithms. Due to their

generality, MLNs can integrate different logical and statistical approaches fields into a single

framework.

Using Markov logic networks, Tran and Davis [50] addressed the problem of visual

event recognition in surveillance where noise and missing observations are serious problem

in the domain of parking lot surveillance. The knowledge is represented as first-order logic

production rules with associated weights to indicate confidence. These rules are used in

combination with a relaxed deduction algorithm to construct a network of grounded atoms,

connected by logic rules to form the Markov logic network. The network is used to perform

probabilistic inference for input queries about events of interest.

Morariu et al. [32] presented a framework for automatic recognition of complex multi-

agent events. They automatically detect and track players, their hands and feet, and the ball,

generating a set of trajectories which are used in conjunction with spatio-temporal relations

to generate event observation. First-order logic was utilized for expressing knowledge and

the Markov logic network was used to handle low-level observations. Domain knowledge

plays an important role of defining rules, observations, properties, and actions of interest.

In practical deployments, using logic to express domain knowledge is limited to spe-
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cific domains. Standardized activity definitions or ontologies allow for easier portability to

specific deployments, enable interoperability of different systems, allow easy replication, and

facilitate comparison of system performance. Several researchers have proposed ontologies

for specific domains of visual surveillance.

For example, Chen et al. [7] proposed an ontology for analyzing social interaction in

nursing homes, Hakeem et al. for classification of meeting videos [17]. The Video Event

Challenge Workshop was held in 2003 in order to consolidate efforts toward a centralized

knowledge representation.

As a result of this workshop, ontologies have been defined for six domains of video

surveillance – 1) perimeter and internal security, 2) railroad crossing surveillance, 3) visual

bank monitoring, 4) visual metro monitoring, 5) store security, 6) airport-tarmac security.

The workshop also led to the development of two formal languages - The Video Event Rep-

resentation Language (VERL) [13] which provides an ontological representation of complex

events in terms of simpler sub-events and the Video Event Markup Language (VEML) which

is used to annotate VERL events. .

Centralized representations provide concise high-level definitions of activities but they

do not necessarily suggest the right hardware to parse the ontologies for recognition tasks.

2.2.4. Supervised Classification

When an activity or action can be represented and summarized as a single repre-

sentation, the recognition becomes a classification problem. An action label or distribution

over labels is given for each representation. The temporal characteristic is either neglected

or is extracted into the single representation in a particular manner. Spatial-temporal local

motion features were extracted and Allen’s temporal relations were utilized in [46] in order to

capture richer temporal information. Short trajectories and long/dense trajectories are also

utilized in to maintain more temporal information when being utilized to represent specific

activities. Mostly, the representation would be high-dimensional although subject to noise.

Bag of words/features have been a very popular framework to construct feature vec-

tors as input for further classification. Messing et al. [30] extracted feature trajectories by
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tracking Harris3D interest points using a KLT tracker [28], and the trajectories were repre-

sented as sequences of log-polar quantized velocities. The tracker used a generative mixture

model to learn a velocity-history language and classified video sequences. Weighted mixture

of bags of segmented trajectory sequences were modeled for action classes. These mixture

components can be thought of as velocity history words (with each velocity history feature

generated by one mixture component) and each activity class having a distribution over

these mixture components. Moreover, Lucas and Kanade [28] showed how the velocity his-

tory feature can be extended, both with a more sophisticated latent velocity model and by

combining the velocity history feature with other useful information, such as appearance,

position, and high level semantic information. Wang et al. [53] proposed an approach to de-

scribe videos by dense trajectories. They sampled dense points from each frame and tracked

them based on displacement information from a dense optical flow field. Local descriptors of

HOG, HOF and MBH (motion boundary histogram) around interest points were computed.

This is shown in Fig. 2.2.

Figure 2.2. Illustration of dense trajectory description from [53] (c 2011

IEEE) Left: Feature points are sampled densely for multiple spatial scales.

Middle:Tracking is performed in the corresponding spatial scale over L frames.

Right: Trajectory descriptors of HOG, HOF and MBH.

2.2.5. Comparison Based Models

Comparison based models are dependent on measuring similarity between trajectories

representing human activities. It can lead to human activity recognition or anomalous activ-
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ity detection. In the literature they are frequently developed based on exemplar or clustering-

based approaches. As noted earlier, sequential approaches define actions to be a sequence of

observations. Observations in terms of trajectories are normally clustered and modeled to

represent different motion patterns/templates. In order to generate meaningful clusters or

activity templates, the procedures must address the definition of a similarity/distance mea-

sure, update methodology and validation. There are a large number of similarity/distance

metrics in literature – simple or modified Euclidean distance, dynamic time warping (DTW),

longest common subsequence (LCSS), Hausdorf distance, and more. There are a number of

techniques that have been employed for clustering, learning, and updating as noted in [58]

– 1) iterative optimization (K-means and FCM); 2) online adaptive(similarity threshold and

I-kMeans); 3) hierarchical (agglomerative and divisive); 4) neural networks (SOM, Fuzzy

SOM and SOFM); 5) co-occurrence decomposition (document-keyword). As always, there

are advantages and disadvantages for any methodological category of techniques.

In the literature there are approaches for representing human actions with an obser-

vation template sequence or a set of sample sequence of action observations. Thus the focus

of these approaches is defining how a new input video can be compared with the template

or sample sequence. In previous studies, dynamic time warping (DTW) has been widely

adopted for exemplar-based human action recognition as in [47][8][42]. The similarity be-

tween the input and the action template is measured by comparing coefficients of the activity

basis after principal component analysis (PCA) as in [40]. Dynamic feature changes are also

utilized to represent an activity as a linear-time-invariant (LTI) system [14]. Recently Lin et

al. [25] represented actions in videos as a sequence of prototypes. The prototype is based on

a novel shape-motion feature and the sequence is generated by matching with a hierarchical

prototype tree constructed using K-means (K=2) clustering applied iteratively. Given an ac-

tion video, prototype sequence will be generated for it with a prototype sequence estimation.

The prototype matching was fulfilled using FastDTW algorithm to increase computational

efficiency.
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CHAPTER 3

A NOVEL TRAJECTORY ALGEBRA

In this chapter, we introduce a set of qualitative pairwise trajectory-segment relations

which can be used to create sequences of relationships between any pair of object trajectories.

The set of pairwise trajectory-segment relations can be divided into 2 subsets. First, we

considered the relations related to two moving trajectory-segments derived from the positions

of the intersection point shared by a certain pair of trajectory-segments. The details of the

first subset are described in the first section. The second section expresses another group

of relations which consists of the relations when one or both of trajectory-segments are

stationary. The final section is about how to represent the relationship between any pair of

object trajectories using the proposed relations.

3.1. Qualitative Intersection Relations between a Pair of Moving Trajectory-segments

The basic entity used in this study is a trajectory-segment. A trajectory-segment is a

sub-trajectory temporally segmented from the oriented trajectory of an object. A trajectory-

segment can be represented by a line vector where the direction of the vector indicates the

orientation of the trajectory-segment and the magnitude signifies the distance of movement

of that sub-trajectory. Our goal is to identify different relations between a pair of trajectory-

segments which are simple and between any two trajectory-segments only one relation holds.

By using the intersection point between a pair of trajectory-segments, we obtained a set of

disjoint atomic qualitative relations.

Deriving relations using the intersection points is considered uncomplicated because

the intersection point shared by the segments can be easily determined. The following de-

scribes how to determine the intersection point of two lines (or line segments) in 2 dimensions.

Given a line L1 containing two points p1 = (x1, y1) and p2 = (x2, y2), and a line L2 containing

the points p3 = (x3, y3) and p4 = (x4, y4) as shown in Figure 3.1. The equations of L1 and

L2 are Pa = p1 + ua(p2− p1) and Pb = p3 + ub(p4− p3), respectively. The intersection points

between L1 and L2 can be identified by solving for the point where Pa = Pb, which gives the
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Figure 3.1. Considering the intersection point of two lines, L1 and L2, in

2-dimensional space

two equations:

(1) x1 + ua(x2 − x1) = x3 + ub(x4− x3)

and

(2) y1 + ua(y2 − y1) = y3 + ub(y4 − y3)

By solving equations 1 and 2, we get:

(3) ua =
(x4 − x3)(y1 − y3)− (y4 − y3)(x1 − x3)
(y4 − y3)(x2 − x1)− (x4 − x3)(y2 − y1)

and

(4) ub =
(x2 − x1)(y1 − y3)− (y2 − y1)(x1 − x3)
(y4 − y3)(x2 − x1)− (x4 − x3)(y2 − y1)

After substituting ua or ub into the corresponding equation for the line, we get the intersection

point P = (x, y), where

(5) x =
(x1y2 − y1x2)(x3 − x4)− (x1 − x2)(x3y4 − y3x4)

(y3 − y4)(x1 − x2)− (x3 − x4)(y1 − y2)
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and

(6) y =
(x1y2 − y1x2)(y3 − y4)− (y1 − y2)(x3y4 − y3x4)

(y3 − y4)(x1 − x2)− (x3 − x4)(y1 − y2)

The equations of ua and ub have the same denominator. This denominator can be used to

determine whether the two lines are parallel or not. If the denominator for the equations for

ua and ub is equal to 0, it means the two lines are parallel. Moreover, if both denominator

and numerator for the equations for ua and ua are equal to 0, the two lines are co-linear. To

check the intersection of line segments, we examine the values of ua and ub. If 0.0 ≤ ua ≤ 1.0

and 0.0 ≤ ub ≤ 1.0, then both line segments contain the intersection point. If either the

value of ua or the value of ub lies between 0 and 1, the corresponding line segment contains

the intersection point.

Our relations of a pair of moving trajectory-segments associate with the position of

the intersection point corresponding to each trajectory-segment. We developed three pred-

icates to explain the intersection positions. First predicate is On(x) which signifies that

the trajectory-segment x contains the intersection point shared with another corresponding

trajectory-segment. Second is the predicate ahead(x). This predicate indicates that the posi-

tion of the intersection point is in the forward direction of the trajectory-segment x. The last

is behind(x) which implies that the intersection point is at the back of the trajectory-segment

x. Given two oriented trajectories, τ1 and τ2, segmented such that τi = 〈τi1, τi2, . . . , τin〉, se-

lect a temporally concurrent pair τ1i and τ2j. Ignoring parallelism, the shared point for the

oriented segment τ1i is either on(τ1i), ahead(τ1i), or behind(τ1i). The same holds for τ2j.

Each pair of temporally collated sub-segments exhibits one of the 9 possible relationships

corresponding to the proposed predicates. The nine intersection relations are shown in Fig-

ure 3.2. (Again ignoring the case of parallelism which is easily added.) The ordering of

predicates on(x), ahead(x), and behind(x) is significant because it maintains the identity of

each object corresponding to a certain relation. In particular, the relations on(a)∧ ahead(b)

and ahead(a) ∧ on(b), on(a) ∧ behind(b) and behind(a) ∧ on(b), and ahead(a) ∧ behind(b)

and behind(a) ∧ ahead(b) are not symmetry.
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(a) on(a) ∧ on(b) (b) on(a) ∧ ahead(b) (c) on(a) ∧ behind(b)

(d) ahead(a) ∧ on(b) (e) ahead(a) ∧ ahead(b) (f) ahead(a)∧behind(b)

(g) behind(a) ∧ on(b) (h) behind(a)∧ahead(b) (i) behind(a)∧behind(b)

Figure 3.2. Intersection relations between two trajectory segments, a and b

By including the case of parallelism, we obtained a set of 10 possible relations of

a certain pair of moving trajectory-segments. However, these relations cannot represent

the situations when one or both trajectory-segments are motionless. To deal with this, we

established another set of relations considering the involvement of the stationary trajectory-

segment.
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3.2. Relations When One or Both of Trajectory-segments are Stationary

When one or both of the trajectory-segment pair are motionless, we are not able

to identify the intersection point between the pair. Therefore, it is impossible to directly

use the predicates proposed for the set of relations between two moving trajectory-segments

without modifying their definitions. In this set of relations, we presented a new predicate,

none(x), which indicates that the trajectory-segment x is stationary. In addition, we revised

the definitions of ahead(x) and behind(x). For the case that one of a trajectory-segment pair

has a movement while another is motionless, we consider the location of the corresponding

stationary trajectory-segment as an intersection point for the moving trajectory-segment.

Therefore, if the position of the stationary trajectory-segment is in front or near the end

point (the arrow head of the trajectory-segment) of the moving segment x, we define the

relation of the moving trajectory-segment with ahead(x). On the other hand, if the position

of the stationary trajectory-segment is at the back or near the start point (the side of the

trajectory-segment with no arrow) of the moving segment x, we assign behind(x) to the

moving segment. As a result, we obtained a set of relations that consider the involvement

of motionless trajectory-segments. Figure 3.3 shows the five relations covering the station-

ary trajectory-segments. When combining the set of relations related to a pair of moving

trajectory-segments with the relations covering the stationary trajectory-segments, we have

the total set of 15 qualitative relations related to a pair of trajectory-segments. The following

section describes how to utilize our set of relations to represent the relationship between two

object trajectories.

3.3. The Representation of a Sequence of Pairwise Trajectory-segment Relationships

To represent the relationship of a pair of object trajectories, first, each relations of a

trajectory-segment pair is assigned a token. Table 3.1 displays the assignment of tokens to

the 9 relations between a pair of moving trajectory-segments. In addition, the assignment of

tokens to another 6 relations is shown in Table 3.2. Then the two trajectories are collated
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(a) none(a) ∧ ahead(b) (b) ahead(a) ∧ none(b) (c) none(a) ∧ behind(b)

(d) behind(a) ∧ none(b) (e) none(a) ∧ none(b)

Figure 3.3. The relations when one or both of trajectory-segments are stationary

Table 3.1. The tokens assigned to the relations between two moving

trajectory-segments

τ2j

on ahead behind

τ1i

on a d f

ahead g b e

behind i h c

into an ordered sequence of temporally concurrent pairs:

T2 = 〈(τ11, τ21), (τ12, τ22), . . . , (τ1n, τ2n)〉

Finally, T2 is converted into a token sequence. We recognize the token sequence generated

from a pair of object trajectories as a sequence of pairwise trajectory-segment relationships.

Figure 3.4 depicts an example of how to generate a sequence of pairwise trajectory-segment
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Table 3.2. The tokens assigned to the relation ‘parallel’ and the relations

related to stationary trajectory-segments

Relations Token

Parallel p

none(τ1i) ∧ ahead(τ2j) j

none(τ1i) ∧ behind(τ2j) k

ahead(τ1i) ∧ none(τ2j) l

behind(τ1i) ∧ none(τ2j) m

none(τ1i) ∧ none(τ2j) n

relationships.

Figure 3.4. Two trajectories that yield the sequence of pairwise trajectory-

segment relationships: . . . bbbcppcccc . . .

Given a set of pairwise trajectory-segment relationship sequences, we would like to

discover the interesting patterns (sub-sequences) that can be used as clues to predict multi-

agent activities. To obtain meaningful patterns, the unsupervised learning method was

utilized. In particular, we applied the k-medians clustering method for grouping the set of

pairwise trajectory-segment relationship sequences into k clusters. The set median string,

a string that summarizes common information to the strings of the set, of each cluster is

considered an interesting pattern. Then we manually assigned a meaning (a low-level multi-
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agent activity) to each pattern and applied the patterns to classify the new sequence of

pairwise trajectory-segment relationships using a string matching technique. The process

of discovering the interesting patterns is described in detail in Chapter 5. Also, in order

to validate and evaluate that our relations related to a pair of trajectory-segments can

contribute the discovery of interesting patterns used to signify the low-level activities of

multi-agents, we generated a ground-truth set with crowdsourcing technique and compared

the predicted results from our algorithm to the actual results from the ground-truth set.

The details of the generation of the ground-truth set are explained in Chapter 4, and the

validation and evaluation results are expressed in Chapter 5.
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CHAPTER 4

EXAMPLES AND TRUTH DATA COLLECTION

The validation and evaluation of methods is extremely important step for obtaining

reliable and robust systems. In order to validate and evaluate performance of the proposed

method, a set of annotated trajectory pairs is needed. Unfortunately, none are available,

so we constructed our own set of labeled trajectory pairs that can be used as ground truth

for the system. Creating a trustworthy manual ground-truth set is challenging. It requires

an effective measurement to evaluate the quality and reliability of the annotated data. In

this chapter, we describe the process of establishing a reliable ground-truth set for trajectory

analytics.

4.1. Methodology of Collection

4.1.1. VIRAT Video Dataset and Trajectory Pairs Database

A database of trajectory pairs has been constructed based on VIRAT Video Dataset

Release 2.0 [37]. VIRAT Video Dataset is a massive surveillance video dataset including

videos of people performing common actions in natural scenes. The dataset is divided into

2 subsets, VIRAT Ground Video Dataset and VIRAT Aerial Video Dataset. The difference

between the two subsets is that the first subset contains videos created by stationary ground

cameras, on the other hand, videos in another subset are recorded by the camera of moving

aerial vehicles. From the scope of our study which focuses on wide-angle view videos pro-

duced by single stationary ground camera, only the videos in VIRAT Ground Video Dataset

have been used.

VIRAT Video Datset Release 2.0 contains multiple video clips from 11 different scenes

recorded by stationary HD video cameras. Some of the scenes are depicted in Fig. 4.1

consisting of parking lots, open outdoor spaces, and streets. The cameras used to record the

events in videos are set up mostly at the top of a building close to the dominant ground planes

with the view angles varied between 20 to 50 degrees. The dataset also provides ground-truth

of moving objects in each video clip which includes information about objects in the scene,
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such as object types, bounding boxes of objects in each frame, and duration information for

every annotated object. From the bounding box information in object annotations, we can

extract trajectories of objects in the videos to create our trajectory pairs database. This

database comprises approximately 12,000 trajectory pairs. Each trajectory pair is obtained

by matching 2 trajectories that are temporally concurrent and adjacent to each other.

Figure 4.1. Example scenes in VIRAT Video Dataset Release 2.0

4.1.2. Annotation Scheme

In the process of constructing our ground-truth set, we selected 500 items from the

trajectory pairs database based on uniformly distributed pseudo-random integers. Six labels

were defined to describe actions of trajectory pairs which includes accompany, converge,

diverge, pass near, depart, and undefined. All items were labeled by five human judges using

the GUI specifically developed for the labeling purpose. The details and snapshots of the

GUI are shown in Section 4.3.

After getting the labeled data from all of the judges, we evaluated the agreement of

all the judges based on measures of inter-annotator agreement expressed in the next section.

Then the majority decision label was assigned to each item. We also assigned each labeler a

score based on the agreement of the judgements over the 500 items. The labelers’ scores are

used to decide which label should be assigned to some ambiguous items, in case no majority

decision is available. In addition, to get more reliable ground truth, some ambiguous items
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were eliminated. As a result, a set of 450 labeled trajectory pairs are used as a ground-truth

set to validate and evaluate our system. The framework for ground truth construction is

presented in Figure 4.2.

Figure 4.2. Ground truth generation framework for trajectory analytics

4.1.3. Measures of Inter-Annotator Agreement

Reliability of annotation is a significant requirement for the usability of a ground-truth

set. Using the ground truth generated from inconsistent or unreliable annotation affects the

performance of the system. The truth data annotated by only one annotator may be prone

to error and hence unreliable. Therefore, using more than one annotator is a common

practice in ground truth generation. However, the measures of inter-annotator agreement is

needed to assure that the agreement of annotation between judges is not based upon chance.

There are various measures to determine the reliability of inter-annotator agreement. The

simplest method is the percentage agreement which can be calculated as the number of

data items on which the labelers agree divided by the total number of data items given for
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labeling. However, the percent of agreement is considered a weak measure due to its inability

to account for the agreement occurring by chance. One of the measures considered more

robust and the most widely used is kappa statistics or Cohen’s kappa [9]. Kappa statistics,

introduced by Jacob Cohen, is a chance-corrected index to measure the agreement between

two annotators who classify the data items into categories. The calculation of Cohen’s kappa

is based on the difference between the relative observed agreement among annotators and

the agreement expected to occur by chance. The equation of Kappa statistics is:

(7) κ =
Po − Pe
1− Pe

,

where Po is the observed percentage of agreement, and Pe is the expected percentage of

agreement occurring by chance. Table 4.1 shows the data layout of two annotators classifying

items into two categories. The observed agreement, Po, is simply the proportion of items

where the annotators agree, which is a + d divided by the total number of items, n, in

Table 4.1. The expected agreement, Pe, can be calculated by summing all the probability of

random agreement in each category. From Table 4.1, Pe = [(n1 ×m1)/n] + [(n2 ×m2)/n].

Table 4.1. Data layout for calculation of Cohen’s Kappa

Annotator 1

Category 1 2 Total

Annotator 2
1 a b m1

2 c d m2

Total n1 n2 n

The value of kappa lies on a scale of -1 to 1, where 1 implies absolute agreement

between the two annotators, and -1 indicates absolute disagreement. The value 0 means that

any agreement or disagreement of the two judges is due to chance alone. The interpretation

of kappa value and the satisfactory reliability level vary depending on the purpose for which
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kappa is being calculated. A commonly referenced kappa interpretation scale proposed by

Landis and Koch [23] is shown in Table 4.2.

Table 4.2. The interpretation of kappa proposed by Landis and Koch

Kappa Agreement

<0.00 Less than chance agreement

0.01-0.20 Slight agreement

0.21-0.40 Fair agreement

0.41-0.60 Moderate agreement

0.61-0.80 Substantial agreement

0.81-0.99 Almost perfect agreement

The limitation of kappa statistics is that it can be used to measure the agreement level

of only two annotators. Therefore, many efforts have been made to extend kappa statistics

to evaluate the agreement of more than two labelers. One of them is the study proposed

by Davie and Fleiss [10]. In [10], it is assumed that all N data items are annotated by the

same set of L labelers and that the category from the set of C categories which each labelers

assigned for each data item is known. How to estimate the observed agreement, Po, and the

expected agreement, Pe, when there are more than two labelers is described as follows.

Let ηc(n) be the number of annotators who classify the data item n into category c.

For each data item, the observed number of pairs that two labelers agree on a common class

is
∑C

c=1

(
ηc(n)
2

)
, where

(
ηc(n)
2

)
is the observed number of pairs that two labelers agree on class

c. Let po(n) be the proportion of pairs of agreement of two labelers for the nth data item.

The proportion po(n) can be obtained by

po(n) =

∑C
c=1

(
ηc(n)
2

)(
L
2

)
=

∑C
c=1 ηc(n)(ηc(n)− 1)

L(L− 1)
,

(8)
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where
(
L
2

)
is the maximum number of possible pairs of L annotators. Then the observed

proportion of agreement, Po is the average of po(n) over all N data items.

Po =
1

N

N∑
n=1

po(n)

=
1

NL(L− 1)

N∑
n=1

C∑
c=1

ηc(n)(ηc(n)− 1)

=
1

NL(L− 1)

(
N∑
n=1

C∑
c=1

ηc(n)2 −NL

)
(9)

For the estimation of expected agreement, let plc be the proportion of all items as-

signed to category c by labeler l, which can be calculated by dividing the number of items

that labeler l classify as class c by the number of data items.

(10) plc =
1

N

N∑
n=1

Xnlc,

where N
∑N

n=1Xnlc is the number of items assigned to category c by labeler l. Assume

that the classifications of the two labelers are statistical independent for each data item, the

probability that a given pair (l1 and l2) of labelers will agree in the decision of a randomly

selected data item can be estimated as
∑C

c=1 pl1cpl2c. Then the average expected agreement

of pairwise agreement is

Pe =
2

L(L− 1)

L∑
l1=1

L∑
l2=1
l2 6=l1

C∑
c=1

pl1cpl2c

=
C∑
c=1

P̄ 2
c −

1

L(L− 1)

C∑
c=1

L∑
l=1

(plc − P̄c)
2
,

(11)

where P̄c is the overall proportion of assigning items into category c, which is equal to∑L
l=1 plc/L. If we substitute the estimations of Po and Pe into the original equation of kappa

statistics, we will get

(12) κ = 1− NL2 −
∑N

n=1

∑C
c=1 ηc(n)2

N{L(L− 1)
∑C

c=1 P̄c(1− P̄c) +
∑L

l=1 (plc − P̄c)
2}

as the chance-corrected measure of agreement for the decisions made by more than two

labelers.
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4.2. Ground Truth Quality Evaluation

After the five annotators assigned the action from the set of six actions into each of

the 500 selected trajectory pairs, the reliability of the set of annotated trajectory pairs was

evaluated using the agreement measure described in the previous section. The information

about the agreement between the five judges over all the trajectory pairs is shown in Ta-

ble 4.3. In addition, the distribution of actions labeled by the five annotators is depicted in

Figure 4.3. From Table 4.3, the percentage of the items that have the majority decision over

Table 4.3. The agreement information between the five annotators on 500

trajectory pairs

Agreement Number of items

Absolute agreement 254

4-1 agreement 116

3-1-1 agreement 36

3-2 agreement 64

2-1-1-1 agreement 6

2-2-1 agreement 24

Total 500

all of the data items is 94.0, leaving 6.0% of the data items to be considered as ambiguous

cases.

To determine inter-annotator reliability of the five judges, we calculated the kappa-

like statistics proposed by Davie and Fleiss using Equation 12, and the results are depicted

in Table 4.4. According to the interpretation of kappa in Table 4.2, the kappa value of

0.657 is considered a substantial level of agreement, which indicates acceptable reliability of

the ground-truth set. Moreover, the original Cohen’s kappa was also computed for all the

annotator pairs as shown in Table 4.5. From Table 4.5, eight of the values of kappa of all

possible pairs of annotators suggest significant agreement level. Only two are considered in
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Figure 4.3. The distribution of actions assigned to 500 trajectory pairs by

five annotators

moderate agreement level. From all of the results of agreement evaluation, we can conclude

that the set of annotated trajectory pairs has sufficient reliability to be used as a ground-truth

set for system validation and evaluation.

Table 4.4. Agreement values for the selected set of trajectory pairs

Agreement Value

Observed agreement (Po) 0.731

Expected agreement (Pe) 0.215

Kappa (κ) 0.657

In order to obtain the final set of ground-truth, we labeled each item of trajectory

pairs with the majority decision label. However, there is still the necessity of handling some

ambiguous items. For the items with no majority decision, we use annotator rating to help

making a decision to what label should be assigned. The annotator rating is a score given
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Table 4.5. Annotator pairwise agreement values

Annotator Pair Po Pe κ

1-2 0.698 0.238 0.604

1-3 0.696 0.245 0.597

1-4 0.748 0.242 0.668

1-5 0.704 0.231 0.615

2-3 0.760 0.260 0.676

2-4 0.836 0.261 0.778

2-5 0.700 0.231 0.610

3-4 0.828 0.269 0.765

3-5 0.640 0.241 0.526

4-5 0.698 0.235 0.605

Figure 4.4. The distribution of actions in the ground-truth set
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to each annotator based on the reliability of the annotator in labeling the data items. The

greater the number of decisions made by the annotator corresponding to the majority decision

label, the better the annotator rating of that annotator. Additionally, seven trajectory pairs

have been removed because even though the annotator rating was used, the decision about

those items could not be made. As a result, the final ground-truth set consisting of 493

trajectory pairs was obtained to be utilized in validation and evaluation process. Figure 4.4

presents the distribution of action in the final ground-truth set.

4.3. GUI for Truth Data Collection

A GUI has been developed to facilitate annotators in labeling the trajectory pairs

and collect the labeled data items for generating the ground truth. There are three main

components in the GUI, consisting of action panel, trajectory panel, and command panel.

The action panel is the place where the annotators select the action corresponding to the

trajectory pairs displayed in trajectory panel. It contains a group of radio buttons of actions,

including accompany, diverge, converge, depart, pass near, and undefined. The annotator can

select only one action at a time as a label of the current trajectory pair. Each trajectory pair

is displayed on the coordinate plane in the trajectory panel. The scale used in the coordinate

axes is the pixel scale. The trajectory panel also presents the information, comprising the

current record number and the action assigned by the labeler. The third component, com-

mand panel, contains three buttons, the accept button, the previous button, and the next

button. The accept button is the command to save the action that is labeled to the displayed

trajectory pair into the database. The previous and next buttons are used to navigate the

data to the previous and next record consecutively. Every time that the new record of tra-

jectory pair appears, the next button is disabled until the accept button is clicked, which is

to guarantee that the decision of the current trajectory pair is recorded. The screenshot of

the GUI is shown in Figure 4.5.

On the coordinate axes in the trajectory panel, a trajectory pair is represented with

two sequences of trajectory segments in two different colors, blue and red. We divided a

trajectory into segments because we are interested in the sequence of relationships between
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Figure 4.5. The GUI for collecting annotated trajectory pairs

a co-occurrent segment pair of two objects. There are two type of symbols used to depict

a trajectory segment. One is the arrow line representing the moving trajectory segment.

Another is the symbol of the stationary trajectory segment, illustrated by a circle. The

examples of trajectory pairs and trajectory segments are presented in Figure 4.6.

In labeling process, one thing that the annotators have to consider is the spatial

distance of the trajectory pair displayed on the coordinate axes. The two conditions of

creating a trajectory pair are that the two trajectories have to occur at the same time and

close to each other. Therefore, although the two trajectories displayed on the coordinate

plane may look distant, they are actually adjacent to each other. Figure 4.7 shows a square

of 200 by 200 pixels to demonstrate the maximum distance between each pair of concurrent

trajectory segments.

In order to create mutual understanding about the action categories used to label the

trajectory pairs, the definition of each action category has been defined. The action categories

can be divided into two groups. The first group includes the actions that relate mainly to

two moving trajectories, consisting of accompany, converge, and diverge. The actions in
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(a) Trajectory segment (b) Stationary object

(c) A trajectory pair

Figure 4.6. Trajectory representation in the GUI

the second group associate with a trajectory pair containing one stationary object and one

moving object, which are depart and pass near. The sample trajectory pairs to demonstrate

the actions are presented in Figure 4.8. The trajectory pairs that are distinct from the

predefined actions are considered the member of the undefined category. We conducted

a training session for the annotators before starting the labeling process. In the training

session, the information about how to use the GUI, the definitions of actions, and the notion

of the spatial distance between the trajectory pairs were informed to all of the annotators

in order to assure the more reliable agreement.
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Figure 4.7. A square of 200 by 200 pixels placed on a scene in VIRAT Video

Dataset to demonstrate the maximum distance between a pair of concurrent

trajectory segments

(a) Accompany (b) Converge

(c) Diverge (d) Depart

(e) Pass near

Figure 4.8. The definition of actions
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CHAPTER 5

EXPERIMENTAL VALIDATION

To validate and evaluate the performance of using the sequences of intersection rela-

tions between two trajectories to predict the low-level actions, first, we utilized unsupervised

learning method to discover action categories. Then we labeled 493 selected trajectory

pairs with the discovered action classes and compared the results with our ground-truth

set obtained from the process described in the previous chapter. Finally, we evaluated our

results with typical machine learning performance measures. In this chapter, we expresses

the derivation of pairwise trajectory-segment relationship sequences, the details of clustering

method, results of the performance evaluation, and discussions of results.

5.1. Trajectory Extraction and Pairwise Trajectory-segment Relationship Sequence Gener-

ation

In this study, we excluded the object tracking process by using the VIRAT video

dataset which provided the ground-truth locations of objects in each frame. There are three

types of objects in the VIRAT dataset, consisting of people, vehicle, and arbitrary objects

such as bags being loaded into vehicles. However, only trajectories of the object type people

were used because we would like to discover the meaningful pairwise trajectory-segment

relationship sequences related to human actions. Therefore, each trajectory extracted from

a ground-truth file of object type people is a sequence of (x, y) points where each point

corresponding to the location of object in each frame.

To generate the sequences of pairwise trajectory-segment relationship, we represented

each trajectory as a set of temporally segmented sub-trajectories or trajectory segments.

Intuitively, for a sequence of (x, y) points of an object, we segmented the sequence every 30

frames, and each segment is considered a trajectory segment. The reason of using 30-frame

segment is that the frame rate of the videos in VIRAT dataset is 30 frames per second

and extreme change of direction of a trajectory within a second is unusual. In addition,

to represent each trajectory segment as an oriented straight line segment, we applied the
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linear least squares fitting technique, the simplest and most commonly used form of linear

regression, to find the best fitting straight line through a set of points in the trajectory

segment. Figure 5.1 shows how the linear least square fitting works. For each video clip,

Figure 5.1. The linear least square technique to find the best fitting straight line

after we obtained all trajectories, the intersection relation was assigned to every possible

pair of adjacent co-occurrent trajectory segments. Then all pairwise trajectory-segment

relationship sequences were recorded to a database to utilize in the clustering process.

5.2. Unsupervised Learning and Labeling

Unsupervised learning is a class of machine learning algorithm that makes use of

unlabeled data to try to draw statistical inferences or discover hidden patterns. In this

study, from the given set of unlabeled pairwise trajectory segment sequences, our goal is to

discover a set of classes. Each of these classes would correspond to an action category, such

that we can build models for each class. This section describes the details of our approach
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of discovering action categories by clustering the sequences of pairwise trajectory segment

relationships.

5.2.1. Levenshtein Distance

To cluster the sequences of pairwise trajectory segment relationship, a distance metric

for measuring the dissimilarity between two sequences is needed. One of the most widely

recognized string distance metrics is the Levenshtein distance. The Levenshtein distance

between two sequences is defined as the minimal number of single-character edit operations

(i.e. insertions, deletions, and substitutions) required to transform one sequence of string

into the other. For example, the sequence“ABCDEA” can be changed into “AADCDE” by

substituting “A” for “B”, inserting “D” before “C” and deleting the last “A”, so the Leven-

shtein distance of the two sequences is 3. The greater the value of Levenshtein distance, the

greater the different between sequences. Mathematically, the Levenshtein distance between

two sequences, s1 and s2, is given by LDs1,s2(|s1|, |s2|), where

(13) LDs1,s2(i, j) =



max(i, j) if min(i,j)=0,

min


LDs1,s2(i− 1, j) + 1

LDs1,s2(i, j − 1) + 1

LDs1,s2(i− 1, j − 1) + 1(s1i 6=s2j))

otherwise.

where 1(s1i 6=s2j) is the characteristic function equal to 0 when s1i = s2j and equal to 1 other-

wise. For Levenshtein distance computation, the straightforward recursive implementation

is very ineffective because it recalculates the Levenshtein distance of the same sub-sequences

many times. Therefore, a dynamic programming algorithm for efficiently calculating the

Levenshtein distance has been proposed by Wagner and Fischer [52]. We also computed the

Levenshtein distance based on Wagner-Fischer algorithm for clustering our pairwise trajec-

tory segment relationship sequences.

5.2.2. Sequence Segmentation

Before we performed the clustering process, the sequences of pairwise trajectory seg-

ment relationship extracted from the VIRAT dataset had been segmented to ensure that
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each sequence relates to only one action. The success of this task depends on the capability

of identifying the positions in the sequence where the action related to the pairwise trajec-

tory segment relationship changes. In this study, we developed our sequence segmentation

algorithm based on using dipole relation algebra to identify the segment positions [33]. A

dipole is an oriented line segment defined by two points, a start point and end point, so the

dipole relation algebra is a quantitative spatial relations between two dipoles composing of

a set of 24 atomic relations as shown in Figure 5.2.

In sequence segmentation, we generated two types of the dipole atomic relation se-

quences. For the first type, we considered each trajectory segment as a dipole and created

a sequence of dipole atomic relations corresponding to the pair of trajectories. Second, the

intersection point between a pair of trajectory segments, was determined. For the two trajec-

tory segments a and b, a dipole formed by the start point of a and the intersection point, and

another dipole defined by the start point of b and the intersection point were created. Then

we generated the sequence of atomic relations of the intersection point related dipoles as the

second types of sequences. State changing, the change from one atomic relation to the other,

in one of the two or both of dipole-relation sequences is considered as a segment position.

However, if a sequence fraction generated by partitioning the sequence at a segment position

has length less than 3 characters, we will skip that segment position and split the sequence

at the next segment position. The algorithm for determining the segment positions is given

in Algorithm 1. Moreover, the examples of how the algorithm defines the segment position

are shown in Figure 5.3. After we segmented all pairwise trajectory-segment relationship se-

quences extracted from 300 video clips of the VIRAT video dataset released 2.0, we obtained

a database containing 12,613 sequences, which were used as data for cluster analysis. The

results related to sequence segmentation are shown in Table 5.1.

5.2.3. K-medians Clustering for Sequences of Pairwise Trajectory Segment Relationship

Clustering or cluster analysis is an effort of grouping a set of data objects into mean-

ingful groups with the goal that the objects within a group is more similar to each other and

different from the objects in other groups. In this study, the pairwise trajectory-segment
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Figure 5.2. The 24 atomic relations of dipole relational algebra

Figure 5.3. The examples of how to identify segment positions using Algorithm 1
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Algorithm 1 Determine segment positions of a pairwise trajectory-segment relationship

sequence

1: procedure findSegmentPositions(Seq,DipoleSeq,DipoleCrossPointSeq)

2: subSeqLen = 1

3: countPositions = 1

4: for each position i in Seq do

5: if subSeqLen < 3 then

6: subSeqLen = subSeqLen+ 1

7: continue

8: end if

9: if DipoleSeq(i) 6= DipoleSeq(i+ 1) then

10: segmentPositions(countPositions) = i

11: countPositions = countPosition+ 1

12: subSeqLen = 1

13: else

14: if DipoleCrossPointSeq(i) 6= DipoleCrossPointSeq(i+ 1) then

15: segmentPositions(countPositions) = i

16: countPositions = countPosition+ 1

17: subSeqLen = 1

18: end if

19: end if

20: end for

21: Return segmentPositions

22: end procedure

relationship sequences have been clustered in order to discover the meaningful groups of ac-

tion. The cluster analysis algorithm chosen for grouping the similar sequences is k-medians

clustering. K-medians clustering is a variation of k-means clustering where the median of

data objects in the same cluster is used as cluster’s centroid instead of the mean. The reason
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Table 5.1. The results of sequence segmentation process

Results of sequence segmentation

Total number of sequences 12613

Maximum length 37

Minimum length 3

Average length 4.08

Standard deviation 1.99

of using k-medians clustering in this problem is that the data is a set of strings and the

calculation of the mean of strings is unavailable. The concept of the set median string has

been applied as the median of pairwise trajectory segment relationship sequences. The set

median string of a set of strings could be considered as the most centered string of the set,

which is a string present in the set of strings that has the minimal sum of distances from

the other strings. Intuitively, given an alphabet Σ, a set of string S such that S ⊆ Σ, and

the Levenshtein distance between strings, the set median string of S is defined as:

(14) smS = arg mint∈S
∑
r∈S

LD(t, r)

where LD is the Levinshtein distance.

In k-medians clustering algorithm modified from the generalized k-medians algorithm

proposed in [29], the k sequences of pairwise trajectory segment relationship are selected

as initial representatives of the k clusters, and the remaining sequences are assigned to the

cluster of the most similar representative. Then, for each cluster, we compute the set median

string and make it the new representative of the cluster. Again, the remaining sequences are

assigned to the particular clusters based on the new set of representatives. This process is

repeated until there is no change in the set of representatives. The detail of the k-medians

clustering process is presented in Algorithm 2.

As in k-means clustering, the performance of the k-medians algorithm for clustering

data mainly depends on the selection of the initial cluster centers, and the algorithm com-
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Algorithm 2 The k-medians clustering algorithm

1: procedure kMediansClustering(T, k, S0)

2: S = S0

3: for i = 1 to k do

4: Ci = {t ∈ T : i = arg min
j=1,..,k

LD(t, sj)}

5: end for

6: repeat

7: interchange = false

8: for i = 1 to k do

9: si = set median string(Ci)

10: if si 6= aux then

11: interchange = true

12: end if

13: end for

14: for each t in T do

15: let i : t ∈ Ci

16: i′ = arg min
j=1,..,k

LD(t, sj)

17: if i′ 6= i then

18: Ci = Ci − {t}

19: Ci′ = Ci′ ∪ {t}

20: end if

21: end for

22: until not interchange

23: return S

24: end procedure

monly get them by using some random procedures. In order to enhance the efficiency of the

k-medians algorithm, the methods of finding the initial k data items that are well separated,

which can make the algorithm converge faster, is favorable. To achieve this, we employed the
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max-min clustering algorithm proposed in [55] for identification of the initial set of cluster

centers.

For cluster analysis, we conducted an experiment by varying the number of clusters,

k, to determine the appropriate number of clusters which can produce reasonable cluster

representatives. Particularly, we clustered the pairwise trajectory-segment relationship se-

quences by using the number of clusters of 10, 12, and 15. The results of cluster analysis

using k equal to 10, 12, and 15, are presented in Table 5.2, Table 5.3, and Table 5.4, respec-

tively. From the results, the value of k equal to 12 is considered the most suitable number

of clusters. We noticed that by increasing the value of k from 10 to 12, we still discovered

new meaningful cluster representatives. However, when we set the value of k to 15, no ad-

ditional significant representatives were detected. After the 12 cluster representatives were

obtained, we assigned a corresponding action class to each representative. Our low-level ac-

tion classes consist of accompany, converge, diverge, pass near, and depart. We also included

the undefined class to assign to the clusters that have no specific meaning. Moreover, We

removed the cluster “n n n” from the set of clusters because the relation of two stationary

objects is negligible. Table 5.5 shows the outcomes of assigning action classes to cluster

representatives.

5.2.4. Sequence Labeling

This section describes how to assign an action label to each of pairwise trajectory-

segment relationship sequences. Our labeling algorithm is based on computing the Leven-

shtein distance between cluster representatives and the sequence. Particularly, we extend or

reduce the length of the representatives to match the length of the sequence before we calcu-

late the Levenshtein distance. Most of the representatives are the sequences of an identical

intersection relation, so we simply add or remove some of the intersection relation corre-

sponding to the representative to make the representatives and the sequence equal length.

The representative sequence of cluster#3 and the cluster#7 are identical except for the dif-

ferent length, so we omitted the representative of cluster#7 when labeling the sequences.

In the case of the representative of cluster#1, it is almost analogous to the representative
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Table 5.2. The results of cluster analysis when k = 10

k = 10

Cluster # Representative # of members

1 l l l 2136

2 j j j 1502

3 p p p 2690

4 m m m 1157

5 b b b 695

6 n n n 1755

7 p p p p p p 406

8 c c c 440

9 e e e 1001

10 h h h 831

of cluster#2, and also corresponds with the same action, pass near. Therefore, the repre-

sentative of cluster#1 was also excluded. Then we compute the Levenshtein distances and

normalize them by dividing each distance with the length of the sequence. We labeled each

sequence with the action class corresponding to the cluster representative giving the lowest

value of the normalized Levenshtein distance. However, if the lowest value of the normalized

distance is greater than 0.5, the sequence is labeled as undefined class. In addition, if there

is more than one representative that gives the same distance value, we label the sequence

with the one that is similar to the latter part of the sequence because people usually draw

a conclusion from the latest event they perceived. For example, let s = “b b c c” be the

sequence to label. The Levenshtein distance between the sequence s and the representative

of cluster#5 is equal to the distance between s and the representative of cluster#8. The

action class assigned to the sequence s would be the class related to the representative of

cluster#8, which is diverge.
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Table 5.3. The results of cluster analysis when k = 12

k = 12

Cluster# Representative # of members

1 j j k 1381

2 j j j j 443

3 p p p 2826

4 m m m 1368

5 b b b 776

6 k k k k k 337

7 p p p p p p 339

8 c c c 449

9 e e e 1043

10 h h h 839

11 l l l 1241

12 n n n 1571

5.3. Performance Evaluation Results and Discussions

5.3.1. Evaluation Metrics

When referring to the performance of an action recognition model, we are interested

in the model’s ability to correctly recognize the actions. The metrics used to evaluate our

framework consist of a confusion matrix, precision, recall, accuracy, and other measures that

can be derived from the the confusion matrix. The confusion matrix gives the full picture

of the model’s ability to correctly recognize the actions and the errors made by the model.

Specifically, it provides the number of true positives (TP), false positives (FP), true negatives

(TN), and false negatives (FN) of the interesting actions. Table 5.6 shows the layout of a

2× 2 confusion matrix. In addition, the followings explain how to calculate the derivations

from a confusion matrix used to evaluate our system.

Precision, also known as the positive prediction value (PPV), is a measure of the

49



Table 5.4. The results of cluster analysis when k = 15

k = 15

Cluster# Representative # of members

1 p h p 1952

2 j j j j j 386

3 p p p 1923

4 l m m m m m 396

5 b b b 872

6 k k k k 737

7 p p p p p p 202

8 c c c 513

9 e e e 1152

10 l l l l 1092

11 n n n 1760

12 p p b b p 62

13 m m m 714

14 j j j 665

15 p p p p p 187

accuracy provided that a specific class has been predicted. It is defined by:

(15) Precision =
TP

(TP + FP )

Recall ,also called sensitivity, is a measure of the ability of a prediction model to select

instances of a certain class from a data set. Recall is defined as:

(16) Recall =
TP

(TP + FN)

Recall and precision are extremely relevant. Both are based on the number of true positives,

but recall normalizes by the true number of occurrences (based on the ground truth), while
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Table 5.5. The results of assigning action classes to cluster representatives

k = 12

Cluster# Representative Action Class

1 j j k Pass near

2 j j j j Pass near

3 p p p Accompany

4 m m m Depart

5 b b b Converge

6 k k k k k Depart

7 p p p p p p Accompany

8 c c c Diverge

9 e e e Undefined

10 h h h Undefined

11 l l l Pass near

12 n n n ∗Removed

Table 5.6. The layout of a 2× 2 confusion matrix

Actual

Positive Negative

Predicted
Positive TP FP

Negative FN TN

precision normalizes by the total number of occurrences detected (based on the predicted

label). Thus, they estimate different likelihoods: “What percentage of the total number of

occurrences will the recognizer correctly identify?” and “What percentage of the detected

occurrences will be correct?” Generally, there is a trade-off between precision and recall,

where it is possible to increase one of these two variables at the cost of reducing the other.

Specificity or true negative rate (TNR) is the measure of how precisely the recognizer can
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detect the negative classes. It is defined as the following equation.

(17) TNR =
TN

(FP + TN)

False positive rate (FPR), also referred to as fall-out, is the probability of incorrectly rec-

ognize the instances of negative classes as the members of the positive class for a particular

test. The following equation shows how to calculate the false positive rate.

(18) FPR =
FP

(FP + TN)

False negative rate (FNR) is the proportion of falsely rejecting positive instances by the

recognizer. It is specified as:

(19) FNR =
FN

(FN + TP )

Accuracy gives the overall correctness of the model. Particularly, it measures the percentage

of correctly identified instances, which can be calculate by the following equation.

(20) Accuracy =
TP + TN

(TP + FP + TN + FN)

F1 score combines the precision and recall rates into a single measure of performance. It is

defined as the harmonic mean of precision and recall as follow:

F1 = 2 · precision · recall
precision+ recall

=
2TP

(2TP + FP + FN)

(21)

The Matthews correlation coefficient (MCC) is considered a balanced measure that takes

into account true positive, true negative, false positive, and false negative. It can be used as

a measure of quality of a recognizer even if the classes are of very different sizes. The MCC

gives a value ranging from -1 to +1, where the value of +1 means a perfect prediction, 0

indicates a random prediction, and the value of -1 represents absolute disagreement between

observation and prediction. It can be calculated using the formula:

(22) MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
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5.3.2. Evaluation Results and Discussions

After each of pairwise trajectory-segment relationship sequences was labeled with one

of the six low-level action classes, we evaluated the performance of our system by comparing

the labels of 493 selected sequences given by our labeling algorithm to the actual labels from

the ground-truth set. As a result, the number of correctly labeled instances is 409, and there

are 84 sequences that are falsely labeled. Therefore, the overall accuracy of the system is

82.96%. The information about actual and predicted labels of all six action categories is

visualized in Table 5.7. From the confusion matrix of six action classes, we, then, calculated

the recall, precision, true negative rate, false positive rate, false negative rate, F1 score, and

Matthews correlation coefficient of each action class. The results are shown in Table 5.8.

Table 5.7. The confusion matrix of six action classes

Actual Class

Accompany Converge Diverge Pass near Depart Undefined

Predicted

Class

Accompany 136 0 0 2 0 2

Converge 4 16 0 0 0 3

Diverge 1 0 16 1 0 2

Pass near 1 0 2 154 0 4

Depart 0 0 2 16 62 5

Undefined 27 3 5 2 2 25

From the values in Table 5.8, our labeling algorithm is able to detect more than

80 percent of the positive instances of a certain class in four action categories, which are

accompany, converge, pass near, and depart. Especially, it discovered 96.88% of the members

of class depart. Nevertheless, the system could detect only 64% and 60.98% of instances of

diverge and undefined, respectively. For the percentage of positive detections that are correct

in each action class, over 80% precision were achieved in accompany, pass near, and diverge,

but the algorithm could correctly detect only 39.06% of the instances of class undefined. The

percentage of recognizing negative instances as members of a certain class by the system is
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Table 5.8. The results of evaluation metrics of each action class derived from

the confusion matrix of Table 5.7

Actions Recall Precision TNR FPR FNR F1 Score MCC

Accompany 0.8047 0.9714 0.9877 0.0123 0.1953 0.8803 0.8341

Converge 0.8421 0.6957 0.9852 0.0148 0.1579 0.7619 0.7552

Diverge 0.6400 0.8000 0.9915 0.0085 0.3600 0.7111 0.7022

Pass near 0.8800 0.9565 0.9780 0.0220 0.1200 0.9167 0.8755

Depart 0.9688 0.7294 0.9464 0.0536 0.0313 0.8322 0.8143

Undefined 0.6098 0.3906 0.9137 0.0863 0.3922 0.4762 0.4301

less than 3% in accompany, converge, diverge. However, the values of 5.36% and 8.63% of the

false positive rate were obtained in depart and undefined, sequentially. When considering

the false negative rate, we noticed that our labeling algorithm performed incompetently.

Five out of six action classes reported more than 10% of false negative rate, especially the

values of 39.22% and 36% from undefined and diverge. Moreover, when we examined the

confusion matrix, we observed that the cause of high false negative rate was from incorrectly

recognizing the instances of a certain class as the members of undefined. The values of F1

score and MCC of a certain class are in a corresponding manner. Three action classes reached

higher than 80% of F1 score and MCC. Again, the worst reported F1 score and MCC are

from the undefined class, which are 47.62% and 43.01%, respectively.

All the results suggested the problem of undefined class, which possibly originates

from the ambiguous nature of the class. From Table 5.9, it can be noticed that strongly

confident decisions on undefined instances between five annotators were hardly achieved. To

see how the undefined instances affect the performance of the system, we removed all 41

undefined instances, less than 10%, from the ground-truth set and performed the labeling

process again. The resulting confusion matrix and evaluation metrics after the undefined

instances were removed are shown in Table 5.10, and Table 5.11. From the results, the

overall accuracy increases to 84.96%, and the precisions of all action classes except undefined
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Table 5.9. The agreement information between the five annotators on un-

defined class

Agreement on undefined Number of items

Absolute agreement 2

4-1 agreement 8

3-2 agreement 25

2-2-1 agreement 56

1-4 agreement 111

Table 5.10. The confusion matrix after omitting the ground-truth instances

labeled as undefined class

Actual Class

Accompany Converge Diverge Pass near Depart Undefined

Predicted

Class

Accompany 136 0 0 2 0 0

Converge 4 16 0 0 0 0

Diverge 1 0 16 1 0 0

Pass near 1 0 2 154 0 0

Depart 0 0 2 16 62 0

Undefined 27 3 5 2 2 0

improve, notably in converge and diverge. Also, there are the increases in the values of

F1 score and MCC of every action class. However, the labeling algorithm still labeled

some instances with undefined class, which affected the performance of the system, so we

made some changes in our labeling algorithm. First, we changed the action class assigned

to the representatives of cluster#9 and cluster#10 from undefined to accompany. Then,

instead of labeling the sequence having the lowest distance value greater than 0.5 with

undefined, the algorithm assigns the action class corresponding to the class giving the lowest
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Table 5.11. The results of evaluation metrics of each action class derived

from the confusion matrix of Table 5.10

Actions Recall Precision TNR FPR FNR F1 Score MCC

Accompany 0.8047 0.9855 0.9929 0.0071 0.1953 0.8860 0.8380

Converge 0.8421 0.8000 0.9908 0.0092 0.1579 0.8205 0.8127

Diverge 0.6400 0.8889 0.9953 0.0047 0.3600 0.7442 0.7427

Pass near 0.8800 0.9809 0.9892 0.0108 0.1200 0.9277 0.8892

Depart 0.9688 0.7750 0.9585 0.0464 0.0313 0.8611 0.8556

Undefined N/A 0.0000 0.9137 0.0863 N/A 0.0000 N/A

value of distance to the sequence. As a result, we achieved the overall accuracy of 91.37%.

Table 5.12 and Table 5.13 report the confusion matrix and the results of evaluation measures,

consecutively.

Table 5.12. The confusion matrix after changing the label assigned to the

representatives of cluster#9 and cluster#10 and modifying labeling algorithm

Actual Class

Accompany Converge Diverge Pass near Depart

Predicted

Class

Accompany 162 3 4 2 1

Converge 4 16 0 0 0

Diverge 1 0 16 1 0

Pass near 2 0 2 156 0

Depart 0 0 3 16 63

From the results in Table 5.13, we accomplished a significant improvement of the

recall of action class accompany, which indicates that some sequences that are similar to

the representatives of cluster#9 and cluster#10 can be classified as accompany and some

others can be assigned to undefined class. Therefore, we may have to find the features

other than the intersection relations to distinguish the subsets of cluster#9 and cluster#10.
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Table 5.13. The results of evaluation metrics of each action class derived

from the confusion matrix of Table 5.12

Actions Recall Precision TNR FPR FNR F1 Score MCC

Accompany 0.9586 0.9419 0.9647 0.0353 0.0414 0.9501 0.9200

Converge 0.8421 0.8000 0.9908 0.0092 0.1579 0.8205 0.8127

Diverge 0.6400 0.8889 0.9953 0.0047 0.3600 0.7442 0.7427

Pass near 0.8914 0.9750 0.9856 0.0144 0.1086 0.9313 0.8933

Depart 0.9844 0.7683 0.9510 0.0490 0.0156 0.8630 0.8462

For the false negative rate, we got the lower values in accompany, pass near, and depart,

especially the considerable decrease of accompany. However, the new labeling algorithm and

the reassignment of the representatives of cluster#9 and cluster#10 could not diminish the

false negative rate of converge and diverge. In addition, the increases of the values of recall

leads to the higher values of F1 score and MCC in accompany, pass near and depart.

All results of the experimental validation and evaluation encourage the use of the

sequence of intersection relations in predicting low-level actions. Also, there are several

prospects of improving the performance of the system. One is to provide larger dataset

of pairwise trajectory-segment relationship sequences to the clustering process. With more

sequences, it is possible for the clustering algorithm to discover new interesting patterns

which may correspond to new low-level actions. Another is to add some features and use the

new features to perform double clustering over the clusters obtained by using the sequence of

intersection relations. This would make each resulting cluster relate to only one action class.

Lastly, in labeling process, replacing the Levenshtein distance with other distance measures

may improve the performance of the system.
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CHAPTER 6

CONCLUSION AND FUTURE DIRECTION

The study was set out to explore the use of qualitative relations between two trajectory-

segments in discovering interesting patterns that can be applied to predict the low-level activ-

ities between two objects. Our set of qualitative relations can be divided into 2 subsets. The

first subset is the intersection relations derived from a pair of moving trajectory-segments,

consisting of 10 possible relations. Another group of relations considers the involvement

of stationary trajectory-segments, which includes 5 relations. All of our 15 qualitative re-

lations can be represented using 4 predicates, on(x), ahead(x), behind(x), and none(x).

Any pair of object trajectories can be segmented into an ordered sequence of temporally

concurrent trajectory-segment pairs. Then each trajectory-segment pair is assigned a token

corresponding to the relation between the pair to generate a string sequence called a pairwise

trajectory-segment relationship sequence.

From a set of pairwise trajectory-segment relationship sequences generated from the

trajectories of objects people in the VIRAT video dataset, we applied an unsupervised learn-

ing, particularly the k-medians clustering, to discover interesting patterns (sub-sequences).

The discovered patterns are utilized in classifying the low-level multi-agent activities of any

input pairwise trajectory-segment relationship sequences. In this study, we assigned 6 action

categories to the detected patterns, consisting of accompany, converge, diverge, pass near,

depart, and undefined.

We further evaluated the proposed method using the ground-truth set obtained from

the crowdsourcing technique. The 500 randomly selected pairwise trajectory-segment rela-

tionship sequences were labeled with the action categories by 5 annotators. After excluding

some ambiguous items, the items having no majority agreement between the annotators,

we obtained the total of 493 labeled pairwise trajectory-segment relationship sequences as

a ground-truth set. The results from comparing the labels classified by our labeling algo-

rithm to the actual labels from the ground-truth set suggested that the patterns discovered
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from the pairwise trajectory-segment relationship sequences can be utilized to identify the

low-level actions between 2 objects.

From the results of experimental validation, we noticed the problem that some cluster

representatives, i.e. the representatives of cluster#9 and cluster#10, relate to more than

one action class, which indicates that some new features other than the trajectory-segment

relations may be required to discover the subsets within each cluster. Moreover, we observed

that the relations associating with the predicate on(x) are rarely appear in the pairwise

trajectory-segment relationship sequences, especially on(x)∧ on(y). This may be because of

that all of the trajectories used in this study are the trajectories of persons and every person

psychologically keeps his/her personal space, which makes the trajectories not close enough

to generate those relations. Therefore, if the trajectories of other objects are used, we may

discover some new interesting patterns related to the relation on(x).

For future direction, there are many prospects of utilizing the qualitative trajectory-

segment relations. One is to design a database containing the information of objects and

their corresponding pairwise trajectory-segment relationship sequences (, which is possible

because our trajectory-segment relations maintain the identity of the related objects.) Then

we can use the query language provided by the database management system to retrieve

useful information from the database. For example, we can query the stationary object that

have the most contacts or the least contacts with other objects. This kind of information may

benefit many applications. Considering geo-fencing application, if we define some specific

locations on a set of the boundaries as stationary objects, we may be able to identify the

locations having high possibility of intrusion.

Also, with the pairwise trajectory-segment relationship sequence database, it is pos-

sible to pinpoint the most popular and unpopular product sections in a store or locate the

most suitable location in the store for advertising new products. In addition, a pairwise

trajectory-segment relationship sequence is a time-ordered sequence, so we are able to query

information corresponding to the periods of time. For example, in traffic monitoring, we

may query for the locations where the high volume of road traffic exists and the periods of
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the day they usually occur.

Additionally, it is feasible to use the pairwise trajectory-segment relationship se-

quences to discover some interesting behaviors such as flocking. Flocking behavior is a

collective behavior exhibited by a group of birds which aggregate together and move in the

same direction. The term flocking is sometimes applied to species other than birds, so the

more general definition of flocking is the collective movement of a large number of automotive

entities. Multiple accompany patterns which occur at the same period of time within the

corresponding group of objects may signify the occurrence of flocking behavior. Moreover,

when considering mass panic behavior, a behavior resulting from a sudden overwhelming

terror affecting large groups of people at once, we may look for the existence of numerous

depart patterns associated with the same stationary object or location during the same time

period.

The previously mentioned examples related to the generation of pairwise trajectory-

segment relationship sequence database and the utilization of the database management

system in retrieving useful information. For another possible direction of applying our pro-

posed set of relations, although the patterns discovered from the pairwise trajectory-segment

relationship sequences are related to low-level activities between two objects, using the com-

bined chain of low-level interactions may help indicating a set of higher-level activities.

For instance, thinking about fighting activity, it is likely that we would experience

repeated chains of converge and diverge, which represents when two people move to each

other to attack and then separate, and this kind of pattern may happen several times.

Another example is abandoning object in surveillance domain, we may identify the abandoned

object by looking for the chain of accompany, and depart, which is related to the situation

when a person carries an object (the accompany between the person and his belonging)

for some periods of time, and then left over the object and walk away (represented by the

low-level activity depart between the person and his object.) As long as the trajectories of

the interested objects are provided, it is practical to combine low-level patterns together to

represent the higher-level activities between two agents.
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Even though all the trajectories used in this study were the trajectories extracted

from objects of type person, which signifies the interest in the domain of human activity

recognition, our set of trajectory-segment relations still can be applied to other domains as

long as we can obtain the trajectories of the objects of interest. In traffic monitoring domain,

we can generate the pairwise trajectory-segment relationship sequences from the trajectories

of vehicles to monitor traffic conditions, such as the occurrences of car accident. Also, it

can be applied to investigate animal behaviors. In this case, the pairwise trajectory-segment

relationship sequences would be derived from the animal trajectories, which may lead to the

discovery of some interesting animal behaviors, such as the pattern of migration.

In conclusion, in this study, we introduced a set of qualitative trajectory-segment

relations. The prominent points of our set of relations are that the relations are simple to

obtain (no complicate calculations needed), and they are disjoint atomic relations, which

means that between any two trajectory-segments only one relation holds. There are many

possibilities of extending the use the trajectory-segment relations and also the patterns

discovered from the sequences of pairwise trajectory-segment relationship. In addition, the

relations can be applied to many domains as long as the trajectories of the objects of interest

are provided.
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APPENDIX

GROUND TRUTH GENERATION DATA
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In this appendix we present the action classes assigned by each of the five annotators

on the randomly selected 500 trajectory pairs in order to generate a ground-truth set. The

final ground-truth labels based on majority decisions and annotator ratings are also displayed

in Table A.2. Each action category is represented with a number. The numbers related to

the six action classes are shown in Table A.1.

Table A.1. The numbers related to action classes

Category# Action

1 Accompany

2 Converge

3 Diverge

4 Pass near

5 Depart

6 Undefined

Table A.2. The labels assigned by 5 annotators on 500 items of trajectory

pairs and the final ground-truth labels

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

1 4 4 4 4 4 4

2 1 1 1 1 1 1

3 1 1 1 1 1 1

4 4 5 6 6 6 6

5 1 1 1 1 1 1

6 3 3 3 3 3 3

7 1 2 2 2 2 2

8 3 1 4 4 4 4

9 1 1 1 1 1 1

10 1 2 6 6 6 6
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

11 4 4 4 4 4 4

12 2 2 2 2 2 2

13 6 3 6 6 4 6

14 1 1 1 1 1 1

15 4 4 4 4 4 4

16 4 6 4 4 4 4

17 5 5 4 5 5 5

18 5 5 4 5 5 5

19 4 6 4 4 4 4

20 6 4 1 6 1 6

21 4 4 4 4 4 4

22 1 2 2 2 1 2

23 6 1 6 6 1 6

24 1 1 1 1 1 1

25 6 3 6 6 4 6

26 3 3 6 5 3 3

27 1 1 1 1 1 1

28 4 4 4 4 6 4

29 1 1 2 1 1 1

30 4 2 4 4 4 4

31 1 1 1 1 1 1

32 1 1 1 1 1 1

33 4 4 1 4 1 4

34 1 1 1 1 1 1

35 4 4 4 4 4 4

36 6 3 6 6 3 6
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

37 1 1 1 1 1 1

38 1 1 1 1 1 1

39 1 1 1 1 1 1

40 1 1 1 1 1 1

41 1 1 2 1 1 1

42 4 4 4 4 4 4

43 4 6 4 4 4 4

44 5 5 5 5 5 5

45 1 1 1 1 1 1

46 4 4 4 4 4 4

47 4 4 4 4 4 4

48 4 4 4 4 4 4

49 5 5 5 5 5 5

50 1 2 2 2 1 2

51 1 1 1 1 1 1

52 1 1 1 1 1 1

53 5 5 5 5 5 5

54 1 1 1 1 1 1

55 1 1 1 1 1 1

56 1 1 1 1 1 1

57 1 1 1 1 1 1

58 1 1 1 1 1 1

59 1 1 1 1 1 1

60 1 1 1 1 1 1

61 4 4 4 4 4 4

62 4 4 4 4 4 4
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

63 3 5 5 5 3 3

64 4 4 4 4 4 4

65 3 3 3 3 3 3

66 4 4 4 4 4 4

67 5 3 5 3 3 3

68 1 1 1 1 1 1

69 6 1 2 2 1 1

70 1 1 1 1 1 1

71 1 1 1 1 1 1

72 6 2 6 6 6 6

73 1 1 1 1 1 1

74 5 6 5 5 4 5

75 1 1 1 6 6 1

76 1 1 1 1 1 1

77 1 1 1 1 1 1

78 1 1 1 1 1 1

79 6 2 6 6 2 6

80 1 1 2 1 1 1

81 1 6 6 6 1 6

82 1 1 1 1 1 1

83 3 6 6 6 3 6

84 4 4 4 4 4 4

85 2 2 6 2 2 2

86 1 1 1 1 1 1

87 1 1 1 1 1 1

88 6 1 1 1 1 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

89 3 6 6 6 6 6

90 1 1 1 1 1 1

91 1 1 1 1 1 1

92 6 5 1 3 6 6

93 4 4 4 4 4 4

94 1 1 1 1 1 1

95 1 1 1 1 1 1

96 3 1 1 1 6 1

97 1 1 1 1 1 1

98 1 1 1 1 1 1

99 3 6 4 5 6 6

100 3 3 6 6 3 3

101 6 1 1 6 6 6

102 1 1 2 1 1 1

103 4 4 4 4 4 4

104 2 1 6 2 6 6

105 6 1 1 3 6 6

106 4 4 4 4 4 4

107 5 6 6 4 6 6

108 6 3 5 5 5 6

109 4 1 4 4 4 4

110 5 3 6 3 6 3

111 5 5 4 5 3 5

112 4 4 4 4 4 4

113 3 6 6 6 6 6

114 5 5 5 5 5 5
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

115 5 5 5 5 6 5

116 4 6 6 4 4 4

117 4 4 4 4 4 4

118 4 4 4 4 4 4

119 2 6 6 4 5 6

120 3 3 6 6 6 6

121 5 3 5 5 4 4

122 5 5 5 5 5 5

123 3 3 4 4 3 3

124 3 5 1 6 6 6

125 4 6 4 4 4 4

126 5 1 1 6 3 1

127 4 4 4 4 4 4

128 6 6 6 1 6 6

129 6 5 5 5 5 5

130 6 4 6 4 4 4

131 5 5 4 5 5 5

132 6 5 4 5 5 5

133 6 1 6 6 6 6

134 4 4 4 4 4 4

135 1 1 5 1 1 1

136 5 5 5 5 5 5

137 4 4 4 4 4 4

138 1 1 1 1 6 1

139 4 6 6 6 6 6

140 3 1 1 3 3 3
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

141 5 5 5 5 5 5

142 1 1 1 1 1 1

143 4 4 4 4 4 4

144 4 4 1 4 4 4

145 3 6 6 6 3 6

146 1 1 1 1 1 1

147 1 1 1 1 1 1

148 4 4 4 4 4 4

149 3 3 6 3 3 3

150 5 5 5 5 5 5

151 5 4 5 5 4 5

152 5 5 5 5 5 5

153 3 6 6 6 3 6

154 6 4 4 4 4 4

155 4 2 6 6 2 6

156 4 6 4 6 2 6

157 4 2 4 4 6 4

158 2 2 2 2 2 2

159 4 4 4 4 4 4

160 6 2 6 6 2 6

161 4 6 4 4 2 4

162 6 4 4 4 4 4

163 4 4 4 4 4 4

164 4 4 4 4 4 4

165 6 4 4 4 4 4

166 5 5 5 5 5 5
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

167 6 5 4 5 5 5

168 6 4 4 4 4 4

169 6 6 6 6 6 6

170 4 4 4 4 4 4

171 5 5 5 5 5 5

172 3 3 4 6 3 3

173 1 1 1 1 1 1

174 3 2 6 6 6 6

175 5 4 4 4 4 4

176 5 5 5 5 5 5

177 3 6 6 4 3 6

178 3 3 6 3 3 3

179 1 1 1 1 1 1

180 1 1 1 1 1 1

181 5 5 5 5 5 5

182 2 6 6 6 4 6

183 4 4 4 4 4 4

184 1 1 1 1 1 1

185 5 5 5 5 5 5

186 6 1 1 1 1 1

187 5 5 5 5 5 5

188 6 1 4 6 1 1

189 4 4 4 4 4 4

190 4 4 4 4 4 4

191 5 5 5 5 5 5

192 3 1 1 3 1 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

193 5 5 6 5 5 5

194 5 5 5 5 5 5

195 5 5 5 5 5 5

196 4 4 4 4 4 4

197 4 1 4 4 1 4

198 6 1 4 4 1 1

199 6 1 4 4 1 1

200 6 1 1 1 1 1

201 2 1 4 4 2 4

202 4 4 4 4 4 4

203 4 1 4 4 4 4

204 4 6 4 4 4 4

205 6 1 4 4 4 4

206 6 6 6 5 6 6

207 6 6 6 4 4 6

208 5 4 6 4 4 4

209 5 5 6 5 5 5

210 6 1 1 1 1 1

211 4 4 4 5 4 4

212 6 4 5 4 4 4

213 4 4 4 4 4 4

214 6 4 4 4 4 4

215 4 4 4 4 4 4

216 5 5 5 5 4 5

217 6 4 4 4 4 4

218 4 4 4 4 4 4
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

219 3 6 6 6 3 6

220 6 1 5 1 1 1

221 4 2 4 4 4 4

222 6 2 4 6 2 2

223 3 3 6 3 3 3

224 6 1 1 1 1 1

225 4 4 4 4 4 4

226 5 4 6 4 5 4

227 5 5 5 5 5 5

228 4 4 4 4 4 4

229 3 6 6 6 3 6

230 4 4 4 4 4 4

231 4 4 4 4 4 4

232 5 4 6 4 3 4

233 4 4 4 4 4 4

234 5 5 5 5 5 5

235 5 5 5 5 5 5

236 5 5 5 5 5 5

237 4 4 4 4 4 4

238 3 3 5 3 3 3

239 6 1 1 1 1 1

240 6 1 1 2 2 2

241 3 6 4 6 3 6

242 6 5 4 4 4 4

243 1 1 2 1 1 1

244 3 3 6 6 3 3
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

245 4 4 4 4 4 4

246 4 4 4 4 4 4

247 6 6 6 6 6 6

248 4 4 4 4 4 4

249 6 1 5 1 1 1

250 4 4 4 4 4 4

251 4 4 4 4 6 4

252 1 1 1 1 1 1

253 1 1 1 1 1 1

254 1 1 1 1 1 1

255 6 1 1 1 1 1

256 4 4 4 4 4 4

257 1 1 1 1 1 1

258 1 1 1 1 6 1

259 1 1 1 1 1 1

260 4 4 4 4 6 4

261 1 1 1 1 1 1

262 1 1 1 2 1 1

263 1 1 1 1 1 1

264 1 1 1 6 1 1

265 1 1 1 1 1 1

266 1 1 1 1 1 1

267 4 1 4 4 6 4

268 4 4 4 4 4 4

269 4 4 4 4 4 4

270 1 1 1 1 1 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

271 5 5 5 5 5 5

272 1 1 1 1 1 1

273 4 4 4 4 4 4

274 6 2 6 6 2 6

275 4 4 4 4 4 4

276 1 1 1 1 1 1

277 4 4 4 4 4 4

278 1 1 1 1 1 1

279 1 3 1 1 1 1

280 4 4 4 4 4 4

281 1 1 1 1 1 1

282 1 1 1 1 1 1

283 1 1 1 1 1 1

284 3 3 3 3 6 3

285 5 5 5 5 6 5

286 4 4 4 4 4 4

287 4 4 4 4 4 4

288 1 1 1 1 1 1

289 1 1 1 1 1 1

290 4 4 4 4 4 4

291 4 4 4 4 6 4

292 1 1 1 1 1 1

293 4 4 4 4 4 4

294 3 3 3 3 3 3

295 1 1 1 1 1 1

296 1 1 1 1 1 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

297 1 1 1 1 1 1

298 5 5 5 5 5 5

299 1 1 1 1 1 1

300 1 1 1 1 1 1

301 1 1 2 1 1 1

302 1 1 1 1 1 1

303 1 1 1 1 6 1

304 4 4 4 4 6 4

305 1 1 1 1 1 1

306 1 1 1 1 1 1

307 1 1 1 1 6 1

308 4 4 4 4 4 4

309 1 1 1 1 1 1

310 3 3 3 3 3 3

311 6 1 1 1 1 1

312 1 1 1 1 1 1

313 1 1 1 1 1 1

314 1 1 1 1 1 1

315 4 4 4 4 4 4

316 1 1 1 1 1 1

317 1 1 1 1 1 1

318 1 1 1 1 1 1

319 4 4 4 4 4 4

320 1 1 1 1 1 1

321 6 2 2 2 6 2

322 6 1 1 1 6 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

323 6 1 1 1 1 1

324 6 1 1 1 6 1

325 4 4 4 4 4 4

326 1 1 1 1 1 1

327 1 1 1 1 1 1

328 5 5 5 5 6 5

329 1 1 1 1 6 1

330 1 1 1 1 1 1

331 1 1 1 1 1 1

332 1 1 1 1 1 1

333 1 1 1 1 6 1

334 1 1 1 1 1 1

335 1 1 1 1 1 1

336 1 1 1 1 6 1

337 1 1 1 1 1 1

338 6 1 1 1 6 1

339 6 1 1 1 6 1

340 1 1 1 1 1 1

341 1 1 2 1 1 1

342 1 1 3 1 1 1

343 1 1 1 1 1 1

344 1 1 2 1 1 1

345 3 3 3 3 6 3

346 6 1 1 1 1 1

347 4 4 4 4 4 4

348 6 1 2 2 6 2
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

349 4 4 4 4 4 4

350 1 1 1 1 1 1

351 4 4 4 4 6 4

352 1 1 1 1 6 1

353 1 1 1 1 1 1

354 1 1 1 1 1 1

355 4 4 4 4 6 4

356 1 1 1 1 1 1

357 3 3 6 3 6 3

358 6 1 1 1 6 1

359 6 4 5 4 4 4

360 4 6 4 4 6 4

361 4 4 4 4 4 4

362 6 2 4 2 2 2

363 5 5 4 5 6 5

364 6 5 5 5 6 5

365 4 4 4 4 6 4

366 1 6 1 1 6 1

367 6 4 4 4 4 4

368 4 4 4 4 4 4

369 4 4 4 4 4 4

370 4 4 4 4 4 4

371 4 4 4 4 4 4

372 4 4 4 4 4 4

373 1 1 1 1 6 1

374 1 1 1 1 1 1
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

375 4 6 4 4 6 4

376 5 5 5 5 5 5

377 5 5 5 5 6 5

378 4 4 4 4 4 4

379 4 4 4 4 4 4

380 4 4 4 4 4 4

381 4 4 4 4 4 4

382 4 4 4 4 4 4

383 5 5 5 5 6 5

384 4 4 4 4 4 4

385 4 4 4 4 4 4

386 4 4 4 4 4 4

387 4 4 4 4 4 4

388 6 4 4 4 6 4

389 1 1 1 1 1 1

390 1 1 1 1 1 1

391 5 5 5 5 6 5

392 4 3 4 4 6 4

393 6 2 6 2 2 2

394 1 1 1 1 1 1

395 1 1 1 1 1 1

396 5 5 5 5 5 5

397 4 4 4 4 6 4

398 4 4 4 4 4 4

399 3 5 6 3 6 3

400 5 5 5 5 5 5
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

401 5 5 5 5 6 5

402 6 1 6 6 6 6

403 4 4 4 4 6 4

404 4 4 4 4 4 4

405 4 4 4 4 4 4

406 3 3 6 3 5 3

407 5 5 5 5 6 5

408 5 5 4 5 6 5

409 1 1 5 1 6 1

410 4 4 4 4 4 4

411 4 1 4 1 6 1

412 4 4 4 4 4 4

413 6 1 6 1 6 6

414 6 1 6 2 6 6

415 4 4 4 4 6 4

416 4 4 4 4 4 4

417 4 4 4 4 4 4

418 6 1 6 1 6 6

419 4 4 4 4 4 4

420 6 2 6 2 2 2

421 4 4 4 4 4 4

422 5 5 5 5 5 5

423 5 5 4 5 4 5

424 4 4 4 4 4 4

425 5 5 4 5 6 5

426 4 4 4 4 6 4
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

427 4 5 4 6 6 6

428 1 1 1 1 1 1

429 6 2 2 2 2 2

430 6 1 4 1 1 1

431 5 5 5 5 6 5

432 1 1 1 1 1 1

433 4 4 4 4 4 4

434 5 5 4 5 5 5

435 4 4 4 4 4 4

436 5 5 5 5 5 5

437 6 4 4 4 6 4

438 5 5 5 5 5 5

439 4 4 4 4 4 4

440 6 4 4 4 6 4

441 5 5 5 5 6 5

442 4 4 4 4 4 4

443 4 4 4 4 6 4

444 6 3 3 3 6 3

445 5 5 5 5 6 5

446 5 5 5 5 6 5

447 1 1 1 1 6 1

448 1 1 1 1 6 1

449 5 5 5 5 5 5

450 4 4 4 4 4 4

451 4 4 4 4 6 4

452 4 4 4 4 4 4
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

453 4 4 4 4 4 4

454 4 4 4 4 4 4

455 6 4 4 4 6 4

456 6 4 4 4 6 4

457 4 4 4 4 4 4

458 4 4 4 4 4 4

459 1 1 2 2 2 2

460 6 4 4 4 6 4

461 4 4 4 4 4 4

462 4 4 4 4 4 4

463 6 4 4 4 6 4

464 6 4 4 1 6 6

465 6 2 2 2 2 2

466 6 4 4 4 6 4

467 1 1 2 1 1 1

468 1 1 1 1 1 1

469 6 5 5 5 6 5

470 6 4 4 4 6 4

471 4 4 4 4 6 4

472 4 4 4 4 6 4

473 6 5 5 5 6 5

474 6 2 4 4 6 4

475 4 4 4 4 4 4

476 5 6 4 4 6 4

477 5 5 5 5 5 5

478 6 4 4 4 6 4
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Continuation of Table A.2

Item# Annotator1 Annotator2 Annotator3 Annotator4 Annotator5 Ground-truth label

479 1 1 1 1 1 1

480 6 4 4 4 6 4

481 4 4 4 4 4 4

482 1 1 1 1 1 1

483 3 3 3 3 6 3

484 6 6 4 4 6 6

485 6 2 2 2 6 2

486 1 1 1 1 1 1

487 1 1 3 1 1 1

488 6 4 4 4 6 4

489 4 4 4 4 4 4

490 1 1 1 1 6 1

491 1 1 1 1 1 1

492 6 4 4 4 4 4

493 6 1 5 1 6 1

494 1 1 3 1 1 1

495 3 3 3 3 3 3

496 1 2 2 2 2 2

497 1 1 1 1 6 1

498 1 1 1 1 1 1

499 6 4 4 4 6 4

500 1 1 1 1 6 1
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